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Abstract

Enhanced biological phosphorus removal (EBPR) is an environmentally sustainable
technology to achieve P-removal from wastewater using phosphorus accumulating organ-
isms (PAO). The deterioration of EBPR is often attributed to the competition between
PAO and glycogen accumulating organisms (GAO). Metabolic models are a promising
tool in the search for conditions favouring PAO. However, they have been limited to
validation and interpretation of past results, owing to the uncertainty in operational
conditions, environmental conditions and wastewater characteristics with respect to the
microbial community composition (MMC), kinetics and stoichiometry of the biochemical
conversions, and between MMC and EBPR performance respectively. This thesis aims to
address these uncertainties to promote metabolic models for use in process optimisation.

A framework for automated article selection was evaluated against the past 40
years of EBPR research and used survey input factors observed in different EBPR
systems, including the kinetic and stoichiometric parameters, as well as the resultant
PAO fractions and P-removal efficiencies. Uncertainty and global sensitivity analyses
were used to determine the impact of uncertainty in parameters required to initialise
metabolic models for PAO and GAO on the prediction of soluble substrate, biomass and
intra-cellular reserve conversions. Lastly, the steady-state conversions were predicted via
multiparametric perturbation to determine the relationship between the input factors,
PAO fraction and P-removal efficiency.

Uncertainty in input parameters led to significant variance in model predictions.
They may not be assumed fixed. Nevertheless, intra-cellular reserve, biomass and VFA
concentrations were more influential. Thus, detailed characterisation of the intra-cellular
PHA, glycogen and poly-P, as well as influent wastewater would result in the greatest
reduction of model prediction variance.

Contrary to consensus, near complete P-removal was equally likely with PAO fractions
between 30-90 %, and was possible with PAO fractions as low as 10 %. High P-removal
efficiencies without PAO dominating the MMC were associated with pH above 7.2 and
SRT below 16 d. Conversely, poor P-removal despite PAO dominance was associated
with SRT, HRT and influent carbon to phosphorus ratios exceeding 21 d, 0.7 d and
40 C-mmolP-mmol−1 respectively. EBPR performance may be managed via input
factors more readily manipulated in full-scale plants than those highlighted in lab-scale.

We highlight future directions for metabolic model development to improve prediction
accuracy, challenge the pre-requisite assumption of PAO dominance and indicate the
conditions favourable to EBPR performance in full-scale systems.
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Chapter 1. Introduction

1.1 Background

The rise in human population and intensification of food production have long pressured
the availability of freshwater supplies through unsustainable extraction, pollution and
discharge of municipal wastewater and agricultural run-off. Untreated, these streams are
highly concentrated in inorganic nutrients, namely nitrogen and phosphorus. Although
phosphorus is an important element in many molecules important for life, including
replication and information transmission via nucleic acids, energy transport via adenosine
triphosphate (ATP), and substrate transport via membrane-embedded phospholipids,
its over-enrichment provokes eutrophication in the receiving waters.

Ordinarily, eutrophication is a slow process by which nutrient accumulation occurs
gradually via the decomposition of mineral sediments (Sawyer, 1966). Anthropomorphic
activities accelerate this process significantly, leading to explosive growth and subsequent
putrefaction of algae biomass. These so-called algal blooms monopolise trace nutrients,
rapidly exhaust the available dissolved oxygen, and eventually lead to the release of
harmful compounds normally bound within various forms of phosphorus (Correll, 1998;
Khan and Ansari, 2005). The net result is the destabilisation of the local ecosystem,
severe reduction of biodiversity and degradation of water quality (Yang et al., 2008). Both
nitrogen and phosphorus have been considered as important factors in eutrophication
(Lewis and Wurtsbaugh, 2008; Conley et al., 2009). Nevertheless, recent studies have
observed that eutrophication could not be curtailed by elimination of nitrogen-based
fertiliser (Schindler et al., 2016), whereas the reduction of phosphorus input has had a
direct effect on the mitigation of algae blooms (Carpenter, 2008; Fastner et al., 2016).

Emissions standards within the EU set by the Urban Wastewater Treatment Direc-
tive prescribe effluent concentrations below 1 mg-P l−1 (European Commission, 1998).
However, the regulatory environment is becoming more stringent to achieve good eco-
logical status for all surface waters (European Commission, 2000), with acceptable
effluent concentrations moving in the direction of 0.1 mg-P l−1 and below (Correll, 1998).
Two methods are commonly employed to meet these standards: chemical precipitation
and enhanced biological phosphorus removal (EBPR). While phosphorus precipitation
can occur spontaneously, in practice it is initiated by the addition of ferric, ferrous,
aluminium, magnesium or calcium salts (Bunce et al., 2018).

EBPR is a variation of the activated sludge (AS) process, which relies on the selective
enrichment of phosphorus accumulating organisms (PAO) by subjecting the resident
biomass to alternating anaerobic and aerobic conditions. Organisms conforming to the
PAO phenotype possess the ability to take up carbon substrates, typically volatile fatty
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acids (VFA), in the absence of electron acceptors, granting them a competitive advantage
over ordinary heterotrophic organisms (OHO) in anaerobic conditions. Inside the cell,
the VFA are stored as poly-β-hydroxyalkanoate (PHA) polymers. In the absence of
electron acceptors and the availability of carbon substrates, the transport of VFA from
the bulk fluid into the cell requires energy in the form of ATP, while the conversion of
VFA into PHA requires energy and reducing agents. In non-limiting conditions, the
majority of ATP required is produced via hydrolysis of poly-phosphate (poly-P), with a
small amount of ATP and reducing equivalents, represented by NADH, is produced via
glycolysis, as shown in Figure 1.1a. Poly-P hydrolysis yields orthophosphate molecules,
which are transported out of the cell, resulting in anaerobic P-release. In the presence of
electron acceptors and the absence of carbon substrates, PAO oxidise the accumulated
PHA to produce organic molecules and ATP to replenish intra-cellular glycogen reserves,
to take up orthophosphate from the bulk fluid into the cell to replenish intra-cellular
poly-P reserves, to satisfy cellular maintenance requirements, as well as for biomass
growth (Oehmen et al., 2007), as shown in Figure 1.1b. The growth of new PAO cells
results in net P-removal from the liquid phase, which can then be separated from the
system by settling and withdrawal of waste sludge.

poly-P

Acetyl-CoA
Propionyl-CoA

GlycogenATP ATP

HAc
HPr

NADH

PHA

PO4
3- poly-P

PHA

Glycogen

Acetyl-CoA
Propionyl-CoA

ATP
NADH

Maintenance
Growth

A. Anaerobic B. Aerobic

HAc
HPr

PO4
3-

Figure 1.1: Simplified biochemical model of the PAO metabolism in anaerobic (A) and
aerobic (B) conditions. In anaerobic conditions, hydrolysis of poly-P and glycolysis
of glycogen supply energy and reducing equivalents as ATP and NADH to drive VFA
transport and conversion into intra-cellular PHA. In aerobic conditions, PHA is degraded
to obtain ATP, NADH and organic molecules to drive P-uptake for poly-P formation,
replenishment of glycogen, for cell maintenance and for biomass growth.

Compared to chemical precipitation, biological treatment allows for cost savings
thanks to lower aeration and the elimination of reagent demand. EBPR results not
only in lower waste sludge production but also in increased economic value of the
sludge for use as fertiliser or resource recovery (Rittmann et al., 2011). EBPR has been
demonstrated to achieve effluent concentrations below 1 mg-P l−1 treating wastewater
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from domestic, abattoir and industrial sources, with influent concentrations ranging
from 5-80 mg-P l−1 (Broughton et al., 2008; Lemaire et al., 2009; Coats et al., 2017).
Moreover, the intersection of increasing food demand, fixed supply of agriculturally
productive land, in tandem with the non-renewable and geopolitically sensitive nature
of phosphate rock make P-recovery from wastewater an attractive proposition (Cordell
et al., 2009; Childers et al., 2011; Chowdhury et al., 2017; European Commission, 2017).

Moreover, EBPR synergises with the view of wastewater as a feedstock for resource
recovery, thanks to the production of biomass highly concentrated in bio-polymer and
phosphate storage compounds. For instance, EBPR has been observed to increase the
bio-degradability of sludge for conversion to methane using anaerobic digestion (AD)
(Ge et al., 2013; Wang et al., 2016). AD also induces the release intra-cellular poly-P
for recovery via struvite precipitation. However, the phenomenon is often uncontrolled
(Ohlinger et al., 1998) and is known to cause operational problems due to its accumulation
on equipment surfaces and pipelines (Parsons and Doyle, 2004; Marti et al., 2008). As
such, various approaches have been considered to recover phosphorus using process
streams upstream from AD, including the treated effluent, clarified supernatant, waste
sludge and sludge ash (Egle et al., 2016; Cieślik and Konieczka, 2017; Melia et al., 2017).

1.2 EBPR Configurations

1.2.1 Continuous-flow processes

In its simplest form, an EBPR system can be implemented as an anaerobic zone preceding
a conventional activated sludge configuration, as shown in Figure 1.2.1, known as the AO
process. The role of the anaerobic reactor is two-fold. First, in the absence of electron
acceptors, PAO are able to take-up VFA without competition from OHO, and store them
as PHA using energy and other intermediates obtained from the lysis of intra-cellular
poly-P and glycogen reserves. To regulate the redox environment inside their cells, ortho-
phosphate is released into the bulk fluid. Second, anaerobic fermentative organisms
convert readily biodegradable COD (rbCOD) into VFA, increasing the availability of
organic substrates for use by PAO (Nielsen et al., 2019).

The aerobic reactor is required to stimulate PHA degradation to release energy and
organic molecules for growth, cell maintenance and to replenish their glycogen and
poly-P reserves, taking-up the previously released phosphate molecules to do so. It is
imperative that carbon substrates are as depleted as possible, for PAO would perform
their anaerobic VFA-uptake metabolism instead. Growth in the PAO population leads
to net P-accumulation from the liquid phase into the solid phase. Net P-removal from
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the system is achieved by drawing waste activated sludge (WAS) from the underflow of
the clarifier, i.e. where the sludge poly-P content is at its maximum.

In practice, simultaneous N-removal is often required to reduce the oxygen demand
on the receiving bodies of water (Barnard et al., 2017). The first EBPR configuration
implemented at full scale to achieve simultaneous P- and N-removal was the 5-stage
Bardenpho process, shown in Figure 1.2.2. An anaerobic stage precedes the pre-anoxic
and post-anoxic denitrification stages respectively. In the pre-denitrification stage,
facultative heterotrophic organisms oxidise residual COD from the anaerobic reactor
using NO2

– or NO3
– as terminal electron acceptors, generated by nitrifying organisms

in the aerobic reactor and supplied through an internal recycle stream. In the post-
denitrification stage, the carbon substrates for denitrification are supplied via endogenous
decay (Grady et al., 2011). For treating influents with low N-loads, the secondary anoxic
and aerobic stages may be omitted, resulting in 3-stage Bardenpho, also known as the
A2O process (van Loosdrecht et al., 2016).

One advantage of the Bardenpho configuration is that the pre-denitrification stage
lowers the concentration of residual VFA available in the primary aerobic reactor,
ensuring that PAO perform the aerobic metabolism for P-uptake, as opposed to the
anaerobic metabolism for VFA uptake and P-release. However, a major disadvantage of
5-stage Bardenpho is the slow rate of denitrification in the secondary post-denitrification
stage without an external carbon source (Grady et al., 2011). Incomplete denitrification
introduces the risk of residual NO2

– and or NO3
– being recycled to the anaerobic

stage, which would allow facultative heterotrophs to compete with PAO for VFA uptake,
lowering the fraction of rbCOD available for PHA production, ultimately disrupting
P-removal. It follows that EBPR performance using the 5-stage Bardenpho process is
strongly influenced by the influent Total Kjeldahl Nitrogen (TKN) to COD ratio.

The Johannesburg (JHB) configuration, shown in Figure 1.2.3 is a modification of
the 5-stage Bardenpho process that compensates for the risk of residual N in the return
activated sludge (RAS) stream (Oleszkiewicz and Barnard, 2006). In the JHB process,
the secondary aeration stage is eliminated and the secondary anoxic stage is positioned
to receive the RAS and a fraction of the influent, such that denitrification is not limited
by the rate of endogenous decay. The anaerobic stage receives the remaining influent
mixed with the denitrified RAS. While low effluent nitrogen concentrations may not be
achieved, the JHB process reduces the required capacity for N-removal to prevent the
recycling of NO2

– or NO3
– to the anaerobic stage. Further, the biomass concentration

in the secondary anoxic stage is increased relative to the 5-stage Bardenpho process,
leading to an overall smaller plant footprint (Henze et al., 2008).
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1. AO

2. 5-stage Bardenpho

3. Johannesburg (JHB)

4. University of Cape Town (UCT)

5. Modified University of Cape Town (MUCT)

Anaerobic

Aerobic

Anoxic

Legend

Figure 1.2: Common EBPR configurations for single-sludge, continuous-flow, suspended
growth systems implemented at full-scale wastewater treatment plants.
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Another disadvantage of the Bardenpho process is the limited operational flexibility
in response to changes in the influent TKN/COD ratio. The University of Cape Town
(UCT) process, shown in Figure 1.2, is a modification of the 3-stage Bardenpho process
to compensate for the risk of NO2

– or NO3
– intrusion to the anaerobic stage due to

varying influent composition (Jenkins and Wanner, 2014). In the UCT configuration,
the RAS stream is introduced downstream of the anaerobic reactor to the anoxic reactor
to achieve denitrification. Mixed liquor from the anoxic stage is recirculated to the
anaerobic reactor for anaerobic VFA uptake and P-release via an internal recycle stream.
As the NO2

– or NO3
– concentration can be controlled at zero in the anoxic reactor, the

UCT process enabled the study of other factors important to EBPR, as it decoupled
the influence of nitrogen compounds from P-removal performance, particularly at lab
and pilot-scale with well-defined influents (van Loosdrecht et al., 2016).

In the UCT process, the internal recycle ratio from the aerobic to anoxic reactor must
be carefully controlled to avoid recirculating NO2

– or NO3
– to the anaerobic reactor.

Such control is problematic in full-scale systems where the influent TKN/COD ratio is
uncertain. To circumvent this issue, the Modified University of Cape Town (MUCT)
process, shown in Figure 1.2.5, employs two anoxic reactors in series to ensure that
denitrification proceeds to completion in the primary anoxic reactor prior to internal
mixed liquor recirculation to the anaerobic reactor (Henze et al., 2008). The additional
N-load from the aerobic reactor is recycled to the secondary anoxic reactor. Although
complete N-removal is not guaranteed, the total N-load to the primary anoxic reactor is
reduced, in a manner analogous to the JHB process.

JHB, UCT, and MUCT were developed to overcome the shortcomings of the 5-
stage Bardenpho process with regards to disruption of the anaerobic stage with resid-
ual products from incomplete denitrification. However, as they are all single-sludge,
continuous-flow processes, they share two fundamental disadvantages with regards to
EBPR performance. First, the exact redox conditions may be ambiguous due to concen-
tration gradients along the spacial dimension, e.g. along the length of a plug flow reactor
(PFR) or in a given vessel in a sequence of continuous stirred tank reactors (CSTR).
Second, they are inflexible in responding to deviations in influent flow rates, influent
composition or changes in the secondary clarified underflow biomass concentrations
(Grady et al., 2011). In continuous flow systems, the residence times and food to mi-
croorganism ratio are defined by the influent and RAS flow rates respectively. In-reactor
residence times and food to microorganism ratios cannot be adjusted easily without
plant modifications and internal recycle ratios cannot be adjusted independently without
impacting other parts of the system (Tomaszek, 2005).
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1.2.2 Batch processes

The disadvantages associated with continuous-flow processes can be avoided with se-
quencing batch reactors (SBR), where the anaerobic, aerobic and/or anoxic residence
times can be controlled directly (Wilderer et al., 2001). Figure 1.3 shows the different
steps in an operational cycle of an SBR with alternating anaerobic and aerobic phases.
The process begins with the fill step where influent is fed into the reactor, the rate
of which determines the hydraulic characteristics of the anaerobic reaction. If the
reactor is filled quickly the concentration profile with respect to time approximates the
concentration profile with respect to position along the reactor a PFR. Conversely, if
the reactor is filled slowly the process approximates a CSTR. Second is the anaerobic
reaction step, where the reactor contents are homogenised and prevented from settling
by mixing. The duration of the anaerobic reaction is adjusted to be long enough to
allow PAO to take-up all of the VFA, but not so long as to promote cell maintenance
or endogenous decay. Third, the reactor is aerated to stimulate PHA degradation for
intra-cellular reserve replenishment, growth and P-uptake from solution. In the fourth
step, mixing and aeration are ceased to allow the biomass to settle towards the bottom
of the reactor. Fifth is the decant step where treated effluent is drawn from the surface
level of the reactor. In this instance, WAS is drawn from the bottom of the reactor in
the idle step. However, waste sludge may be purged at any point during the operational
cycle to maintain the desired in-reactor biomass concentration, allowing for greater
operational flexibility (EPA Office of Water, 1999).

It should be mentioned that unlike continuous-flow processes, a true steady-state
cannot be achieved with SBR owing to the discontinuities inherent in the operational
cycle. However, provided that the influent volume, composition as well as the volume of
WAS withdrawn remain constant between cycles, the concentration profiles of liquid
phase components, biomass and intra-cellular content will eventually converge over
a sufficient number of cycles once the amount of sludge withdrawn is equal to the
biomass growth over one cycle. In this quasi steady-state, the concentration profile of
any component in the SBR is indistinguishable between successive cycles.

The SBR cycle can be adjusted to approximate the operation of different continuous-
flow systems. For instance, employing short SRT to wash-out nitrifying organisms, the
cycle shown in Figure 1.3 approximates the AO process. A 3-stage or 5-stage Bardenpho
configuration can be approximated by employing SRT and aerobic reaction steps long
enough to support ammonium oxidising bacteria (AOB) and nitrite oxidising bacteria
(NOB) in sequence with agitated reaction steps without aeration (Grady et al., 2011).
Since various unit operations are carried out in the same vessel, significant plant footprint
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reductions can be achieved. Multiple SBR units can be used in parallel to increase
throughput and/or in sequence to separate and subject different types of organisms to
different SRT and HRT as required, i.e., treatment using a two-sludge system. This is
particularly relevant to EBPR, as the SRT required to support nitrifying organisms at
any given temperature is longer than that required to support PAO, which can lead to
excess PHA degradation for cell maintenance rather than P-uptake, translating to lower
P-removal efficiencies in single- compared to two-sludge systems (Henze et al., 2008).

1. Fill 2. Anaerobic 
Reaction

3. Aerobic 
Reaction

4. Settle 5. Decant 6. Idle

Sequencing Batch Reactor (SBR): Operational Cycle

Figure 1.3: Operational cycle of an anaerobic-aerobic sequencing batch reactor.

In the context of EBPR, the operational flexibility of SBR is particularly useful for
fundamental lab-scale investigations, as the hydrodynamic, redox and influent relative
to in-reactor biomass conditions can be tailored to the needs of each study with minimal
set-up equipment complexity and cost. Further, the operation can be easily adjusted in
response to transient events as they occur. For instance, the organic load and duration
of the anaerobic phase can be adjusted to ensure that no residual VFA remains in the
subsequent aerobic phase to maximise the enrichment of organisms relevant to EBPR
while minimising the influence of OHO. The duration of the aerobic phase and SRT can
be adjusted to eliminate the influence of nitrifiers.

In particular, the enrichment stage of the experiment often requires operational con-
ditions different from those employed in the design of experiments. Certain investigations
may also require that the reactor operation be perturbed away from quasi steady-state
and later returned to the initial conditions to observe the biomass response as well as
the (potentially) new steady-state. Such procedures were carried-out by Vargas et al.
(2013) to test for the ability of PAO to recover their metabolic activity after prolonged
starvation periods, and by Tu and Schuler (2013) to test whether the effects of pH
change on PAO and GAO biomass activity and composition were reversible.

A special case of SBR is for P-removal using granular sludge (GS), also known under
the commercial name Nereda, where the biomass is aggregated into granules 1.2-1.5 mm
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in diameter. Thanks to the higher biomass densities, GS settles up to 10 times faster
than floccular sludge, allowing for in-reactor biomass concentrations up to 5 times greater
compared to suspended growth systems (Ni et al., 2009). This translates to up to 50 %
reductions in plant footprint, significant reductions of pumping equipment and up to
20 % reductions in energy demand compared to suspended growth systems (Bengtsson
et al., 2019). The anaerobic-aerobic SBR configuration is particularly suitable as the
enrichment of slow-growing organisms such as PAO has been demonstrated to result in
faster formation of more stable granules compared to fully aerobic GS (Lin et al., 2003;
de Kreuk and Van Loosdrecht, 2004; Wu et al., 2010).

As shown in Figure 1.4, aerobic oxidation of COD and nitrification occur near the
surface. Anoxic denitrification using NO2

– and NO3
– produced by AOB and NOB

in the aerobic layer takes place at intermediate depths, while anaerobic conversion of
VFA by fermentative organisms and VFA uptake by PAO and GAO take place near
the centre of the granule (Gao et al., 2011; Bengtsson et al., 2018). Reactor operation
would be similar to that shown in Figure 1.3. Owing to density differences between fully
aerobic and P-removing sludge arising from the accumulation of intra-cellular PHA,
glycogen and poly-P, PAO enrichment in GS can be achieved by selective wasting of the
upper layers of the settled sludge (Winkler et al., 2011). Further, wasting sludge from
the bottom layers of the settled sludge may improve EBPR performance, as excessively
large diameters hinder substrate transport (Henriet et al., 2016). Evidence suggests
that anaerobic-aerobic GS systems are more conducive to PAO enrichment than those
incorporating anoxic stages (Weissbrodt et al., 2013).

COD

NH4
+

PO4
-

CO2

H2O

N2

Figure 1.4: Cross section of a biomass granule, with an aerobic layer near the surface
comprised of AOB, NOB and OHO, an anoxic intermediate layer comprised of facultative
denitrifying heterotrophs and an anaerobic core containing PAO, GAO and fermentative
organisms.
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The mechanism and factors affecting the granulation process (Wilén et al., 2018),
the size, density and mass transport characteristics of the resultant granules (Wu et al.,
2010) remain areas of significant academic interest. Further, the enrichment of PAO
and their competition with GAO in GS systems are in much earlier stages of research
compared to suspended growth systems (Weissbrodt et al., 2017). It is also worth noting
that due to the accumulation of substrates in the granule, biologically mediated struvite
precipitation may account for up to 45 % of P-removal in GS systems (Mañas et al.,
2011; Wang et al., 2014; Huang et al., 2015). Although this may be beneficial from the
standpoint of P-recovery, the phenomenon would also significantly reduce the fraction
of soluble P available for the aerobic replenishment of poly-P, and thus compromise
the ability of PAO to take-up VFA in the subsequent anaerobic phase. Further work
is required to mitigate long start-up times (Hou et al., 2021), to develop strategies to
resolve process upsets (Winkler et al., 2018) and to better understand the role of PAO
and GAO (Weissbrodt et al., 2013) in GS systems.

1.2.3 Geographical distribution of EBPR

The management of receiving water body quality is regulated using (1) emission-based
standards, where WWTP effluent standards are defined for each plant based on the
local ecological needs and the expected load, e.g. represented by the population equiva-
lent concept in the EU Urban Wastewater Treatment Directive, or (2) imission-based
standards, where a defined region is prescribed a total maximum daily load (TMDL)
that WWTPs in the area must collectively comply with, as in the US Environmental
Protection Agency Watershed-Based National Pollution Discharge Elimination System
Permitting Policy (EPA Office of Wastewater Management, 2007). While some juris-
tictions e.g. Canada and Australia have historically followed the EU emission-based
regulatory approach, the imission-based TMDL approach is gradually being adopted
worldwide (EPA Office of Water, 2018; Oleszkiewicz and Barnard, 2006). Nevertheless,
differences in local standards, ecological needs, water scarcity and financial considerations
at the country/state/regional level have led to differences in the geographical distribution
of EBPR process configurations.

The first EBPR system implemented at full-scale was the 5-stage Bardenpho (Barnard,
1975). Despite the risk of nitrite and nitrate disruption of the anaerobic reactors, this
configurations remains common owing to the full nitrification requirement in South
Africa van Loosdrecht et al. (2016). However, 5-stage Bardenpho is not as common
in Europe due to relatively less stringent N-removal requirements, averaging at 80 %
(Oleszkiewicz and Barnard, 2006). Instead, variations of the 5-stage Bardenpho that
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sacrifice N-removal capacity in exchange for higher P-removal stability are preferred
in Europe, namely AO, A2O and the JHB process(Oleszkiewicz and Barnard, 2006).
In northern Europe, external carbon source addition and chemical P-precipitation are
common practice to compensate for limited real estate and lower temperatures that
negative affect plant size and reaction kinetics respectively(Oleszkiewicz and Barnard,
2006). P-precipitation is also used as a polishing step in MUCT plants, notably in Poland
and the Netherlands (López-Vázquez et al., 2008; Oleszkiewicz and Barnard, 2006). In
the UK, the JHB process is often used in conjunction with primary sludge or industrial
waste fermentation to supplement the VFA concentration in the anaerobic reactor, on
account of low influent C/N and C/P ratios (Kleemann, 2016). This configuration is
also known as the Westbank process (of Research and Development, 2010).

Provincial regulations in western Canada follow those in the EU, where the dominant
configurations are the 5-stage Bardenpho, JHB and the Westbank process. EBPR
is less common in eastern Canada due to relaxed nutrient removal requirements. In
the USA, strict limits are imposed on water bodies deemed sensitive using the TMDL
approach, however standards vary at the state level. EBPR is generally achieved using
5-stage Bardenpho. Chemical precipitation remains the dominant form of P-removal
(Oleszkiewicz and Barnard, 2006). In Australia, the most common EBPR configurations
at full-scale are the 3-stage Bardenpho and MUCT processes (Beer et al., 2006).

EBPR plants using suspended growth processes are largely concentrated in Europe,
North America, South Africa, Australia and Japan (Wong et al., 2005; McIlroy et al.,
2015). EBPR using GS are more recent, with the majority of full-scale P-removing GS
plants in some stage of construction in Western Europe, particularly in the Netherlands,
Denmark, Germany and the United Kingdom, as well as in South Africa, the USA,
Brazil and Australia (Royal HaskoningDHV, 2021). This is partly a consequence of
effective regulation (and enforcement), partly financial (higher GDP per capita) and
partly resource scarcity factors. Countries such as South Africa and Australia must
meet their water demand via reclamation of wastewater, and are thus more motivated
to implement more advanced treatment including nutrient removal (Swartz et al., 2015;
Radcliffe and Page, 2020). Lastly, it is important to mention the geographical prejudice
against the implementation of EBPR at full-scale in regions near the equator, as the
higher temperatures have long been believed to prevent the enrichment of PAO. However,
recent evidence has indicated that EBPR is possible even in tropical climates (Law et al.,
2016). This topic is elaborated further in Section 1.7.
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1.3 EBPR process instabilities

EBPR systems are known to suffer from operational instabilities. Although the reasons
are not completely understood, deterioration of EBPR has often been attributed to
the proliferation of glycogen accumulating organisms (GAO), as they are able to use
intra-cellular glycogen to supply energy for VFA uptake and PHA accumulation in
the absence of electron acceptors. When electron acceptors become available, GAO
oxidise the PHA to replenish their glycogen reserves, to satisfy cellular maintenance
requirements and for biomass growth. Organisms conforming to the GAO phenotype rely
solely on glycogen for the supply of both energy and reducing equivalents for anaerobic
VFA uptake and PHA accumulation (Mino et al., 1998). GAO do not utilise poly-P
for energy storage and thus do not perform P-uptake in excess of cellular maintenance
and growth requirements (Griffiths et al., 2002). In this way, GAO compete with PAO
for VFA without contributing to P-removal, resulting in less efficient use of carbon
substrates available the influent, as more COD is required per unit of desired P-removal
(Saunders et al., 2003). GAO have been observed in both lab- and full-scale EBPR
exhibiting poor P-removal (Cech and Hartman, 1993; Crocetti R. et al., 2002).

Microbiological studies have focused on Candidatus Accumulibacter phosphatis
(referred to as Accumulibacter) as the primary PAO responsible for EBPR (Bond et al.,
1999a; Hesselmann et al., 1999; Martín et al., 2006; He et al., 2007; Mao et al., 2015; Zeng
et al., 2018). Accumulibacter have been successfully enriched in many lab-scale reactors
and are typically found in full-scale EBPR plants in abundances ranging from 5-25 %
(Kong et al., 2006; Nielsen et al., 2019). Nevertheless, PAO other than Accumulibacter
have been found, including Tetrasphaera, who have been observed to perform at least
80 % of the P-removal in an enriched sequencing batch reactor (SBR) (Marques et al.,
2017), and to be even more abundant than Accumulibacter in surveys of full-scale EBPR
plants (Nguyen et al., 2011; Mielczarek et al., 2013; Lanham et al., 2013; Stokholm-
Bjerregaard et al., 2017; Onnis-Hayden et al., 2020b). Other bacteria have been identified
as putative PAO, including Microlunatus phosphovorus (Nakamura et al., 1995; Santos
et al., 1999; Kawakoshi et al., 2012), Pseudomonas (Günther et al., 2009) and Candidatus
Halomonas phosphatis (Nguyen et al., 2012).

The Accumulibacter lineage consists of five different clades associated with type I,
and seven clades of type II (He et al., 2007; Peterson et al., 2008; Albertsen et al., 2012;
Mao et al., 2015). Besides the potential for denitrification (Flowers et al., 2009; Oehmen
et al., 2010a), Accumulibacter clades vary in their kinetic and stoichiometric responses
to P-limiting conditions due to divergences in metabolic flexibility (Slater et al., 2010;
Acevedo et al., 2012; Lanham et al., 2014; Welles et al., 2015, 2017). In the same vein,
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there are at least six recognised different species of Tetrasphaera, which differ in their
preferred carbon substrate, growth rate and ability to synthesise different intra-cellular
storage compounds (Kristiansen et al., 2013; Nguyen et al., 2015). It is likely that
the comparatively diverse array of carbon substrates in real wastewater provide the
opportunity for a correspondingly more diverse set of ecological niches for different PAO
to coexist in full-scale EBPR (Coats et al., 2017). In addition to the preference for
different carbon sources, the ability to ferment more complex molecules into simpler
substrates, e.g. by Tetrasphaera and Microlunatus phosphovorus, may be an important
source of VFA for Accumulibacter in full-scale EBPR plants, given the low fraction of
readily biodegradable COD in real wastewater (Nielsen et al., 2019).

Candidatus Competibacter phosphatis (referred to as Competibacter) and Defluviic-
occus vanus-related organisms (referred to as Defluviicoccus) have been the main GAO
of interest, owing to the relative ease of enrichment in lab-scale reactors (Kong et al.,
2002; Nielsen et al., 1999; Meyer et al., 2006; Lanham et al., 2008). They have also
been frequently observed in full-scale EBPR plants (Crocetti R. et al., 2002; Kong et al.,
2006; Burow et al., 2007). In empirical and model-based studies, Competibacter and
Defluviicoccus have been treated as phenotypically homogenous groups, even though
they have been shown to be phylogenetically diverse sets of organisms (Kong et al., 2006;
McIlroy and Seviour, 2009; McIlroy et al., 2014).

Significant efforts have been dedicated to the search for optimal conditions with which
to favour PAO over GAO, focused mainly on two aspects: the kinetics and stoichiometry
of anaerobic VFA uptake and the aerobic utilisation of anaerobically accumulated PHA.
The kinetics and stoichiometry of anaerobic VFA uptake are strongly dependent on
the composition of the influent in terms of the carbon substrates (Pijuan et al., 2004;
Oehmen et al., 2006; Guerrero et al., 2011; Qiu et al., 2019) as well as the ratio of
carbon to phosphorus (Liu et al., 1997; Tu and Schuler, 2013; Kapagiannidis et al., 2012;
Majed and Gu, 2020), temperature (Panswad et al., 2003; Erdal et al., 2003; Whang
and Park, 2006; Ren et al., 2011; Ong et al., 2014) and pH (Filipe et al., 2001c; Schuler
and Jenkins, 2002; Liu et al., 2007). The aerobic PHA utilisation is strongly dependent
on temperature, solids retention time (SRT) (Mamais and Jenkins, 1992; Roots et al.,
2020; Onnis-Hayden et al., 2020a) and dissolved oxygen (DO) (Brdjanovic et al., 1998b;
Griffiths et al., 2002; Carvalheira et al., 2014b; Law et al., 2016).

Although a number of surveys have been conducted to link the effect of various
parameters on EBPR performance (Griffiths et al., 2002; López-Vázquez et al., 2008;
Zhang et al., 2011), the wide range of plant configurations and heterogeneity in oper-
ating conditions complicate the assessment into which factors are important to GAO
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proliferation. Current understanding of the mechanistic effect of operational parameters
on PAO and GAO metabolisms have been drawn from experimentation using enriched
cultures in lab-scale systems. The more thoroughly investigated factors are carbon
source, pH, SRT and temperature.

1.4 The effect wastewater composition

1.4.1 Preferred carbon source

The availability of carbon substrates is often the limiting factor in full-scale WWTP. This
scarcity exacerbated by the fact that EBPR configurations at full-scale also incorporate
stages for N-removal (Barnard et al., 2017). In such systems, PAO come into indirect
competition with organisms involved in nitrification and denitrification processes in
addition to direct competition with GAO for carbon substrates.

As readily biodegradable substrates typically constitute only a small fraction of
the influent (Pasztor et al., 2009), much effort has gone into increasing their frac-
tion in the influent (Wang et al., 2019). PAO have been shown to be capable of
metabolising a wide range of organic substrates. The highest anaerobic P-release has
been associated with VFA (0.36-0.66 P-mmol C-mmol−1), followed by carboxylic acids
(0.16-0.43 P-mmol C-mmol−1) and amino acids (0.17-0.48 P-mmol C-mmol−1) (Qiu et al.,
2019). VFA, which can be generated by the fermentation of primary or waste sludge,
have been shown to be particularly important to EBPR stability (Nicholls et al., 1985).
Acetate (HAc) and propionate (HPr) are the most common fermentation products,
comprising 50-80 % of VFA (Yuan et al., 2009; Maspolim et al., 2015). The search for the
optimal carbon substrate is driven by the observed differences between kinetic uptake
rates, as well as the efficiency of their assimilation into intra-cellular storage reserves,
leading to selective enrichment.

Initially, HAc was determined to be the most favourable substrate for EBPR, in
terms of P-removed per unit of COD in lab-scale SBR (Abu-Ghararah and Randall, 1991;
Hood and Randall, 2001). Accumulibacter were found to display the PAO phenotype in
lab-scale reactors (Hesselmann et al., 1999; Crocetti et al., 2000). They have since been
successfully enriched in many systems performing P-removal fed exclusively with HAc
(Liu et al., 2001; Oehmen et al., 2004; Welles et al., 2015) and HPr (Pijuan et al., 2004;
Oehmen et al., 2005b; Lanham et al., 2011), as well as a mixture of the VFA, either fed
simultaneously (Saunders et al., 2007; Welles et al., 2015) or by periodic alternation as
sole substrates (Lu et al., 2006; Zhou et al., 2008).
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In full-scale EBPR, HAc supplementation improved P-removal from 60 % to 96 %
(Wang et al., 2020). In a pilot-scale plant treating real wastewater, P-removal ameliorated
from 41 % to 80 % by supplementation with HAc, 82 % with HPr, and up to 91 % on
mixed VFA dosage (Ki et al., 2014). When HAc and HPr are both present in synthetic
influents, PAO prioritised the uptake of HPr (Liu et al., 2007; Carvalheira et al., 2014a).
It is possible that this behaviour is due to competitive inhibition for a common VFA
transport mechanism. However, it has also been suggested that HPr inhibits HAc
uptake mechanism via the competition for ATP for the production of acetyl-CoA and
propionyl-CoA by the respective synthase enzymes (Burow et al., 2008).

The uptake of HPr induces lower stoichiometric P-release than that of HAc (Oehmen
et al., 2005b). The lower resultant P/VFA ratios are thought to be due to the difference
between the return of PHA per unit of ATP invested in HAc conversion, as HPr is a
3-carbon whereas HAc is a 2-carbon molecule (Oehmen et al., 2007). The subsequent aer-
obic P-uptake is also lower on HPr (Qiu et al., 2019). It has been observed rate of aerobic
PHA oxidation decreases when PHA is composed of poly-β-hydroxy-2-methylvalerate
(PH2MV) and poly-β-hydroxyvalerate (PHV) in addition to poly-β-hydroxybutyrate
(PHB) (Oehmen et al., 2005b). Oxidation of PHB has been observed to be up to three
times faster than PHV (Torresi et al., 2019). Since PAO store HAc preferentially as
PHB, whereas HPr is stored primarily as PHV (Pijuan et al., 2009), the influent VFA
composition has important consequences on both short-term competition via differences
in VFA uptake rates, as well as long-term EBPR performance, as the aerobic exhaustion
of anaerobically accumulated PHA reserves is critical to the P-removal capacity of the
biomass at steady-state.

Accumulibacter cultures have been most readily enriched using HAc as the sole
carbon source. Apart from predictions using metabolic models (López-Vázquez et al.,
2009b), it remains unclear how the simultaneous presence of HAc and HPr affect resource
utilisation when PAO must also compete with GAO. For instance, lab- and pilot-scale
systems fed solely with HPr exhibited high and stable P-removal, while those fed with
HAc exhibited large variance in P-removal performance (Oehmen et al., 2006; Wang
et al., 2010; Shen et al., 2017). Wang et al. (2010) found that the presence of both
HAc and HPr resulted in superior P-removal compared to solely HAc in a plug flow
configuration. Zhang et al. (2020a) observed that the abundance of Accumulibacter
remained constant regardless of the ratio of HAc to HPr in the influent as long as they
were both present, whereas Competibacter and Defluviicoccus abundances increased with
higher HPr fractions.
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Defluviicoccus and Competibacter were both more abundant than PAO with HPr as
the sole carbon source (Zhang et al., 2020a). Competibacter have been found to dominate
reactors fed with HPr as the sole carbon source (Shen et al., 2017), even though their
maximum HPr uptake rates are negligible compared to either Accumulibacter PAO or
Defluviicoccus GAO (Pijuan et al., 2004; Oehmen et al., 2006). Further understanding
of how substrate uptake and subsequent use in catabolic and anabolic processes is
important where, rather than the dominance of one organism, as is the case in lab-scale
studies, the balance between PAO, GAO is maintained in full-scale EBPR systems.

Metabolic models for PAO consider only the uptake of VFA (Comeau et al., 1986;
Wentzel et al., 1986; Mino et al., 1987). However, the readibily biodegradable fraction
of COD consists of a diverse array of substrates other than VFA. To exploit the variety
of ecological niches presented by the different carbon substrates, it follows that PAO
in full-scale EBPR plants are likely much more diverse than in lab-scale systems. The
contribution of these substrates is accounted for in mathematical models (Henze et al.,
1995) as well as in theoretical frameworks of the ecosystem in EBPR plants (Nielsen
et al., 2019) by their conversion into VFA by fermentative bacteria, even other putative
PAO. For instance, Tetrasphaera have been shown capable of fermenting complex
organic molecules for intra-cellular storage (Nguyen et al., 2011; Kristiansen et al., 2013).
Accumulibacter were less abundant in reactors fed with real relative to those fed with
synthetic wastewater (3 % vs 15 %), yet P-removal efficiencies were comparable (Coats
et al., 2017). Nevertheless, mathematical models have been found to underestimate the
P-removal efficiency in full-scale plants (Barnard et al., 2017). This may be explained
by the contribution of PAO other than Accumulibacter to EBPR in environments with
diverse composition of carbon substrates in the influent.

1.4.2 The influent carbon to phosphorus ratio

The minimum amount of HAc required for EBPR has been suggested between 5.3-
7.9 mg-HAcP-mmol−1 (Mavinic et al., 2000). However, the reccommended influent
COD/P ratio in full-scale plants has been reported between 15-25 mg-COD mg-P−1

(Randall et al., 1998). Zhang et al. (2011) observed P-removal efficiencies as low as 58 %
in full-scale EBPR operated at COD/P ratios above 29 mg-COD mg-P−1. Discrepancies
in reported COD/P ratios beneficial to EBPR stem from VFA constituting a variable
fraction of the total COD in real wastewater.

In lab-scale SBRs with synthetic influent, P-limitation has been considered as a
pre-requisite for the enrichment of Competibacter in lab-scale systems (Sudiana et al.,
1999; Zeng et al., 2003; López-Vázquez, Carlos M. and Song, Young-Il and Hooij-
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mans, Christine M. and Brdjanovic, Damir and Moussa, Moustafa S. and Gijzen,
Huub J. and van Loosdrecht, Mark C.M., 2006a). Yagci et al. (2003) observed that
P-removal efficiency increased with higher COD/P from 7 to 20 mg-COD mg-P−1. Like-
wise, Panswad et al. (2007) reported improved P-removal with increasing COD/P
from 6.25 to 50 mg-COD mg-P−1. Increasing the influent COD/P ratio from 3 to
10 C-mmol P-mmol−1 resulted in deterioration of P-removal performance (Ong et al.,
2013). In contrast, complete P-removal has also been observed for COD/P ratios between
15-26 C-mmolP-mmol−1 (Welles et al., 2015). It is not clear what led to the differences
in response to well defined influent compositions. It is possible that the communities
were enriched with different Accumulibacter clades.

Current understanding indicates that PAO are able to use glycolysis in parallel with
the reductive branch of the TCA cycle (succinate-propionate pathway), split TCA cycle
and/or glyoxylate shunt depending on the availability of intra-cellular storage reserves
(da Silva et al., 2018; Wang et al., 2019). The extent of utilisation of each pathway also
depends on the availability of external substrates (Zhou et al., 2008; Acevedo et al.,
2012). PAO rely more on TCA upon the depletion of intra-cellular glycogen levels,
brought about by low availability of carbon substrates, i.e., low COD/P ratios (Lanham
et al., 2014; Wang et al., 2019).

Conversely, Increasing the COD/P ratio from 20to50 mg-COD mg-P−1 led to a 50 %
decline in poly-P storage and rise in glycogen utilisation, indicative of a metabolic shift
away from TCA in favour of glycolysis in response to P-limiting conditions (Zhou et al.,
2008; Majed and Gu, 2020). Acevedo et al. (2012) observed a shift from PAO type I to
type II in response to depletion of poly-P reserves. When poly-P reserves are depleted,
the split TCA cycle becomes the most energetically optimal pathway (Acevedo et al.,
2017; da Silva et al., 2018).

Welles et al. (2016) reported enrichmemt in both Compatibacter (46 %) and Ac-
cumulibacter type II (49 %) performing the GAO phenotype. Accumulibacter type II
have exhibited HAc uptake rates up to four times higher than type I under P-limiting
conditions, i.e., high COD/P ratios (Tian et al., 2013; Welles et al., 2015). The difference
in kinetic rates may lie in the complexity of biochemical reactions employed to produce
the energy required for VFA transport into the cell. ATP production from poly-P
hydrolysis is achieved with just two reactions (Saunders et al., 2007), whereas ATP
production via glycolysis involves at least ten (Satoh et al., 1992).

Fluorescence in situ hybridisation (FISH) analysis showed that increasing COD/P
ratios from 10 to 50 mg-COD mg-P−1 led to changes in the microbial composition in
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favour of GAO (Kong et al., 2002). Similarly, Majed and Gu (2020) reported that
increasing the COD/P ratio resulted in a decline of Accumulibacter abundance whereas
that of Compatibacter increased and Defluviicoccus remained constant. The ratio of PAO
to GAO correlated with P-removal efficiency, which declined from 97 to 82 % (Majed
and Gu, 2020). Conversely, decreasing COD/P ratios from 50 to 10 mg-COD mg-P−1

increased sludge P content (Liu et al., 1997). The change in sludge poly-P content was
attributed to a change in community composition. However, since molecular probes were
not available at the time, it is possible that what was observed was actually a metabolic
shift from PAO to GAO-like metabolism. For instance, Welles et al. (2017) found that
COD/P ratios between 9-20 C-mmolP-mmol−1 affected the anaerobic P/VFA ratio, yet
Accumulibacter abundance remained constant.

Higher poly-P content was accompanied by higher rates of anaerobic HAc uptake
at lower COD/P ratios (Welles et al., 2017). This may have been due to poly-P being
a more efficient source of ATP required for VFA transport into the cell, relative to
glycogen. However, the rate of anaerobic P-release rate was observed to increase with
poly-P content (Welles et al., 2017). As the anaerobic maintenance coefficient is a
constant, higher anaerobic P-release not coupled to VFA uptake would increase the
burden of aerobic P-uptake required to achieve net P-removal. These results suggest
that there exists an optimal COD/P ratio which minimises the trade-off between the
VFA uptake rate and P-release not associated with VFA uptake. In addition, while
lower COD/P ratios may be beneficial to PAO, they also risk loss of P-removal capacity
as intra-cellular poly-P reach saturation levels.

1.4.3 Economic considerations of VFA supplementation

The addition of external VFA increases the operational cost as well as the environmental
impact of the WWTP, via reagent purchase, transport and storage costs, as well as
increased sludge yield and thus sludge handling costs. Combined, external carbon source
and sludge handling costs may comprise between 50 % to 70 % of a plant’s operating
costs (MacDonald, 1990; Yang et al., 2011). Accounting for the capital costs of additional
equipment, sourcing additional carbon sources using internally generated sludge can
significantly reduce the total cost over the lifetime of an EBPR WWTP. Depending on
the influent COD/P ratio, the continuous cost of VFA addition may be so prohibitive as
to rule-out EBPR as a treatment option entirely (van Loosdrecht et al., 2016). However,
the carbon source necessary to improve the influent rbCOD/P ratio or to adjust the
influent VFA composition can be generated internally via acidogenic fermentation of
primary sludge (Chanona et al., 2006) or of a fraction of RAS or of WAS from the
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underflow of the secondary clarifier (Liu et al., 2020). The configuration diverting RAS
to an anaerobic fermentation reactor whose effluent is recirculated into the mainstream
treatment line is also referred to as the side-stream EBPR process (S2EBPR).

Primary sludge fermentation is an established practice where the influent rbCOD to
nutrient ratio is endemically deficient, particularly in Europe, Canada, South Africa and
Australia (Oleszkiewicz and Barnard, 2006; Salamah and Randall, 2020). In contrast,
S2EBPR configurations have been implemented more recently in a number of full-scale
plants in Denmark, Sweden, Canada and the USA (Lanham et al., 2013; Mielczarek et al.,
2013; Barnard et al., 2017; Wang et al., 2019; Onnis-Hayden et al., 2020b). S2EBPR is
thought to improve P-removal stability by the provision of a variety of VFA allows for
niche differentiation among the PAO population (Qiu et al., 2019), thereby achieving a
degree of functional redundancy (Nielsen et al., 2012), and that prolonged anaerobic
conditions in the side-stream reactor select for PAO thanks to their lower maintenance
requirements and slower rates of endogenous decay compared to OHO (López-Vázquez
et al., 2006b; Vargas et al., 2013; Li et al., 2020).

Further work is required to understand the mechanism by which side-stream fer-
mentation benefits EBPR performance. For instance, the anaerobic hydrolysis rate
and stoichiometric VFA yield in side-stream fermentation were reported to be higher
than in primary sludge fermentation, even though sludge from the secondary clarifier
is typically less biodegradable due to the entrapment of organic matter within the cell
structure (Ucisik and Henze, 2008). Differences in PAO kinetics and stoichiometric
yields in S2EBPR compared to conventional EBPR systems have also been indepen-
dently observed (Lanham et al., 2014; Varga et al., 2018; Onnis-Hayden et al., 2020b).
Consequently, conventional AS modelling software e.g. Biowin have been found to
systematically underestimate P-removal in S2EBPR (Barnard et al., 2017).

Despite potential cost savings via the reduction of chemical reagent purchasing and
sludge handling costs, sourcing VFA from internally generated sludge decreases the
amount of COD available to AD, and thus reduces the energy recovery and economic
potential from biogas production. Concurrently, fermentation to recover VFA also
synergises with AD, particularly with respect to WAS by promoting the solubilisation of
organic matter, leading to increased methane yields (Wacławek et al., 2019; Zhou et al.,
2021). However, the literature quantifying this impact is scarce. Bahreini et al. (2020)
and Peces et al. (2016) reported 13-20 % reduction in biogas potential after acidogenic
fermentation of primary sludge at SRT between 0.5-4 d days and temperatures between
20 and 70 Celcius respectively. With thermal pre-treatment to increase VFA yields from
acidogenic fermentation, biogas potential may decrease as much as 65 % (Alloul, Abbas

20



1.5. The effect of pH

and Ganigué, Ramon and Spiller, Marc and Meerburg, Francis and Cagnetta, Cristina
and Rabaey, Korneel and Vlaeminck, Siegfried E, 2018). Although it has been reported
that S2EBPR can reduce waste sludge yield by up to 60 % (Ferrentino et al., 2019), no
techno-economic assessment exists to address the impact of side-stream fermentation,
i.e., VFA production from activated sludge as opposed to primary sludge on biogas
production directly.

Although AD is a proven method for WAS stabilisation and energy recovery, there is
much interest at present in VFA production from WWTP and other waste streams, as
VFA and their derivatives are used as platform chemicals for a wide variety of industries,
including food, fragrance, textile, bioplastic and others (den Boer et al., 2016). Assuming
market prices $0.98 kg−1 and $0.44 m−3, Bahreini (2021) estimated net revenues of $9.1
and $3.7 per m3 of sludge for VFA and biogas. These estimates were made using VFA
and biogas yields from primary sludge. Owing to differences in biodegradability, the
efficiency of COD to end-product conversion for secondary sludge may be up to 39 %
and 71 % lower respectively (Alloul, Abbas and Ganigué, Ramon and Spiller, Marc and
Meerburg, Francis and Cagnetta, Cristina and Rabaey, Korneel and Vlaeminck, Siegfried
E, 2018). In addition to the market price that can be captured over the lifetime of the
WWTP, the economic viability of either means of waste sludge valorisation depend on
the efficiency of COD capture and conversion into end-product, relative to the COD
entering the system.

To this end, a number of factors have been investigated to improve VFA yields from
acidogenic fermentation, including temperature, pH, SRT, as well as the effect of thermal
and mechanical pre-treatment methods (Ramos-Suarez et al., 2021). In the interest
of tailoring the VFA composition for EBPR influents, further work is also required to
be able to control the distribution of different VFA species, e.g. in terms of the HAc
to HPr ratio. Currently, the resultant VFA composition remains primarily a function
of the sludge characteristics rather than operational parameters during fermentation
(Morgan-Sagastume et al., 2011; Salamah and Randall, 2020).

1.5 The effect of pH

1.5.1 The effect of pH on the PAO and GAO metabolism

One uncertainty in the metabolism of organisms relevant to EBPR is the stoichiometric
ATP requirement for VFA transport into the cell. In the context of P-removing sludge,
Comeau et al. (1986) observed that higher pH resulted in higher anaerobic P-release.
The anaerobic P/VFA ratio has been observed to increase linearly with pH in the range
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5.5-8.5 (Smolders et al., 1994; Liu et al., 1996; Pijuan et al., 2004). Schuler and Jenkins
(2003b) observed that the stoichiometric amount of ATP for VFA increased to a greater
extent with higher PAO activity, indicating that they use an energetically less efficient
pathway for VFA uptake than GAO.

The dependence of the anaerobic P/VFA ratio on pH stems from the maintenance of
the driving force for VFA uptake. HAc uptake in PAO has been proposed to be driven
by the proton motive force (PMF) (Smolders et al., 1994; Filipe and Daigger, 1998).
PMF consists of the potential gradient across the cell membrane and the concentration
gradient represented by the difference between intra- and extra-cellular pH (Kashket,
1985). As such, when the external pH is more basic relative to the internal cell pH,
the contribution of the potential difference must increase via efflux of hydrogen ions
to maintain a constant PMF. To maintain the PMF, PAO transport hydrogen and
phosphate ions through the inorganic phosphate transport system (Martín et al., 2006;
Saunders et al., 2007; Burow et al., 2008). Competibacter GAO generate PMF solely
by transporting hydrogen ions via ATP synthase out of the cell, while Defluviicoccus
generate PMF by the coupling of this process to fumarate reduction (Burow et al., 2008).

The stoichiometric amount of anaerobic glycogen degraded for VFA uptake in PAO
enriched culture has been found to correlate negatively with pH in the range 6.4-8
(Liu et al., 2007). It is possible that the increased supply of ATP provided by higher
poly-P cleavage offset the need for ATP supply via glycolysis. This would lead to lower
glycolysis utilisation, resulting in a shortage of reducing equivalents, and thus lower
the stoichiometric yield of PHA formation. In this way, higher pH may result in the
depletion of GAO intra-cellular energy reserves, as they do not possess the metabolic
flexibility to decouple the production of ATP from reducing agents. However, Liu et al.
(1996) reported that while the rate of HAc uptake increased over the entire range of pH
explored, very basic pH also caused excessive anaerobic P-release. Thus, excessively
high pH may also result in the gradual loss of poly-P reserves in PAO, as less PHA
would be available for the aerobic replenishment of storage compounds. The confluence
of these factors could lead to deterioration of net P-removal capacity at high pH.

With respect to PAO kinetics, Smolders et al. (1994) and Filipe et al. (2001a) observed
that HAc uptake rate was independent at pH between 5.8-8.2 and 6.5-8 respectively.
Using the P/HAc ratio and sludge P-content as indicator of enrichment, PAO activity
was observed to increase consistently with pH from 5.5-8.5, while that of GAO peaked
at pH 6.5 (Liu et al., 1996). Filipe et al. (2001c) suggested that PAO have a competitive
advantage at pH above 7.25, whereas GAO competed more effectively for VFA at more
acidic pH. Schuler and Jenkins (2002) found the maximum HAc uptake rate for PAO
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enriched sludge to occur at a pH of 8, while that for GAO enriched sludge was determined
to be between 6.5-7. Combined with the stoichiometric trade-offs between depletion of
GAO intra-cellular reserves and the preservation of P-removal capacity, these findings
suggest an optimal pH for EBPR stability.

1.5.2 The effect of pH on EBPR performance

Higher pH leads to higher energy requirements for anaerobic VFA uptake. PAO fulfil
these requirements by increase poly-P hydrolysis, whereas GAO meet them with increased
glycolysis. The increased glycogen consumption in GAO results in an excess of reducing
equivalents, which must be balanced by producing more reduced forms of PHA (Zeng
et al., 2003). These differences lead to higher anaerobic efficiency with regards to ATP
production in PAO at higher pH (Filipe et al., 2001c; Oehmen et al., 2005a).

In full-scale EBPR plants, Competibacter abundance has been found to corelate
negatively with pH (López-Vázquez et al., 2008; Zhang et al., 2011). In lab-scale systems,
PAO have been found to dominate at basic pH in the range 7.4-8.4, whereas GAO were
found to dominate at acidic pH of 6.4-7 (Tu and Schuler, 2013). (Jeon et al., 2001)
reported poor P-removal at neutral pH. Once pH was increased to 8, EBPR rapidly
improved, achieving complete P-removal within three SRT. The dominant organism
in an HPr-fed SBR was successfully shifted from Defluviicoccus to Accumulibacter by
increasing pH from 7-8, whereas Competibacter and Accumulibacter coexisted in an
HAc-fed SBR regardless of pH (Oehmen et al., 2005a).

Interestingly, although loss of P-removal was observed at low pH, the PAO abundance
remained relatively high at 77 %, whereas Defluviicoccus constituted only 5 % of the
population (Tu and Schuler, 2013). Based on the high residual HAc concentrations in
the aerobic stage, it was suggested that rather than competition for substrates with
GAO, deterioration of EBPR at low pH may be due in part to the effect of pH on the
equilibrium between acetate ions and acetic acid. Acetic acid is known to uncouple
PMF, whose concentration increases as pH decreases. Low pH may disrupt the driving
force necessary for VFA uptake. This suggests that the deterioration of EBPR may be
due to the inhibition of the PAO metabolism rather than direct competition with GAO.

1.5.3 With or without pH control?

Most lab-scale studies have enriched cultures with pH control. However, SBR operation
without pH control has been observed result in more stable EBPR, able to recover
quickly following perturbations, relative to the period with control (Levantesi et al.,
2002). Liu et al. (2007) observed that the anaerobic pH of PAO enriched SBR tended
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toward neutral, regardless of whether the initial setpoint was acidic or basic. Other
studies report that without control, pH tends to increase in the anaerobic stage in both
HAc-fed (Pereira et al., 1996; Bond et al., 1999b) and HPr-fed SBR (Pijuan et al., 2004).
It is possible that different levels of PAO enrichment led to the apparent differences.
At neutral pH, the removal of acetic or propionic acid from solution should not result
in net change in pH due to the coupled release of phosphate anions resulting from the
hydrolysis of poly-P to obtain the energy required for assimilation of the carbon sources
as PHA. The removal of VFA by GAO would not be balanced, resulting in a net increase
in pH. Higher pH in the anaerobic phase has been indicated to be beneficial to EBPR
performance. Both Bond et al. (1999b) and Jeon et al. (2001) reported that P-removal
efficiency ameliorated when pH control was not implemented, allowing anaerobic pH
to rise. Furthermore, anaerobic pH increases to a greater extent in PAO dominated
compared to GAO dominated systems (Filipe et al., 2001c).

In the absence of pH control, these observations suggest a self-regulatory pattern.
VFA uptake by GAO would lead to a rise in pH. The higher pH environment would
benefit PAO, thanks to their ability to diversify metabolic pathways for ATP production,
as well as uncouple production of ATP from reducing agents. Higher PAO activity would
lead to higher anaerobic P-release, lowering pH, returning the advantage to GAO. A
number of control strategies have been proposed to exploit this tendency, which aim
to ensure high pH in the anaerobic stage (Filipe et al., 2001c; Serafim et al., 2002; Liu
et al., 2007). Although such strategies have been used successfully for the purpose of
enrichment in lab-scale reactors, it is unclear if they are superior to the hypothetical
self-regulating dynamic in full-scale EBPR, where PAO coexist with GAO.

1.6 The effect of SRT

The SRT determines the steady-state concentration of biomass in the system and
thus the size of the reactor and separation unit, the energy costs via their aeration
requirements and the rate of waste sludge production (Grady et al., 2011). In principle,
the SRT in EBPR is not strictly defined by the maximum growth rate of the functional
organisms, due to the fact that the concentration of intra-cellular storage compounds
also affects process kinetics and biomass growth. This presents significant opportunities
for EBPR in the context of the shift from mere wastewater treatment to resource
recovery. EBPR synergises with high-rate, short SRT processes aimed at minimising the
oxidation of carbon substrates in the aerobic reactor in favour of anaerobic digestion
for the production of biogas (Ge et al., 2017). The minimum SRT to support PAO
ranges between 2 to 4 d, aligning with the typical operating SRT in high-rate processes
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of 0.5 to 3 d (Ge et al., 2015; Jimenez et al., 2015). Sludge rich in PAO also naturally
accumulate carbon substrates and phosphorus from the liquid phase, which maximises
its biogas potential and presents opportunities for nutrient recovery. Consequently, this
has motivated much work to determine the minimum SRT to support EBPR.

Owing to the kinetics of VFA uptake and biomass growth, there exists a minimum
SRT required to support EBPR at any given temperature. Above the minimum SRT,
both sludge P-content and P-removal efficiency have been found to increase until an
upper limit, after which further increases in SRT deteriorate EBPR performance (Mamais
and Jenkins, 1992). The precise minimum SRT has been found to vary between studies
at comparable temperature ranges and across different process scales (Mamais and
Jenkins, 1992; Erdal et al., 2003; McClintock et al., 1991). Such variations may have
been due to differences in influent composition, which would affect intra-cellular PHA
and biomass yields. Using the steady-state model derived by Brdjanovic et al. (1998c),
López-Vázquez et al. (2009a) predicted that PAO require lower minimum SRT compared
to GAO at all temperatures between 5-30 °C. This would seem to agree with Whang
et al. (2007), who indicated that while GAO possess a higher VFA uptake rate between
20-30 °C, PAO possess a higher biomass yield. In this way, a GAO-dominated system
shifted in favour of PAO when SRT was shortened from 10 to 3 d via selective wash-out
(Whang and Park, 2006).

Numerous studies report that EBPR performance is optimal at the minimum SRT to
support PAO. For instance, Li et al. (2008) report deterioration of P-removal performance
with an SRT increase from 8 to 16 d in lab-scale systems. Comparing parallel treatment
lines in an EBPR plant, Onnis-Hayden et al. (2020a) reported that the relative abundance
of GAO correlated positively with SRT. The Accumulibacter abundance correlated
negatively with SRT, making up 12 % of the total population at SRT of 6 d, and less
than 2.5 % at 40 d, whereas that of Competibacter correlated positively with SRT, making
up 9 % of the population at 6 d and 23% at 40 d (Onnis-Hayden et al., 2020a). Recent
work at lower SRT to explore the viability of EBPR in high-rate treatment systems has
indicated that optimal P-removal is achieved as SRT approaches the minimum required
to avoid wash-out of PAO biomass. Despite differences in influent composition, system-
scale and temperature (16-25 °C), the optimal SRT for EBPR has been reported to lie
in the range of 1.8-3.6 d using synthetic feed (Chan et al., 2017), primary effluent with
VFA supplementation (Valverde-Pérez et al., 2016), and real wastewater (McClintock
et al., 1991; Ge et al., 2015; Roots et al., 2020).

Nevertheless, contradictory evidence exists. Lee et al. (2007) reported higher P-
removal efficiency at an SRT of 20 d compared to 15 d, at 93 % and 78 % respectively.
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Likewise, Zhu et al. (2013) reported higher P-removal efficiencies at an SRT of 15 d
compared to 5 d, at 97 % and 83 % respectively. The anaerobic P/HAc and Gly/HAc
stoichiometric ratios and the composition of intra-cellular PHA indicated that the reactor
operated at an SRT of 5 d was more abundant in GAO, while those operated at longer
SRT of 10-15 d were dominated by PAO (Zhu et al., 2013). This was in contrast to
Onnis-Hayden et al. (2020a), where GAO relative abundance decreased with increasing
SRT. It should be noted that few studies included microbiological assays, relying on
stoichiometric ratios to estimate the relative abundances of PAO to GAO instead. This
makes the results concerning population shifts inconclusive, as PAO may have shifted
their metabolism in response to factors unrelated to SRT.

Moreover, due to the fact that PAO growth occurs solely in the aerobic phase, many
studies have focused primarily on the so-called aerobic SRT, as defined in Brdjanovic et al.
(1998c). This confounds the effect of SRT, particularly with respect to the contribution
of the anaerobic phase on the observed biomass growth in the aerobic phase. At the
same SRT in an SBR, biomass PHA content correlates positively with the number of
cycles over the corresponding time period (Kuba et al., 1997; Shen et al., 2017). As the
biomass yield depends on the level of intra-cellular PHA, the minimum SRT depends on
the overall as well as component (anaerobic and aerobic) reaction times. Likewise, when
EBPR activity had been lost in a continuous-flow configuration due to operating below
minimum SRT, P-removal was successfully restored by decreasing the anaerobic reaction
time without changing the overall SRT (Matsuo, 1994; Valverde-Pérez et al., 2016).

An excessively short anaerobic reaction time would not allow for complete VFA
uptake, while an excessively long anaerobic reaction time would lead to deterioration
of net P-removal due to secondary P-release (Carrera et al., 2001; Wang et al., 2013).
Likewise, the aerobic reaction time should be long enough to oxidise the accumulated
PHA reserves, but not so long as to provoke endogenous decay (López-Vázquez et al.,
2006b; Vargas et al., 2013). Hamamoto Y. (1997) found that optimal P-removal efficiency
was obtained at a ratio of anaerobic to aerobic reaction time of 3 in a 60 min reaction cycle.
Freitas et al. (2009) observed that increasing aerobic reaction time from 10 to 40 min
correlated linearly with lower P-removal, where optimal EBPR performance was obtained
at a ratio of anaerobic to aerobic reaction time of 2, in a 30 min cycle.

Other than in the work of Onnis-Hayden et al. (2020a), the heterogeneity in process
characteristics such as the microorganism ratio, COD/P ratio, temperature and configu-
ration have thus far made the effect of SRT on EBPR difficult to isolate. Further work is
required in order to better understand the influence of SRT on P-removal performance,
sludge characteristics and competition between PAO and GAO respectively.
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1.7 The effect of temperature

It is well established in kinetic theory that reaction rates increase with temperature.
Although this would suggest that P-removal performance decreases with lower tempera-
tures, the opposite has been observed in both lab-scale and full-scale EBPR systems.
Barnard et al. (1985) reported that lower temperatures in the range 5-24 °C to be bene-
ficial, whereas higher temperatures were detrimental to EBPR. Panswad et al. (2003)
observed that P-removal efficiency decreased from 97-39 % as temperature increased
from 20-30 °C. Further, P-removal capacity decreased by 57 % when temperature was
reduced from 20-10 °C (Erdal et al., 2003). However, while no net P-removal occurred
initially at 5 °C, EBPR activity recovered after an operational period of one SRT, and
P-removal capacity was double that relative to 20 °C after two SRT (Erdal et al., 2003).
Thus, the effect of temperature on EBPR performance cannot be explained from the
perspective of reactions kinetics alone. As indicated in the previous section with the
dependence of minimum SRT on temperature, it must be examined in conjunction with
other parameters influential in the competition between PAO and GAO.

A number of studies have observed differences in the temperature dependencies
between anaerobic and aerobic kinetics of cultures in enriched lab-scale reactors. In
batch tests using PAO cultures, anaerobic kinetics increased from 5-20 °C, after which
they were relatively insensitive to further increases in temperature (Brdjanovic et al.,
1997). In contrast, aerobic kinetics increased consistently from 5-30 °C (Brdjanovic et al.,
1998a; Whang and Park, 2002). In GAO cultures, both anaerobic and aerobic kinetic
rates increased consistently over the whole temperature range (Whang and Park, 2006;
López-Vázquez et al., 2009a). Specific HAc uptake of PAO enriched cultures peaked
at 20 °C, whereas that of GAO increased over the range 10-30 °C. The specific rate of
HAc uptake of PAO was greater than that of GAO by 16 % and 13 % at 10 °C and 20 °C,
while that of GAO was 51 % higher at 30 °C (Whang et al., 2007).

Panswad et al. (2003) observed that the rate of aerobic P-uptake decreased from
20-30 °C. Krishna and van Loosdrecht (1999) reported that the inorganic fraction of
EBPR sludge increased from 15-25 °C, then decreased at temperatures above 30 °C. It
is possible that increased maintenance requirements at higher temperatures led to less
ATP available for replenishment of intra-cellular reserves. López-Vázquez et al. (2009a)
reported that the stichiometric ATP/NADH2 ratio decreased from 1.7-1.3 as temperature
increased from 20-30 °C, indicative of lower oxidative phosphorylation efficiency, i.e.,
lower yield of ATP per unit of PHA. This suggests that an optimal temperature exists
where anaerobic VFA uptake rates are maximised, while intra-cellular conversions and
biomass growth are in balance with maintenance requirements.
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Gu et al. (2005) observed that full-scale EBPR tends to be unstable in the summer,
with higher P-removal efficiencies during the winter. The improved process perfor-
mance may stem from more efficient use of resources for growth and replenishment
of intra-cellular storage reserves, as well as higher rates of VFA uptake of PAO at
lower temperatures. Using FISH, the abundance of Competibacter GAO decreased
from 93-43 % in response to a decrease in temperature from 20-10 °C (López-Vázquez
et al., 2009a). When the influent P/C ratio was increased, Competibacter abundance fell
further to 18 %, while that of Accumulibacter increased to 79 %, indicating that PAO
have a competitive advantage over GAO at low temperatures (López-Vázquez et al.,
2009a). However, P-removal efficiency in an HPr fed SBR decreased from of 86-40 %
when temperature was decreased from 20-10 °C (Chan et al., 2020). This was inconsistent
with the consensus that EBPR performance is superior at colder temperatures. The
reason appeared to be leakage of VFA into the aerobic phase, caused by lower anaerobic
HPr uptake rates.

In addition to the effect on process kinetics, the effect of temperature on EBPR
performance has been subject to increasing uncertainty, owing to reports of successful
EBPR demonstrated at higher temperatures in both lab- and at full-scale systems.
Complete P-removal was achieved at 5-30 °C in an HAc fed SBR, although the SRT
had to be adjusted to prevent biomass wash-out at lower temperatures (Brdjanovic
et al., 1998). Pijuan et al. (2004) achieved Accumulibacter enrichment of 45 % and
complete P-removal at 25 °C in an HPr fed SBR. Accumubiacter enrichment of up to
75 % and near complete P-removal has been achieved at 30 °C in an HAc fed SBR by
sub-dividing the reaction cycle into multiple shorter anaerobic-aerobic sequences prior
to settling and effluent withdrawal (Freitas et al., 2009; Shen et al., 2017). Ong et al.
(2014) achieved Accumulibacter enrichment of 43 % at 28 °C in an HAc fed SBR without
modifications to either the SRT or reaction schedule, exhibiting P-removal efficiencies of
at least 95 % and effluent concentrations below 1 mg-P/L when operated at 32 °C. Law
et al. (2016) reported that a full-scale EBPR plant operated between 25-35 °C achieved
mean a P-removal efficiency of 81 %.

This uncertainty is compounded by the inconsistent relationship between PAO
abundance as well as the primarily kinetics driven competition between PAO and GAO
and P-removal performance. While decreasing the DO set-point resulted in higher rates
of anaerobic HAc uptake and aerobic P-removal, quantitative polymerase chain reaction
(qPCR) analysis revealed that both Accumulibacter and Competibacter increased in
abundance (Law et al., 2016). No correlations were found between P-removal efficiency
or stability and the Accumulibacter abundance, nor their ratio to Competibacter in
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a survey of 6 full-scale EBPR plants (Gu et al., 2008). P-removal performance was
unaffected as the abundance of Accumulibacter decreased from 64-19 % and that of
Competibacter increased from less than 10 to 40 % in response to a temperature change
from 24-32 °C (Ong et al., 2014). Similarly, P-removal efficiency in an HAc fed SBR
remained above 95 %, despite a decrease in Accumulibacter abundance from 75-53 %,
as well as a decrease in the ratio of PAO to GAO from 0.89-0.72 (Shen et al., 2017).
In an HPr fed SBR, the P-removal efficiency briefly increased from 52 % to over 95 %
even as Accumulibacter abundance decreased from 32-11 %, and that of Competibacter
increased from 8-36 % (Shen et al., 2017). In a survey of full-scale plants operated in
tropical climates, the abundance of GAO exceeded that of PAO, yet EBPR performance
was stable (Qiu et al., 2019). In response to a temperature shock from 22-29 °C, the
abundance of PAO increased from 14-48 %, while those of Competibacter (3 %) and
Defluviicoccus (5 %) remained constant (Ren et al., 2011).

Despite the intense competition for carbon substrates observed in lab-scale systems,
the enrichment of PAO does not necessarily come at the expense of GAO. The limited
variety of ecological niches in well-defined conditions of lab-scale reactors may result in
reduced diversity of PAO, GAO, and their sub-groups (Peterson et al., 2008; He and
Mcmahon, 2011) compared to the environments in full-scale plants (He et al., 2007;
Nielsen et al., 2019). Notably, Flowers et al. (2013) found that Accumulibacter clade
IA correlated positively, while clade IIA correlated negatively with temperature. Ong
et al. (2014) found that Accumulibacter clade IIF was the dominant PAO in lab-scale
SBR operated at 32 °C. In contrast, Qiu et al. (2019) reported that clades IIB and
IIC were the most abundant in full-scale EBPR plants at 30 °C. Accumulibacter type
I was present always in lower abundances than type II in full-scale EBPR operated
in tropical conditions Law et al. (2016). This was consistent with the dominance of
Accumulibacter type II in an HAc fed lab-scale SBR operated at 31 °C (Shen et al., 2017).
Differences in the composition of Accumulibacter clades could thus result in different
levels of P-removal capacity.

1.8 Approaches to modelling EBPR

Three different models are required to describe the behaviour of an AS system in
a WWTP: hydraulic, influent characterisation and bioreactor model. The hydraulic
model describes tank volumes and fluid flow rates between unit operations. The
influent characterisation model determines the influent concentrations of COD, N,
and P concentrations and their respective fractions that translate into values for the
state variables tracked by the bioreactor model, e.g. readily biodegradable, slowly

29



Chapter 1. Introduction

biodegradable and inert organic compounds and active biomass as fractions of the
total COD (Henze et al., 1995). Concerning EBPR, the influent characterisation model
determines the fraction of COD available as VFA as well as the fraction of soluble
orthophosphate from the total phosphorus concentration. The bioreactor model consists
of hydrodynamic mixing and mass transport models to describe concentration profiles
of the relevant state variables in the spacial dimension, as well as a biokinetic model to
describe the conversions of state variables, and thus their concentration profiles in the
temporal dimension. ASM occupy the role of the biokinetic model.

1.8.1 Activated Sludge Models

An ASM can be fully specified by a Gujer matrix, which consists of three parts (Henze
et al., 2000), as illustrated in Table 1.1. The left-most column lists the biochemical
processes described by the model, including but not limited to biomass growth, biomass
decay, hydrolysis of slowly biodegradable organic matter and ammonification of organic
nitrogen. The corresponding kinetic rate expressions are listed in the right-most column.
The number of rows j is the number of processes considered by the model, where ρ j

is used to denote each rate expression. The centre of the Gujer matrix contains the
stoichiometric yields, where the number of columns i corresponds to the number of
components tracked by the model, including soluble substrates in the bulk liquid phase
and biomass components in the solid phase, denoted by S i and X i respectively. Each
entry in the stoichiometric matrix is denoted by v ij.

Table 1.1: Minimal example of a Gujer matrix, specifying the stoichiometry and kinetics
of heterotrophic bacterial growth and decay in aerobic conditions. The state variable
XOHO is the concentration of ordinary heterotrophic bacteria, S S is the concentration
of soluble organic substrate and SO2 is the concentration of oxygen. Y is the yield
coefficient for biomass growth. The kinetic parameter µmax is the maximum specific
growth rate of OHO, K S is the half-saturation constant of OHO with respect to the
organic substrate and b is the specific decay rate of OHO.

Process j Component i Kinetic Expression

XOHO S S SO2 ρ j

Biomass growth 1 − 1

Y
−1−Y

Y
µmax

S S

S S +K S

XOHO

Biomass decay −1 −1 bXOHO

The rate of change of component i with respect to time is obtained by the product of
the stoichiometric matrix and array of kinetic expressions, as shown in Equation 1.1.
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d

dt
C i =

∑
j

v ij ρ j (1.1)

According to the minimal example in Table 1.1, the rate of conversion of OHO biomass,
soluble substrate and dissolved oxygen are given by:

d

dt
CXOHO

=

(
µmax

S S

S S +K S

− b

)
XOHO

d

dt
C S S

= − µmax S S

Y(S S +K S)
XOHO

d

dt
C SO2

= −
(
µmax S S (1−Y)

Y(S S +K S)
+ b

)
XOHO

(1.2)

As all terms are defined on a mass (theoretical COD) basis, the Gujer matrix
represents a mass balance along each row, and a component-wise material balance
along each column (Makinia and Zaborowska, 2020). The resultant set of ordinary
differential equations can be solved as an initial value problem using initial conditions
determined using the influent characterisation model. The stoichiometric coefficients and
kinetic parameters required to initialise the model can be obtained in batch experiments
via respirometric methods (Vanrolleghem et al., 1999; Vivekanandan and Rao, 2017).
Although the form of the kinetic expressions is derived from fundamental knowledge
regarding the biochemical processes, in most cases the processes considered by ASM
are simplifications of reality, as the determination of the reaction and rate equations in
detail is not possible (Henze et al., 2000). In this sense, ASM are grey box models, in
part mechanistic and in part informed by empirical data.

The first iteration, ASM1, has been validated in full-scale AS systems with respect to
biological carbon oxidation, nitrification and denitrification processes, and has become
widely adopted as a reference for study, research, as well as for plant operation and
optimisation projects (van Loosdrecht et al., 2015). The organisms and processes involved
in EBPR were implemented in the second iteration. ASM2 includes a simplified model
for PAO (Gujer et al., 1995), and was further expanded to include denitrifying PAO in
ASM2d (Henze et al., 1999). ASM3 was developed to correct a number of shortcomings of
ASM1, e.g. replacing the death-regeneration concept for biomass decay with endogenous
respiration, and including a substrate storage step prior to substrate utilisation for growth,
so as to align model behaviour closer with experimental observations (Gujer et al., 1999).
These revisions translated to three different oxygen consumption mechanisms, to reflect
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oxygen demand for the degradation of readily biodegradable substrates, for slowly
biodegradable substrates and for endogenous respiration, whereas ASM1 featured only
one. In practice, ASM3 introduced additional degrees of freedom to facilitate model
calibration. ASM3 was expanded with the EAWAG module for bio-P in order to model
PAO processes in EBPR systems (Rieger et al., 2001). Other activated sludge models
were developed to model PAO behaviour, notably the model of Barker and Dold (Barker
and Dold, 1997), as well as the latest iteration of the University of Cape Town model,
UCTPHO+ (Hu et al., 2007), both of which were based on the model of Wentzel et al.
(1989) for PAO in 5-stage Bardenpho and UCT systems fed solely with HAc.

All of the aforementioned models consider the cell to be a black box They do not
consider intra-cellular processes that do not manifest in extra-cellular, i.e., easy to
measure changes to component concentrations. In these models, the stoichiometric yields
and kinetic parameters for PAO are obtained via calibration (Makinia and Zaborowska,
2020). Studies have shown that such values are not robust, and thus necessitate re-
calibration of the PAO model on a case by case basis (Dunlap et al., 2016; Varga et al.,
2018; Santos et al., 2020). Since the introduction of ASM1, much progress has been
achieved with regards to fundamental understanding of the organisms relevant to EBPR.
The influence of their intra-cellular storage polymers on apparent behaviour in anaerobic,
aerobic and anoxic conditions necessitates the inclusion of processes taking place inside
the cell in order to accurately model the behaviour of organisms relevant to EBPR.

1.8.2 Metabolic models

The first conceptual models for PAO were that of Comeau et al. (1986) and Wentzel et
al. (1986), who postulated that PAO obtain reducing equivalents for PHA formation
by diverting a fraction of the VFA to the TCA cycle, and that of Mino et al. (1987),
who postulated that the reducing equivalents are obtained via glycolysis. Although
empirical evidence has confirmed the involvement of glycogen in the PAO metabolism,
the use of the full or partial TCA cycle has also been observed, and may be important
in conditions where intra-cellular glycogen becomes depleted (Oehmen et al., 2007).
These conceptual models paved the way for metabolic models where stoichiometric yields
are calculated theoretically using substrate, energy and reducing equivalent balances
on established biochemical pathways for processes involved in the PAO metabolism.
The first comprehensive metabolic model for PAO in anaerobic and aerobic conditions
was introduced by Smolders et al. (1995), where the consumption of O2 and PHA
degradation were calculated as the net result of biomass growth, poly-P formation,
glycogen formation and maintenance. This model was later expanded to include PAO
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metabolism in anoxic conditions (Kuba et al., 1996; Murnleitner et al., 1997). The
kinetic structure was reformulated such that biomass growth was calculated the net
result of PHA degradation, poly-P formation and glycogen formation, so as to prioritise
the replenishment of intra-cellular storage polymers over growth. Filipe and Daigger
(1998) modified the kinetic expressions in the model of Smolders et al. (1995) to improve
the predictive performance with respect to independent datasets.

Over the last two decades, improved understanding of PAO metabolism in response
to various stimuli have allowed for the modification of metabolic models with a number of
dependencies, including temperature (Brdjanovic et al., 1997), pH (Filipe et al., 2001a),
concentration of dissolved oxygen (Carvalheira et al., 2014b), carbon source Oehmen
et al. (2006); Carvalheira et al. (2014a), maintenance Lanham et al. (2014), as well as the
capability to shift toward glycolytic metabolism in poly-P limiting conditions (Acevedo
et al., 2017) and towards TCA cycle in glycogen limiting conditions (Erdal et al., 2008;
Lanham et al., 2014). Although further work is required to mathematically define these
dependencies into a structured model, their inclusion should allow for the deployment of
metabolic models in a wide range of conditions that PAO can be expected to encounter
in full-scale WWTPs. The concept of PAO competing with GAO was proposed by Mino
et al. (1995). The first comprehensive metabolic model for GAO was introduced by
Zeng et al. (2003).

1.8.3 Comparing ASM and metabolic models for EBPR

In contrast to ASM, stoichiometric yields in metabolic models have been shown to be
robust, allowing for accurate predictions of PAO and GAO behaviour across EBPR
systems at different process scales, requiring only the calibration of kinetic parameters
(Oehmen et al., 2010b; Lanham et al., 2014). Despite the increased complexity, the
metabolic modelling approach improves model predictive ability and reduces the overall
burden of calibration. It is for this reason that the combination of ASM2d with the
metabolic model of Murnleitner et al. (1997) for PAO, referred to as ASM2d+TUD
(Meijer, 2004), resulted in good predictive ability in full-scale UCT, MUCT and A2O
configurations (van Veldhuizen et al., 1999; Brdjanovic et al., 2000; Hao et al., 2001;
Meijer et al., 2001).

More importantly, the use of metabolic models is critical in view of the competition
between PAO and GAO. Although the deterioration of P-removal has often been
attributed to the proliferation of GAO, none of the ASM models include this organism.
As shown in Table 1.2, this is largely a consequence of excluding the involvement of
intra-cellular glycogen, the sole source of ATP and NADH for VFA uptake and PHA
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storage for GAO. The EAWAG bio-P module for ASM3 excluded glycogen owing to
the low sensitivity to this variable in calibrating the model to Swiss WWTPs treating
municipal wastewater (Rieger et al., 2001). However, this assumption is dependent
on the wastewater composition. Without this component, model predictions would
be erroneous in glycogen-limited conditions, e.g. as a result of prolonged starvation
conditions. Without accounting for intra-cellular glycogen, the competition between
PAO and GAO wuould be decided by the maximum anaerobic substrate uptake rate
and the half-saturation constants. The competition would no longer rely on intra-
cellular mechanisms. Rather, it would be akin that between different species of OHO,
e.g. between floc-forming and filamentous bacteria (Cenens et al., 2000). This is
exacerbated by the fact that the true value of the maximum substrate uptake rates and
the half-saturation constants of PAO and GAO remain unknown.

Aside from the exclusion of glycogen, a number of known PAO mechanisms imple-
mented in ASM are either too simple or ignored entirely. As shown in Table 1.2, VFA
other than HAc is not considered. Neither is the PAO behaviour in anaerobic envi-
ronments with both HAc and HPr, even though the competition for carbon substrates
is the most direct selection mechanism between PAO and GAO. It should be noted
that ASM themselves generally do not handle the simultaneous presence of multiple
types of carbon substrates in significant concentrations well (Makinia and Zaborowska,
2020). A switch function is used to avoid OHO growth exceeding the maximum specific
growth rate. In the VFA uptake mechanism proposed by Carvalheira et al. (2014a),
PAO prioritise uptake of HPr at the expense of the maximum uptake rate of HAc, thus
obviating the need for a switch function that may not be supported by reality.

Likewise, the biomass growth and/or maintenance mechanisms of PAO in ASM
models are also either too simple, or ignored entirely. As shown in Table 1.2, with
the exception of ASM2d+TUD, PAO growth is modelled using a maximum specific
growth rate, i.e. similarly to OHO. However, this ignores the fact that prioritisation of
intra-cellular polymer replenishment is the defining competitive advantage of PAO over
OHO in feast-famine regimes. Only the Barker and Dold, UCTPHO+ and ASM2d+TUD
models consider anaerobic maintenance on poly-P. No ASM considers the degradation
of intra-cellular substrates to satisfy maintenance requirements in aerobic conditions, as
the energy required for maintenance is considered part of the biomass growth process.
The ability of PAO to rely on PHA, glycogen and poly-P to satisfy their maintenance
requirements in either anaerobic or aerobic conditions, adjusting the consumption of
each depending on the availability of the others, is an important mechanism that affects
the manner in which PAO can be selected over GAO. Access to a more diverse pool
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Table 1.2: Summary of activated sludge models including PAO metabolism, including a comparison to metabolic models. The main
differences are found with respect to the processes of anaerobic PHA storage, aerobic poly-P formation and decay mechanisms.

Barker & Dold UCTPHO+ ASM2d ASM2d+TUD ASM3+bio-P Metabolic models

(Barker and Dold, 1997) (Hu et al., 2007) (Gujer et al., 1995) (Meijer, 2004) (Rieger et al., 2001)

PHA storage ATP from poly-P, ATP from poly-P, ATP from poly-P, ATP from poly-P, ATP from poly-P, ATP from poly-P

no NADH, no NADH, no NADH, NADH from glycogen, no NADH, and glycogen,

no glycogen no glycogen no glycogen HAc only no glycogen NADH from glycogen,

HAc only HAc only HAc only HAc only HAc and HPr

Poly-P coupled to coupled to independent coupled to independent coupled to

formation growth growth from growth growth from growth growth

PAO biomass endogenous respiration, endogenous respiration, death-regeneration, endogenous respiration, endogenous respiration, AN and AE sequential

decay AN maintenance AN maintenance no maintenance, AN maintenance no maintenance, maintenance on PHA,

on poly-P, on poly-P, on poly-P, glycogen and poly-P

no AE maintenance no AE maintenance no AE maintenance

Lysis of storage poly-P lysis, poly-P lysis, PHA lysis1 poly-P lysis,

compounds PHA lysis1 PHA lysis1 respiration2

Dependencies temperature temperature, pH temperature, pH

carbon source and

substrate competition

1 Degradation of intra-cellular storage compounds into their initial substrates and release into the bulk liquid phase: PHA to VFA and poly-P to PO4.
2 Degradation of intra-cellular storage compounds similar to the maintenance concept but without producing energy.35
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of energy sources allows PAO an additional degree of flexibility in substrate-limited
conditions with long contact times.

It should be mentioned that ASM3 does not consider anaerobic fermentation of
rbCOD to VFA (Rieger et al., 2001), i.e., ignores the only interaction between OHO and
PAO, assuming that VFA concentration is negligible in aerobic and/or anoxic reactors.
If the intrusion of nitrates into the anaerobic zone can be avoided, the use of a full ASM
to study the impact of the PAO-GAO competition on P-removal performance becomes
redundant. There are no interactions with other types of organisms in the AS system
other than the competition for VFA produced in the hydrolysis of secondary substrate
resulting from biomass decay.

The need to clarify the competition between PAO and GAO and its impact on
EBPR performance necessitates the use of metabolic models. Current ASM models
are more suited to the study competition based on substrate uptake mechanisms, as
the outcome between different microbial species is decided via maximum substrate
uptake rates and half-saturation constants, i.e. by their ability to secure carbon
substrates faster than competing organisms. However, as both PAO and GAO are often
present together in full-scale EBPR systems (Gu et al., 2005; Law et al., 2016) and
appear to posses similar substrate uptake rates for HAc (Oehmen et al., 2007), other
interactions, namely the effect of a variety of VFA substrates and sequential maintenance
on the dynamics of intra-cellular storage may be more important. Understanding the
competition and/or coexistence at (quasi) steady-state requires the use of metabolic
models to track the intra-cellular storage polymer production and consumption in
response to stimuli such as influent composition, temperature, pH and residence times.
Nevertheless, the development of metabolic models is ultimately complementary to
ASM, as the former can be integrated as a sub-model of the latter, as in the case
of ASM2d+TUD. Interfacing ASM with metabolic models should result in improved
ability to predict the population dynamics in EBPR systems to secure stable P-removal
performance in full-scale systems.

1.9 Motivations and scope

Studies using molecular, culture-independent methods to link identity with function
have provided much needed insight into the respective roles of PAO and GAO in EBPR
systems. However, the heterogeneity of process configurations and operating conditions
has a confounding effect on conclusions that may be drawn concerning the impact of
different conditions on the competition between PAO and GAO, and thus on EBPR
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performance at full scale. Although a number of surveys have linked the presence and
relative abundance of different PAO and GAO with EBPR performance, data concerning
the relationship between influent characteristics and operational conditions on PAO
and/or GAO activity at full-scale remain relatively scarce (López-Vázquez et al., 2008;
Slater et al., 2010; Zhang et al., 2011; Lanham et al., 2013; Mielczarek et al., 2013;
Kamika et al., 2014).

Current understanding of their metabolisms stem from cultures enriched in lab-scale
reactors with well-defined inputs. The effect of operational parameters has often been
assessed through the change in abundance of PAO relative to GAO. As evident from our
literature review, individual studies have focused on a single variable at a time. This is
partly due to the equipment and materials cost. However, the temporal cost is more
significant, as experimental design must account for time to enrich the reactor in the
desired organism, as well as time to reach (quasi) steady-state in response to each step
in variable manipulation, process upsets notwithstanding. Enrichment in the desired
organism alone may require 4 months or more (R. Marques, personal communication,
January 2018). As such, the number of dependent variables has always been limited
and selected with great care.

The prevailing consensus in securing efficient and stable P-removal has thus far
regarded the dominance of PAO over GAO as a pre-requisite. This is supported by
investigations in lab-scale systems. However, many lab-scale studies have relied on
bulk measurements such as the stoichiometric ratio of P-released to VFA taken-up in
anaerobic conditions, the sludge P-content, and the composition of PHA in the biomass
to estimate the relative abundance of PAO and GAO.

VFA uptake without coupled P-release by GAO would be expected to reduce the
anaerobic P/VFA ratio to values comparable to those of conventional activated sludge,
i.e. below 0.5-0.7 P-mmolC-mmol−1 (Smolders et al., 1994; Hesselmann et al., 2000;
Welles et al., 2015; Roots et al., 2020). However, PAO stoichiometry depends on the
clade level composition. Accumulibacter type I and type II differ in their metabolic
flexibility to use the TCA cycle and glycolysis to supply ATP and NADH2 for anaerobic
VFA uptake, altering the apparent P/VFA ratio as a result of different degrees of poly-P
hydrolysis (Acevedo et al., 2012; Welles et al., 2015). Although P/VFA ratios in full-scale
EBPR have been found to correlate with PAO abundance, they were lower than those
exhibited by cultures in lab-scale systems (0.06-0.25 P-mmol C-mmol−1) (Onnis-Hayden
et al., 2020b). Conversely, Chan et al. (2017) reported that changes in Accumulibacter
abundance did not affect the anaerobic P/VFA ratio.
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Concerning the PHA composition, GAO store the VFA predominantly as PHV
and PH2MV rather than PHB (Filipe et al., 2001b; Zeng et al., 2003). As such, the
increase in PHV as a fraction of PHA has been associated with rising GAO abundance.
Operational parameters such as reaction time (Kuba et al., 1997; Shen et al., 2017) and
influent COD/P ratio (Zhou et al., 2008; Acevedo et al., 2017; Majed and Gu, 2020)
have also been found to affect the distribution of intra-cellular storage compounds. Law
et al. (2016) found that the fraction of PHV and overall utilisation of glycogen increased
concomitantly with Accumulibacter abundance. Indicators based on bulk measurements
do not accurately estimate the relative abundance of PAO and GAO.

Recent studies using molecular methods to identify and quantify organisms in full-and
lab-scale system fed with real wastewater have shown that P-removal performance does
not necessarily correlate with either the absolute abundance of PAO nor their ratio to
GAO. For instance, Coats et al. (2017) found that the lowest effluent concentration of
0.03 mg-P l−1 was achieved with Accumulibacter abundance of 0.40 %, while 2.20 mg-P l−1

was associated with higher Accumulibacter abundance (4.5 %). Law et al. (2016) observed
that P-removal improvement from 50-85 % was associated with the rise in Accumubacter
abundance from 8-14 % in full-scale EBPR. At the same time, Competibacter abundance
also increased from 3-6 %. These results challenge the notion that the increase in
abundance of PAO necessarily comes at the expense of GAO. Majed and Gu (2020)
reported poor P-removal efficiency even though both total PAO and Accumulibacter
abundance (47 % and 32 % respectively) were significantly higher than typically observed
in full-scale EBPR systems (Neethling et al., 2006; Lanham et al., 2013; Onnis-Hayden
et al., 2020b). In a survey of ten full-scale EBPR plants, Zhang et al. (2011) found
that the abundance of Competibacter correlated with the deterioration of P-removal.
However, P-removal efficiencies of 94-70 % have been achieved with PAO to GAO ratios
of 0.78 and 0.81 respectively (Zhang et al., 2011).

Further, due to limited observations regarding the interaction between variables,
for each strategy suggested to favour PAO there exists evidence to the contrary. For
instance, Cech and Hartman (1993) suggested that GAO came to dominate due to the
addition of glucose. Nevertheless, PAO have been successfully enriched in SBR fed with
glucose alone (Jeon and Park, 2000), and the mixture of glucose and HAc may even
enhance P-removal (Xie et al., 2017). Studies have indicated that the growth rate of
GAO is lower than that of PAO, leading to their preferential wash-out at shorter SRT,
particularly below 4 d, whereas long SRT correlate positively with GAO (Onnis-Hayden
et al., 2020a). As there is a direct relationship between temperature and minimum SRT,
temperatures above 20 °C are thought to necessitate even lower SRT to favour PAO
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(Mamais and Jenkins, 1992; Erdal et al., 2003; Whang et al., 2007). However, Brdjanovic
et al. (1998a) achieved complete P-removal in an HAc fed SBR at 30 °C using an SRT
of 8 d. Complete P-removal has been achieved for all SRT between 3.6-14 d, despite
the decrease in Accumulibacter abundance from 87-70 % (Chan et al., 2017). GAO are
thought to be kinetically favoured over PAO in acidic pH (Filipe et al., 2001c). However,
Tu and Schuler (2013) found that Accumulibacter abundance was 80 % at a pH of 6.4,
while that of Defluviicoccus was only 5 %. Accumulibacter are thought to have a higher
affinity for HPr than Defluviicoccus, and the maximum HPr uptake rate of Competibacter
is thought to be negligible (Chen et al., 2004; Oehmen et al., 2005b, 2006). Nevertheless,
Zhang et al. (2020a) found that Competibacter were most abundant using HPr as the
sole carbon source, and that the abundances of both Competibacter and Defluviicoccus
increased, while Accumulibacter was insentitive to the fraction of HPr. As Competibacter
and Defluviicoccus were present in all plants with the exception of the one receiving
influent characterised by the lowest COD/P ratio, it was suggested that excess carbon
supply leads to GAO proliferation (Gu et al., 2008). Nevertheless, VFA supplementation
and side-stream processes that increase the influent COD/P ratio have been correlated
with more stable P-removal (López-Vázquez et al., 2008; Mielczarek et al., 2013; Lanham
et al., 2013; Wang et al., 2019; Onnis-Hayden et al., 2020b). Some excess carbon may
even be a requirement for EBPR, to avoid inhibiting the PAO metabolism. In this line
of thought, the presence of GAO may even act as an indicator of a healthy ecosystem in
full-scale EBPR.

Metabolic models have proven instrumental in advancing our understanding of the
PAO and GAO metabolisms in enriched cultures (Smolders et al., 1995; Murnleitner
et al., 1997; Zeng et al., 2003) and in interpreting the competition for resources and
population dynamics between them in mixed cultures (Yagci et al., 2003; Schuler and
Jenkins, 2003a). They have proven critical in evaluating data from lab-scale reactors,
where the apparent conversions are otherwise difficult to isolate from bulk measurements.

In other words, metabolic models reconcile experimental observations with proposed
metabolic pathways employed by PAO or GAO. Namely, to interpret the metabolic
response to different temperatures (Brdjanovic et al., 1998a; López-Vázquez et al., 2009a),
pH (Filipe et al., 2001b,c; Oehmen et al., 2005a) and carbon source (Oehmen et al.,
2005b, 2006; Carvalheira et al., 2014a). Thus, they provide a common framework for
hypothesis testing of individual variables. They also have the potential for use in process
optimisation. However, we are aware of only one use case, where López-Vázquez et al.
(2009b) predicted combinations of the temperature, pH and VFA composition in terms of
HAc and HPr which would favour the proliferation of PAO over GAO. The formulation
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of the VFA uptake mechanism, maintenance as well as the kinetics of Competibacter
and Defluviicoccus GAO were simplified for the sake of reducing computational cost. It
is possible that these simplifications had the effect of compromising predictions where
HAc and HPr were present simultaneously, or where the influent was deficient in carbon
sources. Nevertheless, model predictions from López-Vázquez et al. (2009b)’s study have
not yet been experimentally verified.

Despite the combination of ASM and metabolic models being able to describe full-
scale EBPR systems, their use in activated sludge modelling is not common (Meijer, 2004;
Santos et al., 2020). As detailed in Section 1.8.3, assumptions regarding the omission of
glycogen, consideration of only a single type of VFA, simplification of the maintenance
mechanism and the omission of anaerobic fermentation of rbCOD to VFA effectively
minimise the extent that OHO, nitrifiers and denitrifiers interact with PAO and GAO in
anaerobic-aerobic systems. These interactions are removed entirely where recirculation
of N to the anaerobic reactor and residual VFA to the aerobic reactor can be avoided.
As detailed in Section 1.2.2, this can be achieved most readily in SBR systems with
well-defined influents. For instance, the anaerobic contact time can be adjusted to ensure
no residual VFA in aerobic conditions, and the aerobic contact time can be adjusted
to prevent nitrification as required respectively. Consequently, it can be expected that
predicting the impact of PAO-GAO competition on EBPR performance with metabolic
models alone, as opposed to combination with ASM, would not compromise the validity
of the results, especially with respect to P-removal performance (J. Santos and A.
Oehmen, personal communication, January 2018).

To initialise metabolic models, it is necessary to define the stoichiometric yield
coefficients, the maximum kinetic rates, and their respective dependencies, e.g. on pH
and temperature. Yield coefficients are determined via balances on substrate, energy and
reducing equivalents involved in assumed biochemical pathways. Uncertainty concerning
the underlying mechanisms, diversity of metabolic pathways and factors that affect the
utilisation of different pathways necessitate calibration to simulate the EBPR process in
different environments (da Silva et al., 2018). This requirement has thus far relegated
the use of metabolic models for confirmation and validation of empirical results rather
than in a predictive capacity for process optimisation or to guide experimental design.

The precise stoichiometric yields vary for a number of reasons, including the degree
of enrichment, clade-level differences in the enriched organism (Welles et al., 2015),
and uncertainty regarding the specific pathways employed (He and Mcmahon, 2011).
Houweling et al. (2010) demonstrated that stoichiometric uncertainties affect predictions
in the competition between PAO and GAO, particularly in the aerobic phase. Significant
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deviations of model predictions from empirical data, namely in anaerobic P-release and
glycogen utilisation, may be attributed to differences in stoichiometry (López-Vázquez
et al., 2009b; Lanham et al., 2014; Carvalheira et al., 2014a). Significant efforts have been
made to determine the maximum rates of VFA uptake for Accumuliacter, Competibacter
and Defluviicoccus. However, there remains a relative dearth of data concerning other
kinetic dependencies. Consequently, heuristics have been developed with which to
simplify the calibration procedure (López-Vázquez et al., 2009b; Santos et al., 2020), e.g.
by relating the remaining constants to the maximum VFA uptake rate (Lanham et al.,
2014). Even so, kinetics calibrated to fit concentration profiles in batch tests using PAO
and GAO cultures have been found to deviate by more 100 % from study to study.

Sensitivity analyses yield information about how the variation in the inputs to a
model affect its outputs. Specifically, they allow for the quantification of the direct and
indirect contribution of each input to the variance of the output. Sensitivity analyses
can be conducted using local or global methods. Local methods measure the extent
to which marginal changes to input parameters affect model outputs, with the model
defined at a specific location in the space of possible input values. Global methods
measure the extent to which changes to input parameters affect model outputs over the
entire range of possible input parameter values (Saltelli et al., 2004).

Although sensitivity analyses are common in studies evaluating the accuracy of
metabolic models for EBPR, the methods used have always been local, limited to only
a few kinetic parameters, and perturbed only one at a time to assess their impact on
model predictions. Such approaches do not account for interactions among different
input parameters, and thus risk the exclusion of important parameters to be considered
for calibration or further experimentation. For instance, half-saturation constants are
characterised by high degrees of uncertainty (Reichert and Vanrolleghem, 2001) and
have found to be significant in the Benchmark Simulation Model no. 2 for evaluating
process control strategies in wastewater treatment plants (Benedetti et al., 2008), yet
they have never been part of sensitivity analyses of metabolic models for EBPR.

Studies evaluating the impact of input parameter uncertainty in wastewater treatment
models have demonstrated that complete agreement concerning influential parameters is
rare, as determined by local compared to global sensitivity measures (Brockmann and
Morgenroth, 2007; Flores-Alsina et al., 2012; Sin et al., 2009, 2011; Sweetapple et al.,
2013; Cosenza et al., 2013; Mannina et al., 2018). ASM models are highly non-linear,
and require extensive calibration of the numerous input parameters, both stoichiometric
and kinetic (Petersen et al., 2003; Sin et al., 2005). ASM models are also characterised
by high interaction among the input parameters (Benedetti et al., 2011; Cosenza et al.,
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2014). The burden of calibration on metabolic models for EBPR is significantly lighter.
However, to our knowledge there has been no comprehensive evaluation of the sensitivity
of metabolic model predictions to the input parameters that include intra-parameter
interactions, nor their effects at operational conditions that deviate from those applied
during data collection for the purpose of calibration. Local sensitivity analyses do not
confirm robustness of calibrated input parameter values in conditions other than those
at the time of sampling (Saltelli and Annoni, 2010).

The lack of information concerning the impact of input parameter uncertainty under
various operational conditions hinders the use of metabolic models for optimisation
of EBPR. Such information would be useful in the design of experiments to better
understand the metabolic response of organisms relevant to EBPR in lab-scale systems,
and thereby reduce input uncertainty (Chen et al., 2012). In addition, it would be useful
in model-based and applied investigations of what-if scenarios and in the identification
of potential synergies and/or trade-offs between optimisation strategies (Flores-Alsina
et al., 2012; Vangsgaard et al., 2012).

In view of the knowledge gaps concerning the impact of operational conditions on the
competition between PAO and GAO, the relationship between the relative abundance of
PAO and GAO to P-removal performance, and the impact of input parameter uncertainty
on metabolic model predictions, this PhD thesis endeavours to answer the following
research questions:

Q1. What are the factors and the corresponding operational ranges under which EBPR
processes have been conducted in lab- and full-scale configurations thus far, and
how have they been observed to affect P-removal performance?

Q2. What is the input uncertainty associated with to metabolic models for EBPR?

Q3. What is the impact of input uncertainty on the variance of metabolic model
predictions for EBPR?

Q4. What conditions lead to good P-removal performance, and how do they relate to
the abundance of PAO relative to GAO?

Accounting for these uncertainties would allow for metabolic models to be used for
model-based design, optimisation and/or the establishment of systematic procedures for
process upset remediation in lab- and full-scale EBPR systems. In addition, modelling
the relationship between microbial community composition and P-removal performance
has the potential to open up new research avenues to clarify the role of each organism
individually, as well as the role of their coexistence in determining EBPR performance
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in practice. This should translate into improved operational flexibility of EBPR systems
and to allow the adoption of EBPR as a viable technology for a wider range of influent
and/or climate conditions.

1.10 Aims and objectives

There is a need to determine how different operational variables, environmental condi-
tions and influent wastewater characteristics affect EBPR performance, so as to develop
strategies to achieve stable phosphorus removal and to enact corrective measures to
address the root causes of process upsets. Research efforts have focused on the com-
petition between PAO and GAO, using metabolic models to interpret the impact of
different input factors on their respective metabolisms. However, uncertainties regarding
stoichiometry and kinetics, as well as deviations from established stoichiometric yields
and specific kinetic rates at different extra- and intra-cellular conditions have thus far
limited the deployment of metabolic models to a reactive, rather than a proactive role.
Metabolic models are seldom used in process design or optimisation.

The aim of this PhD thesis was to use metabolic models to predict the conditions
beneficial to EBPR in terms of the microbial community composition and P-removal
performance. To this end, it was necessary to gather data pertaining to sets of operational
conditions in relation to the microbial community and P-removal performance, as well as
the observed stoichiometric yields and kinetic measurements. Due to the sheer volume of
sources concerned with P-removal from various perspectives, a numerical approach was
explored to organise and reduce the set of relevant sources using citation relationships
available in the bibliographic metadata. The objectives were to:

1a. Explore different network models to represent the body of EBPR literature.

1b. Determine the citation relationships that best capture different research themes
within EBPR.

1c. Examine the development of EBPR, including declining and emerging areas of
research within the field.

1d. Obtain a reduced set of sources containing operational conditions of disparate EBPR
systems, as well as stoichiometric and kinetic parameters necessary to initialise
metabolic models.

With the calibration of kinetic parameters, metabolic models are capable of accurately
describing the conversions in EBPR systems. However, the specific values differ from
reactor to reactor and even in the same reactor at different points in time. The uncertainty
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in input parameters necessitates re-calibration in response to any change in operational
conditions or microbial community composition. To address this concern, uncertainty
and global sensitivity analyses were performed to quantify the impact of varying input
parameters on model predictions. The objectives were to:

2a. Combine the relevant dependencies of metabolic models for PAO and GAO to predict
their response to various stimuli.

2b. Survey the range of input parameters obtained using enriched cultures.

2c. Use uncertainty analysis to determine the degree of output variance, i.e. the accuracy
of model predictions.

2d. Use global sensitivity to assess the importance of the different input parameters on
each model output.

2e. Identify parameters that require more detailed research or more weight at the
calibration stage.

2f. Explore opportunities for model simplification or further model development.

Lastly, the metabolic model was evaluated to predict EBPR performance in an SBR
with different combinations of input factors, including process variables, environmental
conditions and influent wastewater characteristics. The objectives were to:

3a. Determine the upper and lower limits of input factors for model evaluation using
the value ranges applied in lab-, pilot- and full-scale EBPR systems.

3b. Calibrate the metabolic model with respect to concentration profiles obtained
in batch tests of different enriched and un-enriched cultures of Accumulibacter,
Competibacter and Defluviicoccus.

3c. Explore the impact of input factor perturbation on the microbial community com-
position in an anaerobic-aaerobic SBR at quasi steady-state.

3d. Explore the impact of input factor perturbation on the resultant P-removal efficiency
in an anaerobic-aerobic SBR at quasi steady-state.

3e. Investigate the relationship between the predicted abundance of PAO relative to
GAO and P-removal efficiency.
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1.11 Thesis Outline

This work is comprised of six chapters. Chapter 1 presents a literature review of EBPR,
including the impact of different conditions on the metabolism of PAO and GAO, as
well as the effect of said conditions on observed P-removal performance in lab- and
full-scale systems. Chapters 2-5 were written as stand-alone manuscripts for publication.
A preface was included for each results chapter to contextualise the respective aims and
outcomes with the aims of the overall thesis.

The first half of Chapter 2 details the investigation of different methods for con-
structing and evaluating citations networks for systematic organisation of literature
sources, so as to maximise the similarity within subject groups and to minimise the
similarity between different subject groups. The second half of Chapter 2 presents an
overview of the different research areas within and related to EBPR, using the previously
determined optimal citation network.

Chapter 3 presents the uncertainty and global sensitivity analysis of the kinetic
parameters required to initialise the metabolic model for PAO with respect to the predic-
tion of state variables over one anaerobic-aerobic SBR cycle, including the concentration
of soluble substrates in the liquid phase, biomass concentration and intra-cellular storage
compounds.

Chapter 4 presents a complementary investigation of the impact of input uncertainty
on predictions from the metabolic model for GAO. The results were compared and
contrasted with the impact of input incertainty on model predictions for PAO.

Chapter 5 investigated the impact of input factors on EBPR performance at steady-
state in terms of the PAO abundance relative to GAO and P-removal efficiency. Correla-
tions were explored between input factors and model predictions, as well as between the
predicted EBPR performance indicators. The influence of individual process variables,
environmental conditions and influent wastewater characteristics on the microbial com-
munity composition was quantified via Sobol sensitivity analysis. Parallel coordinate
plots were used to determine the link between input factors and P-removal performance
in cases un-intuitive in the context of current consensus.

Chapter 6 presents the general outcomes, overall conclusions, discusses the limitations
of the present work and outlines prospective directions for further research.
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Preface

There are three primary uncertainties that obstruct the use of metabolic models for the
optimisation of EBPR systems. The first uncertainty concerns the effects of different
input factors on the microbial community composition, specifically the abundance of
PAO relative to GAO. The second uncertainty concerns the effect of input factors on
the respective metabolisms of PAO and GAO, notably on stoichiometric yields and
the kinetic rates of biochemical conversions. The third uncertainty concerns the effect
of input factors on P-removal performance. To begin to address the research aims, a
literature review was necessary to characterise and quantify these uncertainties. Further,
publications with data relevant to the research questions, namely to formulate metabolic
models and dependencies of PAO and GAO metabolisms on different factors needed to
be found.

A preliminary literature survey revealed two complications. The first was the sheer
size of the EBPR research field, comprising in excess of 3000 publications. Second, the
complexity of the process resulted in the investigation of these uncertainties only pairwise
at a time, and often in a limited range with at most 2 input factors. In other words,
the data required to address the research questions of this work was distributed among
publications studying EBPR from a wide range of different aspects, including bulk
phase sampling campaigns at full-scale systems, characterisation of enriched cultures in
lab-scale and studies with and without direct quantification of the microbial composition
(molecular methods or otherwise) at varying timescales. Separating different types of
data for use in subsequent chapters, namely to address research questions Q1 and Q2
became the driving force to organise the body of EBPR literature.

Thus, a methodology was devised to facilitate the literature review process, drawing
inspiration from the wider field of bibliometric and bibliographic analysis, i.e., the
quantitative assessment of academic publications and relationships among them. Specif-
ically, metadata associated with each publication were used with clustering functions
in available software to categorise publications into topically related groups, in a way
that minimised pre-requisite knowledge of the field (objective 1a). A number of existing
methods were combined to evaluate the resultant publication groups to optimise for
topical similarity (objective 1b). Finally, the historical citation patterns associated with
each publication were used to identify papers influential in the development of the EBPR
field of research (objective 1c). This reduced sub-set of articles was used to conduct a
more detailed literature review (objective 1d).
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Abstract

Aims Enhanced Biological Phosphorus Removal (EBPR) is a technology widely used in
wastewater treatment to remove phosphorus (P) and prevent eutrophication. Establishing
its operating efficiency and stability is an active research field that has generated almost
3000 publications in the last 40 years. Due to its size, including over 119 review articles,
it is an example of a field where it becomes increasingly difficult to manually recognize
its key research contributions, especially for non-experts or newcomers. Therefore, this
work included two distinct but complementary objectives. First, to assemble for the first
time a collection of bibliometric techniques into a framework for automating the article
selection process when preparing a literature review (section 2). Second, to demonstrate
it by applying it to the field of EBPR, producing a bibliometric analysis and a review of
the key findings of EBPR research over time (section 3).

Findings The joint analysis of citation networks, keywords, citation profiles, as well
as of specific benchmarks for the identification of highly-cited publications revealed 12
research topics. Their content and evolution could be manually reviewed using a selection
of articles consisting of approximately only 5% of the original set of publications. The
largest topics addressed the identification of relevant microorganisms, the characterization
of their metabolism, including denitrification and the competition between them (Clusters
A-D). Emerging and influential topics, as determined by different citation indicators
and temporal analysis, were related to volatile fatty acid production, P-recovery from
waste activated sludge and aerobic granules for better process efficiency and stability
(Clusters F-H).

Conclusions The framework enabled key contributions in each of the constituent
topics to be highlighted in a way that may have otherwise been biased by conventional
citation-based ranking. Further, it reduced the need for manual input and a priori
expertise compared to a traditional literature review. Hence, in an era of accelerated
production of information and publications, this work contributed to the way that we
are able to use computer-aided approaches to curate information and manage knowledge.
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2.1 Introduction

Eutrophication - the over-abundance of certain nutrients in water bodies, unbalanc-
ing local ecosystems - is a major environmental concern. To prevent this, numerous
technologies have been developed to remove phosphorus from wastewater Metcalf and
Eddy (2003). Of these technologies, Enhanced Biological Phosphorus Removal (EBPR)
is perhaps one of the most popular choices in wastewater treatment plants (WWTP),
especially for those with larger capacities. It is essentially a variation of conventional
Activated Sludge (AS). By engineering alternating anaerobic, aerobic and often anoxic
conditions, the resulting community of microorganisms removes phosphorus (P) by intra-
cellular accumulation. Primarily, EBPR offers an alternative to chemical precipitation
for P-removal. However, it also became an extremely interesting model of microbial
ecology applied to complex engineered environmental systems.

Since its inception in 1975 (Barnard, 1975), close to 3000 articles have been published
on EBPR and the field continues to grow with many emerging questions (e.g., the most
recent paper by Barnard and colleagues in 2017 (Barnard et al., 2017)). Almost 40
years later and with such a rich and multidisciplinary body of work (Oehmen et al.,
2007), it is an example of a field where it becomes increasingly time-consuming for
a non-expert or a newcomer (e.g., a new PhD student or postdoctoral researcher) to
manually review all the existing literature and identify key research highlights, as well
as new opportunities for further research. With advances in bibliometric techniques, i.e.,
the statistical analysis of literature, in particular via citation analysis, it is now timely
and possible to develop for the first time a suitable bibliometric framework that can
systematically identify EBPR's key areas of research and/or publications. The aim of
this framework is to reduce the manual intervention needed to review a specific research
area, in this case applied to EBPR.

Such a framework can be interesting to EBPR scientists but also to anyone exploring
other research fields and searching for ways to reduce manual input when conducting a
literature review. In addition, the resulting bibliometric analysis and review of EBPR’s
key areas of research, exemplifies what sort of information can be obtained. While
primarily intended for researchers new to the field, the framework may also prove
useful to specialists already knowledgeable of the available literature. Structuring the
information in a manner that biased less by the authors themselves or sources they
typically consult provides a perspective on the whole research area. They may also use
it to find overlooked connections, to validate the importance of their work and their
peers’ or to assess, from a citation-based metric, declining or emerging research topics.
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The conventional approach of reviewing literature, that for the purpose of this work
is referred to as a ‘traditional literature review’, often relies on the expertise of scientists
in the field to identify and select the key achievements to be summarized and reported
(e.g. the EBPR book chapter by Wentzel and colleagues (Henze et al., 2008)). As an
alternative or in addition, one can rely on searching a scientific publication repository,
e.g. Clarivate Analytics’ Web of Science (WoS) or Elsevier’s Scopus, recognized as
the two main databases (Mongeon and Paul-Hus, 2016), for publications with specific
keywords. Then, the search might focus on existing and relevant review papers for a
summary of a selection of findings, or be carried out manually facilitated by different
sorting mechanisms such as date, authors, journals or further keywords. The final
assessment and analysis of the content of the publications is then done manually.

In addition, for a non-expert or newcomer, and particularly when a research area is
large, total citation-count-based ranking and filtering can be used based on indices such
as the Science Citation Index (Wouters, 2006). This approach can already reduce some
of the time spent on manual selection of key publications, by using total citation count
as an indication of the impact and/or popularity of a certain work, it can also bias the
end selection in two main ways. First, it can skew the results towards older ‘highly-cited’
publications which by definition have had more time to accumulate citations (Larivière
et al., 2008), to the detriment of relatively more recent ones whose contribution may be
more significant in the current research context. Second, it may favour the selection of
publications concerned with one specific topic, where the average citation count might
be higher, obfuscating the importance of less ‘citation-popular’ ones in the same research
field. The latter may occur particularly if the topics are smaller and/or newer, as could
be the case with emerging fields.

To account for this, the companies behind the scientific repositories are increasingly
developing new metrics and tools. For example, WoS identifies a custom group of
Highly Cited Papers, defined as the top 1% of publications from each of the 22 Essential
Science Indicators (ESI) research areas based on citation data from the last 10 years.
While this selection is specific to both the research area and the year of publication, the
resolution cannot be increased to more precisely-defined research fields or topics. For
example, in the case of EBPR publications, they would be categorized as ‘Engineering’,
‘Environment/Ecology’ or ‘Microbiology’ (Clarivate Analytics, 2018a) and their citation
record will be compared to publications in very different fields with potentially different
citation trends such as civil engineering, climate change or medical implications of
bacteria, to name just a few (Althouse et al., 2009). Therefore, whilst being a useful
research benchmarking tool, they may not be useful in a ‘traditional literature review’.
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Another approach to review a research field would be to use citation networks.
These are graph representations of scientific domains where nodes represent individual
publications and the edges drawn between them represent a measure of their relatedness
(Martin et al., 2013). Closely related publications form clusters from which key topics
can be identified. Such networks have recently been used to study the flow of information
within and between disciplines (Waltman et al., 2014), to discover the core items in a given
research area, as well as to group similar ideas, findings and/or methodologies (Boyack
and Klavans, 2010). Maps have been produced at the level of institutions, journals
and authors, as well as publications and their keywords in order to examine specific
research themes, their geographical distribution, citation or communication patterns
among researchers (Haunschild et al., 2016; Chen, 2017). Different similarity measures
have been developed based on bibliographic coupling (BC), co-citation (CC), direct
citation and other hybrid citation approaches (Boyack and Klavans, 2010). The ability
of these approaches to accurately identify coherent and independent topical clusters has
been validated by survey-based verification of the resultant clusters (Glänzel and Thijs,
2011; Borrett et al., 2014). However, whilst extremely useful to distinguish between
topics within a research area and view their size and their linkages, citation networks
alone might not deliver all the desired information in a literature review. Additional
temporal information provided by specific benchmarks to select key publications and
tools to analyze citation trends over time (Chakraborty et al., 2015) would be needed
to determine areas of particular interest and their emergence or decline in popularity.
Another important aspect concerning the use of citation networks to facilitate literature
reviews is that the choice of which methodology to use to produce a citation network
(e.g. BC vs. CC) might not be easily accessible to scientists unfamiliar with them.
Therefore, the potential benefit of using such techniques in reducing manual labour
might be offset by the time needed to surpass the bibliometric learning curve.

Therefore, with the overall aim of facilitating and automating the analysis of a
research area to produce a literature review, especially for non-bibliometric specialists,
this investigation presented two distinct but complementary objectives. First, in section
2, using the EBPR research area as an example, we combine, develop and apply different
bibliometric techniques to suggest a framework that automates the article selection in
literature reviews, while providing additional information regarding the key areas in a
certain research field and their trends over time. Second, in section 3, we demonstrate
the framework’s utility by applying it to the research domain of EBPR, as available via
WoS, to produce a bibliometric analysis and a review of its key developments in the past
40 years (1975 to 2017). With the increase in publication rates in all fields (Bornmann
and Mutz, 2015), the results from this work provide a combination of tools that can
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facilitate the process of a “traditional literature review" and make a contribution to the
way that increasingly larger pools of information can be processed and curated.

2.2 Bibliometric framework for automated article selection
in a literature review

2.2.1 Dataset of the EBPR Research Domain

All data was retrieved from Clarivate Analytics’ Web of Science (WoS). Only documents
classified as published articles, proceedings papers and review papers were taken into
consideration to reflect sources for which citation indices are available and well-established.
The range of published material was limited to the years between and including 1975
and 2017. Selection of the lower bound was based on a priori knowledge of the date
of inception of EBPR as a distinct phenomenon (Barnard, 1975). The search gathered
the union of all articles found via the terms "enhanced biological phosph* removal",
"biological phosph* removal", "biological nutrient removal", "EBPR" and "BNR". To
minimize the presence of unrelated articles, this list was filtered by the intersection
with those found by the term "phosph*". The full search query specific to WoS
was: TS=(("enhanced biological phosph* removal" OR "biological phosph* removal"
OR "biological nutrient removal" OR "EBPR" OR "BNR") AND "phosph*") AND
PY=1975-2017. The ‘full record and cited references’ was assembled and downloaded
on the 1st of September 2017. Analysis of the resultant corpus was conducted using
Python and the Circos visualization tool (Krzywinski et al., 2009). The final dataset
consisted of 2671 articles, reviews and conference proceedings.

2.2.2 Citation approaches

As there are different ways to construct bibliographic citation networks, two methods
of association were compared based on their ability to isolate meaningful and cohesive
clusters using the record of cited references within the EBPR corpus: bibliographic
coupling (BC) and co-citation (CC) (Cobo et al., 2011). Both methods consider that one
node is equivalent to one publication, nodes are connected to each other by edges, the
degree of a node is the number of edges connecting it to all other nodes in the network
and the strength of each edge is determined by the number of edges between two nodes.
As illustrated by P1 and P2 in Fig 2.1, two nodes are connected by a BC edge if they
share a common reference within their respective reference lists. On the other hand,
two nodes are connected by a CC edge if they are both located on a common reference
list of a third publication, as illustrated by P4 and P5. In each case, it was assumed
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that nodes possessing a high degree represent key ideas, methodologies and/or scientific
findings in a particular research domain and that strong connections to these nodes
form one particular research topic. The analysis of this distribution can hence be used
to partition items within the EBPR corpus into distinct topics. The clustering itself
was performed using VOSviewer ver. 1.6.6 (van Eck and Waltman, 2017).

P1

P2

P3

P4

P5

Bibliographic Coupling

Co-citation

Direct Citation

time

Figure 2.1: Difference between bibliographic coupling and co-citation. Bibliographic
coupling links papers P1 and P2 that cite a common reference P3. Co-citation links
papers P4 and P5 that both appear in the reference list of P3.

2.2.3 Criteria for the comparison of citation approaches

The main properties of interest were (a) the number and respective size of the resultant
clusters, (b) the size of the largest connected component, (c) the internal coherence
of nodes in each cluster and (d) the external isolation of nodes within a given cluster
from all others. To determine these, the cluster size was normalized by dividing by the
number of different clusters in the corresponding citation network. The edge strength
between nodes was normalized to correct the data for differences in the number of nodes
in the resultant citation networks, as shown in Equation 2.1 (van Eck and Waltman,
2017):

Lnorm(i, j) =
2 ctotal

ci cj
cij (2.1)

where ci,j is the number of edges between nodes i and j, ci (cj) is the number of
edges connecting to node i (j), and ctotal is the total number of edges in the network.
Specifically:
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ci =
∑
j ̸=i

cij and ctotal =
1

2

∑
i

ci (2.2)

Degree of internal coherence This criterion depends on two factors: i) the intra-
cluster edge strength and ii) the intra-cluster density. The intra-cluster edge strength
was calculated for pair-wise nodes within cluster C according to Equation 2.3 (Jarneving,
2007):

Sintra(C) =

∑
i

∑
j Lnorm(i, j)(

n
2

) (2.3)

where n is the number of nodes in cluster C and Lnorm(i, j) is the normalized strength
of the edge between nodes i and j, provided that {i, j} ∈ C.

The intra-cluster density was calculated as the ratio of all existing edges between
nodes belonging to the same cluster, Eintra(C), to the maximum possible number of
edges, as given in Equation 2.4:

Dintra(C) =
2Eintra(C)(

n
2

) (2.4)

Degree of external isolation This criterion depends on two factors: i) inter-cluster
edge strength and ii) the inter-cluster density. The inter-cluster edge strength was
calculated according to Equation 2.5 (Jarneving, 2007):

Sinter(Ci, Cj) =

∑n
i

∑m
j Lnorm(i, j)

nm
(2.5)

where Lnorm(i, j) is the normalized link strength between nodes i, member of Ci, and j,
member of Cj , where clusters Ci and Cj are comprised of n and m nodes respectively.

The inter-cluster density is given in Equation 2.6 (Shibata et al., 2009):

Dinter =
Eintra(C)

Einter(C)
(2.6)

where Eintra(C) is the number of edges shared between any two members of cluster C,
and Einter(C) is the number of edges connecting nodes within cluster C to all other
nodes. Effectively, it is the inter-connectivity within a given cluster normalized by the
degree of inter-connectivity between it and other clusters in the network.
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2.2.4 Labeling topics in the EBPR research domain

The topic of each cluster was defined by performing a keyword analysis. For each
cluster, all terms from the title, abstract and keyword fields were collected. Collections
of terms used to label the resultant clusters needed to be both relevant and specific to
the underlying concepts, methods and/or findings which tied its publications together.
Terms were ranked according to their term frequency - inverse document frequency
(TF-IDF) score (Robertson, 2004), as given in Equation 2.7. The formula was adjusted
to take into account not only the distribution of a term among different publications in
the corpus, but among different clusters as well. For a given term ‘i′:

TF-IDF(i) =
f(i, j)

n(j)
log

N

nc(i)
(2.7)

f(i, j) is the frequency of its appearance in cluster ‘j’, n(j) is the number of terms which
appear in cluster ‘j’, N is the number of distinct clusters in the network and nc(i) is
the number of clusters in which term ‘i’ can be found.

2.2.5 Categorization of citation profiles

The importance of a specific publication is often measured by the total citation count.
However, its citation profile, i.e., the historical trend of its accumulated citations, can
provide an additional indication of the relevance of the paper and its interest over time
(Chakraborty et al., 2015). This investigation considered only those papers for which
a minimum of 7 years of citation history was available, having received on average at
least 1 citation per year. The starting point for the characterization and classification
of citation profiles was based on earlier contributions (Chakraborty et al., 2015; Dey
et al., 2017). First, the historical citation data was smoothed using trailing averages
with moving windows of 3 years. Next, the values were normalized between 0 and 1 by
dividing them by the global maximum of the time-series. Lastly, the resultant citation
profile was analyzed using a local peak detection algorithm (Duarte, 2015) in Python
version 3.5. Two rules were defined for the identification of local maxima: (1) they must
account for at least 70% of the profile’s global maximum; (2) they must be separated
by more than two years. Based on these rules, publications were classified into six
categories depending on the number and temporal position of peaks in their respective
citation profiles. The classification procedure and definitions of the different categories
of citation profiles are portrayed in Fig 2.2. The criteria for defining the ‘conventional’
profile were based on a prior analysis of the time-distribution of peaks in all citation
profiles to determine the most common trend in EBPR publications (S1 Fig).
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Figure 2.2: Logic tree for the citation-profile-based classification of scientific publications.

(i) Conventional: Initial exponential rise in the number of citations, peaking within
the first five years, followed by a decline.

(ii) Multi-peak: Several local maxima.

(iii) Early multi-peak: Initial peak within the first year of publication, followed by
at least one additional peak.

(iv) Delayed peak: A single global peak only after the first five, but not in the most
recent year of publication.

(v) Monotonic rise: Increasing number of citations with a maximum occurring in
the last year.

(vi) Monotonic fall: Global maximum within the first year, followed by a decline.
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2.2.6 Comparing citation networks

The purpose of using citation networks in this framework is to cluster all publications
into separate, well-defined and coherent sub-topics of research in a particular field. In
this work, we compared two citation approaches, BC and CC as applied to EBPR.
The comparison was based on their ability to deliver clusters of publication that are
containing closely related (as determined by a high degree of internal coherence) and
well-defined and independent from each other (as determined by a low degree of external
isolation) (Jarneving, 2007; Ahlgren and Jarneving, 2008).

The descriptive statistics of the networks obtained with each of the citation ap-
proaches, BC and CC, are compared in Table 2.1. Both methods deliver the same
number of clusters. However, there is a difference in the largest connected components
(LCC), at nearly 25%, and in the number of edges shared between their constituent
nodes, where those in the BC network shared almost four times the number of edges
than their counterparts in the case of CC. In accordance with Fig 2.1, this suggests that
publications in the EBPR research domain were more likely to be cited by common
items rather than for them to cite such items themselves. As such, the BC network was
expected to exhibit a significantly higher intra-cluster density. Differences in the LCC
as well as median dates of publication indicate that the intersection between the entire
corpus and nodes included in the LCC varied depending on the edge definition between
nodes. Further inspection revealed that variation in cluster size was significant in both
cases. As such, edge density was expected to vary from one cluster to another.

Table 2.1: Descriptive statistics of the BC and CC citation networks.

Bibliographic Coupling (BC) Co-citation (CC) Difference (%)

Largest Connected Component 2262 1763 24.8
Number of edges 485778 123264 119.0
Number of clusters 12 12 0
Mean norm. cluster size 15.7 12.2 25
Median year of publication 2007 2005 0.1

Degree of internal coherence Given that citation links are likely to happen when
publications address a similar topic, this can serve as a proxy for how topically cohesive
that cluster is (Boyack and Klavans, 2010). Ideally, in a cohesive cluster, all publications
(nodes) would be interconnected (high edge density) and there would be more than
one connection between the same publications (high strength). As defined in 2.2.3,
the intra-cluster edge strength and the intra-cluster density serve to quantify different
aspects of the extent of internal coherence, where a coherent cluster would have the
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highest strength and density possible (Jarneving, 2007). A cluster can exhibit a high
intra-cluster edge strength, yet at the same time a low intra-cluster density, or vice-versa.
For instance, in a situation where the majority of significant connections are concentrated
among a limited number of publications, only a few nodes of a cluster would share strong
links while the remainder of all possible node pairs would share no edges. Conversely, a
large proportion of all possible node pairs may be densely interlinked with edges yet the
strength of these edges could be relatively low. In this way, they are complementary
and cannot be substituted for one another.

As shown in Table 2.2, clusters in the BC network exhibited a greater extent of mutual
reciprocity among their constituent nodes, where the intra-cluster density exceeded that
of CC by 49%. While the standard deviation of the intra-cluster density of BC network
was comparable to that of CC, a wide variation between clusters in each network was
found. This was further supported by the minimum and maximum values for each
network, with those in the BC network greater in both cases.

Table 2.2: Summary statistics for the degree of internal coherence.

Bibliographic Coupling (BC) Co-citation (CC)

Intra-cluster density mean 0.452 0.274
median 0.312 0.205
standard deviation 0.254 0.244
min 0.171 0.0833
max 0.867 0.489

Intra-cluster edge strength mean 0.120 0.00945
median 0.0119 0.00821
standard deviation 0.210 0.00414
min 0.0022 0.00439
max 0.643 0.0208

This discrepancy was found to be even more pronounced with regards to the intra-
cluster edge strength. As such, nodes in the BC network shared more and stronger edges
with other nodes in the same cluster than with nodes from different clusters. In other
words, clustering of the BC citation network was more topically-coherent than that of
CC in the case of the EBPR research field.

Degree of external isolation In addition to being topically cohesive, clusters should
be well-separated from each other. Ideally the strength and the number of connections
between publications in separate clusters should be as low as possible. This is determined
by the degree of external isolation which, as defined in 2.2.3, can be quantified by the
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inter-cluster edge strength as well as the inter-cluster density.

As shown in Table 2.3, the mean inter-cluster density was greater in the BC network,
accounting for a percent difference of about 72% compared to CC. Thus, the nodes in
the BC network exhibited a higher degree of connectivity both within the same as well as
between disparate clusters. In contrast, while the intra-cluster edge strength of nodes in
the BC network was on average much greater than that of their CC counterparts, the edge
strength between disparate clusters was not so pronounced, as shown in Table 2.3, with
the CC network displaying a lower strength than BC. However, the percentage difference
between the intra- and inter-cluster edge strengths were very different, approximately
171% and 28% respectively for BC and CC, indicating that even if CC displayed an
overall higher degree of external isolation, the difference between the degree of internal
coherence and external isolation is much more pronounced for BC. This was thought to
be a consequence of the marked difference between the number of edges in the respective
networks, in view of the relatively comparable number of nodes that shared them. Thus,
although the extent of cluster-to-cluster delineation was lower in the BC than the CC
network, the former was concluded to be more topically cohesive on account of scoring
significantly better among the coherence criteria.

Table 2.3: Summary statistics for the degree of external isolation.

Bibliographic coupling (BC) Co-citation (CC)

Inter-cluster density mean 0.0903 0.0434
median 0.0765 0.0411
standard deviation 0.0733 0.0152
min 0.00560 0.0198
max 0.222 0.0696

Inter-cluster edge strength mean 0.00532 0.00401
median 0.00460 0.00259
standard deviation 0.00330 0.00346
min 0.000460 0.000820
max 0.0154 0.0199

2.2.7 Characterization of citation profiles in the EBPR domain

The citation profiles of publications within each cluster were re-traced in order to
determine their overall temporal evolution. Specifically, differences in the composition of
each cluster’s citation profiles were used as an indicator of the relevance of a particular
research niche within EBPR over time. For instance, two clusters may have similar
proportions of “highly-cited publications", but if the composition of citation profiles in
one was dominated by the conventional type, whereas the other leaned more towards
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multi-peak or monotonically increasing, then it would be plausible to assume that the
former contains papers covering popular, yet mostly resolved aspects, whilst the latter
comprised papers concerned with issues more relevant over time including the present.

Publications in the EBPR domain exhibited a variety of different citation profiles,
based on the number and position of localized peaks. The distribution of citation profiles
in different clusters is shown in Table 2.4.

Table 2.4: Composition of the three most frequent citation profiles, conventional, multi-
peak and delayed peak profiles, as a fraction of papers identified in each cluster. Clusters
I, J, K and L did not have a sufficient number of qualifying candidates with which to
assess the citation profile composition.

% of Cluster

Cluster Conventional Multi-peak Delayed peak

A 26.5 37.8 35.7
B 37.5 35.9 23.4
C 65.7 15.7 15.7
D 50.5 27.5 17.6
E 64.7 23.5 11.8
F 72.2 11.1 16.7
G 50.0 50.0 0.0
H 55.6 11.1 22.2

Although a diverse range of citation profiles was detected, on average, those of con-
ventional, multi-peak and delayed peak were the most common, constituting 46.7%,
28.4% and 22.3% of papers respectively. The early multi-peak, monotonic rise and fall
categories collectively comprised less than 3% of papers in the dataset. This suggests
it has generally required at least 5 years after publication for interest in the work to
reach its zenith. Based on the proportion of papers characterized by multi-peak profiles,
in more than a quarter of cases, the findings of papers in the EBPR corpus sustained
interest over time.

To illustrate these citation profiles, examples of delayed peaks and multi-peaks are
given in Fig 2.3. The first delayed peak example is the work of Comeau et al. (1986).
This was among the most highly-cited papers in the EBPR corpus and is one of the
most fundamental works that proposed the metabolism of Polyphosphate Accumulating
Organisms (PAO). It is a delayed peak, reaching its maximum approximately 12 years
after publication, but has maintained a nearly constant citation count for the last 10
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years - likely because it is an important introductory read for any paper concerned with
metabolism of PAO, or differences between PAO and Glycogen Accumulating Organisms
(GAO). The second delayed peak is the work of Crocetti et al. (2000). It is a method
paper detailing the design of 16S rRNA fluorescence probes to detect and quantify the
abundance of PAO. The paper had an initial period of increase that lasted 8 years, and
has been declining, likely due to the increased reliance on genetic sequencing techniques
for microbial community identification. A first example of a multi-peak is the work
by Smolders et al. (1994). This represents the first implementation of the anaerobic
metabolic model of PAO, including the effect of pH on substrate uptake. Because it is
generally cited by all publications concerned with metabolic models, as well as those
investigating anaerobic metabolism, it has sustained different peaks since its publication
date. The second example of a multi-peak is the work of Serafim et al. (2002), a method
paper detailing the visualization of intra-cellular polymers, that reached the initial peak
after 5 years of publication and then a renewed interest 4 years later.
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Figure 2.3: Examples of delayed-peak (top row) and multi-peak (bottom row) citation
profiles.

In terms of the distribution of citation profiles among the identified clusters, as
shown in Table 2.4, Cluster A, and to some extent Cluster B, are the only ones in
which the conventional profile does not dominate, having an almost equal proportion
of multi-peak and delayed-peak profiles. Conversely, the most disparate distribution of
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citation profiles was observed in clusters C, E and F, where more than 64% of papers
were characterized by the conventional citation profile.

Relationship between impact and distribution of citation profiles This work
investigated whether there was a relationship between the total number of citations of
highly-cited papers in the EBPR domain and their citation profiles. The corpus was
segmented into citation quartiles. The composition of each quartile in terms of the six
citation profiles was determined, as shown in Fig 2.4. The result is the conditional
probability of a publication exhibiting a particular citation profile given its citation
count.
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Figure 2.4: Composition of each citation quartile in terms of the six classes of citation
profiles, where quartiles are determined based on the frequency of total citation counts.
The arrow indicates the direction of increasing number of citations.

As shown in Fig 2.4, the composition of citation profiles is dominated by the conven-
tional, multi-peak and delayed peak categories regardless of quartile. The one relatively
stable group is the delayed peak category, whose composition is nearly independent of
the quartile, i.e., the number of accumulated citations. The share of conventional profiles
decreases consistently from the lowest to the highest quartile, whereas the share of
multi-peak profiles increases. This indicates that papers that garner the most citations,
and likely to have had an impact in the field, tend to do so by staying relevant to
on-going research questions over their lifetime, rather than accumulating a burst of
citations initially upon publication. This was the case for all examples given in Fig 2.3.
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The proportion of papers with a monotonically decreasing profile decreases from the
lowest to the highest quartile. This was to be expected, as papers that have a decline in
citations over their lifetime would be likely have a limited total citation count. However,
the opposite was not true. The share of papers characterized by monotonically increasing
profiles does not increase across different quartiles. Nevertheless, both categories form
only a negligible subset of the data.

Influence of time on the distribution of citation profiles The publication date
would also be expected to influence the citation profiles of highly-cited publications,
with older publications more likely to have been recognized for their contribution than
more recent ones. As such, the likelihood of exhibiting a particular citation profile, given
knowledge about the publication date, was investigated. Fig 2.5 shows the different
citation profiles across five evenly-spaced periods of time between 1975 and 2010. Unlike
Fig 2.4, the fraction of papers as a percentage of the total publication volume was
provided, as the number of papers differs from one time period to another. The result
was the conditional probability of a publication exhibiting a particular citation profile
given its publication date.
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Figure 2.5: Composition of citation profiles and fraction of total publications across
five evenly-spaced periods of time between 1975 and 2010. The composition of citation
profiles (bars) was normalized against the number of publications in the corresponding
time period, whereas the publication volume (line) was normalized with respect to the
total number of publications.
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As expected, the earliest bracket was dominated by the delayed-peak and multi-peak
categories, whose fraction consistently decreased in subsequent time periods. Conversely,
the most recent publications exhibited a predominance of conventional profiles. Viewed
in the context of Fig 2.4, this indicates that papers in the highest citation quartile
tended to have been published earlier. This result seems intuitive, as older publications,
if important, would have had more time to accumulate citations gradually. With time,
some of the conventional profiles in the more recent years could still shift to multi-peak or
even delayed peak. However, it could also indicate that initial EBPR publications form
the general foundations of the mechanisms and principles of the process and hence have
maintained interest over time as reference material, whereas more recent contributions
might only provide incremental knowledge or specialized information that might not be
as widely relevant or applicable. Finally, it is curious to note the rise in the fraction
of monotonically decreasing profiles starting from 1997, including the appearance of
the monotonically increasing category in the latest time period. This can be explained
by their profiles not having had sufficient time to ‘mature’, i.e., the impact of their
contribution has not been duly accounted for. It is likely that, given sufficient time,
these may shift into other citation profiles.

2.2.8 Benchmarking of total citation counts

To account for temporal bias on citation counts, a benchmark was defined where the
mean number of citations per year was calculated by dividing the sum of citations
received by all papers published in a particular year by their number. From now on, we
will use this benchmark to define a ‘highly-cited paper’ as a paper whose citation count
is higher than the mean number of citations for all publications that year.

The procedure for selecting highly-cited publications, resulting in 680 papers, proved
to be less strict than the one for categorizing citation profiles, resulting in 377. These
correspond to 25.3% and 14.1% of the corpus respectively. The proportion of highly
cited papers agrees with the reported skewed distribution, where approximately 20% of
publications accumulate 80% of citations (Garfield, 2006).

The temporal profile of the median number of citations, as seen in Fig 2.6, follows
that of the mean closely, albeit with a (negative) vertical offset. This was in line with
expectations, as it is known that the citation frequency follows a long-tail distribution,
i.e., Zipf or power law (Borrett et al., 2014), where only a small minority of publications
accumulate very high citation counts, with the vast majority of papers being cited only
very sparingly. The seemingly anomalous peak in 1975, where the mean and median
coincide is due to the occurrence of only a single paper that year in our dataset, the
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initial paper by Barnard (1975). The other peak in 1986 arises due to the importance
of contributions from Wentzel et al. (1986) and Comeau et al. (1986), which have
been widely cited ever since, owing to the on-going debate concerning the biochemical
pathways of the organisms responsible for luxury phosphate uptake.
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Figure 2.6: Profile of the mean and median number of citations received by papers
published in a given year. Bars indicate the number of papers published in a given year.

The general trend is a rising number of citations from the initial to the middle period
of the lifespan of the EBPR domain, after which the average number of citations declines.
This signified that key contributions to the understanding of EBPR took place roughly
between 1990 and 2005. The decline of the mean citation count in recent years would
be expected possibly for two reasons: (1) these papers have not yet had the benefit of
time to accumulate citations, i.e., to have had the full impact of their contributions
duly recognized; (2) the diversification and specialization of topics within EBPR could
lead to a reduced number of citations for each new contribution. This highlights the
usefulness of benchmarking publications against their peers in the same year when
selecting publications for a literature review as opposed to just considering a total
citation-count that might not reveal more recent but potentially relevant contributions.
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An example of this, is that by using this benchmark we were able to include in the
literature review in section 2.3.4, in Cluster D, 3 publications with different citation
counts but all considered highly-cited. These were the work by van Loosdrecht et al.
(1997) (top 50 of total citation count) on the importance of bacterial storage polymers,
that received almost 2 times as many citations as the work by Lopez-Vazquez et al. (2009)
(top 100 of total citation count) on the effects of carbon source, pH and temperature
and almost 10 times as many citations as the work by Carvalheira et al. (2014a) (not
even in top 500 of total citation count) on the impact of aeration on the competition
between PAOs and GAOs.

2.2.9 Recommended workflow and discussion

Section 2.2 presented and discussed a combination of bibliometric techniques to objec-
tively select articles to include in a literature review. Based on the findings as applied
to EBPR, we recommend the following work-flow as the basis for applying this concept
to other domains.

First, in order to determine key areas of research within the field, partition the
publications into distinct, non-overlapping clusters using VOSviewer (van Eck and
Waltman, 2017). In this case, the citation network obtained via BC yielded more
topically-coherent clusters. Readers should note that this may not be the case for their
dataset of interest. However, the analysis can be run for multiple citation approaches
and the most suitable one selected based on the highest intra-cluster edge density and
strength, complimented by the lowest inter-cluster edge density and strength, as detailed
in section 2.2.3 and discussed in section 2.2.6. The topic of each cluster can be inferred
using terms extracted from the title, abstract and keyword entries ranked according to
their TF-IDF score, as described in section 2.2.4.

Research trends and the contribution of each topic to the research field as a whole
can be investigated through differences in the composition of citation profiles from one
cluster to another, as detailed in Section 2.2.5, by distinguishing between declining,
sustained or emerging trends, as well as by differences in the distribution of publication
dates, as discussed in section 2.2.7 and further in sections 2.3.3 and 2.3.4.

Finally, the articles to manually review and include in the literature review can
be chosen from a list of highly-cited publications in each cluster using the benchmark
described in section 2.2.8. This work used the mean number of citations received by
papers published in a given year as the benchmark for defining highly-cited publications.
For the literature review itself, as the goal was a high-level description of key events in
EBPR history, in each cluster only the top highly-cited paper in each year, excluding
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reviews, was selected. If a review was the highest-cited paper in that year it was also
included in the analysis. However, depending on the objectives of the analysis, both the
benchmark definition and the article selection criteria can be adapted to more or less
strict requirements.

Comparison of this framework with alternative techniques In essence, a
literature review consists of the (1) selection of articles for review and (2) a review of
the selected material. The objective of this work is to facilitate and automate the first
process, that, if done in the traditional sense, requires the author to be familiar with
the subject matter, so as to boil down the whole body of literature into its most critical
components. With larger fields and increasing number of publications, this task often
becomes time-consuming and difficult, especially for a newcomer in the field, with little
prior knowledge of the subject matter.

To illustrate the advantages of the proposed framework, Table 2.5, compares it to a
few other options and tools available to produce and/or facilitate the review of a given
field, including the ‘traditional literature review’, other bibliometric techniques such as
analysis of the citation network, citation profiles, as well as an example of an existing
WoS indicator for highly-cited papers.

Table 2.5: Comparison of automated features in literature review methodologies. TC
stands for the ‘total citation’ count.

This work Traditional review TC ranking Network analysis WoS Highly Cited Papers Citation profile analysis

Identification of sub-topics ✓ ✓

Custom resolution of sub-topics ✓ ✓

Identification of highly-cited publications ✓ ✓ ✓

(overall)
Identification of highly-cited publications ✓ ✓

(per year)
Identification of highly-cited publications ✓ ✓ ✓

(per sub-topic)
Assessment of sub-topic temporal trends ✓ ✓ ✓

Given a sufficiently large data-set, our framework offers a more time efficient and
automated way of conducting the first step, i.e., of arriving at a manageable selection of
articles that highlight the most important elements of a given field. More importantly,
these can be selected by sub-topic and also by year, which may reduce biases with respect
to older and more highly-cited publications or reviews, as well as to the popularity of
sub-topics. Therefore coupling clustering methods with benchmarks leads to a more
selective result, where the date of publication as well as the research niche are weighted
in addition to the citation count.
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As the selection of articles for review is based on metrics determined from the
metadata of the corpus of interest, there is only a minimal prerequisite in terms of prior
knowledge of the research area to be reviewed - basic familiarity of the terminology to
extract it. In addition, the constituent sub-topics can be identified based on clustering
methods as opposed to sifting through the literature to (1) decide on how many niches it
would be sensible to divide the corpus into, and (2) allocating articles to each. For the
experienced audience, the framework offers not only an alternative way of organizing the
body of knowledge, but also to refine this organization into progressively more specific
niches by re-running the clustering analysis on a smaller subset.

Lastly, coupling clustering methods with the analysis of citation profiles can lead to
further insights into the development of the field over time. Namely, differences between
the distribution of different citation profiles among the identified clusters may indicate
the importance of different sub-topics at various points in time, allowing inferences
about the future direction of the field to be made.

Limitations of the applied methods It must be acknowledged that the results
presented in this work depended on the quality of the input metadata. The first source
of bias, often referred in bibliometric literature, is that this work only considered papers
written in English. While this was unavoidable, due to the background of the authors
and the origins of the EBPR domain, research articles in other languages could be
considered in future studies provided that citation information is available across the
data sets in question. However, this might be more of a problem when comparing the
scientific productivity at national level (van Leeuwen et al., 2000) rather than when
analyzing a whole research field. Even if some distortion could result from this bias,
since this framework deals essentially with highly-cited publications, it would only occur
if a significant portion of the leading researchers in the area were publishing in languages
other than English.

Further, it is expected for there to be an interaction between the paper type and the
citation approach, e.g., the connections with review papers are stronger by definition
(see section 2.2) in the case of CC than BC. This could have resulted in more than one
cluster concerned with the same topic, because different review papers can be expected
to cover the same subject matter but at different stages in time.

There might also exist a bias related to the nature of each paper, e.g., papers
introducing a novel method, but which may not have contributed to the development
of novel theories in the field. However, whether the impact of a paper (represented by
the citation count) should be gauged by direct or indirect means remains a matter of
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debate. The main effect of this bias would manifest in the identification of highly-cited
publications, e.g., in the automated selection of articles for a more in-depth review,
as opposed to allocation of publications during clustering, therefore the bias could
eventually be circumvented by manual assessment.

Another important point is that citation-based review approaches assume that the
many experts in the field cite new papers based on the recognition of their importance
instead of themselves using citations as a proxy for importance. This could negatively
bias the attention paid to newer works.

Lastly, this work did not account for the effect of self-citations. While this would
have served to inflate the citation counts of certain publications, whether this effect
was mainly artificial, contributing to the distortion in the cluster analysis, or a natural
consequence of formal communication in the EBPR domain can only be determined on
a case-by-case basis.

One potential way to account for the myriad of reasons one paper cites another, and
thereby account for the aforementioned biases, would be to pinpoint the location of the
reference within the cited paper. Papers cited mainly in the ‘introduction’ (background
theory, historically important work) could be expected to be different from those cited in
the ‘materials & methods’ (techniques) or ‘discussion’ (recent papers of similar nature)
sections. Different weightings could then be applied based on the specific type of
review and/or analysis most appropriate to the research question at hand. While we
acknowledge that this would have provided an additional dimension to the results, the
required information was not part of the WoS metadata. A more comprehensive data
collection step would be required, followed by data mining of the underlying papers
themselves, rather than the metadata.

The bibliometric analysis and literature review obtained using the framework devel-
oped in this work is presented in section 2.3.

2.3 EBPR: Bibliometric Analysis and Literature Review
using automated article selection

The bibliometric framework described in section 2.2 was applied to the EBPR corpus
in order to provide a bibliometric and systematic review of the field. The goal for this
approach was to understand, after 40 years of research: 1) the key topics within the field;
2) infer their importance and development through their size and inter-relationships; 3)
analyze their temporal evolution as determined by citation-based indicators; 4) review
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each topic’s key research developments as determined by an automated citation-based
selection.

2.3.1 Identification of the different topics in EBPR research

Twelve clusters, each corresponding to one main EBPR research topic, were identified.
Their topic, as determined from keyword analysis (see section 2.2.4) on the set of
highly-cited publications, size and median publication year are presented in Table 2.6.
Clusters A, B, C and D account for 68% of all publications. Furthermore, most of
the highly-cited and review papers (Table 2.7) are also concentrated in these clusters,
notably in cluster C.

The range of topics in cluster A was broad, with significant overlap with clusters B, C
and D. For instance, publications concerned with metabolic pathways in cluster D built
upon the findings reported in cluster A to take into account the additional challenge
of modelling (1) PAO together with GAO, (2) the uptake of different carbon sources
and (3) the differentiation of poly-β-hydroxyalkanoates (PHA) monomers, among other
aspects. Similarly, while publications focusing on the isolation of PAO in cluster A
relied primarily on culture-dependent techniques, those in cluster C employed primarily
culture-independent methods to elucidate both the identity as well as function of the
organisms in question. Thus, cluster A was an amalgamation of publications which
constitute the early development of the EBPR domain.

Publications in cluster B further expanded on the topic of simultaneous nitrogen (N)
and P removal that commenced in cluster A.Publications in Cluster C focused on the
identification and genetic characterization of PAO and GAO. The timeline of the cluster
demonstrates how initial efforts were concerned with finding single organisms involved
in EBPR, whereas current efforts increasingly focus on whole systems-biology analyses
beyond EBPR systems to consider the wider AS ecosystem. Although it is dominated
by publications with a conventional citation profile, it remains, as shown in Table 2.7,
one of the areas with the highest impact, containing the highest number of highly-cited
publications (as well as the highest number of reviews), indicating that this has been
the central research question throughout the lifetime of the EBPR domain.

Publications allocated into cluster D cover two closely related and inter-dependent
topics: (1) the development of metabolic models that predict the behaviour of EBPR
organism on multiple substrates, and (2) the characterization of their PHA production
capacity. This information has been extensively used to determine the factors affecting
competition between PAO and GAO. Clusters E to H deal with more specific topics
within the EBPR domain, constituting approximately 29% of all publications. Such
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topics include mostly variations of the conventional EBPR configurations, e.g. membrane
bio-reactors (MBR) and granular sludge, as well as process enhancements, e.g. volatile
fatty acid (VFA) production and P-recovery from waste activated sludge (WAS). Finally,
clusters I, J, K and L account for less than 3% of the EBPR domain, indicating niche
areas of research.

Table 2.6: TF-IDF based decomposition of research problems in the domain of EBPR,
ordered by cluster size

Cluster Research Problem Size Size Median
(% of Corpus) Publication Year

A Early development of EBPR 534 23.6 1997
B Combining EBPR with N-removal 419 18.5 2008
C Identification of EBPR microbial communities 314 13.9 2008
D Metabolism of EBPR organisms on mixed substrate 275 12.1 2009
E ASM Models and MBR Applied to EBPR 225 9.9 2009
F VFA generation from WAS and N2O emissions 168 7.4 2013
G P-recovery from WAS 166 7.3 2011
H BNR with aerobic granular sludge 101 4.5 2013
I Characterization of AS flocs 29 1.3 2005
J P-removal using Acinetobacter monocultures 15 0.7 2008
K BNR from aquaculture wastes 13 0.6 2013
L Application of micro-electrode sensors to AS 6 0.3 2010

2.3.2 Historic development of EBPR topics

Fig 2.7 presents the different clusters along with the citations that link them together.
Patterns in the flux of knowledge can be determined based on the fraction of inward and
outward citations, i.e., the number of citations a given cluster received, and the ones
that it gave to others. If the number of inward citations is greater than the number of
outward ones, then this cluster can be expected to form a reference basis for other topics
in the EBPR domain. This is the case for cluster A, where the ratio of inward to outward
edges was not only the highest, at 18.9, but also the only one to exceed a value greater
than 1. In other words, publications in cluster A were the only ones to garner more
citations from those in other clusters than it reciprocated. This was within expectations,
as publications in cluster A were the oldest, with half being published before 1997.
It is clear from Fig 2.7 that cluster A is the target of the largest fraction of outward
edges from all other clusters, suggesting that it forms the theoretical and/or empirical
foundation for EBPR. For example, the works of Comeau et al. (1986) and Smolders
et al. (1994) are largely recognized as the foundations for the biochemical models of
EBPR, whereas the work of Kuba et al. (1993) and Cech and Hartman (1990) made
the first steps for denitrification in EBPR and the competition by GAOs, respectively.
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Further examples can be found in section 2.3.4.

Figure 2.7: Chord diagram of the flow of citations between the identified clusters,
excluding intra-cluster citations. Outer-most arch: sum of all links to and from a
given cluster. Second outer-most arch: inward links, representing citations received
from publications in other clusters. Third outer-most arch: outward links, representing
citations given to publications in other clusters.

In the case of cluster B, which deals predominantly with anoxic EBPR, the number
of inward citations was approximately equal to the number of outward ones, indicated
by a ratio of 0.94. From Fig 2.7, it is clear that most of the citations given by cluster
B are directed to publications in cluster A (approximately 80%), whereas the majority
of the citations it received originate from publications in cluster D. This suggests that
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cluster B built on the foundations laid down by A, whilst simultaneously influencing
cluster D, associated with the development of metabolic models for EBPR organisms on
mixed substrates. The ratio of inward to outward citations in clusters C, D, E, and F
were low, averaging at 0.18, under strong influence from clusters A and B. This suggests
that these topics, although making use of EBPR principles, did not further advance the
core knowledge of the process itself, branching instead into other areas.

Despite their smaller size, clusters G and H had a higher fraction of inward to
outward citations than C, D, E and F, at 0.58 and 0.62 respectively, suggesting that they
have had more wide-reaching influence on other topics in EBPR. This makes intuitive
sense for cluster H, as findings in the study of aerobic granular sludge can be expected to
have made important contributions elucidating metabolic processes, spacial distribution
and identity of microorganisms relevant to EBPR, as confirmed in Fig 2.7 by outward
links to clusters D, B and C respectively. As for cluster G, it is possible that the high
fraction of review papers, shown in Table 2.7, was responsible for the difference in the
ratio of inward to outward citation, as they tend to gather more citations than ordinary
papers. Alternatively, the high ratio of inward to outward edges may be explained by
the fact that P-recovery from WAS provided an additional justification for EBPR.

Table 2.7: Characteristics of each cluster including the two most common citation
profiles and number of highly-cited and review papers Clusters I, J, K and L did not
have a sufficient number of qualifying candidates with which to assess the citation profile
composition.

Cluster Two most Common Citation Profile Highly-cited Highly-cited Review Papers
Citation Profiles (% of Cluster) (% of Cluster) (% of Reviews)

A multi-peak delayed-peak 37.8 35.8 111 20.8 18.5
B conventional multi-peak 37.5 35.9 99 23.6 6.7
C conventional delayed-peak 65.7 15.7 141 44.9 28.6
D conventional multi-peak 50.5 27.5 98 35.6 9.2
E conventional multi-peak 64.7 23.5 44 19.6 9.2
F conventional delayed-peak 72.2 16.7 78 46.4 5.9
G conventional multi-peak 50.0 50.0 57 34.3 16.0
H conventional delayed-peak 55.6 22.2 46 45.5 3.4
I - - - - 3 10.3 1.7
J - - - - 0 0 0
K - - - - 2 15.4 0
L - - - - 1 16.7 0.84
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2.3.3 Identification of temporal trends in EBPR research

Fig 2.8 shows the distribution of publications over time in each cluster ranked in order
of the ‘oldest’ to ‘youngest’ moving from left to right, based on the median year of
publication. In addition, the two dominant citation profiles, as well as the number of
highly-cited publications are shown in Table 2.7.
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Figure 2.8: Boxplot of the publication year distribution for each cluster, indicating
the median (band), interquartile range (box), as well as the minimum and maximum
(whiskers) values. The inter-quartile range indicates the time period during which 50%
of papers in a cluster were published.

Out of the four core EBPR clusters, A is, as expected, distinctively the oldest. It
covers the widest range of publication years, however it is in decline as the value of
the 75th percentile occurred nearly two decades ago in 2000, and the last publication
occurred in 2014. It is the only cluster for which the most common citation profiles
are multi-peak and delayed peak, suggesting that the majority of the papers in this
cluster have either sustained interest over different periods of time or reached their peak
number of citations at least 5 years after publication.

Clusters B, C and D seem to have all developed at the same time, with an interval
of roughly 10 years after cluster A, all characterized by the delayed-peak or conventional
as the most common citation profiles. Clusters B and D seem to be slightly in decline,
although the former still contains recent publications, likely in relation to the on-going
debate of anoxic pathways of PAO and GAO.
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It was surprising that the most common citation profile by far in cluster C was the
conventional type, since genetic profiling of microbial communities is currently an area
of increasing research intensity, owing to the recent developments in genomic, proteomic
and related techniques. This may have been due to the fact that publications using such
techniques were clustered in line with the particular ecosystem of interest, i.e., split
between microbial communities specific to conventional suspended growth processes
in cluster C, those specific to membrane-assisted configurations in cluster E and those
specific to aerobic granular sludge processes in cluster H. Nevertheless, cluster C housed
both the absolute number as well as the highest fraction of highly-cited publications
and review papers respectively.

Clusters E, F and H developed more recently, with median publication years lying
between 2009 and 2013. Cluster F, associated with VFA production from WAS, was the
first to be addressed, with initial publications in 1992, whereas cluster H, associated with
granular sludge, was the most recent technological development, with initial publications
occurring a decade later.

All of the smaller clusters (I to L) seemed to have well defined lifespans, i.e., where
the most recent publication year occurred just before the time of this study. Clusters
I and J are the oldest and seem to be in decline, as expected, since they relate to
very specific topics with limited scope for expansion. Cluster K, associated with the
application of Biological Nutrient Removal (BNR) to aquatic wastes, is still relatively
new, with potential for further development. Conversely, cluster L, associated with the
development of micro-electrode sensors, is very well defined in time, from 2002 to 2011,
with the median biased strongly towards the more recent end of the cluster’s lifespan.

2.3.4 Review of the key developments of 40 years of EBPR

The following sub-sections present a review of EBPR research for clusters obtained in
Table 2.6. Only key highly-cited publications were selected, one per publication year in
the lifespan of each cluster, in accordance with section 2.2.9.

Cluster A: Early development of the EBPR research domain Publications
in cluster A were concerned with elucidating the biochemical mechanism of EBPR,
particularly at a time where molecular methods to identify and study PAO in situ were
not available.
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EBPR, much like the AS process, was first discovered by chance. Due to increasingly
stringent requirements for the removal of organic matter and N and its resultant increased
economic burden due to aeration, research shifted from aerobic to anaerobic treatment.
In addition to low nitrate, the concentration of P in the effluent could be consistently
ensured at levels below 1 mg/l without the addition of chemical precipitants (Barnard,
1975). Full-scale EBPR plants had been built at a time when the underlying mechanism
of EBPR was still unknown. Therefore the first steps focused on defining operational
aspects such as the influence of the concentration of organic pollutants, nitrates and
dissolved oxygen (DO) on the efficiency of P-removal (Pitman et al., 1983; Hascoet and
Florentz, 1985). The introduction of the first theoretical frameworks occurred in 1986
by Comeau et al..

Poly-phosphate is thought to serve as the sole source of energy for the anaerobic
uptake and storage of organic substrates in the form of PHA, alongside reducing
equivalents obtained from the tricarboxylic acid (TCA) cycle (Comeau et al., 1986,
1987). In aerobic conditions, stored poly-β-hydroxybutyrate (PHB) would be expended
for growth and P-uptake for the replenishment of poly-phosphate reserves. The synthesis
and degradation of PHA and poly-P were regulated by the ratio of NAD/NADH and
ATP/ADP respectively, themselves dependent on the intra/extra-cellular balance of
substrates and the availability of electron acceptors. An alternative model diverged in
the source of reducing equivalents for PHA formation, as well as in the mechanisms for
the uptake of organic substrates, where glycogen was the source of energy and reducing
power and transport was active rather than passive (Mino et al., 1998).

Reliance on both the TCA cycle and glycolysis to resolve the energy requirements
for substrate uptake and PHA synthesis has been suggested (Arun et al., 1988; Mino
et al., 1998) to explain the varying composition of the synthesized PHA (Satoh et al.,
1992; Comeau et al., 1987), as well as to balance the internal redox potential. Despite
initial findings from NMR tracer experiments indicating that the anaerobic degradation
of glycogen proceeded through the Entner-Doudoroff (ED) pathway, the possibility of
utilizing the Embden-Meyerhof-Parnas (EMP) pathway remained in question. The last
difference between the two models was the mechanism of organic substrate uptake where,
through the variation of anaerobic P-release under different pH, it was demonstrated
that an active means of transport was in play (Smolders et al., 1994). Nevertheless,
the supply of reducing equivalents, the pathways for glycogen degradation and the
mechanism of organic substrate transport continue to be a subject of interest in light
of new information concerning the identity as well as genomic potential of organisms
relevant to EBPR. Alternative metabolic pathways for biological P-removal, e.g. in
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single-stage aerobic processes have also been reported (Wang et al., 2008).

Increasingly stringent regulations have been the main driver for the intensification
of waste water treatment technologies. The possibility of using nitrate as an electron
acceptor in lieu of oxygen was confirmed in lab-scale experiments (Kuba et al., 1993).
Although stoichiometric and kinetic assays indicated that cell yield and energy production,
and therefore P-uptake efficiency were lower with nitrate (NO3

– ) (Kuba et al., 1993),
selective enrichment of the sludge in denitrifying PAO (DPAO) circumvented the issue
of incomplete denitrification in earlier systems, specially those with low organic loading
such as MBR-assisted processes, detailed further in section 3.4.5. An initial metabolic
model for anoxic P-uptake was proposed in 1997 (Murnleitner et al., 1997).

The discovery that the deterioration of P-removal performance could be induced by
the proliferation of what would eventually come to be known as GAO was a critical
junction (Cech and Hartman, 1990). This highlighted the need to understand not
only the relationship between the P-removal performance and the composition of the
microbial community, but also of the precise identity and characteristics of organisms
both beneficial and detrimental to the EBPR process (Jenkins and Tandoi, 1991).

Although a number of works investigated the factors influencing EBPR performance,
e.g. linking P-removal to temperature (Panswad et al., 2003), pH (Bond et al., 1999)
or the concentration of Ca2+ and Mg2+ ions in the influent Schönborn et al. (2001),
these were conducted mostly in the absence of knowledge of PAO identity, nor of
reliable means to quantify their population (Mino, 2000). Based on cultures incubated
with sludge from full-scale WWTP, P-removal in the presence of VFA was initially
attributed to Acinetobacter (Malnou et al., 1984). It was not until the dawn of culture-
independent molecular techniques that the relation between operational conditions and
the composition of the microbial community could be explored directly, as detailed in
section 3.4.3. It was shown via fluorescence in situ hybridization (FISH) that pure-
culture methods had overestimated the importance of Acinetobacter in full-scale EBPR
(Kämpfer et al., 1996). Noting differences between microbial communities with different
capacities for P-removal, EBPR performance was correlated with the abundance of
Rhodocyclus-related bacteria (Bond et al., 1995).

Cluster B: Simultaneous nitrification, denitrification and phosphorus removal
EBPR with N-removal is typically COD limited due to the competition between PAO
and heterotrophic denitrifiers for carbon substrate. In addition to ascertaining the
identity and metabolism of denitrifying PAO, the optimization of available COD use
(Obaja et al., 2005) and alternative N-removal processes such as partial nitrification and
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anammox (Bernet and Béline, 2009) have been the major lines of research.

The initial findings established the existence of DPAO, along with the key operational
features of anoxic P-removal. PAO found in pilot-scale AS plants could be sub-divided
into two groups: those only capable of using oxygen, and those able to use both oxygen
and nitrate as electron acceptors (Kerrn-Jespersen and Henze, 1993). Consequently,
P-uptake was more rapid under aerobic conditions since only a fraction of the PAO
population was active in anoxic conditions. Simultaneous N and P removal with DPAO
could reduce COD demand, oxygen consumption, as well as reduce sludge production
by 50, 30 and 50% respectively (Kuba et al., 1996a). While lower anoxic P-uptake
rates could be attributed to DPAO only being a fraction of the total PAO population
(Kerrn-Jespersen and Henze, 1993), it was later determined that this was also due to
the lower efficiency of P-uptake using nitrate compared to oxygen as electron acceptors
(Wachtmeister et al., 1997). This was confirmed in a study of DPAO kinetics on NO3

–

(Hu et al., 2002).

A method to quantify the fraction of DPAO by comparing P-uptake rates of anaerobic-
aerobic and anaerobic-anoxic batch tests was proposed (Wachtmeister et al., 1997), which
would play an important role in optimising simultaneous N and P-removal processes
and in verifying model predictions, even after the emergence of molecular methods
able to quantify this population directly. The combination of the metabolic model
for anoxic P-removal (Murnleitner et al., 1997, cluster A) with the ASM2 model was
used to successfully model simultaneous N and P removal in a full-scale WWTP (van
Veldhuizen et al., 1999). It was also shown that since DPAO are enriched by minimising
the ratio of aerobic to anoxic SRT, long overall SRT are required in order to ensure
the establishment of autotrophic nitrifiers (Brdjanovic et al., 2000). The importance of
influent feed characterisation and empirical knowledge for model calibration was also
highlighted.

Extensive research has been done to ascertain the role of nitrite (NO2
– ) on the

efficiency of integrated N and P-removal systems. Although anoxic P-uptake can occur
regardless of whether the electron acceptor present was nitrate or nitrite, the ratio of
P to N-removed has been reported to increase along with the initial concentration of
NO3

– , whereas it decreased slightly with NO2
– (Ahn et al., 2001). Observing that the

relative abundance of PAO decreased with respect to GAO following a nitrite shock event,
it was suggested that NO2

– inhibits P-uptake in both aerobic and anoxic conditions,
thereby stimulating GAO over PAO (Saito et al., 2004). However, a stronger correlation
between P-uptake with free nitrous acid (HNO2) rather than NO2

– was reported in an
investigation of the effect of pH on nitrite speciation, where P-uptake was completely
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inhibited at a HNO2 concentration of 0.02 mg/l regardless of the degree of DPAO
enrichment (Zhou et al., 2007).

The capability of DPAO to carry-out simultaneous nitrification and denitrification
(SND), i.e., partial oxidation of ammonium (NH4

+) to NO2
– , followed by direct reduction

to nitrogen gas was investigated in an effort to further reduce COD requirements Zeng
et al. (2003a). While NH4

+ was oxidized without NO2
– nor NO3

– accumulation, low
P-uptake rates indicated that it was DGAO rather than DPAO who were responsible for
the observed N-removal activity. It is possible that HNO2 inhibits the aerobic synthesis
of glycogen in GAO to a lesser extent than in PAO, allowing them to outcompete
PAO for VFA. Despite the potential for further reduction of COD requirements, sludge
production, as well as CO2 emissions from denitrification, SND in sequencing batch
reactor (SBR) systems has not received much attention as a result of PAO inhibition
by NO2

– and/or HNO2 (Ge et al., 2015). SND via the nitrite pathway seems to be
more promising in biofilm (Yang et al., 2010) and granular sludge Kishida et al. (2006);
Yilmaz et al. (2008), where stratification of the microbial community and the associated
concentration gradients prevent NO2

– inhibition of PAO activity.

While the presence of NO3
– in anaerobic conditions had been known to cause EBPR

deterioration, it was unclear whether this was due to (1) the inhibitory effect of an
intermediate molecule, or (2) COD limitations arising from competition for substrate
with ordinary heterotrophic denitrifying bacteria. EBPR was found to be feasible
even in the presence of NO3

– in the anaerobic zone (Guerrero et al., 2011). ASM2d
simulations with two-step nitrification and denitrification showed that rather than
the NO3

– concentration, it was the availability of VFA in anaerobic conditions that
determined EBPR performance. It has been suggested that NO3

– deteriorated EBPR
not directly by inhibition of P-release, but indirectly by inhibiting the fermentation of
carbon substrates into simpler molecules, i.e., VFAs. Indeed, using a combination of
FISH and denaturing gradient gel electrophoresis (DGGE), it was confirmed that while
denitrification in a full-scale SBR depended strongly on DPAO activity, the community
composition varied greatly over time due to variations of influent composition (Fernandes
et al., 2013). The relationship between SBR operational stability and microbial diversity
remains an evolving question.

Cluster C: Identification and genetic profiling of EBPR microbial commu-
nities The topic began with FISH investigations of full-scale AS processes to show
how the role of the first isolated PAO, belonging to the genus Acinetobacter, might have
been overestimated (Wagner et al., 1994). Subsequent studies have either used different
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techniques to isolate or enrich communities in putative PAO and GAO, and/or used
16S rRNA sequencing techniques to determine their taxonomic diversity. Constructing
clone libraries of 16S rDNA fragments, a new genus and species was proposed, Candi-
datus Accumulibacter phosphatis (Hesselmann et al., 1999), henceforth referred to as
Accumulibacter, belonging to the Betaproteobacteria class. FISH probes designed for
Accumulibacter (Crocetti et al., 2000) continue to be widely used to this day. A finer
diversity within Accumulibacter PAO was demonstrated by way of the polyphosphate
kinase 1 gene as opposed to 16S rRNA (He et al., 2007), with potentially distinct ecolog-
ical roles. This was followed by the proposition of two new FISH probes to distinguish
between Accumulibacter clades I and II (often referred as PAOI and PAOII) (Flowers
et al., 2009). Other putative PAO have been investigated, including members of the
Gammaproteobacteria class and Actinobacteria phylum, e.g. Tetrasphaera (Liu et al.,
2001). Other results have supported widespread occurrence and role of Betaproteobacte-
ria and Actinobacteria as PAO in full-scale EBPR plants, although the latter did not
take up PHA Kong et al. (2005). A similar result had been obtained in a study based
on the use of respiratory quinones as biomarkers that demonstrated the influence of
synthetic vs. real sewage on community selection, showing that Betaproteobacteria and
Actinobacteria were the two of the most abundant organisms (Hiraishi et al., 1998).

The work that first identified G-bacteria was allocated to cluster A (Cech and
Hartman, 1993) and GAO were subsequently categorized as a new genus: Amaricoccus
(Maszenan et al., 1997). However, the main GAO has been Candidatus Competibacter
phosphatis, henceforth referred to as Competibacter, a member of Betaproteobacteria,
for which FISH probes were designed by the same research group that designed the
ones for Accumulibacter (Crocetti et al., 2002). Other GAO have been suggested over
the years and their abundance, alongside PAO, has been comprehensively analysed
over three years in full-scale EBPR plants via FISH quantification (Mielczarek et al.,
2013). Although Accumulibacter and Tetrasphaera PAO were shown to be abundant, no
temporal variations were detected. Competibacter and Defluviicoccus GAO were also
found to be occasionally abundant in certain plants with each site exhibiting specific
PAO/GAO fingerprints. These findings were further expanded with genetic sequencing
data on bacterial assembly and temporal dynamics (Saunders et al., 2016), suggesting
that these contained a core community of organisms with little seasonal variation.
Advances in this area have been extensively reviewed (Wagner and Loy, 2002; Seviour
et al., 2003), highlighting the key mechanisms and biochemical pathways.

The diversity within Accumulibacter (He et al., 2007; Flowers et al., 2009) suggested
that each clade would have different denitrifying capabilities, with PAOI being able to
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use nitrate as an electron acceptor, whereas PAOII not. These results were aligned with
previous metagenomics findings where clade IIA has been shown not to have the necessary
respiratory nitrate reductase to denitrify from nitrate - only from nitrite (Martín et al.,
2006). Other studies have focused on the influence of operational parameters such as
dissolved oxygen levels on microbial dynamics and diversity of AS (Yadav et al., 2014).

Finally a number of tools have emerged over the years that allow a much more
substantial analysis of complex microbial communities and their genetic potential. The
mapping of the proteome, using two-dimensional polyacrylamide gel electrophoresis, and
later of the proteogenome, was demonstrated for Accumulibacter (Wilmes and Bond, 2004;
Wilmes et al., 2008). The first metagenomic analysis of two EBPR sludge communities
(Martín et al., 2006) provided insight into the genetic potential of Accumulibacter PAO,
particularly clade IIA. These findings were further expanded in 2012 (Albertsen et al.,
2012). The sophistication of the new sequencing techniques have led to the emergence of
other bioinformatics research questions that have shifted focus away from classic EBPR
topics, e.g. new methodologies and software for correct analysis and assignment of
metagenomic data (Parks and Beiko, 2010; Simon and Daniel, 2011). Further, the best
approaches for primer selection in sequencing studies have been discussed (Albertsen
et al., 2015).

Cluster D: Metabolism of EBPR organisms on mixed substrate The main
point of departure emphasized the importance of different species of PHA, as well as
the complexities of PHA formation mechanisms (van Loosdrecht et al., 1997). Initially,
the accumulation of storage polymers was considered important in view of improving
sludge settleability (Krishna and van Loosdrecht, 1999).

Metabolic models offer a way to integrate information from various sources within a
mathematical framework to describe and assess observations with respect to EBPR on
a mechanistic basis. The driving force to their application has been the prediction of
conditions favouring the growth of PAO over GAO (Oehmen et al., 2007). Metabolic
models developed separately for PAO and GAO (Filipe et al., 2001a) have been combined
to predict the fraction of PAO to GAO based on the total acetate (HAc) uptake and
glycogen consumption (Zeng et al., 2003b). This demonstrated that cultures previously
thought to be highly enriched in PAO without microbial characterization could have
had sizable fractions of GAO. This approach was further employed to take into account
the effect of temperature, pH and the composition of VFA in the feed, composed of HAc
and propionate (HPr) at different ratios on the competition between PAO and GAO
(Lopez-Vazquez et al., 2009). In particular, HPr has been suggested as an important
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selector for PAO over GAO (Lu et al., 2006; Wang et al., 2012). These models allowed
for the rationalization of potential explanations for contradictory findings regarding
microbial compositions in different lab-scale cultures, as well as full-scale systems. The
stoichiometry and kinetics of EBPR conversions remain uncertain, due to factors such
as pH on the P/HAc ratio or GAO activity.

In addition to the composition of the influent carbon source, the P/COD ratio has
been one of the most thoroughly studied factors in the competition between PAO and
GAO. While it is expected that high P/COD ratios select for PAO, complete elimination
of GAO from the system has not been achieved with this ratio alone, and the precise
effect of its manipulation on the population balance has not been quantified. Research
on this front focuses on PAO selection in systems starved of carbon substrates and at
low dissolved oxygen concentrations (Tu and Schuler, 2013; Carvalheira et al., 2014a).

In parallel to the development of metabolic models for PAO and GAO, the concept of
PHA production from AS or EBPR sludge was proposed as a bio-degradable alternative
to oil-based plastics (Satoh et al., 1998). Considerable effort has been devoted to the
development of optimal bacterial strains as well as more efficient fermentation and
recovery processes to reduce the cost, and by extension, increase the economic viability
of PHA production (Salehizadeh and van Loosdrecht, 2004). Different strategies for PHA
production from mixed cultures have been reviewed (Serafim et al., 2008). Interestingly,
it was found that the fraction of stored substrate could be predicted by the ratio of specific
PHB production to HAc uptake (Beun et al., 2000). This provided the groundwork for
a generalized metabolic model to predict PHB production and consumption in mixed
cultures grown on HAc (Beun et al., 2002). A critical step was the standardization
of analytical methods to detect PHA (Oehmen et al., 2005c). The characterization
of metabolic pathways for PHA production on single or mixed substrates has been a
subject of great interest, further enabling the refinement of metabolic models applied in
EBPR, namely with respect to the influence of the feed composition (Jiang et al., 2011).
PHA production is tied closely to the competition between PAO and GAO by the focus
on substrate uptake mechanisms (Welles et al., 2015).

Cluster E: Activated sludge models and membrane bio-reactors applied to
EBPR The first cornerstone was achieved with the publication of the ASM2d model
that expanded the original ASM2 model to include the denitrification activity of PAO
(Henze et al., 1999). This model has been applied to different systems and subsequent
modifications have been proposed, e.g. for the simplification of ASM3 (Rieger et al.,
2001), and later the inclusion of a chemical analysis in terms of pH and ion pairing
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and/or speciation (Flores-Alsina et al., 2015). A number of review papers were produced
that kept track of the key developments in this area, e.g. that of Kovarova et al in 1998
(Kovárová-Kovar and Egli, 1998). Given the complexity of the ecosystem of interest,
much-needed standardization and reference material for any mechanistic model for both
AS and EBPR processes has been assembled (Gernaey et al., 2004; Hauduc et al., 2013).
A note goes to the work of Hellweger (Hellweger and Bucci, 2009) who reviewed the
relevance of individual-based, also referred to as agent-based modelling.

An overall less-cited topic in this cluster but with nonetheless important contributions
was the use of MBR for EBPR. The connection between the two topics likely stemmed
from the application of knowledge included within the ASM2d model to MBR technology.
The shortage of organic substrate for simultaneous EBPR and N-removal coupled with
increasingly stringent regulations led to the development of MBR and integrated fixed-
film activated sludge (IFAS) configurations (Oleszkiewicz and Barnard, 2006). The
first successful MBR-assisted EBPR processes were trialled in both pre- as well as
post-denitrification configurations, with the membrane replacing the final clarifier,
achieving P-removal efficiencies above 90% (Ahn et al., 2003). Effluent P concentrations
were maintained below 100 µg/l under SRT characteristic of conventional and MBR-
assisted plants, suggesting that long SRT do not necessarily inhibit EBPR mechanism
(Lesjean et al., 2002). Simultaneous N and P-removal has been successfully achieved
in MBR systems, both in small-scale (Abegglen et al., 2008) and full-scale municipal
WWTP (Monclús et al., 2010). MBR technologies for wastewater treatment has been
systematically reviewed (Judd, 2016).

Finally, as with any MBR-assisted process, factors leading to fouling were investigated.
Higher SRT were found to negatively affect both fouling and nutrient removal (Han et al.,
2005). A similar influence on fouling was reported with regard to floc size distribution
and amount of extra-polymeric substances (EPS) (Geng and Hall, 2007).

Cluster F: Generation of VFA from waste activated sludge The shortage
of VFA is often a limiting factor in wastewater (Yuan et al., 2006). This can be
exacerbated by the competition for the substrate by organisms other than PAO, whereby
supplementation of carbon sources is critical to support BNR. Although this requirement
can be met by addition of synthetic VFA, a more sustainable and cost-effective means
is to obtain them from the fermentation of WAS generated on-site. As such, extensive
research has been conducted to optimize VFA from WAS from biological treatment.

The high-strength liquors generated by hydrothermal treatment in an effort to
reduce waste sludge volumes had been considered a disadvantage. By controlling the
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composition of the resultant organic fractions, these products could be suitable to
support BNR. 95% hydrolysis of sludge at sub-critical temperatures was achieved to
produce highly concentrated liquors, where the fraction of HAc was found to be as high
as 80% of the soluble COD (Shanableh, 2000). The accumulation of HAc was found to
be favourable under such conditions due to its resistance to both thermal degradation
and oxidation. Although an SBR fed with substrate from hydrothermally treated sludge
exhibited higher P-release as well as uptake rates, due to the fact that the soluble COD
for the control reactor was also lower (152 compared to 307 mg/l), to what degree this
difference in EBPR performance could be attributed to increased availability of VFA
as opposed to higher influent VFA concentration was unclear (Shanableh and Jomaa,
2005).

In the fermentation process, hydrolysis is considered to be the rate-limiting step,
influenced by temperature and pH to attain higher rates and more effective degradation
of complex organic matter (Chen et al., 2007). Contrary to previous findings where
fermentation was found to be optimal at neutral pH (Whiteley et al., 2002), it has been
reported that alkaline conditions led to greater VFA yields thanks to the inhibitory
effect of high pH on the activity of methanogens, confining the anaerobic digestion (AD)
process to the hydrolytic and acidogenic stages (Yuan et al., 2006). Pyrosequencing and
FISH analysis confirmed that alkaline conditions increased the abundance of bacteria
involved in hydrolysis and acidogenesis and decreased the abundance of methanogenic
archaea (Zheng et al., 2013). Interestingly, the diversity of the resident archaea increased
despite the overall reduction in population size. This was contrary to expectations, as
only a few methanogenic archaea had been thought to grow at pH far from neutral.

VFA production can be enhanced with physico-chemical pre-treatment of sludge,
an area of growing interest. Low-intensity methods, e.g. mechanical treatment, have
been reported to improve degradation kinetics, whereas high-intensity methods, e.g.
thermal hydrolysis, improve both the rate as well as the extent of degradation (Carrère
et al., 2010). Pre-treatment with HNO2 seems to inhibit obligate methanogenic activity
by changing the strictly anaerobic conditions to anoxic, as well as by enhancing the
solubilisation of carbohydrates and proteins (Zhao et al., 2015; Li et al., 2016a). In a
similar manner, chemical surfactants improve the solubilisation of EPS, breaking down
the AS floc matrix to release more substrate for VFA generation by fermentative bacteria
(Lee et al., 2014). Further elucidation of the effect of surfactants on acidogens, as well
as the resultant VFA yields is required.

Finally, N2O has received considerable attention in recent years on account of being
roughly 300 times more potent as a greenhouse gas (GHG) than CO2 Law et al. (2012).
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The tendency of WWTP to decrease energy consumption by decreasing aeration, e.g.
in implementing EBPR and/or anoxic denitrification may have adverse effects towards
GHG emissions. Nitrous oxide has been observed to accumulate as soon as PHB becomes
the growth substrate due to COD limitation (Kampschreur et al., 2009). However, N2O
accumulation has been reported as due to the speciation of NO2

– into HNO2 at acidic
pH rather than the competition between nitrous oxide reductase and nitrate reductase
enzymes (Zhou et al., 2008). Nevertheless, plants achieving high levels of N-removal
emit less N2O, indicating that no compromise is required between effluent quality and
GHG emissions (Law et al., 2012).

Cluster G: Phosphorus recovery from waste activated sludge Although the
timeline for peak P is contentious, it is clear that the phosphate rock deposits that
remain are of lower grade and are becoming more difficult to access. It is estimated that
roughly 20% of the global demand for phosphate rock could be satisfied by P-recovery
from municipal waste streams alone. As such, there is growing interest in the technical
and economic feasibility of large-scale P-recovery from municipal and agro-industrial
waste streams (Yuan et al., 2012).

Spurred by the greater availability of P in secondary sludge compared to using
chemical precipitation, EBPR followed by crystallisation as struvite (magnesium am-
monium phosphate) or apatite (calcium phosphate) has been concluded be the most
effective means of P-recovery (Greaves et al., 1999). Most research into P-recovery
has been conducted with struvite precipitation in mind, as the final product from the
crystallisation of apatite is of lower value as a fertilizer and is more difficult to separate
(Yuan et al., 2012). In addition, apatite crystallisation does not appear to occur to any
appreciable extent in WWTP, given that the concentration of phosphate (PO4

3– ) and
calcium ions must be at least 50 and 100 mg/l respectively (De-Bashan and Bashan,
2004). In contrast, struvite precipitates spontaneously in WWTP environments, where
high concentrations of soluble P and ammonium are present. Unintentional struvite
precipitation has long been recorded as a nuisance, disrupting operation of WWTP by
blocking valves, pipes and pumps. This has been exacerbated by the increase of the
required nutrients as a result of greater degrees of nutrient removal. As such, controlled
struvite crystallisation serves to (1) alleviate routine operational problems, (2) reduce
sludge volumes by as much as 49% and (3) recover a useful raw material (Doyle and
Parsons, 2002). In this context, EBPR is most commonly coupled to AD, as P bound
in organic matter within secondary sludge is hydrolyzed in the latter to produce a
concentrated phosphate stream, thereby increasing the fraction of recoverable P.
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The factors that affect P-removal via struvite precipitation using digested sludge
from a full-scale EBPR plant have been investigated (Münch and Barr, 2001). At
alkaline pH, the PO4

3– concentration increases, while those of Mg2+ and NH4+ decrease,
such that their molar ratio becomes favourable for the formation of struvite crystals.
Struvite precipitation is strongly influenced by the ratio of Mg2+, NH4

+ and PO4
3+,

and is inhibited by the presence of ions such as Ca2+, K+ and CO3
2– . The optimal

ratio of Mg:N:P appears to be 1.2:3:1 (Kruk et al., 2014). Further, the molar ratio of N
to P can cause transformation of struvite to newberyite, which degrades the quality of
the final product. The importance of using quantitative X-ray diffraction for quality
control by determining the various crystal phases and amorphous content of recovered
struvite-containing products has been highlighted (Lu et al., 2016).

Recently, novel means of P-recovery have been explored. For instance, instead of
dosing magnesium salts at rapidly changing pH, electrolytic deposition using a sacrificial
magnesium anode was shown to be an effective way to precipitate struvite at high purity,
achieving a P-removal efficiency of 98%, without any by-products (Kruk et al., 2014).
Finally, the need to expand our knowledge of Fe-P chemistry in order to improve the
economic viability of P-recovery, highlighting that fungi, bacteria and plants routinely
release Fe-bound P for their metabolic needs has slowly come to be recognized (Wilfert
et al., 2015).

Cluster H: EBPR using aerobic granules Due to the requirement of large settling
tanks to retain biomass as well as large reactor volumes arising from low biomass
concentrations, suspended growth processes cover large land footprints. Aerobic granular
sludge (AGS) presents an opportunity to intensify the AS process, as granules are more
dense and have considerably higher settling velocities than conventional AS flocs.

P-accumulating granules were first developed in an SBR (Lin et al., 2003). These
simultaneously released P with uptake of organic carbon substrates in anaerobic condi-
tions and assimilated P in aerobic conditions. Investigations have focused primarily on
the influence of the influent P/C ratio, DO levels and temperature on granule formation
and characteristics, as well as on nutrient removal efficiencies. While the enrichment of
PAO in the granules was positively correlated with the P/C ratio, high metabolic activity
in the aerobic stage was incorrectly identified as a cause rather than a consequence of
EBPR deterioration (Lin et al., 2003). Recently, AGS in continuous flow was investigated
to improve granule stability and their distribution in the anaerobic and aerobic stages
(Li et al., 2016b).

By manipulating DO levels, the ratio of aerobic to anoxic volume was identified as
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the major factor influencing simultaneous nitrification, denitrification and P-removal
(de Kreuk et al., 2005). Based on previous findings, a mathematical model was developed
to describe AGS in an SBR (de Kreuk et al., 2007), accounting for the effect of DO, T,
granule diameter, sludge loading rate and cycle configuration. As expected, P-removal
was dependent primarily on sludge age, as sufficiently long SRT is required to maintain
slow-growing PAO biomass in the system. P-removal was later confirmed to be relatively
insensitive to changes in temperature (Bao et al., 2009). This was surprising, as PAO
are thought to be outcompeted by GAO at temperatures above 20 °C.

Using FISH, granules towards the bottom of the reactor were found to be more
enriched in PAO (relative to GAO) than those in the top of the reactor as a result of
cell density differences (arising from the storage of poly-phosphate) and concentration
gradients of substrate in the reactor (Winkler et al., 2011). P-removal efficiency could
be maintained, even improved to 100 %, by discharging WAS from the top of the reactor,
effectively exposing GAO to a shorter SRT. This showed how granule heterogeneity
provides different ecological niches. In addition to competition, an important finding was
made concerning the coexistence of PAO and GAO in AGS systems. In systems where
PAOII, incapable of reducing nitrate, were the dominant clade, coexistence with DGAO
was possible, perhaps even necessary, as they contributed not only to denitrification
but also indirectly to EBPR by supplying DPAO with suitable electron acceptors for
anoxic P-uptake (Bassin et al., 2012). A cascade inhibition effect was identified in a
study of AGS in highly saline conditions, where NO2

– accumulation arising from the
inhibition of nitrite-oxidizing bacteria (NOB) led to the inhibition of both anoxic and
aerobic P-uptake, particularly at Cl– concentrations exceeding 20 g l−1 (Pronk et al.,
2014). This resulted in the wash-out of PAO and NOB.

Interestingly, there has been some debate over the role of EPS, in terms of granule
stability as well as its involvement in EBPR using AGS, given that they affect mass
transfer in floccular systems. A metabolic model has been formulated in which poly-
phosphate was hydrolyzed and synthesized in the EPS matrix surrounding PAO cells
in anaerobic and aerobic conditions respectively, as opposed to intra-cellularly (Zheng
et al., 2013). Finally, a model of the physical structure of P-removing AGS has been
proposed, where poly-phosphate was confirmed to be the dominant form of P within
microbial cells as well as in the EPS matrix (Huang et al., 2015).

Cluster I: Characterization of activated sludge flocs The mechanisms and factors
that influence floc formation in suspended growth systems of heterotrophic bacteria
with algae have been systematically reviewed (de Schryver et al., 2008). Although the
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aim was to optimize the nutritional value and morphological characteristics for use as
feed for aquaculture systems, such knowledge is applicable in conventional wastewater
treatment, e.g. for improving sludge settle-ability as well as subsequent resource recovery
applications. Sludge settle-ability in IFAS processes has been reported to be lower
compared to suspended growth processes (Kim et al., 2010). Interestingly, this was
correlated to lower poly-phosphate content of the suspended relative to the attached
phase, suggesting that the addition of IFAS media had a detrimental effect on EBPR.
The last publication in this cluster reviewed the deployment of quantitative image
analysis techniques for biomass characterization, with particular focus on identifying
intra-cellular polymers involved in EBPR, notably poly-P, PHA and glycogen, and later
on the microorganisms themselves via hybridization with fluorescent probes (Mesquita
et al., 2013).

Cluster J: Biological phosphorus removal with pure cultures of Acinetobacter
Although the role of Acinetobacter in full-scale EBPR processes has been a subject of
considerable debate, some research has focused on the attachment of pure cultures of A.
calcoaceticus (Hrenović et al., 2003) and A. junii (Srivastava and Srivastava, 2006) on
natural zeolite as a biofilm to improve P-removal.

Cluster K: Biological nutrient removal from aquaculture wastes The deteriora-
tion of water quality due to excessive nutrient loading is of great concern in recirculating
aquaculture systems, where P introduced in the feed is discharged with the organic
solids and aqueous effluent. The oldest publication (Barak and van Rijn, 2000) presented
evidence of denitrifying bacteria capable of storing poly-P, although not PHA, where
simultaneous N and P-removal occurred under completely anoxic conditions. P-content
was as much as 11.8 % of the dry weight, which is inline with values reported for typical
PAO. Although a number of different configurations have been compared (Lennard and
Leonard, 2006), the expression of poly-phosphate related genes via meta-transcriptomics
showed that it was sulfur-oxidizing bacteria rather than PAO that stored and hydrolyzed
poly-P upon exposure to anoxic or sulfidic conditions, resulting in phosphate mineral
formation (Jones et al., 2016). As such, P-removal from recirculating aquaculture
systems seems to be due to biologically-induced precipitation rather than EBPR.

Cluster L: Design, manufacture and application of micro-electrode sensors
Probing at different depths of a biofilm, micro-scale sensors revealed a delay between the
beginning of the aerobic phase and the start of nitrification hypothesized as being due
to competition between PAO and nitrifying bacteria for oxygen (Gieseke et al., 2002).
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As such, in addition to the availability of carbon substrate, successful nitrification with
EBPR was found to depend on a sufficiently long aerobic period to establish a nitrifying
population.

2.3.5 Perspectives on applying the framework to conduct a literature
review of EBPR

In this section we produced a bibliometric analysis and a review of the EBPR research
domain, based solely on publications selected using the indicators developed in section
2.2. The initial clustering coupled with the keyword analysis allowed us to gain an
immediate insight into the different research topics within EBPR. Analysis of citation
profiles and dates of publication provided information on the temporal distribution of
each topic and on whether they were declining or emerging. The number of highly-cited
publications also indicated their overall impact. In each cluster, selecting only the
most highly-cited publication each year and briefly analyzing their title, abstract and
conclusions was sufficient to tell a fairly accurate story of the key developments of EBPR
in its 40 years of history. Although the final content evaluation needed to be done
manually, exercising a certain degree of critical sense, the number of selected publications
constituted less than 5 % of the original corpus. The same result would not have been
possible by selecting the most cited publications in EBPR, due to the inevitable bias
towards specific topics that have garnered more interest, e.g. cluster C, as well as by
older publications that have had more time to accumulate citations, e.g. cluster A.
Finally, the flow of information between clusters - how the topics evolved chronologically
and inter-topically - could be inferred from the distribution of citations between different
clusters.

One complication in the automated selection of key publications for review was the
inclusion of papers seemingly unrelated to EBPR research, featuring e.g. phosphate
adsorption (Oguz, 2005, cluster G) or a review of mathematical models of the human
gut ecosystem (Bucci and Xavier, 2014, cluster E). Such publications did not feature any
of the search terms applied in section 2.2.1, in either the title, abstract or keyword fields.
This distortion was found to be due to the KeyWord Plus feature (Clarivate Analytics,
2018b) which artificially tagged papers with keywords not listed by the original authors.
This was intended to uncover publications that otherwise may not have been found due
to changes in the use of scientific terms. Nevertheless, this feature does have merits, as
exemplified by the contributions to metagenomic approaches applied to AS in cluster C
(Albertsen et al., 2013, 2015). As there is no simple means to exclude results retrieved
by KeyWord Plus terms, care must be exercised in the initial corpus assembly.
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It must also be acknowledged that while clusters obtained via BC exhibited the
highest degree of topical cohesion, the separation was not perfect. For instance, an
article investigating the effects of titanium dioxide nano-particles on community shift in
AS (Zheng et al., 2011) was allocated to the topic of VFA generation from WAS (cluster
F) instead of cluster G which dealt with community composition. It is possible that this
was due to the consideration of enzymatic activity in addition to microbial community,
as is common in publications related to fermentation processes for VFA production.
Likewise, an investigation of the inhibitory effect of free nitrous acid (FNA) (Pijuan
et al., 2010) was allocated to cluster D rather than with the other publications dealing
with inhibition of P-uptake by nitrification-denitrification intermediates in cluster F.
It could be argued that this was due to FNA inhibition of PAO metabolism being an
important factor in their competition with GAO. The seemingly erroneous allocation
may thus be attributed to topical overlap between two clusters.

Despite these challenges, the overall review is able to accurately describe, to our
knowledge, the history of EBPR throughout its lifetime. In addition, while this framework
was applied with the aim of presenting a review of key events, it can be adapted to
suit other purposes. Each cluster can be subjected to further clustering to investigate
sub-topics in greater depth. For instance, in our case cluster D could have been further
subdivided to reduce the overlap between publications related to PHA production in
mixed cultures and those that consider only the competition between PAO and GAO in
EBPR systems. This would be particularly relevant in research areas with much larger
volumes of publications. Further, the threshold definition may be varied in order to
expand or contract the selection of highly-cited publications designated for review in
each cluster. For instance, one may decide to review only the top cited publication in 5
year moving intervals, or alternatively select 5 publications in each year, allowing for a
much higher level of resolution.

Conclusions

This work proposed a framework for facilitating the selection of articles when conducting
a literature review based on the combination of bibliometric techniques and other
indicators applied to EBPR. In section 2.2, two clustering techniques were compared,
bibliographic coupling and co-citation, with the former yielding the best results. The
framework also included the use of keyword analysis, citation profiles, statistical analysis
of dates of publication and benchmarks of citation counts as indicators to measure impact
in the form of popularity, temporal trends and patterns in the flow of information. The
fact that all this information can be statistically retrieved as opposed to relying uniquely
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on expert judgment, is the main advantage of using this framework for newcomers to a
certain research field or even for experienced researchers to obtain a more systematic
perspective. As a result of the framework, in section 3, twelve clusters were obtained,
each equivalent to a topic under the umbrella of EBPR and a literature review was
produced based on less than 5% of the size of the original EBPR corpus, meaning a less
time-consuming approach.

The research domain of EBPR evolved in two principal ‘waves’: (1) correlation of
operational conditions with process performance, theoretical frameworks for mechanisms
and the identity and competition between the responsible organisms; (2) EBPR process
intensification, optimization and further justification for the technology. Some topics are
in decline, e.g. early developments of theoretical frameworks, metabolism of organisms
relevant to EBPR, EBPR combined with MBR, and a number of smaller clusters on
the characterization of AS flocs and the attachment of Acinetobacter on natural zeolite.
Other topics are emerging, e.g. VFA production from WAS for simultaneous N and
P-removal, P-recovery for the circular economy, and aerobic granular sludge for better
treatment efficiency and process stability. Although BNR from aquaculture wastes
is also an emergent area of research, P-removal was a result of biologically-induced
precipitation rather than EBPR. Topics which have had the highest impact include the
genetic profiling of microbial communities in EBPR systems, the competition between
PAO and GAO, VFA generation and P-recovery from WAS, as well as EBPR using
aerobic granules.

The development and application of this framework to conduct a literature review of
EBPR achieved two main outcomes. First, we provided insights into the evolution of
a multi-disciplinary area of research, detected its emerging areas and outlined the key
events throughout its development. Second, with increasing rates of scientific publication
and information dissemination, we hope to have contributed a step in the direction of
systematic and automated curation of knowledge repositories.
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Commentary

The work presented in Chapter 2 proposed a framework by which the selection of articles
for literature review could be automated, minimising the need for a priori knowledge in
the literature review process using bibliometric methods (objective 1a). This framework
was applied to gain high level insight into the field of EBPR research, including its
historical development and constituent sub-topics (objective 1c).

Co-citation and bibliographic coupling were evaluated as citation relationships
between the publications based on their ability to to organise the literature into topically
distinct clusters (objective 1b). Although bibliographic coupling was found superior in
with respect to the EBPR domain, it is possible for co-citation to yield better topical
separation when applied to other fields of research, due to differences in the underlying
citation patterns. For this reason, rather than a formulaic approach, the framework
adopted a number of numerical criteria, such that both co-citation and bibliographic
coupling, as well as other citation relationships could be tested to obtain the most
topically distinct publication clusters irrespective of the set of publications of interest.
This could include disparate research areas, or even a previously identified sub-set of
publications in a wider field, e.g. to increase the literature search resolution.

The framework was applied to identify publication sub-sets relevant to uncertainties
between input factors, microbial community composition and EBPR performance in
clusters A, D and C respectively (objective 1d). Relevant data linking input factors
(operational conditions, environmental conditions, influent characteristics) with PAO
relative abundance and P-removal performance (research question Q1), as well as
stoichiometric and kinetic parameters were extracted for use in the formulation, input
factor uncertainty assessment, calibration and confirmation of metabolic models (research
question Q2), as presented in chapters 3-5.
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Preface

The work presented in Chapter 3 addresses the uncertainty concerning the effect of
input factors on the observed stoichiometric and kinetic parameters, including how this
uncertainty translates into uncertainty with respect to predictions of PAO conversions
using metabolic models (research questions Q2 and Q3). Metabolic models represent
the amalgamation of current knowledge concerning the metabolism of a given organism.

However, a wide range of values have been observed with respect to the inputs
required for model initialisation. Even accounting for variations in stoichiometric yields
owing to the potential for metabolic shift, each EBPR reactor, and even the same reactor
at different sampling points in time have been demonstrated to require (re-)calibration
of the kinetic parameters in order to fit model predictions with concentration profiles in
batch tests. For this reason, metabolic models have thus far been used for validation
and interpretation of experimentally observed results, rather than to predict EBPR
performance for process design and/or optimisation.

One of the main barriers to the use of metabolic models for prediction is the unknown
impact of uncertain input parameters on the accuracy of model predictions. To address
this concern, data extracted from publications identified using the framework presented in
Chapter 2 were used to formulate a metabolic model for Accumubacter PAO (objectives
2a and 2b). Then, an uncertainty analysis was carried out to characterise the input
uncertainty based on experimentally measured or estimated values in different cultures
enriched in SBRs to determine the level of confidence that could be attributed to
model predictions (objective 2c). Using the results from the uncertainty analysis, a
global sensitivity analysis was carried out to identify the parameters whose reduction in
uncertainty would lead to the greatest return on investment in terms of ameliorating
model prediction accuracy (objectives 2d and 2e). This information is important for
model-based design and optimisation of EBPR processes, as well as to guide experimental
work and model development (objective 2f).
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Abstract

The aim of this study was to identify, quantify and prioritise for the first time the sources
of uncertainty in a mechanistic model describing the anaerobic-aerobic metabolism of
phosphorus accumulating organisms (PAO) in enhanced biological phosphorus removal
(EBPR) systems. These wastewater treatment systems play an important role in
preventing eutrophication and metabolic models provide an advanced tool for improving
their stability via system design, monitoring and prediction. To this end, a global
sensitivity analysis was conducted using standard regression coefficients and Sobol
sensitivity indices, taking into account the effect of 39 input parameters on 10 output
variables. Input uncertainty was characterised with data in the literature and propagated
to the output using the Monte Carlo method. The low degree of linearity between input
parameters and model outputs showed that model simplification by linearisation can be
pursued only in very well defined circumstances. Differences between first and total-order
sensitivity indices showed that variance in model predictions was due to interactions
between combinations of inputs, as opposed to the direct effect of individual inputs.
The major sources of uncertainty affecting the prediction of liquid phase concentrations,
as well as intra-cellular glycogen and poly-phosphate was due to 64% of the input
parameters. In contrast, the contribution to variance in intra-cellular PHA constituents
was uniformly distributed among all inputs. In addition to the intra-cellular biomass
constituents, notably PHB, PH2MV and glycogen, uncertainty with respect to input
parameters directly related to anaerobic propionate uptake, aerobic poly-phosphate
formation, glycogen formation and temperature contributed most to the variance of all
model outputs. Based on the distribution of total-order sensitivities, characterisation of
the influent stream and intra-cellular fractions of PHA can be expected to significantly
improve model reliability. The variance of EBPR metabolic model predictions was
quantified. The means to account for this variance, with respect to each quantity of
interest, given knowledge of the corresponding input uncertainties, was prescribed. On
this basis, possible avenues and pre-requisite requirements to simplify EBPR metabolic
models for PAO, both structurally via linearisation, as well as by reduction of the number
of non-influential variables were outlined.

138



3.1. Introduction

3.1 Introduction

Enhanced biological phosphorus removal (EBPR), a variation of conventional Activated
Sludge (AS), is a widely employed technology to remove phosphorus from wastewater.
This prevents eutrophication in waterways due to the excess of nutrients (Metcalf and
Eddy, 2003; Oehmen et al., 2007). By engineering alternating anaerobic and aerobic
conditions, the resultant community of phosphorus accumulating organisms (PAO)
assimilates phosphorus from the bulk liquid phase by intra-cellular accumulation as poly-
phosphate (poly-P). Under stable operation, EBPR installations have been demonstrated
to achieve very high phosphorus removal efficiencies, with effluent phosphate (PO4)
concentrations as low as 0.5 mg/l (Lopez-Vazquez et al., 2008b).

However, EBPR is known to suffer from operational instabilities from causes which
are not completely understood. The deterioration of P-removal performance is often
attributed to the proliferation of glycogen accumulating organisms (GAO), which do not
directly contribute to phosphorus removal yet compete with PAO for carbon sources, e.g.
volatile fatty acids (VFA). In an effort to suppress their growth, different studies have
investigated factors that influence the competition between these organisms, e.g. the
carbon source (Pijuan et al., 2004; Oehmen et al., 2005b), pH (Filipe et al., 2001a,b,c),
temperature (Whang and Park, 2006; Lopez-Vazquez et al., 2008a), the P/C ratio in the
influent (Liu et al., 1997) and the aeration levels (Carvalheira et al., 2014a). Metabolic
models, generally a more detailed approach than conventional activated sludge models
(ASM), can be used to effectively describe their metabolisms and thus consider the effect
of these factors on the competition between PAO and GAO.

Metabolic models offer a way to integrate information from various sources within
a common mathematical framework. They describe and predict the metabolism of
key organisms relevant to EBPR on a mechanistic basis. The EBPR metabolic model
stemmed mainly from the work of Smolders et al. (1994), describing the anaerobic
metabolic pathways of PAO. It has since grown to include the aerobic (Smolders et al.,
1995) and anoxic (Kuba et al., 1996b) metabolisms of Accumulibacter PAO, as well
as that of Competibacter and Defluviicoccus-related GAO (Filipe et al., 2001a; Zeng
et al., 2003b; Oehmen et al., 2005b). These models have also expanded to include the
effects of carbon source, temperature and pH (Oehmen et al., 2006b, 2005c; Lopez-
Vazquez et al., 2009). Interfaced with ASM, they have been successfully used to describe
the performance of full-scale EBPR installations (van Veldhuizen et al., 1999; Meijer
et al., 2001). Furthermore, they offer a means with which to test hypotheses concerning
microbial ecology and explore their population dynamics under multi-parametric settings,
e.g. as conducted by Lopez-Vazquez et al. (2009) between PAO and GAO, as well as
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within their respective sub-groups, e.g. in Oehmen et al. (2010b) between Accumulibacter
PAO clades I and II.

In recent years, the application of advanced molecular techniques has led to a more
comprehensive understanding of both the metabolic activity and phylogenetic diversity
(Oehmen et al., 2007), e.g. differing capacities of PAO clades for denitrification (Zeng
et al., 2003c; Flowers et al., 2009; Oehmen et al., 2010b), utilisation of the TCA cycle to
supply reducing power for PHA formation (Lanham et al., 2014) or shift to glycolysis-
driven VFA uptake (Acevedo et al., 2014). Consequently, the complexity of metabolic
models, in terms of stoichiometric and kinetic descriptions of the underlying processes,
as well as the number of different organisms to account for, has been on the rise. This
trend is set to continue with the incorporation of newly-recognised putative PAO and
GAO, e.g. Tetrasphaera (Maszenan et al., 2000), more detailed characterisation of
GAO metabolisms, namely glycolysis pathways and VFA-uptake mechanisms, as well as
correct differentiation of alternative metabolic pathways from the presence of different
bacterial strains (Oehmen et al., 2010a).

This ever-increasing complexity and sprawling-nature of metabolic models must
however be justified, given the level of detail and number of organisms already described.
Variations in model predictions could be exacerbated by uncertainty associated with
the input parameters (Sin et al., 2005). Therefore, this work seeks to address for the
first time, in a comprehensive way, the subjective uncertainty in metabolic models for
EBPR, i.e. that arising from incomplete knowledge about the true value of the model’s
input parameters, by performing a global sensitivity analysis (GSA) to determine the
key parameters that influence their predictions.

Although previous studies reported local sensitivity analyses, such procedures consider
the variation of different input parameters only one at a time and typically at the same
initial conditions, e.g. in Lopez-Vazquez et al. (2009), Oehmen et al. (2010b) and
Lanham et al. (2014). As such, they do not account for interactions between different
sources of uncertainty, apart from the case of simple linear models (Saltelli et al., 2006).
In contrast, GSA seeks to ascertain the relative importance of key processes and/or
parameters driving the output dynamics of the overall system by perturbating all inputs
simultaneously. It has been used effectively in areas of risk assessment (Mokhtari and
Frey, 2005), experimental design (Kent et al., 2013) and model development (Sin et al.,
2009a) applied to biochemical systems.

GSA provides a basis for the justification (or rejection) of previous assumptions
regarding the estimation of input parameters during model calibration, thereby generating
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feedback with which to improve existing model formulations. Most importantly, GSA
enables meaningful comparisons of different model formulations by decoupling uncertainty
in the required input parameters from the heterogeneity in the calibration procedure,
allowing for meaningful comparisons of different metabolic models. In this study,
a mechanistic model was developed to integrate available knowledge concerning the
metabolism of Accumulibacter PAO in anaerobic-aerobic EBPR systems. Given the
model’s complexity, underlying assumptions and uncertainty of the true value of its
various input parameters, a GSA was conducted by simultaneous perturbation of all
input parameters.

First, standardised regression coefficients (SRC) (Saltelli et al., 2008) were determined
from the ordinary least squares (OLS) method using linear regression on the output
of Monte Carlo simulations. Alternative regression methods, e.g. step-wise, ridge or
least absolute shrinkage and selection operator (LASSO) were considered, owing to
the additional step of selecting predictor variables that aid in the interpretation of
the fitted model (Tibshirani, 1996). Nevertheless, regression by OLS was chosen as
the most fit-for-purpose, given that (1) sampling of the input parameter space was
randomised (low collinearity), (2) the overall number of sample points was large relative
to the number of predictor variables, and (3) the consequences of over-fitting were
negligible, thereby negating the advantages of more sophisticated methods (Melkumova
and Shatskikh, 2017).

SRC results were complemented with sensitivity indices obtained via the Sobol
method for variance decomposition to investigate non-linear interactions (Sobol, 2001).
Furthermore, Sobol sensitivity indices were also computed to determine the combined
influence of multiple-inputs to reveal higher-order interactions (Saltelli et al., 2008).
Although alternative variance-based methods are available, e.g. the Fourier amplitude
sensitivity test (FAST), which can be computationally more efficient, the Sobol method
was selected on account of being more robust, particularly for the determination of
total-order sensitivities (Saltelli and Bolado, 1998).

The contribution of each input parameter’s uncertainty on the variance of model
outputs was then calculated. In this way, input parameters that most significantly affect
the model output were identified. Opportunities for factor fixing and model simplification
were investigated, in view of reducing the complexity of existing models, thereby
facilitating parameter estimation and their integration within the ASM framework.
This would ensure that the limitations and uncertainty intervals of current metabolic
models would be better understood. In addition, it can flag key parameters that carry
the greatest uncertainty, which would need careful measurement or further experimental
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investigation. Models would become more applicable to the general case rather than
being specific to any particular experimental design, which could significantly improve
their homogeneity and applicability. This would lead to improved efficiency and reliability
of EBPR, an important pollution control and resource recovery technology.

3.2 Materials and Methods

3.2.1 Model Construction, Evaluation and Analysis Environment

Data processing and analysis were done in the Python programming language, ver 3.7.
This included: (1) characterisation of input uncertainty, (2) sampling from the space of
input factors, (3) propagation of input uncertainty to the output and (4) quantifying
the contribution of input uncertainty on the variance of model outputs. Where possible,
parts of the implementation were adapted from SALib ver 1.1.2 (Herman and Usher,
2017). Python script files can be made available upon request.

3.2.2 Model Description

The model described the anaerobic-aerobic metabolism of Accumulibacter PAO. Stoichio-
metric and kinetic dependencies on the carbon source as acetate (HAc) and propionate
(HPr) were implemented according to (Smolders et al., 1995) and Oehmen et al. (2005b)
respectively. Modifications to the maximum substrate uptake rates were implemented
in accordance with Carvalheira et al. (2014b). The dependence of intra-cellular poly-
hydroxyalkanoate (PHA) formation on carbon source followed that of Zeng et al. (2003b).
Temperature dependencies were accounted for as described in Brdjanovic et al. (1997).
The effect of pH on stoichiometric yields and kinetics was implemented in line with
Filipe et al. (2001b) and Filipe et al. (2001c) respectively. Sequential maintenance on
PHA, glycogen and poly-P followed Lanham et al.’s (2014) formulation.

Overall, the model tracked one 5h operational cycle, split between an anaerobic
and aerobic phase of equal duration, supplied with a mixture of HAc and HPr. These
included 4 dissolved components in the bulk liquid phase: O2, HAc HPr and PO4.
It also accounted for the concentration of PAO biomass, alongside its intra-cellular
storage compounds: poly-β-hydroxybutyrate (PHB), poly-β-hydroxyvalerate (PHV),
poly-β-hydroxy-2-methylvalerate (PH2MV), glycogen and poly-P. The process of biomass
growth was described as the difference between total PHA degradation and that used
for the replenishment of poly-P and glycogen reserves (Murnleitner et al., 1997; Lopez-
Vazquez et al., 2009). In aggregate, the model consisted of 10 components and 10 kinetic
processes (see Appendix 1 and 5).
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3.2.3 Characterisation of Input Uncertainty

A total of 39 input parameters were considered. These were allocated into four cate-
gories for analysis: metabolic parameters, kinetic parameters, Arrhenius temperature
coefficients and initial conditions. Metabolic parameters included: the ATP requirement
for biomass synthesis from Acetyl-CoA (K1) and Propionyl-CoA (K2), the yield of ATP
per unit of NADH2 oxidised (δ), the phosphate transport coefficient (ε) and the half-
saturation constants (KHAc, KHPr, KPO4

, KPHA, KGly, K fPHA
, KPP). Kinetic parameters

included the maximum specific rates of anaerobic HAc (qHAc) and HPr (qHPr) uptake,
the anaerobic maintenance coefficient (mATP, an), as well as the rates of aerobic PHA
degradation (qPHA), glycogen production (qGly), poly-P formation (qPP) and the aerobic
maintenance coefficient (mATP, ox). The maximum intra-cellular fractions of glycogen
(fGly,max) and poly-P (fPP,max) were also regarded as kinetic parameters. Arrhenius
temperature coefficients included those corresponding to the effect of temperature on:
anaerobic uptake of HAc and HPr (θqVFA), anaerobic maintenance (θmATP, an), as well as
aerobic PHA degradation (θqPHA), glycogen production (θqGly

), poly-P formation (θqPP)
and aerobic maintenance (θmATP, ox). Finally, initial conditions, i.e. the total concentra-
tion of carbon sources SVFA, i and the corresponding fraction of HAc (rHAc/HPr, i) in the
influent, the ratio of PO4 to carbon (rP/C, i), the initial biomass concentration (XPAO, i),
as well as the intra-cellular fractions of PHA (XPHB, i, XPHV, i, XPH2MV, i), glycogen
(XGly, i) and poly-P (XPP, i) were also taken into consideration. As the distribution from
which the input parameters were sampled was not uniform, readers are directed to the
Supporting Materials section for a detailed account.

Input uncertainty was characterised by systematic review of quantities whose values
had been measured or otherwise estimated from experimental data in the literature.
Each parameter was considered a random variable that followed a uniform distribution
between a minimum and maximum value of a and b respectively. These ranges were
selected based on the degree of variation, var, around the average, xmean. Variability
was scaled to reflect the number of data reported in the literature, as 50%, 25% or
5% for 1, less or equal to 10, or more measurements respectively. To ensure that the
range extended at least to the limits found in the literature, the minimum value in the
collected data was taken as the lower bound a if it was smaller than that determined
using var. The upper bound was selected in a similar manner, as defined by equations
3.1 and 3.2.

a = min((1− var)xmean, xmin) (3.1)
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b = max((1 + var)xmean, xmax) (3.2)

To conform to bounds within which the model has been experimentally validated,
temperature was sampled between the limits of 10 to 30°C, and pH was sampled
between 6 to 7.5. To reflect the nature of knowledge completeness regarding the value
of parameters where sufficient experimental data could be obtained (i.e. > 50 points),
the data was fitted to the Erlang distribution.

Model inputs were generated via Monte Carlo sampling, where each Xi constituted
a set of input parameter values with which to evaluate the model:

Xi = [x1,i, x2,i, ...xK,i] for i = 1, 2, ...N (3.3)

where N is the total number of samples. Initial concentrations in the bulk liquid phase,
biomass and intra-cellular components were also included as part of the input uncertainty,
given that characterisation of the influent to a sufficient level of detail is a known obstacle.
In this sense, the initial concentrations of HAc, HPr and PO4 were derived as ratios from
the total concentration of carbon substrate. Intra-cellular fractions of PHB, PHV and
PH2MV were sampled according to the Dirichlet distribution, in order to ensure that
their sum would be equal to the total PHA fraction, which itself followed the uniform
distribution. The implementation was based on Saltelli et al.’s (2008; 2010a) extension
of Sobol sequences to generate quasi-random points.

The N×M dimensional matrix of inputs, where M is the total number of parameters
was propagated via the metabolic model, yielding a three-dimensional matrix of outputs
YT×K×N , where T is the number of time steps and K is the number of output variables.
The mean of the concentration profile over one cycle was calculated, as the methods for
quantifying the sensitivity indices required scalar values.

3.2.4 Sensitivity Analysis Measures

Standard Regression Coefficients

Standard regression coefficients were obtained by performing a series of linear regressions
on data from the matrix of inputs and each column of the output matrix:

yi,k = bm +
M∑

m=1

bm,kxi,m + ϵi,k for i = 1, 2, ...N and k = 1, 2, ...K (3.4)
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where yi,k is the vector of values corresponding to the kth output variable, bm,k is the
coefficient of the mth input parameter, xi,m is the value of the mth parameter and ϵi,k

is the residual error. As shown in Equation 3.5, the standard regression coefficient
βm,k, i.e. the effect of parameter m on output k, relative to all other parameters,
was determined by scaling the input and output values by their respective means and
standard deviations:

yi,k − µk

σk
=

M∑
m=1

βm,k
xi,k − µm

σm
+ ϵi,k (3.5)

Sobol Method for Variance Decomposition

The variance observed in the output can be expressed as the sum of variances of individual
parameters and their combinations, as shown in Equations 3.6 to 3.8 (Saltelli et al.,
2008):

V ar(Y ) =
M∑
i=1

Vi +
M∑
i<j

Vij + ...+ V1,2,...,m (3.6)

Vi = VXi(EX i(Y |Xi)) (3.7)

Vij = VXij (EX∼ij (Y |Xi, Xj))− Vi − Vj (3.8)

where V ar(Y ) is the overall variance of the output, Vi is the variance of the input
parameter i and Vij is the partial variance of parameters i and j. Xi denotes the set
values taken by parameter i, and X∼i denotes the set of values taken by all parameters
except i.

Si =
Vi

V ar(Y )
(3.9)

ST i =
EX∼i(V ar(Y |X∼i))

V ar(Y )
= 1− V arX∼i(EXi(Y |X∼i))

V ar(Y )
(3.10)

From this, the first-order sensitivity index, also referred to as the ‘effect’ of a given
parameter i, can be calculated as shown in Equation 3.9. The total effect of parameter i,
including the direct and interactions with other parameters can be expressed according
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to Equation 3.10. Numerical estimation of the first and total-order Sobol indices was
implemented according to (Saltelli et al., 2010a).

3.3 Results

3.3.1 Quantification of Output Uncertainty Using Monte Carlo Simu-
lations

A comprehensive literature review was conducted on relevant articles from 1993 to 2017
to characterise the variance of experimentally measured (or indirectly estimated from
experimental data) values of the input parameters necessary to initialise the metabolic
model. As shown in Figure 3.1, both the abundance and the minimum and maximum
range of the data varied considerably from one parameter to another. Note that Figure
3.1 only shows the variation of input parameters that have been reported in the literature,
and does not include (single) point values, e.g. the ATP yield per unit of biomass on
Propionyl-CoA (K2) and the half-saturation constant for propionate uptake (KHPr), nor
the characteristic variation of initial conditions. The underlying data was normalised by
subtracting the mean and dividing by the corresponding standard deviation to illustrate
the variance, rather than the difference in magnitude. In general, more complete data was
obtained for kinetic parameters, namely the maximum specific rates of anaerobic HAc
uptake (qHAc) and aerobic Poly-P formation (qPP), for which 33 and 90 measurements
were reported respectively.

Only 2 measurements were available for the Arrhenius temperature coefficients, as
only two studies have quantified the short and long-term temperature dependencies
(Brdjanovic et al., 1997, 1998). The sparsity of data for the half-saturation coefficients
results from the fact that the same values have been reused in nearly all previous
studies concerning EBPR metabolic models. This is likely due to the assumption
that, as in ASM models, they do not deviate to any appreciable extent. In the case
of metabolic parameters, namely the yield of ATP per unit of NADH2 (δ) and the
phosphate transport coefficient (σ), the small number of measurements likely arises
from the difficulty in measuring these quantities experimentally. While another factor
may be that their deviation from the mean has had no appreciable effect on model
predictions, as demonstrated in Zeng et al. (2003b), this conclusion was drawn from a
local sensitivity analysis. Whether this conclusion holds for initial conditions other than
those applied in the aforementioned study has yet to be determined.
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Figure 3.1: Variation in the measured or predicted values of the input parameters
normalised by their respective mean and standard deviation. The boxplot includes the
normalised median (red horizontal line within the box), interquartile range (IQR), i.e.,
from the 25th to the 75th percentile (box), 1.5 times the lowest and highest percentiles
(whiskers) and the number of observations (upper x-axis).

Once characterised, the input uncertainty was propagated through the model to
obtain a set of concentration profiles for each permutation of input parameters and initial
conditions. Figure 3.2 shows a subset obtained by varying the input parameters, while
holding the initial conditions constant to illustrate the variance in model predictions due
to input uncertainty. Specifically, the total concentration of VFA (SVFA, i) in the influent
was 1.5 C-mmol/l, the ratio of HAc to HPr (rHAc/HPr, i) was 0.67, and the ratio of PO4

to VFA (rP/C, i) was 1.5. The initial concentration of biomass was 4.43 C-mmol/l, and
the initial fractions of PHA (XPHA, i), glycogen (XGly, i) and poly-P (XPP, i) were 0.14,
0.36 and 0.3 respectively in the first part of this study. When HAc and HPr were not
fully consumed in the anaerobic phase, the model disregarded aerobic consumption of
carbon substrates, so as not to influence the model outputs with other aerobic processes
due to aerobic consumption of VFA.

The uncertainty of model predictions varied from one output variable to another. In
addition, the output variance was also dependent on time, in line with changing redox
conditions. Most notably, the concentration of biomass was insensitive to any input
uncertainty in the anaerobic phase, since according to the model no growth is expected
in these conditions, but diverges significantly in the aerobic phase. A similar trend was
observed for concentration profiles of intra-cellular glycogen (XGly).
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Figure 3.2: The variance of model predictions given the uncertainty of the input
parameters for one set of initial conditions in a 5h anaerobic-aerobic cycle (2.5h each).
Mean of the concentration profile is highlighted in red.

The intra-cellular concentrations of PHV and PH2MV were less sensitive in the
anaerobic compared to the aerobic phase, whereas the concentration of PHB showed
greater variance in both redox environments. However, it must be noted that PHB was
also the most abundant fraction of intra-cellular PHA, and one that results from the
metabolism of both HAc and HPr, whereas PHV results mainly from the metabolism
with HPr. Consequently, the low variance in the final value of PHV and PH2MV at the
end of the anaerobic phase was likely due to these factors aggravated by the lower SHPr, i.
Likewise, the lower variance at the end of the aerobic phase results from the near complete
depletion of all PHA components. As shown in Figure 3.2, the final concentration of
PHV and PH2MV in the majority of simulations was below 0.1 C-mmol/l.

The mean (over time) of the PAO output concentration profiles for each complete
anaerobic-aerobic cycle are summarised in the form of histograms in Figure 3.3. These
were obtained by taking into account the uncertainty associated with the input parameters
alongside the initial conditions, e.g. concentration of carbon sources in the influent, the
prevailing temperature, pH and the starting content of intra-cellular polymers in the
biomass cells, for a total of 164,000 input samples. While there is considerable variance
for all model outputs, the distribution of the concentrations of carbon compounds
(extra-cellular VFA and intra-cellular PHA) were skewed toward the lower end while
the rest were centered around a particular mean. The mean concentration profiles of
phosphate in the bulk liquid phase and biomass were subject to the highest degree of
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variance, whereas the concentrations of intra-cellular PHV, poly-P and PH2MV deviated
the least under different permutations of input parameters. The mean intra-cellular
poly-P concentration (XPP) was the only variable with a bi-modal distribution, with a
value near zero in over half of the outcomes. Based on the skewness of the final outcomes,
it can be expected that the coefficient of determination, as a proxy of the validity of
SRC, would also suffer.
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Figure 3.3: Distribution of the average PAO model predictions over one cycle for each
output variable obtained via Monte Carlo simulations. µ and var indicate the mean
and variance of the output respectively. The y-axis indicates the fraction of occurrences
corresponding to a particular outcome from 0 to 1.

3.3.2 Sensitivity Analysis

First-order effects

Two methods were used to assess the first-order effects of each input parameter on the
output parameters: estimation of SRC and the Sobol method for variance decomposition.
Unlike local sensitivity analyses, these methods assess the effect of a given input parameter
on an output variable under all possible permutations of different inputs.

For a linear model, the square of the SRC, i.e. β2, would be equal to the corresponding
first-order index obtained via the Sobol method (see Section 2.3.2). The value of β
lies between -1 and +1, indicating both the direction as well as the magnitude of the
effect of a given input parameter on the output variable. However, the robustness of
this sensitivity measure is dependent on the degree of linearity between the input with
respect to the output. As such, the validity of SRC as an estimate of the first-order
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effect depends on the coefficient of determination (R2). As a rule of thumb, this value
should be ≥ 0.7 for the variance of the output variable to be sufficiently correlated to
the variance of the input parameter (Campolongo and Saltelli, 1997). Although the sum
of all β2 with respect to a given output for a linear model would be equal to 1, owing to
the non-linear form of the underlying equations in this work, it was expected to be less
than one (Saltelli et al., 2008).

Figure 3.4: Heatmap of the SRC and first-order Sobol indices for PAO-related input
parameters. Rows indicate output variables, whereas columns indicate input parameters.
SRC values are located in the lower-left triangle. The first-order Sobol index is in the
upper-right triangle. The cut-off value to display the sensitivity index was 0.05.
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Figure 3.4 compares the β2 coefficients and first-order Sobol sensitivity indices as
estimates of the direct effect of each input on a given output. The higher the value of
the index, the higher the effect of that input parameter on the corresponding output
parameter relative to the other inputs. Specifically, the Sobol index indicates the relative
degree of output variance that arises from the uncertainty of the input in question. The
input parameters were listed in order of greatest to lowest influence on the model output
uncertainty, reading from left to right. Likewise, the output variables were ordered from
most to least uncertain, reading from top to bottom.

The first-order Sobol index was found to be greater than that of the SRC in every
instance. This was in line with expectations, as the calculation of the first-order Sobol
index does not rely on the assumption of linearity, and is therefore able to capture
non-linear effects as well. Furthermore, the R2 corresponding to each output ranged
from only 0.006 to 0.018, indicating that SRC is not an appropriate sensitivity measure
for this metabolic model. This suggests that model simplification by linearisation of any
part of the system of differential equations by which model predictions are defined is
not a feasible option as long as accurate predictions are desired in the operating range
specified by the input uncertainty.

As shown by the first-order Sobol indices, the most influential parameters on the
prediction of concentrations in the bulk liquid phase were the initial concentration
of PAO biomass (XPAO, i) and the intra-cellular concentrations of PHA constituents
(defined in this study as fractions of the total initial PHA concentration, fPHB, i, fPHV, i

and fPH2MV, i), followed by that of intra-cellular glycogen (fGly, i). That the variance
of components in the liquid phase depends on the concentration of PAO is a given,
as the rate at which substrates are utilised is directly proportional to the number of
organisms. The importance of intra-cellular PHA and glycogen, particularly on the
prediction of dissolved oxygen (SO2

) and VFA concentrations is explained by their role
in the transport and storage of carbon sources to survive in alternating feast-famine
conditions, serving as sources of energy and reducing agents for substrate uptake, growth
and cell maintenance. Table 3.1 presents a more specific ranking of the influential input
parameters for each output.

Intra-cellular glycogen ranked highly for all liquid phase outputs apart from the
PO4 concentration. The lower influence of fGly, i on the prediction of SPO4

compared
to that of intra-cellular PHA can be explained by the degree of relatedness of the
processes in question. While PO4 uptake for poly-P formation under aerobic conditions
is directly dependent on intra-cellular PHA reserves, it is only indirectly dependent on
the intra-cellular glycogen concentration, where the availability of PHA is affected by
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glycogen content in the biomass for PHA formation in the preceding anaerobic phase.

Table 3.1: Input parameters ranked according to the most to the least influential with
respect to each of the model output variables, as determined by the first-order Sobol
sensitivity index. Input parameters whose sensitivity was lower than the average are not
shown.

SO2
SHAc SHPr SPO4

XPAO XPHB XPHV XPH2MV XGly XPP

fPH2MV, i fPHB, i fPHB, i pH fPH2MV, i fGly, i fPP,max qHAc fPHB, i fPHB, i

fPHB, i fGly, i SVFA, i XPAO, i fPP, i KPO4
θmATP, ox KfPHA

fPH2MV, i fPH2MV, i

fPP, i fPH2MV, i fPHV, i fPH2MV, i θqVFA θqPP rP/C, i fPP, i fGly, i θmATP, ox

XPAO, i rHAc/HPr, i fPH2MV, i fPHV, i fPHV, i θqVFA θqPHA rHAc/HPr, i fGly, i

fGly, i T XPAO, i rP/C, i fGly, i fPP,max qHAc XPAO, i θmATP, ox

fPHV, i SVFA, i rP/C, i qVFA pH qPHA KPO4
pH rHAc/HPr, i

pH fPHV, i fGly, i θmATP, ox θmATP, ox pH qPHA rP/C, i fPP, i

rP/C, i XPAO, i rHAc/HPr, i fPP, i fPHB, i KPHA T rP/C, i

mATP, ox fPP, i fPHB, i KO2 θqPP fPHV, i

rHAc/HPr, i θqVFA θqVFA fPHV, i qVFA SVFA, i

θqPHA T θqGly
qVFA

T KHAc mATP, ox θqVFA

pH fPP, i fPHV, i XPAO, i

θmATP, ox θqGly
fPP, i

qPHA qHAc fGly,max

fPP,max mATP, ox pH

qHAc qPP

θqPHA

KfPHA

KPP

ε

XPAO, i

rHAc/HPr, i

K2

fPHB, i

fPH2MV, i

θmATP, ox

The pH was highly influential with respect to the prediction of all liquid phase
concentrations, most notably that of SPO4

. The one exception was SHAc. While
seemingly surprising, as pH is linked directly to the amount of energy (ATP) required
to transport VFA across the cell membrane, this discrepancy could be explained by
its involvement in the stoichiometric yield of PHV and PH2MV formation (as opposed
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to the more straightforward conversion to PHB), in addition to glycogen and poly-P
degradation during anaerobic PO4 release in the presence of HPr. In contrast, the
stoichiometry with respect to anaerobic glycogen degradation is independent of pH when
HAc is the primary VFA.

Although temperature ranked among the most influential input parameters with
respect to the intra-cellular concentration of PHB (XPHB), SHAc and SHPr, it did not do so
consistently for the remaining outputs. As shown in Table 3.1, it is uncertainty regarding
the Arrhenius coefficients (θi) that drives the variance in model outputs in general.
When both temperature and Arrhenius coefficient are influential, with the exception of
SHAc, the Arrhenius coefficient is more important. Although seemingly surprising, given
comparable variances of their corresponding input uncertainties (50% around the mean),
this discrepancy may be due to the exponential form of the temperature dependence of
the kinetic processes. In general, the Arrhenius coefficient for VFA uptake (θqVFA), PHA
formation (θqPHA) and poly-P formation (θqPP) are more influential for all outputs. The
Arrhenius coefficient corresponding to aerobic maintenance (θmATP, ox) ranks notably
high with respect to the prediction of XPAO, the intra-cellular concentration of PHV
(XPHV), SPO4

and the concentration of intra-cellular poly-P (XPP).

Comparing first-order and total-order effects

The Sobol method decomposes the variance of the output variables (or sets of variables)
into fractions attributable to either individual input parameters or sets of inputs. Unlike
SRC, the resultant sensitivity indices take into account non-linear responses, as well
as interactions between different input parameters (Saltelli and Annoni, 2010b). The
total-order sensitivity index quantifies the aggregate influence of a given input parameter,
inclusive of its interaction with all other inputs on a given output variable.

As shown in Figure 3.5, the total-order sensitivity was found to be greater than that
of the first-order in all instances. This, coupled with the fact that the confidence interval
was on average approximately 8% of the sensitivity index, confirms that the total-order
indices were an accurate apportionment of the input uncertainties to the output variance
(Saltelli et al., 2010a). Although the relative influence of the input parameters on the
output variables was identical for both first and total-order sensitivities, the magnitude
of the effect was more pronounced in the latter. Whereas the first-order indices ranged
from 0 to 0.12, the maximum value of the total-order indices was 1. Differences between
the first and total-order sensitivities show that the major cause of variance in the model
outputs was not the uncertainty of individual parameters. Rather, it was the interaction
among the inputs, revealed by simultaneous perturbation of input parameters using the
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Monte Carlo method.

Figure 3.5: Heatmap of the first and total-order Sobol indices. Rows represent output
variables and columns represent input parameters. The first-order effect is in the lower-
left triangle. The total-order index is in the upper-right triangle. The cut-off values to
display the first and total-order sensitivities were 0.05 and 0.3 respectively.

As seen from the lower-right quadrant of Figure 3.5, the total effect of the half-
saturation constants for fPHA, PO4, O2, HAc, as well as the yield of ATP per unit of
biomass on propionyl-CoA (K2) and the aerobic phosphate transport coefficient (ε) on
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the output variables were relatively small. The exception to this trend were the intra-
cellular PHA concentrations: XPHB, XPHV and XPH2MV. However, as the distribution of
the total effect was relatively uniform beyond the limits of this quadrant, it was difficult
to assess opportunities for model simplification based solely on the raw values of the
Sobol indices. In contrast to the first-order sensitivities, it would no longer be feasible
to assign fixed values to the aforementioned input parameters, as their influence on the
concentration of intra-cellular PHA components are not negligible when higher order
interactions are taken into account.

Relative contribution of total effects

Although the total-order indices were large in many cases, their significance must be
taken in the context of the other parameters. It is known that for a linear model the sum
of the first-order Sobol indices must be equal to 1. Further, the first-order sensitivities
would be equal to the total-order ones in the absence of interactions. Based on this
notion, the total-order indices for each output variable were normalised such that their
sum would be equal to 1. The data was then separated according to four principal groups
of input parameters: (1) metabolic parameters, (2) kinetic parameters, (3) Arrhenius
temperature coefficients and (4) initial process conditions. The corresponding heat-maps
of the transformed total-order sensitivity indices for each group are shown in figures
3.6a through 3.6d. Table 3.2, discussed in Section 4, presents the most influential inputs
with respect to each output variable.

From Figure 3.6a, it can be seen that variance in the prediction of liquid phase
concentrations, i.e. SO2

, SHAc, SHPr, SPO4
and XPAO was due primarily to the uncertainty

of a subset of metabolic parameters. This is in contrast to variance in the prediction of
intra-cellular PHA concentrations, which were due to the uncertainty associated with
all metabolic parameters more evenly.

Similarly, the prediction of liquid phase concentrations was more sensitive to a
smaller subset of kinetic parameters than the prediction of intra-cellular components,
specifically the PHA constituents (Figure 3.6b). The largest difference between the
influential and non-influential parameters was found with respect to SHAc and SHPr.
This was in line with expectations, as the kinetics of anaerobic VFA uptake tend to be
the fastest in the metabolic model of interest. It was curious to note that the effect of
the maximum intra-cellular fraction of glycogen (fGly,max) was more influential than that
of poly-P (fPP,max) with respect to all outputs. This may be explained by the difference
in input uncertainty, as the reported values of fGly deviate more from each other among
the different studies.

155



Chapter 3. Global sensitivity analysis of PAO metabolic models

As shown in Figure 3.6c and by the ranking in Table 3.2, the most influential
temperature coefficients were those corresponding to anaerobic maintenance (θmATP, an),
aerobic poly-P formation (θqPP) and glycogen formation (θqGly

) respectively. The greatest
difference between the influential and non-influential parameters was with respect to the
VFA concentration in the liquid phase and the intra-cellular concentration of glycogen
(XGly).

Figure 3.6: Normalised total effect of the (A) half-saturation coefficients and metabolic
yields, (B) kinetic parameters, (C) Arrhenius temperature coefficients and (D) initial
conditions on the model outputs respectively.

With regards to the input parameters defining the initial state and the prevailing
process conditions, the most influential were the initial intra-cellular fraction of glycogen
and PHA, followed by the total VFA concentration in the influent (SVFA, i) and the
closely related ratio of HAc to HPr (rHAc/HPr, i), as shown in Figure 3.6d. Compared
with metabolic and kinetic parameters, the contribution of input uncertainties on output
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variance was spread out more evenly among the Arrhenius temperature coefficients
and process conditions. This indicates that reducing input uncertainty in the model’s
dependence on temperature and detailed characterisation of the influent, inclusive of
the intra-cellular components in the biomass, will lead to significant improvements to
the accuracy of model predictions with respect to all output variables. In contrast,
more careful consideration in the course of parameter prioritisation is required for
the metabolic and kinetic parameters, given the relatively larger discrepancy between
influential and non-influential ones.

Table 3.2: Input parameters ranked according to the most to the least influential with
respect to each of the model output variables, as determined by the total-order Sobol
sensitivity index. Input parameters whose sensitivity was lower than the average are not
shown.

Group SO2
SHAc SHPr SPO4

XPAO XPHB XPHV XPH2MV XGly XPP

Metabolic KGly KGly δ KHPr KGly δ KPHA K1 KGly δ

KPP KPHA KPHA KPP KPHA KHPr KHPr KPP KPP KHPr

KHPr δ KPP KPHA δ KGly KPP δ K1 KPP

K1 K1 KHPr K1 KHPr KPHA KGly KHPr δ KPHA

δ KPP KGly δ K1 K1 δ KPHA KHPr KGly

KPHA KHPr K1 KGly KPP KPP K1 KGly KPHA K1

Kinetic qGly qGly fGly,max qHPr qPP qPP mATP, an mATP, an qHPr qPP

fGly,max qHPr mATP, an mATP, an qHPr fGly,max qPP qPP qPP qHPr

qHPr fGly,max qGly qGly mATP, an qGly qHPr qHPr mATP, an mATP, an

mATP, an mATP, an qHPr fGly,max qGly qHPr fGly,max fGly,max qGly fGly,max

qPP qPP qPP qPP fGly,max mATP, an qGly qGly fGly,max qGly

Arrhenius coef θqPP θmATP, an θmATP, an θqPP θqGly
θqPP θmATP, an θqGly

θmATP, an θqPP

θmATP, an θqGly
θqGly

θqGly
θmATP, an θmATP, an θqPP θqPP θqPP θmATP, an

θqGly
θqPP θqPP θmATP, an θqPP θqGly

θqGly
θmATP, an θqGly

θqGly

Process condition fGly, i T fPHB, i fPH2MV, i fPH2MV, i fPHB, i T rHAc/HPr, i SVFA, i fGly, i

rHAc/HPr, i SVFA, i fPH2MV, i SVFA, i T SVFA, i fPH2MV, i fGly, i T fPHB, i

SVFA, i fGly, i SVFA, i fGly, i fPHB, i rHAc/HPr, i SVFA, i XPAO, i fGly, i T

fPHB, i fPH2MV, i rHAc/HPr, i fPHB, i SVFA, i T fPHB, i T rHAc/HPr, i rHAc/HPr, i

fPH2MV, i fPHB, i fGly, i rHAc/HPr, i rHAc/HPr, i fPH2MV, i fGly, i fPP, i fPHB, i SVFA, i

T rHAc/HPr, i T T fGly, i fGly, i rP/C, i fPHB, i fPH2MV, i fPH2MV, i

fPHV, i fPHV, i fPHV, i fPHV, i fPHV, i fPHV, i XPAO, i SVFA, i fPHV, i fPHV, i

fPP, i fPP, i fPP, i fPP, i fPP, i rP/C, i rHAc/HPr, i fPH2MV, i fPP, i fPP, i

rP/C, i rP/C, i rP/C, i rP/C, i rP/C, i XPAO, i fPP, i rP/C, i rP/C, i rP/C, i

XPAO, i XPAO, i XPAO, i fPHV, i fPHV, i XPAO, i

pH
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3.4 Discussion

3.4.1 Opportunities for model simplification based on first-order sen-
sitivities

Linearisation of at least parts of the model would result in significantly lower computa-
tional cost, and would thereby lower the barrier for the efective use of metabolic models
in process monitoring and control. It would also result in more efficient use of resources
for the study of more detailed scenarios. This would translate to shorter simulation times
and knock-on benefits of the accompanying experimental design, where simulations are
used to screen for subsequent laboratory or field work. The validity of SRC depends on
the associated R2 values, which indicate the degree to which interactions between input
parameters and output variables can be linearised. By extension, given that metabolic
models, particularly those that consider the interaction between multiple species of PAO
and GAO are over-parametrised (Yagci et al., 2004), coefficients of determination also
indicate the feasibility of model simplification.

Given the small SRC values (< 0.1) and the accompanying R2 (< 0.018) for all
output variables, there is little room for model simplification by linearisation of its parts.
However, this conclusion is drawn from results obtained by simultaneous perturbation of
the model’s input parameters, inclusive of the initial conditions. Consequently, although
linearisation is not feasible for the general case, it may be possible where the initial
conditions, i.e. information concerning the concentrations in the bulk liquid phase and
the intra-cellular state of PAO cells at the beginning of the anaerobic phase, as well
as T and pH, are well-defined and not subject to an appreciable extent of fluctuation
from one cycle to another. This can be expected to be the case for laboratory-scale
experiments. It may also hold true for wastewater treatment plants where the influent
is well characterised and not subject to a significant degree of fluctuation, or if the
variation itself is well defined. Based on Figure 3.2, linearisation may be most readily
applied to the prediction of HAc and HPr concentrations. It may also be feasible if the
system were to be modelled as discrete stages (with redox conditions defining model
boundaries), as the predicted behaviour follows distinct patterns in the anaerobic and
aerobic stages. However, the applicability of such a model would be limited to systems
where the redox conditions can be strictly ensured, e.g. no excess of dissolved oxygen in
the anaerobic phase.
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Influence of initial conditions

As shown in Figure 3.5 and highlighted in Table 3.1, the most influential parameters
tended to describe process conditions, starting with the initial intra-cellular fractions
(PHA, glycogen and poly-P), followed by the biomass concentration (XPAO, i), pH, T, and
the influent (rP/C, i, rHAc/HPr, i, SVFA, i). It is important to note that the effect of these
parameters was typically higher than other metabolic or kinetic parameters. Uncertainty
in initial conditions affects the variance of model outputs to a greater degree than input
parameters associated with process kinetics or stoichiometry. This finding poses two
challenges.

On one hand, if metabolic models are to be applied in full-scale wastewater treatment
works, detailed characterisation of the influent, namely of the intra-cellular components
in biomass, will significantly reduce the variance of all model outputs, leading to more
accurate predictions. While characterisation of liquid phase components, i.e. the
concentrations of HAc, HPr and PO4, as well as T and pH may be readily achieved by
installation of simple sensors and basic testing protocols, the quantification of biomass
of specific microbial groups and their corresponding intra-cellular fractions remains a
challenge due to cost and/or complexity issues.

On the other hand, the uncertainty of experimental methods used to measure these
quantities should be acknowledged and improved where possible. While quantification
of the Accumulibacter PAO population in both laboratory and full-scale reactors using
culture-independent molecular methods has become standard practice (López-Vázquez
et al., 2007b; Oehmen et al., 2010b; Lanham et al., 2014), there is some controversy
over the accuracy of such measurements. The relative abundances measured by different
methods, e.g. quantitative fluorescence in situ hybridisation (qFISH) via target sequences
in the 16S rRNA molecule or real-time quantitative polymerase chain reaction (qPCR)
via the poly-P kinase gene (ppk1 are not always in complete agreement (Fukushima
et al., 2007). This may be attributed to factors such as the sensitivity to low cell counts,
differences in cellular metabolic activities, heterogeneities in experimental protocol (e.g.
sample preparation), or sample characteristics (Moter and Göbel, 2000; van Loosdrecht
et al., 2016; Huber et al., 2018). This is not to mention the added complication of the
specificity of the technique to target the desired organism, e.g. the overlap of multiple
FISH probes resulting in the over-estimation of Accumulibacter (Albertsen et al., 2016).

Similarly, while glycogen is an important source of carbon, energy (ATP) and reducing
agents (NADH2) in both PAO and bacterial metabolisms in other environments, it has
proven to be difficult to accurately quantify. Protocols depend on the type of cell
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and the state of cell-aggregation, i.e. on whether the biomass is floccular or granular
(Lanham et al., 2012). Consequently, model predictions have been shown to exceed
the measured concentrations of PHA and poly-P (Brdjanovic et al., 2000; Meijer et al.,
2002). Lopez-Vazquez et al. (2009) found that current metabolic models consistently
overestimated the XGly concentration by as much as 25%. In view of cumulative errors
in long-term multi-cycle simulations, even small errors can lead to significant deviations
in prediction accuracy. As such, the problem of accurate, fast and (if possible) simpler
quantification of intra-cellular fractions, namely that of glycogen and PHA, requires
more attention to reduce prediction error, and thus for the effective deployment of
metabolic models in full-scale wastewater treatment plants.

Influence of temperature coefficients

As shown in Figure 3.5 and Table 3.2, the Arrhenius temperature coefficients for anaerobic
maintenance (θmATP,an), aerobic glycogen production (θqGly

) and poly-P formation (θqPP)
rank among the most influential inputs for all output variables. Although relatively
abundant data is available for the kinetic uptake rates (Figure 3.1), relatively limited
attention has been devoted to temperature coefficients, apart from the work of Brdjanovic
et al. 1997; 1998. One limitation of this work was that the reported temperature
dependencies have only been verified to a limited range of operating temperatures
(typically between 10 and 20 ℃). Given that Arrhenius temperature coefficients are
expected to take a constant value in theory, further investigation of the kinetic processes
are required to specify the uncertainty in these parameters, and thereby ascertain the
accuracy of model predictions.

This is of particular importance in the context of using metabolic models to study
the competition between PAO and GAO, as performed by Lopez-Vazquez et al. (2009).
It would also enable more accurate study of PAO kinetics at wider temperature ranges,
particularly in light of recent, seemingly contradictory findings concerning the population
dynamics of PAO and GAO at higher temperatures (Ong et al., 2014; Shen et al., 2017).
Information concerning the temperature coefficients of (Competibacter) GAO mirror
that of PAO, their values deriving from only two investigations (Lopez-Vazquez et al.,
2007a, 2008b). Recent findings concerning the identity of Accumulibacter PAO clades,
subdivisions of Competibacter GAO, as well as Defluvicoccus-related GAO (Oehmen et al.,
2010b), call for a more comprehensive re-evaluation of the temperature dependencies to
determine their ‘true’ values.
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Influence of kinetic parameters

After considering initial conditions and temperature parameters, the burden of improving
model reliability falls on reducing the input uncertainty associated with kinetic parame-
ters. The priority should be the estimation of the maximum specific rates of anaerobic
HPr uptake (qHPr), maintenance coefficient (mATP,an), aerobic poly-P formation (qPP),
glycogen production (qGly) and the aerobic maintenance coefficient (mATP,ox). Interest-
ingly, these parameters were highly influential on the prediction of all model outputs,
despite the fact that data concerning kinetic parameters were the most abundant. This
was likely due to the comparatively large variance in the input values, notably in the
case of qPP. This suggests that there may be a ‘natural’ level of variation that can be
expected in the values of certain kinetic parameters, notably in the maximum rates of
change involved in Monod-type expressions, for which additional measurements will
not lead to further improvements in model prediction accuracy. This inherent level of
variation may be related to the characteristics of the biomass and/or influent of the
system in question.

Influence of metabolic parameters

As seen from Table 3.2, the most influential metabolic parameters were the half-saturation
constants for anaerobic HPr uptake (KHPr), and PHA formation (KPHA), as well as those
associated with aerobic glycogen (KGly), poly-P formation (KPP) and δ. All of these are
strongly linked to the transport of HPr across the cell membrane, storage of PHA and
subsequent regeneration of glycogen. These parameters may become more influential
in determining the composition of the PAO-GAO community in simulations involving
both groups of microorganisms. As such, it is important that the uncertainty of these
parameters be reduced to improve model prediction reliability, as the preferential uptake
of HPr has been shown to be one of the key factors in the competition between the two
groups of microorganisms (Oehmen et al., 2005b; Carvalheira et al., 2014b).

Model simplification by fixing non-influential parameters

The contribution of input uncertainty on the variance of model predictions was found to
vary from one output variable to another (Figure 3.5). For the prediction of liquid phase
concentrations (SO2

, SHAc, SHPr, SPO4
, XPAO), as well as intra-cellular concentrations

of glycogen (XGly) and poly-phosphate (XPP), the vast majority of uncertainty could
be attributed to a smaller subset of input parameters (64%). This suggests that
uncertainty in some input parameters did not affect the prediction accuracy of liquid
phase components to an appreciable extent. These include the maximum specific rate of
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HAc uptake (qPAO) and aerobic PHA degradation (qPHA), the maximum intra-cellular
fraction of poly-P (fPP,max), the aerobic maintenance coefficient (mATP, an), the half-
saturation constants for fPHA, PO4, O2 and HAc, as well as the phosphate transport
coefficient (ε) and ATP yield per unit of biomass on Propionyl-CoA (K2). Concerning
the prediction of intra-cellular PHA, the total-order sensitivity indices were significant
and nearly uniformly distributed among all of these input parameters. Since uncertainty
in these input parameters has little effect on the model output outside of the intra-cellular
PHA concentrations, they could potentially be fixed to constant values.

Reducing the uncertainty regarding any of the aforementioned input parameters will
significantly improve model reliability. In the context of simplifying metabolic models for
integration within the wider ASM framework, these results merit further investigation to
determine the trade-off between fixing the aforementioned input parameters, especially
where the total-order index was lesser than 0.5, and the prediction error with regards to
intra-cellular PHA.

3.4.2 Limitations and Future Perspectives

This work has for the first time assessed the overall effect of input parameter uncertainty
on the variance of metabolic model predictions. Most of the propagated uncertainty
is not linear from one parameter to one output, but rather due to the interaction of
multiple parameters. This brings conclusions in previous studies focused on parameter
estimation for metabolic models in EBPR into question. Parameters such as the
anaerobic maintenance coefficient (mATP, an) and the yield of ATP per unit of NADH2

(δ) have often been justified as constants on the basis of local sensitivity analyses specific
to particular conditions, typically in lab-scale reactors, e.g. in (Zeng et al., 2003b).

This does not invalidate previous findings, as prediction uncertainty does indeed
depend on the particular process conditions. However, in view of applying EBPR
metabolic models to the general case, i.e. to characterise systems where the influent
cannot be strictly controlled and/or process conditions vary spatially and temporally in
the reactor, this study does highlight that local sensitivity analyses are not sufficient to
identify regions in which current EBPR metabolic models may be accurately used. More
data is needed to determine the true value or at the least the experimental range of a
number of parameters. Baring that, if a natural degree of variation exists for certain
input parameters, then its distribution should be defined.

Although the input space was sampled to conform to the assumptions of the metabolic
model, i.e. within a narrow range of temperatures, pH and an influent mixture of HAc
and HPr, the predictions may not be valid in situations where the PAO population is

162



3.4. Discussion

subject to limiting conditions for extended periods of time. For instance, PAO have been
found to shift from PHA to glycogen accumulation in anaerobic conditions following
a lack of PO4 in the influent (Acevedo et al., 2014, 2017) - a phenotypic behaviour
characteristic of their GAO competitors. Similarly, PAO have been shown to employ the
tricarboxylic acid (TCA) cycle to supplement the production of reducing agents to cope
with a lack of VFA in the influent, or due to glycogen depletion, possibly as a result
of prolonged periods of cellular maintenance (Lanham et al., 2013, 2014). It has also
been found that PAO require a longer period of adjustment compared to GAO following
extended starvation periods (Vargas et al., 2013; Carvalheira et al., 2014c). As such, the
model would require additional considerations of the kinetic and metabolic parameters,
or (more likely) structural modifications to the formulation of kinetic rates in order to
accurately reflect observations of such behaviour in response to or during recovery from
long-term duress.

This work used SRC and the Sobol method to conduct a global sensitivity analysis
of a metabolic model for PAO. Various groups of input parameters were considered,
including metabolic parameters, kinetic parameters, Arrhenius temperature coefficients
and the initial conditions required to initialise the model. However, certain factors
often held constant in laboratory-scale studies yet crucial to the operation of full-scale
wastewater treatment plants were not accounted for. These included the sludge retention
time (SRT), hydraulic retention time (HRT) and the lengths of the anaerobic and aerobic
phases, which would often be the only means by which to adjust process conditions
without interfering with the influent in the event of process disruption. Temperature
and pH were also assumed constant over any given anaerobic-aerobic cycle.

Further, this work did not consider an anoxic phase, for which metabolic models
have been formulated previously, e.g. in Oehmen et al. (2010b). This was for practical
reasons, as the additional burden of quantifying the effect of uncertainty in parameters
relevant to anoxic conditions would lead to an exponential increase in the number of
model evaluations required to converge to the true value of (variance-based) sensitivity
indices. Nevertheless, given the growing interest in anaerobic-aerobic-anoxic EBPR,
owing to the potential of further energy savings from reduced aeration requirements, as
well as simultaneous removal of nitrogen alongside phosphorus, future work may first
consider the evaluation of parameter importance using computationally less expensive
screening methods, e.g. the elementary effects (EE) method, where the convergence of
sensitivity indices is less dependent of the number of model evaluations (Saltelli et al.,
2008). In this way, non-influential parameters would be identified prior to more detailed
investigations of the interactions between those input parameters which contribute most
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to the variance in model predictions. To account for interactions between different
inputs, higher-order sensitivities should be accounted for. This is typically achieved
by variance-based methods e.g. Sobol indices (Saltelli et al., 2008) and Mara’s (2009)
extention of RBD-FAST, or density-based methods such as those detailed in Plischke
et al. (2013) and Pianosi and Wagener (2015).

Finally, the driving force for the development of metabolic models has been the
prediction of conditions more favourable to PAO than GAO. As such, despite the absence
of evidence suggesting co-metabolism, i.e., the lack of dependence of one organism on
metabolites synthesised by the other, it would be worthwhile to complement the results
obtained in this work with uncertainties in the prediction of concentrations for both
Competibacter and Defluvicoccus-related GAO. This, as well as the differentiation between
different PAO clades would merit further investigation to understand the uncertainty not
only in the prediction of individual metabolic models, but also how it would propagate
in studying the competition between organisms relevant to EBPR.

3.5 Conclusions

This work conducted an uncertainty and global sensitivity analysis of a metabolic model
describing the behaviour of PAO in alternating anaerobic and aerobic EBPR. The input
uncertainty was characterised based on the relative abundance of data in the literature
for each input parameter required to initialise the model. The input uncertainty was
propagated to the output using the Monte Carlo method. Differences in the variance
of the mean concentration profiles indicated that concentrations of phosphate in the
bulk liquid phase and biomass were the most uncertain, whereas the concentrations of
intra-cellular PHV, poly-P and PH2MV were the least uncertain.

The global sensitivity analysis was conducted using SRC and Sobol sensitivity indices.
The analysis comprised a total of 39 input parameters: 12 metabolic parameters, 10
kinetic parameters, 6 Arrhenius temperature coefficients and 9 initial conditions (influent),
including temperature and pH). SRC were found to be an inadequate sensitivity measure
for this model due to the low degree of linearity between the input parameters and the
output variables. Consequently, reduction of model complexity by linearisation of its parts
is not feasible in the general case, and limited to particular subsets of output variables
for more specific scenarios with well-defined initial conditions. Differences between first
and total-order Sobol indices indicated that the variance in model predictions was mainly
due to interaction effects between combinations of input parameters rather than the
uncertainty of individual ones.
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The contribution of each of the input parameters on the uncertainty of model
predictions varied with the output variable in question. For the prediction of liquid
phase concentrations and intra-cellular fractions of glycogen and poly-phosphate, the vast
majority of the uncertainty could be attributed to a smaller subset of input parameters
(64%). For the prediction of intra-cellular PHA constituents, the contribution was
nearly uniformly distributed among all input parameters, indicating a high-degree of
interaction. Although the contribution could not be isolated to any particular group
of inputs (metabolic parameters, kinetic parameters, temperature coefficients, process
conditions), the initial fractions of PHV, PH2MV and glycogen ranked consistently among
the most influential factors, both in terms of direct as well as total effect, suggesting
that the value of these parameters should be carefully measured when applying EBPR
metabolic models.

This work contributed a step towards a more complete understanding of the un-
certainties associated with EBPR metabolic model predictions, and how to address
these uncertainties on an individual basis given knowledge of the corresponding input
uncertainty. Possible approaches and pre-requisite conditions to simplify metabolic
models for PAO, both structurally via linearisation, as well as by reducing the number
of non-influential variables were illustrated based on the results of the sensitivity anal-
yses. Parameters requiring further experimental consideration were highlighted. This
will translate to more accurate prediction of PAO behaviour, thus facilitating process
monitoring and control. Further, the findings of this work will lead to more informed
decision-making in model building and in fundamental investigations of organisms
relevant to EBPR systems.
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Commentary

In Chapter 3, a metabolic model was developed to describe the metabolism of Ac-
cumulibacter PAO, including its dependencies on temperature, pH and influent VFA
composition (objective 2a). In metabolic models, the stoichiometric yields are derived
from theoretical knowledge about the organisms metabolism. Only the kinetic parameters
require calibration to predict PAO behaviour in EBPR systems.

However, evidence from empirical studies has shown that predictions from calibrated
models may deviate from empirical measurements by up to 20 % (Lopez-Vazquez et al.,
2009). Moreover, the the kinetic parameters require re-calibration when used to predict
the behaviour of different EBPR cultures at the same operational and environmental
conditions, and even for the same cultures sampled at different points in time. The
resultant values of the calibrated kinetic parameters may deviate as much as 200 %
(Lanham et al., 2014). Despite this observed deviation in maximum kinetic rates, certain
types of kinetic parameters, e.g. maintenance coefficients and half-saturation constants
are often considered fixed, unchanged between different cultures or metabolic model
formulations. Uncertainty and global sensitivity analyses were carried out to determine
whether such simplifications can be justified (research questions Q2 and Q3).

Using values observed in enriched PAO cultures, the uncertainty analysis showed
that the deviation in input parameters has a significant impact on the accuracy of model
predictions (objectives 2b and 2c). The variance associated with model predictions for
each state variable was quantified, which can be used to determine the confidence interval
for metabolic model predictions of PAO conversions in any EBPR system (objective 2d).
Notably, the model prediction variance can be used to determine the worst case scenario
given a set of predictions, e.g. with respect to P-removal performance. In turn, such
information improves the predictive reliability of metabolic models, as it can be used to
determine the required margin of safety for design or optimisation of full-scale EBPR.

Results from the global sensitivity analysis showed that given the range of possible
values, nearly all of the input parameters were significant, owing to interaction effects.
Consequently, maintenance coefficients and half-saturation constants, among other
parameters, cannot be assumed constant in the calibration process. The magnitude of
the calculated sensitivity indices can be used by modellers to prioritise the selection of
parameters at the calibration step. Likewise, the magnitude of the sensitivity indices
can be used in fundamental experiments to prioritise the parameters for which the
determination of their true value would decrease model prediction variance the most
(objectives 2e and 2f).
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Preface

In a lab-scale anaerobic-aerobic SBR, it is possible to minimise interactions between
PAO and OHO by ensuring complete VFA uptake in the anaerobic phase via adjustment
of anaerobic contact time. Further, it is possible to minimise interactions between PAO
and heterotrophic denitrifying organisms by preventing nitrification, thus cutting-off the
supply of electron acceptors required for the latter to compete for carbon substrates.
In this way, the study can be focused on the effect of external stimuli on the PAO
metabolism. However, the interaction between PAO and GAO can not be eliminated, as
GAO occupy a similar ecological niche, taking up and storing VFA anaerobically and
expending the resultant PHA aerobically for storage polymer replenishment, maintenance
and growth. As such, the metabolism of both PAO and GAO must be accounted for to
model any EBPR system.

Consequently, the work presented in Chapter 4 was complementary to Chapter 3,
wherein uncertainty and global sensitivity analyses were used to characterise and investi-
gate the impact of input parameter uncertainty on a metabolic model for Competibacter
GAO (objectives 2a-d). Mathematically, the structure of metabolic models for GAO
differ from those for PAO only in the lack of poly-P conversions, which acts as an addi-
tional energy buffer in feast-famine conditions. Thus, the results were compared to those
in the metabolic model for Accumulibacter PAO to determine the relative importance of
model structure over the abundance of data available for given kinetic parameters, i.e.
the completeness of knowledge concerning kinetic parameter values (objectives 2e and
2f). Although the input uncertainty was also characterised with respect to Defluviicoccus
GAO, the global sensitivity analysis was neglected as a result of the limited availability
of measured data. This is due to the fact that most fundamental studies of GAO have
focused on Competibacter, and that many parameters associated with Defluviicoccus
have previously been assumed equal to their counterparts with respect to Competibacter.
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Abstract

Enhanced biological phosphorus removal (EBPR) is an important technology for not
only for the prevention of eutrophication but also as a step in resource recovery from
wastewater treatment plants. Metabolic models of the provide a high resolution into
the mechanistic behaviour, and as such, serve as the primary tool for both fundamental
investigations of the functional phosphorus accumulating organisms (PAO) and glycogen
accumulating organisms (GAO), as well as for improving the stability of EBPR via
design, monitoring and prediction.

The aim of this work was to characterise the sources of uncertainty in the metabolic
model for Competibacter GAO, and quantify their contribution to the variance of
model predictions. A global sensitivity analysis was carried out using Sobol’s method,
accounting for the effect of 31 input parameters on 9 output variables. To reflect the
current state of knowledge, the prior sampling distributions were informed using data
obtained via literature survey.

For the prediction of intra-cellular PHA, the contribution to output variance was
nearly uniformly distributed among all input parameters. In contrast, the variance
of intra-cellular glycogen, biomass and liquid phase concentrations could be traced
to a relatively small set of parameters, primarily related to the temperature effects
on anaerobic VFA uptake and the composition of the influent. Although significant
differences were found between the first and total-order sensitivities, there was a strong
correlation between the value of the direct and total effect.

As such, while factor prioritisation could be done reliably with only the direct effect,
and thus less comprehensive sensitivity measures, model simplification via factor fixing
is only possible if parameter interactions are known. Lastly, analysis of the normalised
Sobol sensitivities showed that a 67 % reduction in the number of uncertain parameters
would be possible without significant compromise to model prediction accuracy of
the GAO metabolic model, compared to only 36 % in the case of PAO. This means
that reliable prediction of GAO behaviour can be achieved at a comparatively lower
computational cost, facilitating its application in both fundamental investigations and
in process modelling.
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4.1. Introduction

4.1 Introduction

Growing awareness and concerns over eutrophication resulting from anthropogenic
discharge of phosphorus has led to increasing regulation of the effluent quality from
wastewater treatment plants, e.g. through Council Directive 91/271/EEC concerning
urban wastewater treatment (European Commission, 1991). To meet regulatory de-
mands, enhanced biological phosphorus removal (EBPR) has become a widely employed
technology to achieve P-removal (Nielsen et al., 2019). It relies on promoting the activity
of phosphorus accumulating organisms (PAO) to assimilate orthophosphate from the bulk
liquid phase in excess of their growth and maintenance requirements. Under anaerobic
conditions, PAO take-up volatile fatty acids (VFA) and store them as PHAs using energy
and reducing agents from hydrolysis of internal poly-phosphate (poly-P) reserves and
glycolysis respectively. Under aerobic conditions, the stored PHAs are used as carbon
and energy for biomass growth, cell maintenance processes and the replenishment of
intra-cellular glycogen and poly-P reserves.

Compared to chemical precipitation, P-removal by EBPR is potentially a more
cost effective and environmentally sustainable solution, capable of achieving effluent
orthophosphate concentrations below 0.1 mg l−1 (Neethling et al., 2006). However, the
performance and stability of EBPR have been observed to vary in both lab-scale (Cech
and Hartman, 1993; Muszyński et al., 2013) and full-scale systems (Griffiths et al.,
2002; Gu et al., 2005). Although the root causes for the deterioration of P-removal
are not completely understood (Zheng et al., 2014), numerous studies investigating the
relationship between the microbial composition and EBPR performance have linked
P-removal deterioration to the presence of glycogen accumulating organisms (GAO),
which compete with PAO for common substrates without contributing to P-removal
(Satoh et al., 1994; Crocetti et al., 2002; Saunders et al., 2003).

In controlled lab-scale reactors with consistent influent compositions, GAO out-
compete PAO under the influence of a range of operational conditions, namely carbon
source, temperature and pH (Oehmen et al., 2007). Combining previously developed
metabolic models, Lopez-Vazquez et al. (2009) provided guidance on the conditions with
which to achieve population balances between PAO and GAO beneficial to long-term
EBPR operation. However, observations from full-scale treatment plants have been less
conclusive. For instance, while batch-tests assessing PAO phenotypic activity, e.g. via
the anaerobic P-release to VFA uptake ratio, correlate negatively with GAO abundance,
the relationship between the population balance and the P-removal performance of
the corresponding full-scale treatment plant appears to be indirect (Gu et al., 2008;
López-Vázquez et al., 2008a; Coats et al., 2017). Surveys have shown that efficient
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EBPR operation can be achieved even in plants where Competibacter and Defluvicoccus
GAO at relatively high abundances coexist with PAO (Mielczarek et al., 2013; Stokholm-
Bjerregaard et al., 2017). It has also been observed that the relative abundance of GAO
can increase without loss of P-removal capacity (Ong et al., 2014).

While metabolic models integrating both PAO and GAO metabolisms are a promising
tool with which to test hypotheses concerning the effect of population dynamics on
EBPR performance under multi-parametric settings (Oehmen et al., 2010), thus far
their application has assumed fixed values for each of the input parameters. A literature
review reveals a distribution of values for each parameter (Nguyen et al., 2019). Unlike
the stoichiometric parameters (Houweling et al., 2010), the impact of variability in the
kinetic parameters has not been considered in detail. The source of this variability
is not fully resolved. However, may be attributed to uncertainties resulting from (1)
compromises in numerical estimation, (2) the lack of direct measurement techniques and
(3) the correct identification and quantification of PAO and GAO populations in situ.

Different studies have investigated individual factors that influence the competition
between these organisms, formulating models with which to predict their behaviour
in response to various stimuli. In the case of GAO, these include the effect of the
carbon source (Zeng et al., 2002; Oehmen et al., 2005a), pH (Filipe et al., 2001a,b) and
temperature (Lopez-Vazquez et al., 2007, 2008b). While kinetic parameters are obtained
by fitting the model to experimental datasets, is it usually a requirement to aid the
optimisation via weighted variables or other strategies, e.g. adjusting the maximum
kinetic rates according to multiples of the rate of anaerobic HAc uptake (Lanham et al.,
2013) to compensate for the uncertainty associated with the underlying measurements.

For instance, a number of analytical techniques have been in use to determine
the intra-cellular glycogen content, e.g. HPLC after acid hydrolysis and extraction
as glucose (Lanham et al., 2012) or via microscopy after Periodic Acid-Schiff staining
(Mesquita et al., 2013). However, a method for direct measurement is not yet available.
Consequently, the prediction error for intra-cellular glycogen can reach up to 25% even
after model calibration (Lopez-Vazquez et al., 2009). Similarly, although methods are
available for the estimation of PHB and PHV content in the biomass, the concurrent
determination of PH2MV remains technically challenging (Oehmen et al., 2005b). The
measurement of all three PHA constituents requires at least two different procedures
(van Loosdrecht et al., 2016). To initialise metabolic models, the initial intra-cellular
fractions of PHA and glycogen are not always measured - rather, they are considered
variables in the minimisation routine, e.g. in Filipe et al. (2001a), or even reused across
different studies. One such example is in the work of Brdjanovic et al. (1997), wherein
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the intra-cellular glycogen concentration was that reported in Smolders et al. (1994).
This introduces another error in the estimation of the active biomass, as it is considered
the difference between the mixed liquor suspended solids (MLSS) and the PHA and
glycogen content (Smolders et al., 1995).

Further, as PAO and GAO typically comprise only a small subset of the active
biomass in full-scale EBPR treatment plants, up to 15 % as opposed to 90 % in enriched
lab-scale cultures (López-Vázquez et al., 2008a), the determination of intra-cellular
compounds may not be reliable; even below detection limits. Although biomass obtained
from full-scale treatment plants can be used in batch activity tests to facilitate the
determination of intra-cellular compounds, the procedure necessitates a high degree
of precision (Lanham et al., 2014). Nevertheless, the resultant metabolic activity may
differ within a lab-scale environment, particularly where the influent is synthetic rather
than real wastewater (Zheng et al., 2014; Coats et al., 2017).

There are knowledge gaps concerning the phylogenetic identity within each group of
organisms, as well as their ability to use alternative metabolic pathways (Erdal et al.,
2008; Acevedo et al., 2012; Lanham et al., 2013). While Candidatus Accumulibacter
phosphatis has been the focus of most PAO studies, members of the Tetrasphaera lineage
have also been observed to accumulate poly-P, at times in greater relative abundance
(Mielczarek et al., 2013; Marques et al., 2017). Even within the Accumulibacter lineage,
there remains significant uncertainty concerning the contribution of different sub-clades
to EBPR performance (Zeng et al., 2018). Although recent studies have reported
considerable diversity of organisms capable of poly-P accumulation, Accumulibacter
and Tetrasphaera are the only known PAO consistently found in sufficient abundances
to contribute to EBPR performance (Nielsen et al., 2019). In a similar vein, most
studies of the contribution of GAO to EBPR have focused on Candidatus Accumulibacter
phosphatis and members of the Defluviicoccus lineage, as they have been shown to
be able to compete with PAO for the anaerobic VFA uptake e.g. acetate (HAc) and
propionate (HPr) in full-scale EBPR systems (Burow et al., 2008). Accurate identification
and quantification of organisms relevant to EBPR remains an area of intense study
(Gebremariam et al., 2011; Albertsen et al., 2015; Li et al., 2018; Fernando et al., 2019).

It is known that the variance of model predictions is exacerbated by interactions
between the uncertainty in the measurement of input parameter values in addition to
the characterisation of the influent and operational conditions (Belia et al., 2009; Sin
et al., 2009). Previous studies using metabolic models supported by experimental batch
tests used local sensitivity analyses to justify the simplification of model parameters
to point values, e.g. in (Zeng et al., 2003). However, such analyses were limited to
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small subsets of parameters and only considered variations in the influent composition
alongside operational conditions in a limited manner. By characterising and propagating
the input uncertainties associated with the metabolic model for Accumulibacter PAO,
it was demonstrated that local sensitivity analyses systematically underestimate the
effect of input uncertainty on the variability of model predictions under multi-parametric
variations and operational conditions (Nguyen et al., 2019).

In this work, we focus on the uncertainty associated with the kinetic parameters
of metabolic models for Competibacter and Defluvicoccus GAO. We investigate the
extent to which input uncertainty in these models affect predictions of biomass activity
and growth. The distributions of input parameter values were characterised from data
available in the literature. The input uncertainty was propagated to the output using
Monte Carlo simulations, and an uncertainty analysis was carried out to determine the
variability of model predictions subject to different influent compositions and reactor
operational conditions. Sobol’s method for variance decomposition was used to compare
the contribution of input uncertainties on model predictions in GAO against that of PAO.
This work would allow exploration of PAO-GAO competition using metabolic models
in a manner representative of past observations, accounting not only for variations as
a consequence of differences in the composition of the feed and operational variables,
but also due to uncertainties associated with the reaction kinetics in their respective
metabolic pathways. Ultimately, this would lead to better decision making in optimising
the health of microbial cultures crucial not only to the performance of EBPR, but
poly-culture engineered microbial ecosystems as a whole.

4.2 Materials and Methods

4.2.1 Scope

The scope of this work was to investigate the effect of uncertainty associated mainly
with kinetic parameters of metabolic models for Competibacter GAO on predictions
concerning microbial activity and growth. The effect of unknown “true” values for the
required input parameters was considered for systems fed with varying concentrations
of total carbon, composed of HAc and HPr in different ratios. To account for the
uncertainty in biomass quantification and characterisation, the initial concentration of
biomass and the initial intra-cellular fractions of storage compounds were set as variables.
Different operating temperatures and pH were also taken into account, assumed constant
over the course of the whole anaerobic-aerobic cycle.
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4.2.2 Model description

Structurally, the metabolic model for both Competibacter and Defluvicoccus GAO are
identical. Kinetic expressions follow Monod kinetics with switch functions to account
for substrate limitations, namely with respect to HAc, HPr and PO4 in the anerobic
phase, as well as O2 for activation and deactivation of metabolic pathways in different
redox environments. The GAO metabolism in anaerobic and aerobic conditions using
HAc are formulated according to Filipe et al. (2001a) and Zeng et al. (2003) respectively.
The anaerobic and aerobic metabolism on HPr follow that of Oehmen et al. (2006). The
effect of pH on the energy efficiency of anaerobic VFA uptake was in line with Filipe
et al. (2001b,c). Temperature dependencies were modelled according to Lopez-Vazquez
et al. (2007, 2008b).

The effect of input parameter uncertainty was simulated for sequencing batch reactor
(SBR) systems fed with influent comprised of HAc and HPr over one anaerobic-aerobic
cycle. The hydraulic residence time (HRT) in each phase was 2.5 h. In addition to
substrates in the bulk liquid phase, the model accounted for the concentration of Com-
petibacter biomass, alongside intra-cellular storage compounds: poly-β-hydroxybutyrate
(PHB), poly-β-hydroxyvalerate (PHV), poly-β-hydroxy-2-methylvalerate (PH2MV) and
glycogen. To reflect the preference for replenishment of intra-cellular storage reserves,
biomass growth was described as the difference between total PHA degradation and
that used for glycogen production (Murnleitner et al., 1997). For each organism, the
model consisted of 8 state variables and 6 kinetic processes.

4.2.3 Characterisation of input uncertainty

A total of 28 input parameters were considered, segregated into four categories for
analysis, as shown in Table 4.1: metabolic parameters, kinetic parameters, Arrhenius
temperature coefficients and initial conditions. Input uncertainty was characterised with
data obtained via literature review of experimental studies using biomass in lab and/or
full-scale EBPR systems.

Due to the scarcity of data for GAO, each parameter was considered to be uniformly
distributed between the highest and lowest recorded values. The assignment of uniform
prior distributions is consistent with recommended practice in case of sparse data
availability. (Saltelli et al., 2008; Freni and Mannina, 2010). Where only a single point
was available, the min-max range was set based on an assumed variance of 0.5. This was
equal to the maximum assumed variance for singular data in Nguyen et al. (2019). The
intra-cellular fractions of individual PHA constituents (PHB, PHV and PH2MV) were
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sampled according to the Dirichlet distribution, such that their sum would be normally
distributed and equal to the total PHA fraction. In this sense, XPHA, i was considered a
dummy variable.

Table 4.1: Overview of input parameters considered for sensitivity analysis.

Parameter Description Min Max Units

K 1 ATP required for biomass synthesis from Acetyl-CoA 0.85 2.5 ATP-mmol C-mmol−1

K 2 ATP required for biomass synthesis from Propionyl-CoA 0.50 1.7 ATP-mmol C-mmol−1

δ ATP yield per unit of NADH2 oxidised 0.90 1.95 ATP-mmol NADH2-mmol−1

KO2
Half-saturation constant for acetate 0.01 0.02 C-mmol l−1

KHAc Half-saturation constant for propionate 0.0005 0.0015 C-mmol l−1

KHPr Half-saturation constant for oxygen 0.0005 0.0015 O2-mmol l−1

KPHA Half-saturation constant for PHA 0.0001 0.01 C-mmol l−1

KGly Half-saturation constant for glycogen 0.005 0.015 C-mmol l−1

K fPHA
Half-saturation constant for the biomass PHA fraction 0.005 0.015 C-mmol C-mmol−1

qHAc Maximum rate of anaerobic HAc uptake 0.050 0.30 C-mmol C-mmol−1h−1

qHPr Maximum rate of anaerobic HPr uptake 0.010 0.18 C-mmol C-mmol−1h−1

qPHA Maximum rate of aerobic PHA degradation 0.17 1.1 C-mmol C-mmol−1h−1

qGly Maximum rate of aerobic glycogen formation 0.013 0.30 C-mmol C-mmol−1h−1

mATP, an Anaerobic maintenance coefficient 0.0019 0.01 C-mmol C-mmol−1h−1

mATP, ox Aerobic maintenance coefficient 0.0027 0.20 C-mmol C-mmol−1h−1

fGly,max Maximum glycogen fraction in the biomass 0.30 0.50 C-mmol C-mmol−1

θqVFA Arrhenius coefficient for anaerobic VFA uptake 0.50 1.6

θqPHA Arrhenius coefficient for aerobic PHA degradation 0.80 1.4

θqGly
Arrhenius coefficient for aerobic glycogen formation 0.80 1.4

θmATP, an Arrhenius coefficient for anaerobic maintenance 0.50 1.5

θmATP, ox Arrhenius coefficient for aerobic maintenance 0.80 1.3

SVFA, i Total concentration of VFA in the influent 1.0 3.0 C-mmol l−1

rHAc/HPr, i HAc fraction of the influent VFA 0 1 C-mmol C-mmol−1

XGAO, i Concentration of biomass 3 5 C-mmol l−1

XPHA, i Fraction of PHA in the biomass 0.10 0.30 C-mmol C-mmol−1

XGly, i Fraction of glycogen in the biomass 0.20 0.60 C-mmol C-mmol−1

T Temperature 8 24 °C

pH 6.5 7.5
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4.2.4 Determination of Sobol sensitivity indices

The method of Sobol’ determines the contribution of uncertainty associated with the input
parameters to the variability observed in the output by way of variance decomposition.
Let the model consisting of m input parameters be represented by equation 4.1:

Y = f(X1, X2, ..., Xm) (4.1)

where Y is the output and X1, X2, ..., Xm are the input parameters whose probability
distributions reflect the nature of input uncertainty. Assuming that the input parameters
are independent, the output variance is equal to the sum of the output variance arising
from the uncertainty of individual parameters and interactions among them:

VY =

M∑
i=1

Vi +

M∑
i<j

Vij + ...+ V1,2,...,m (4.2)

The individual terms can be written as:

Vi = VXi(EX∼i(Y |Xi)) (4.3)

Vij = VXij(EX∼ij(Y |Xi, Xj))− Vi − Vj (4.4)

Vijk = VXijk
(EX∼ijk

(Y |Xi, Xj, Xk))− Vi − Vj − Vij − Vik − Vjk − Vk (4.5)

and so on, where V is the variance and E is the expected value. The subscripts Xi and
X∼i denote an operation applied over the ith parameter, and an operation applied to all
except the ith parameter respectively. The first- and total-order sensitivity indices, i.e.
the direct influence of a given parameter and its influence inclusive of interactions with
other parameters, were determined according to equations 4.6 and 4.7 respectively.

Si =
Vi

VY
(4.6)

STi =
EX∼i(V (Y |X∼i))

VY
= 1− VX∼i(EXi(Y |X∼i))

VY
(4.7)
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Saltelli et al.’s (2002) extension of Sobol’s quasi-random sequences (2001) was used
to generate samples from the space of inputs. Each sample Xi constituted a set of values
with which to initialise the metabolic model:

Xi = [x1,i, x2,i, ...xm,i] for i = 1, 2, ...N (4.8)

where N is the total number of samples. Numerical estimation of the first and total-order
Sobol indices was implemented according to (Saltelli et al., 2010). In their formulation,
the authors recommend N(2M + 2) model evaluations to compute the first- and total-
order indices for each parameter. In this work, 3000 samples were obtained, for a total
of 174,000 separate anaerobic-aerobic cycle simulations.

4.2.5 Comparison of sensitivity indices

The sum of first-order indices
∑

Si was determined to gauge the degree of linearity
between the input parameters and model outputs. To facilitate the comparison of
sensitivity indices with respect to different outputs within the same metabolic model,
the average difference between the total- and first-order indices was determined as shown
in Equation 4.9:

S i =

∑
(STi − S i)

m
(4.9)

The normalised sensitivity index SNi (Cosenza et al., 2013) was determined to
compare sensitivity indices between metabolic models for different organisms, as shown
in Equation 4.10:

SNi =
STi − Si

max(STi − S i)
(4.10)

where the numerator represents the sensitivity of the ith parameter’s interactions with
respect to a given output, and the denominator is the highest sensitivity among in-
teractions for the same output. The normalised index accounts for the differences
in measures of the total-order sensitivity among different model outputs, such that a
common threshold may be used to differentiate between parameters that are influential,
and those that are not (Weijers and Vanrolleghem, 1997).
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4.3 Results

4.3.1 Distribution of Input Parameters

Figure 4.1 shows the distribution of in parameter data collected for Accumulibacter
PAO and Competibacter GAO. Values were standardised by subtracting the mean and
dividing by the standard deviation of each parameter respectively, so as to facilitate
the comparison between parameters that take values at different scales. Following this
transformation, the y-axis indicates the number of standard deviations away from the
mean, with the mean positioned at zero.

In general, parameters directly related to process kinetics subject to substrate
limitations (Figure 4.1b) have the highest number of recorded data points. In contrast,
parameters related to the temperature dependence (Figure 4.1c) have the least number
of recorded observations. This is due to the fact that there has only been one published
study focused on Accumulibacter (Brdjanovic et al., 1997) and only two for Competibacter,
considering the short-term (Lopez-Vazquez et al., 2007) and long-term temperature
effects (Lopez-Vazquez et al., 2008b).

The limited number of different half-saturation constant measurements is a conse-
quence of their perceived unimportance, i.e. negligible influence on model outcomes
relative to other input parameters. If not obtained via parameter estimation, it is
standard practice to re-use values derived from previous investigations.

The value of the ATP yield per unit of NADH2 oxidised (δ) is determined in batch
tests by measuring the difference between the rates of oxygen consumption in the presence
and absence of orthophosphate (Smolders et al., 1994). However, the calculation requires
assuming an averaged value for the phosphate transport coefficient, which ranges between
5 and 9. Further, determination of the anaerobic and aerobic maintenance coefficients,
as well as the ATP requirements for cell growth on HAc (K1) and HPr (K2) are linked
to δ through the production of ATP through oxidative phosphorylation.

Although recent surveys have suggested otherwise, Accumulibacter PAO has long
been considered the key organism for the function of EBPR and as such, its metabolism
has been the subject of the highest number of studies. Only once the stoichiometry and
kinetics of Accumulibacter had been resolved (from the perspective of general population
models) did research efforts also begin to consider their GAO competitors. It is therefore
no surprise that, excluding temperature dependencies, for all input parameters, those
associated with Accumulibacter exhibit the highest data abundance compared to the
corresponding parameters for Competibacter and Defluviccocus.
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Figure 4.1: A comparison of data availability for half-saturation constants and “metabolic"
parameters (A), “kinetic" parameters (B) and Arhenius temperature coefficients (C).
Boxplots indicate the spread of values obtained via experiments or estimated using
experimental measurements. Gray bars indicate the corresponding spread of values
obtained via Monte Carlo sampling as inputs for model evaluation.

4.3.2 Simulation Outcomes

The initial feed concentrations were in general uniformly distributed. However, the
corresponding output distributions at the end of one anaerobic-aerobic cycle, shown in
Figure 4.2, were either skewed towards the lower end of the spectrum, as observed in
SHAc, SHPr, SPO4

and the intra-cellular PHA fractions (XPHA), or exhibited a bimodal
distribution, as observed in the concentration of biomass (XGB) and the intra-cellular
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fraction of glycogen (XGly).

Pr
ob

ab
ilit

y

0 1 2 3 4
SHAc (C-mmol/l)

0.00

0.05

0.10

0.15

0.20

0.25

0.30
μ    = 0.69
var = 0.34
δ    = 0.59

0 1 2 3 4
SHPr (C-mmol/l)

μ    = 0.76
var = 0.33
δ    = 0.58

0 1 2 3 4 5
SPO4 (P-mmol/l)

μ    = 2.02
var = 0.70
δ    = 0.83

0 2 4 6
XGμ (C-mmol/l)

μ    = 2.87
var = 1.06
δ    = 1.03

0 1 2 3 4
XPHμ,Gμ (C-mmol/l)

0.0

0.1

0.2

0.3

0.4

0.5
μ    = 0.67
var = 0.39
δ    = 0.63

0 1 2 3 4
XPHV,Gμ (C-mmol/l)

μ    = 0.61
var = 0.30
δ    = 0.55

0 1 2 3 4
XPH2MV,Gμ C-mmol/l

μ    = 0.57
var = 0.27
δ    = 0.52

0.0 0.5 1.0 1.5 2.0
XGly,Gμ (C-mmol/l)

μ    = 0.41
var = 0.17
δ    = 0.41

Figure 4.2: Distribution of the average PAO model predictions over one cycle for each
output variable obtained via Monte Carlo simulations. µ and var indicate the mean
and variance of the output respectively. The y-axis indicates the fraction of occurrences
corresponding to a particular outcome from 0 to 1

In the case of the VFA concentrations, given that the anaerobic uptake of VFA is
kinetically the fastest process and that the anaerobic phase was relatively long, it was
expected that HAc and HPr concentrations would follow an exponential distribution.
Although this was the case, it was surprising to note that the final distributions were
not more heavily skewed towards the left, i.e. that there was a considerable number of
instances with residual VFA in the aerobic phase. Given that the anaerobic phase was
relatively long and the initial biomass concentration sufficiently high, where the food to
microorganism ratio (r F/M,i) ranged from 1/3 to 3/5, the likely cause was limitation of
intra-cellular glycogen supplies, as glycolysis supplies the energy and reducing agents to
transport VFAs across the cell membrane and store them as PHA. This is supported by
the bimodal distribution exhibited by XGly, as even after aerobic regeneration of storage
compounds the intra-cellular glycogen concentration was relatively low and close to 0 in
approximately 48 % of all model evaluations.

In the case of the intra-cellular PHA components, although the initial concentration
of the sum of all PHA components (XPHA) was uniformly distributed, the individual
PHA fractions (XPHB, XPHV and XPH2MV) followed the Dirichlet distribution, i.e. mono-
tonically decreasing probability of values greater than zero. The shape of the output
distributions for individual PHA components follows that of the input distributions.
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The biomass concentration at the end of the aerobic phase (XGB) exhibited a bimodal
distribution, with local maxima catered around 2 and 4 C-mmol l−1. Given that the
initial biomass concentration (XGB,i) was uniformly distributed around 3 C-mmol l−1, it
can be said that the population of Competibacter tends to diverge depending on the
availability (shortage or surplus) of resources, rather than maintaining a stable population
through the regulation of internal-storage compounds. Accordingly, XGB exhibits the
highest variance among all output variables. This is in contrast to Accumulibacter PAO,
which, thanks to their ability to rely on poly-P as an additional metabolic pathway to
supply metabolic intermediates, tend towards maintaining a stable population (centred
on a single mean) through the regulation of intra-cellular storage compounds.

It should be noted that the distribution of the PO4 concentration at the end of the
aerobic phase was not uniform, despite the lack of a poly-P metabolism in GAO. This
was in line with expectations, as the model of the Competibacter metabolism accounts
for PO4 release associated with aerobic cell maintenance processes.

4.3.3 First-order Sobol sensitivity indices

Figure 4.3a shows the first-order Sobol sensitivity indices calculated for each input
parameter with respect to all output variables. The heatmap was organised using
averages across each row and column. In general, the first-order sensitivity, i.e. the
contribution of uncertainty associated with individual input parameters to the variability
of model outputs, was more evenly distributed among different input parameters with
respect to the prediction of intra-cellular PHA components, compared to the prediction
of the biomass, intra-cellular glycogen and bulk liquid phase concentrations.

The first-order sensitivity with respect to the intra-cellular PHA ranged from 0.01
to 0.09. The differences between Si were relatively small, with no single parameter
accounting for more than 10 % of the variability in the prediction of intra-cellular
PHA (see Table S4.1 in the Supporting Materials). However, some ranked consistently
among the most influential in terms of factor prioritisation. Namely, the initial biomass
concentration (XGB,i) was the most influential parameter with respect to the prediction
of XPHV, and the 3rd and 4th most influential with respect to the prediction of XPHB

and XPH2MV respectively. Likewise, the Arrhenius temperature coefficient for VFA
uptake (θqVFA) was the 2nd most influential parameters for XPHV, whereas it was the
most influential parameter on the prediction of XPHB and XPH2MV. Other influential
parameters on the prediction of intra-cellular PHA components include the influent ratio
of HAc to HPr (rHAc/HPr,i) and the maximum rates of anaerobic VFA uptake (qHAc and
qHPr respectively).
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Figure 4.3: Heatmaps corresponding to the first-order (A) and total-order (B) Sobol
sensitivities for Competibacter.
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Chapter 4. Comparing the impact of input uncertainty on metabolic models

The half-saturation constant for glycogen (KGly) was among the most influential
parameters on the prediction of XPHV and XPH2MV, yet ranked as the 10th least influential
with respect to XPHB, despite the fact that the mechanism for anaerobic consumption
of intra-cellular glycogen reserves for PHA synthesis is very similar, differing only in
the stoichiometric yield on either HAc or HPr between the PHA constituents. This
may be due to the preferential reliance on XPHV and XPH2MV for the replenishment
of intra-cellular glycogen reserves in the aerobic phase, regardless of the influent VFA
composition. Further, the relatively high Si of the influent P/C ratio (rP/C) for XPHV

and XPHB was unexpected, as Competibacter GAO do not possess the poly-P pathway
for storage purposes. This was not due to the prevailing PO4, but rather the effective
influent VFA concentration that the organism was exposed to in anaerobic conditions.

In contrast to the intra-cellular PHA components, the first-order sensitivities with
respect to the remaining output variables were concentrated in a smaller subset of
the input parameters. Specifically, the sum of Si for the four most influential input
parameters constituted approximately 83 % of the contribution to prediction variability
for XGB, 72 % for XGly, 87 % for SO2

, 97 % for SHAc, 95 % for SHPr and nearly all of the
contribution to the prediction of the PO4 concentration (see Table S4.2 in the Supporting
Materials). Consequently, the corresponding Si values exhibited a Pareto distribution,
as opposed to a uniform distribution in the case of XPHA.

The most influential parameters on the prediction of XGB, XGly and SO2
were θqVFA ,

rHAc/HPr,i, XGB,i, the initial fraction of intra-cellular glycogen (fGly, i), the maximum rate
of anaerobic HAc uptake (qHAc) and temperature. These parameters were all related to
anaerobic VFA uptake kinetics via the influence of temperature, carbon source preference
and the initial supply of glycogen with which to drive VFA assimilation as PHA.

The most influential parameters on the prediction of the VFA concentrations SHAc

and SHPr were rHAc/HPr,i, the total concentration of VFA in the influent (SVFA,i), θqVFA

and to a lesser degree the operating temperature. It was noted that the prediction of
the VFA concentration was not sensitive to the uncertainty associated with the initial
biomass concentration, the maximum rates of VFA uptake (qHAc and qHPr), nor with the
initial fraction of intra-cellular glycogen (fGly,i). This suggests that, within the upper
and lower bounds for the inputs used in this study, the accurate prediction of COD
removal requires only characterisation of the influent, rather than microbiology of the
resident biomass. Lastly, the prediction of the PO4 concentration was influenced by
uncertainty associated with SVFA,i and the corresponding ratio of phosphorus to carbon
(rP/C,i). The sensitivity was equal with respect to both, and insensitive to any of the
input parameters. This was expected, as unlike Accumulibacter PAO, Competibacter
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4.3. Results

GAO use PO4 only for essential functions, i.e., in the aerobic degradation of intra-cellular
PHA for the replenishment of glycogen reserves, as well as cellular maintenance.

4.3.4 Total-order Sobol sensitivity indices

The total-order Sobol sensitivity indices calculated for each input parameter with respect
to all output variables are shown in Figure 4.3b. For each input parameter – output
variable pair, the total-order sensitivity was always greater than that of the corresponding
first-order sensitivity. The confidence intervals were within 10 % of the sensitivity indices,
confirming that the STi were an accurate apportionment of the contribution of input
uncertainty on the output variability. The magnitude of the difference between the first
and total-order sensitivity indicates the contribution that interactions between two or
more inputs translate into variability in model predictions.

As was the case with S i, the values of STi for the prediction of intra-cellular PHA
components were nearly uniformly distributed among the input parameters (see Figure
S4.1 in the Supplementary Materials). While the contribution to uncertainty could not
be isolated to any particular type of input, as described in Table 4.1, the parameters that
ranked consistently among the most influential with respect to the prediction of XPHA

were those related to the initial intra-cellular fractions (fPHA, i , fGly, i and fGly,max), the
effect of temperature on internal reaction kinetics (T, θqVFA and θqGly

), as well as the pH
which affects the stoichiometric yield of glycogen consumed per unit of VFA taken-up,
and therefore the yield of PHA formed anaerobically.

Viewed alongside the first-order sensitivities, it was clear that there was a high level
of interaction among parameters that affect the prediction of intra-cellular PHA, where
the mean first-order sensitivity was 0.05, whereas the mean total-order sensitivity was
0.77 (see Table S4.1 in the Supporting Materials). Parameter interactions were also
observed for XGB, XGly and SO2

. However, as in the case of first-order sensitivities,
their contribution was concentrated in a smaller subset of inputs.

Regarding the prediction of XGly, the most important inputs were related to the
initial conditions, θqVFA and kinetic parameters, in decreasing order. XGly was most
sensitive to the initial fraction of intra-cellular glycogen (fGly, i), temperature, ratio
of HAc to HPr (rHAc,HPr), and XGB, i), which collectively contributed approximately
40 % to the output variance. From the kinetic parameters, XGly was most sensitive to
the maximum intra-cellular fraction of glycogen (fGly,max) and the maximum rates of
anaerobic VFA uptake (qHAc and qHPr), which contributed approximately 12 % to the
output variance. The individual parameter that contributed most to the variability of
XGly (nearly 26 %) was θqVFA .
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Chapter 4. Comparing the impact of input uncertainty on metabolic models

Ranked on the basis of STi, the most influential parameters for the prediction XGB

and SO2 were nearly identical. The initial conditions (T, rHAc,HPr, XGB, i and fGly, i)
contributed to 40.6 % and 40.1 % to the variance of XGB and SO2 respectively. θqVFA

contributed approximately 20-26 %, while the kinetic parameters qHAc, qHPr and fGly,max

each collectively contributed approximately 12 % to the output variances respectively.
That the list of influential factors followed similar patterns can be explained by the
fact that the consumption of O2 occurs only as a result of biomass growth, and cell
maintenance during protracted idle periods.

Predictions of SHAc and SHPr were sensitive to the same set of parameters. From
the initial conditions, rHAc,HPr, SVFA, i and T contributed approximately 88-85 % to the
output variances respectively, whereas θqVFA contributed roughly 8.4-9.7 % respectively.
Compared to other outputs, the relatively small number of influential inputs in the case
of the prediction of VFA concentrations can be explained by the fact that the change
occurs very rapidly at the beginning of the anaerobic phase, reaching a minimum level
once the organism has exhausted it’s reserves of intra-cellular glycogen with which to
assimilate the available VFA from the bulk liquid phase.

Finally, the prediction of the soluble phosphate concentration (SPO4) was sensitive
only to rP/C, i and SVFA,i, each of which contributed 50 % to the output variance. It was
the only case where the S i and STi values were equal for all influential parameters, i.e.
where all of the output variability was due to the direct effect, without interactions with
other parameters.

4.4 Discussion

4.4.1 Comparing sensitivities between metabolic models for PAO and
GAO

In the context of factor prioritisation, the ‘relevance’ of a model can be defined as the
ratio in the number of influential to non-influential parameters (Saltelli et al., 2008;
Cosenza et al., 2013). By defining the threshold discerning influential from non-influential
parameters on the basis of the STi value at 0.05, i.e. at the contribution of a given
parameter being less than 5 %, the relevance of the Competibacter GAO metabolic model
would be 35 % for XGB, 26 % for XGly, 29 % for SO2

, 4 % for SVFA and 2 % for SPO4
. In

contrast, the relevance of the metabolic model for Accumulibacter PAO would range
between 82-87% for the same threshold (Nguyen et al., 2019).

However, in the context of factor fixing, i.e. reducing the number of uncertain
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parameters and thereby decreasing model calibration requirements, both the sum of
first-order sensitivities and the average sensitivity due to interactions must be small
relative to more influential parameters that may not be subject to the same treatment.
Table 4.2 presents a comparison of the sum of first-order sensitivities, as well as the
average sensitivity arising from interactions between uncertainty associated with different
parameters for Accumulibacter PAO and Competibacter GAO.

Table 4.2: A comparison of the sensitivity without interactions (
∑

S i) and the average
sensitivity due to interactions between different input parameters ((

∑
S T,i − S i)/m)

with respect to a given output (columns).

SO2
SHAc SHPr SPO4

X XPHB XPHV XPH2MV XGly XPP∑
S i Accumulibacter 1.14 1.18 1.48 0.985 1.04 2.47 1.65 0.754 0.932 1.42

Competibacter 0.859 1.02 0.982 1.03 0.947 0.893 1.75 1.26 0.845

(
∑

ST,i − S i)/m Accumulibacter 0.650 0.656 0.641 0.663 0.680 0.744 0.846 0.785 0.683 0.714

Competibacter 0.048 0.006 0.007 0.003 0.053 0.693 0.713 0.739 0.043

The sum of first-order sensitivities, i.e. the direct effects, was found the be greater
in the case of PAO compared to GAO with respect to all output variables, with the
exception of SPO4

, XPHV and XPH2MV. In the case of SPO4
, the difference between the

sum of first-order sensitivities was less than 5 %. Given that the acceptable confidence
interval for numerical estimations of Sobol sensitivity indices is below 10 % (Saltelli
et al., 2010), on par with that observed in this study, the difference was considered
negligible. That the first-order sensitivity with respect to XPHV and XPH2MV for GAO
was greater than that of PAO can be explained by the disproportionate reliance of the
GAO metabolism on the formation of these PHA components using VFA. According to
the current consensus of the stoichiometry, Accumulibacter PAO rely predominantly on
PHB, with only negligible involvement of PHV and PH2MV without HPr in the influent.

For a non-additive, linear model, the expected value of
∑

Si is 1 (Saltelli et al.,
2008). This threshold was exceeded in a number of instances, e.g. in the case of SO2 ,
SHAc and XPAO for Accumulibacter, and in the case of SHAc and SPO4 for Competibacter.
It should be noted that the breach of this upper limit was significantly correlated with
the organisms’ preferred PHA compounds: XPHB and XPHV for PAO, and XPHV and
XPH2MV for GAO. This may be explained by the high degree of parameter interactions
with respect to the prediction of PHA constituents. Further, in the case of PAO the high
sum for XPP is likely due to the additional coupling of the poly-P metabolism in the
management of intra-cellular storage compounds between anaerobic and aerobic phases.
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Chapter 4. Comparing the impact of input uncertainty on metabolic models

The average degree of interaction, as measured by (
∑

ST,i − S i)/m, was greater for
PAO in the case of all corresponding output variables. As such, any contribution to
the prediction variability of PO4 in the GAO metabolic model was due to uncertainty
in individual input parameters. In contrast, variability in the prediction of PO4 in the
metabolic model for PAO arose from interactions between different input parameters.
This was expected, as PAO couple the metabolism of poly-P in addition to glycogen
and PHA in order to regulate cell maintenance and growth, whereas GAO do not.

4.4.2 Opportunities for model simplification

Figure 4.4 presents the distribution of Sobol sensitivity indices for PAO and GAO
normalised in accordance with Equation 4.10. The value of S Ni falls between 0 and
1, and can thus be used to compare sensitivities determined across different models.
The normalised Sobol sensitivities with respect to the prediction of intra-cellular PHA
components were evenly distributed across all input parameters in the case of Com-
petibacter GAO, ranging from 0.85 to 1. In contrast, the corresponding sensitivities for
Accumulibacter PAO exhibited a larger gradient between the minimum and maximum
values, ranging from 0.62 to 1.

The opposite was true in the case of the remaining output variables. With respect
to the prediction of the biomass concentration, intra-cellular glycogen and the liquid
phase oxygen concentration, the normalised sensitivities for Competibacter GAO were
concentrated in a smaller subset of input parameters. These included the temperature,
rHAc/HPr,i, SVFA,i, θqVFA , qHPr, the initial fraction of intra-cellular glycogen (fGly,i), qHAc,
fGly,max, biomass, the Arrhenius temperature coefficient for anaerobic maintenance
(θmATP,an), θqVFA , the maximum rate of aerobic glycogen synthesis (qGly), and the half-
saturation coefficient for glycogen (KGly). In other words, parameters associated with
the influent carbon concentration, composition, VFA uptake and anabolic and catabolic
processes involving glycogen. The prediction of SVFA was sensitive to an even more
restricted set of inputs: temperature, rHAc/HPr,i, SVFA,i, θqVFA , qHPr and fGly,i. Lastly,
the prediction of SPO4

was sensitive to only two input parameters: SVFA,i and rP/C,i.

In addition to the spread of the normalised Sobol sensitivities, an analysis of the
SNi aggregated with respect to each output reveals significant differences sensitivities
between the most and least influential parameters in the respective models. Arranging
the input parameters from most to least influential and plotting the corresponding
sensitivities, Figure 4.5 shows that more than half of most influential input parameters
for Accumulibacter PAO had an SNi value greater than 0.9, and the monotonic decay of
the remaining parameters’ SNi was linear.
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Figure 4.4: Heatmap of the normalized Sobol sensitivity indices, showing the influence of
each input parameter (columns) on individual outputs (rows). Each cell compares the sen-
sitivity determined for Accumulibacter PAO (lower triangle) against that corresponding
to Competibacter GAO (upper triangle).
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In contrast, the most influential parameters for Competibacter GAO had an SNi

value below 0.8. Further, only a total of three input parameters had an SNi value greater
than 0.7, accompanied by a considerable drop between the 3rd and 5th most influential
parameters. The distribution of SNi for GAO input parameters ranked 10th and onward
was nearly uniformly distributed. As such, depending on the resolution required and
circumstances at hand, it may be possible to achieve a 67 % reduction in the number of
uncertain input parameters without significant compromise to the accuracy of model
predictions in the case of the GAO model. In comparison, simplification of the metabolic
model for PAO could only be carried out for 36% of the input parameters.

Figure 4.5: Correlation of the rank and the corresponding value of the normalised Sobol
sensitivity index between Accumulibacter PAO and Competibacter GAO.
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4.5 Conclusions

An uncertainty and global sensitivity analysis was conducted on the metabolic model
describing the anaerobic and aerobic behaviour of Competibacter GAO subject to
different temperatures, pH and influent carbon concentrations and compositions. A
survey of previously measured or otherwise estimated data points were used to inform
the input sampling distributions in the uncertainty analysis. Sobol’s method for variance
decomposition was used to determine the contribution of input uncertainty on the output
variance, consisting of 31 input parameters and 9 output variables.

The prediction of intra-cellular PHA was nearly uniformly sensitive to all input
parameters. In contrast, the prediction of intra-cellular glycogen, biomass and liquid
phase concentrations was sensitive to a smaller subset of parameters associated with the
effect of temperature (T, θqVFA), anaerobic VFA uptake (qHAc, qHPr) and the influent
composition (fPHA, i, fGly, i, rHAc/HPr,i, SVFA,i). Analysis of the normalised sensitivities
indicated that the number of uncertain inputs could be reduced by 67 % without
significant loss of model prediction accuracy. This compares favourably to only a 36 %
reduction possible for the Accumulibacter PAO model, due to the higher degree of
parameters interactions brought upon by the coupling of the additional poly-phosphate
metabolism.

By accounting for parameter interactions and conducting the analysis in terms of
different types of inputs, this work shows how different aspects of existing knowledge
concerning EBPR mechanisms contribute to variance in model predictions. That the
sensitivity to kinetic and metabolic inputs, as defined in this study was relatively low
suggests that thorough characterisation of the Arrhenius relationships at the biological
level and of the influent at the process level would contribute most to reducing the com-
plexity of metabolic models for GAO. In turn, this would make EBPR metabolic models
more accessible for use in both fundamental investigation and process optimisation.
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Supporting Materials

Table S4.1: Sobol sensitivities of input factors ranked with respect to the prediction of
intra-cellular fractions.

X PHB X PHV X PH2MV XGly

Si STi
STi−Si

STi
Rank Si STi

STi−Si

STi
Rank Si STi

STi−Si

STi
Rank Si STi

STi−Si

STi
Rank

rHac/HPr 0.07 0.77 0.91 2 0.05 0.78 0.94 9 0.04 0.73 0.95 29 0.13 0.28 0.54 3

r P/C 0.04 0.69 0.94 27 0.07 0.76 0.91 16 0.02 0.78 0.97 12 0.001 0.01 0.90 27

SVFA, i 0.02 0.74 0.97 7 0.07 0.76 0.91 15 0.01 0.73 0.99 30 0.001 0.04 0.98 9

XGB 0.05 0.73 0.93 8 0.09 0.79 0.89 4 0.05 0.83 0.94 2 0.03 0.07 0.57 8

T 0.03 0.76 0.96 3 0.06 0.79 0.92 3 0.04 0.78 0.95 11 0.06 0.36 0.83 2

pH 0.03 0.76 0.96 4 0.04 0.78 0.95 11 0.04 0.79 0.95 7 0.001 0.04 0.98 10

fGly, i 0.04 0.72 0.94 11 0.05 0.78 0.94 10 0.03 0.78 0.96 13 0.09 0.17 0.47 4

fGly,max 0.01 0.72 0.99 12 0.05 0.75 0.93 22 0.06 0.79 0.92 6 0.04 0.08 0.50 7

f PH2MV, i 0.01 0.71 0.99 19 0.05 0.75 0.93 24 0.06 0.74 0.92 28 0.001 0.02 0.95 22

f PHB, i 0.02 0.73 0.97 9 0.02 0.77 0.97 14 0.03 0.79 0.96 10 0.001 0.01 0.90 30

f PHV, i 0.02 0.75 0.97 5 0.06 0.79 0.92 5 0.02 0.81 0.98 3 0.001 0.01 0.90 28

σ 0.001 0.72 1.00 13 0.03 0.8 0.96 2 0.04 0.78 0.95 14 0.001 0.01 0.90 29

K 1 0.05 0.7 0.93 25 0.02 0.75 0.97 25 0.03 0.75 0.96 25 0.001 0.02 0.95 23

K 2 0.03 0.67 0.96 30 0.06 0.75 0.92 26 0.01 0.78 0.99 17 0.001 0.02 0.95 24

K fPHA 0.03 0.71 0.96 20 0.03 0.7 0.96 31 0.001 0.73 1.00 31 0.001 0.02 0.95 26

KGly 0.02 0.7 0.97 21 0.07 0.74 0.91 28 0.05 0.76 0.93 21 0.001 0.02 0.95 13

KHAc 0.03 0.7 0.96 22 0.03 0.79 0.96 8 0.04 0.79 0.95 8 0.001 0.02 0.95 15

KHPr 0.02 0.72 0.97 15 0.06 0.77 0.92 13 0.03 0.75 0.96 24 0.001 0.02 0.95 18

KO2
0.04 0.71 0.94 18 0.05 0.79 0.94 7 0.04 0.77 0.95 18 0.001 0.02 0.95 14

K PHA 0.001 0.7 1.00 23 0.03 0.76 0.96 20 0.01 0.8 0.99 5 0.001 0.02 0.95 20

mATPan 0.001 0.7 1.00 26 0.03 0.76 0.96 21 0.04 0.75 0.95 26 0.001 0.01 0.90 31

mATPox
0.001 0.72 1.00 17 0.02 0.75 0.97 27 0.001 0.75 1.00 27 0.001 0.02 0.95 25

qGly 0.001 0.72 1.00 16 0.06 0.71 0.92 30 0.001 0.78 1.00 15 0.001 0.04 0.98 12

qHAc 0.001 0.66 1.00 31 0.08 0.76 0.89 17 0.04 0.76 0.95 19 0.02 0.08 0.75 6

qHPr 0.04 0.69 0.94 28 0.05 0.77 0.94 12 0.04 0.8 0.95 4 0.02 0.11 0.82 5

q PHA 0.03 0.7 0.96 24 0.04 0.73 0.95 29 0.02 0.78 0.97 16 0.001 0.02 0.95 21

θmATP, an
0.001 0.73 1.00 10 0.05 0.75 0.93 23 0.04 0.76 0.95 23 0.001 0.02 0.95 19

θmATP, ox
0.01 0.72 0.99 14 0.03 0.76 0.96 19 0.04 0.76 0.95 22 0.001 0.02 0.95 17

θ qGly
0.03 0.75 0.96 6 0.05 0.79 0.94 6 0.03 0.76 0.96 20 0.001 0.04 0.98 11

θ qPHA
0.001 0.69 1.00 29 0.05 0.76 0.93 18 0.05 0.79 0.94 9 0.001 0.02 0.95 16

θ qVFA
0.08 0.79 0.90 1 0.08 0.83 0.90 1 0.06 0.85 0.93 1 0.33 0.57 0.42 1

∑
0.758 22.28 1.53 23.72 1.013 24 0.743 2.21

201



Chapter 4. Comparing the impact of input uncertainty on metabolic models

Table S4.2: Sobol sensitivities of input factors ranked with respect to the prediction of
liquid phase concentrations.

SO2
SHAc SHPr XGB

Si STi
STi−Si

STi
Rank Si STi

STi−Si

STi
Rank Si STi

STi−Si

STi
Rank Si STi

STi−Si

STi
Rank

rHac/HPr 0.13 0.3 0.57 3 0.61 0.68 0.1 1 0.54 0.64 0.16 1 0.12 0.32 0.63 3

r P/C 0.001 0.02 0.95 13 0.001 0.001 6 0.001 0.001 6 0.001 0.02 0.95 26

SVFA, i 0.001 0.05 0.98 9 0.25 0.31 0.19 2 0.28 0.34 0.18 2 0.001 0.06 0.98 9

XGB 0.07 0.11 0.36 6 0.001 0.001 7 0.001 0.001 7 0.19 0.23 0.17 4

T 0.12 0.43 0.72 2 0.02 0.06 0.67 4 0.01 0.05 0.8 4 0.09 0.39 0.77 2

pH 0.01 0.04 0.75 10 0.001 0.001 11 0.001 0.001 11 0.01 0.05 0.80 10

fGly, i 0.03 0.12 0.75 5 0.01 0.02 0.5 5 0.001 0.001 8 0.04 0.14 0.71 5

fGly,max 0.001 0.06 0.98 8 0.001 0.001 10 0.001 0.001 10 0.01 0.07 0.86 8

f PH2MV, i 0.001 0.02 0.95 25 0.001 0.001 26 0.001 0.001 26 0.001 0.03 0.97 24

f PHB, i 0.001 0.01 0.90 31 0.001 0.001 21 0.001 0.001 21 0.001 0.02 0.95 28

f PHV, i 0.001 0.02 0.95 14 0.001 0.001 12 0.001 0.001 12 0.001 0.03 0.97 15

σ 0.001 0.02 0.95 18 0.001 0.001 17 0.001 0.001 17 0.001 0.03 0.97 18

K 1 0.001 0.02 0.95 26 0.001 0.001 27 0.001 0.001 27 0.001 0.02 0.95 29

K 2 0.001 0.02 0.95 27 0.001 0.001 28 0.001 0.001 28 0.001 0.03 0.97 25

K fPHA 0.001 0.02 0.95 30 0.001 0.001 31 0.001 0.001 31 0.001 0.02 0.95 31

KGly 0.001 0.03 0.97 11 0.001 0.001 14 0.001 0.001 14 0.001 0.04 0.98 12

KHAc 0.001 0.02 0.95 17 0.001 0.001 16 0.001 0.001 16 0.001 0.03 0.97 17

KHPr 0.001 0.02 0.95 20 0.001 0.001 20 0.001 0.001 20 0.001 0.03 0.97 19

KO2
0.001 0.02 0.95 16 0.001 0.001 15 0.001 0.001 15 0.001 0.02 0.95 27

K PHA 0.001 0.02 0.95 23 0.001 0.001 24 0.001 0.001 24 0.001 0.03 0.97 22

mATPan 0.001 0.02 0.95 28 0.001 0.001 29 0.001 0.001 29 0.001 0.02 0.95 30

mATPox
0.001 0.02 0.95 29 0.001 0.001 30 0.001 0.001 30 0.001 0.04 0.98 14

qGly 0.001 0.02 0.95 22 0.001 0.001 23 0.001 0.001 23 0.001 0.03 0.97 21

qHAc 0.02 0.1 0.80 7 0.001 0.001 9 0.001 0.001 9 0.02 0.11 0.82 7

qHPr 0.02 0.13 0.85 4 0.001 0.001 8 0.03 0.04 0.25 5 0.01 0.14 0.93 6

q PHA 0.001 0.02 0.95 24 0.001 0.001 25 0.001 0.001 25 0.001 0.03 0.97 23

θmATP, an
0.001 0.02 0.95 21 0.001 0.001 22 0.001 0.001 22 0.001 0.03 0.97 20

θmATP, ox
0.001 0.02 0.95 19 0.001 0.001 19 0.001 0.001 19 0.01 0.05 0.80 11

θ qGly
0.001 0.02 0.95 15 0.001 0.001 13 0.001 0.001 13 0.001 0.03 0.97 16

θ qPHA
0.001 0.03 0.97 12 0.001 0.001 18 0.001 0.001 18 0.01 0.04 0.75 13

θ qVFA
0.34 0.62 0.45 1 0.06 0.1 0.4 3 0.05 0.12 0.58 3 0.28 0.53 0.47 1

∑
0.763 2.39 0.976 1.196 0.936 1.216 0.81 2.66
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Figure S4.1: Comparison of the S i and STi of the 10 most influential parameters, ranked
on the bases of the total-order sensitivity, with respect to each model output. The
blue portion of the bar graph represents the value of S i, whereas the orange portion
represents the difference between the total-order and first-order sensitivities.
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Commentary

The availability of kinetic measurements for Competibacter GAO was found to be much
more scarce than that of PAO (objective 2b). This discrepancy in data availability, was
even more pronounced between Accumulibacter and Defluviicoccus. In the search for the
true value of a given input parameter, theory would suggest that, all else being equal,
more empirical measurements, should lead to the reduction of uncertainty associated with
said parameter. The opposite was found to be true for input parameters to metabolic
models for organisms relevant to EBPR. Although the availability of measured data
points was lower for GAO, the variance of input parameters was also lower compared to
that of PAO. However, measurements of kinetic parameters for PAO deviated relatively
more from their respective means (research question Q2). This was also translated to
the output variance, where the proportion of influential inputs was lower with respect
to the metabolic model for GAO than PAO (research question Q3).

This may have been a consequence of insufficient clade-level resolution in the enrich-
ment step, where measurements from independent studies were obtained for different
sub-groups of PAO. For instance, Accumulibacter type I have been observed to exhibit
a an anaerobic HAc uptake rate up to 4 times lower than Accumulibacter type II,
depending on the concentration of intra-cellular poly-P (Welles et al., 2015). Further
work is necessary to ascertain the metabolic differences between distinct PAO clades. As
presented in this thesis, uncertainty and global sensitivity analyses will be most useful
in determining the optimal resolution to balance overall model complexity, in terms of
the number of PAO or GAO sub-groups and their respective metabolic pathways, with
the expected variance in model predictions (objectives 2e and 2f).

In Chapters 3 and 4, the uncertainty and global sensitivity analyses were conducted
separately for PAO and GAO (objectives 2c and 2d). Ideally, the investigation would
have been done jointly, so as to account for interactions between the two organisms so
as to obtain an complete accounting of the sources of uncertainty exerting influence on
the variance of EBPR model predictions. The investigations were conducted separately
so as to avoid an exponential increase in the number of model evaluations to achieve
convergence of the Sobol sensitivity indices. As a consequence of systematically leaving-
out the interactions between the two groups of organisms, some underestimation of the
total variance of model predictions should be expected when combined into a single
EBPR model. Nevertheless, working with a slight underestimation of the variance
that can be expected from combined PAO and GAO metabolic models is preferable to
complete ignorance.
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Preface

Persistent uncertainties regarding the metabolisms of PAO and GAO, and the prohibitive
material and time investment required for enrichment and experimentation, have focused
the investigation of the effect of input factors predominantly on single variables in the
design of experiments. In particular, temperature, carbon source (type as opposed to
concentration) and pH have received the most attention, owing to their direct relationship
with anaerobic VFA uptake stoichiometry and kinetics.

Consequently, conclusions regarding the effect of input factors on EBPR performance
have been drawn mainly from experiments in lab-scale reactors with well-defined con-
ditions and synthetic influents. Such studies rarely considered interactions between
different input factors. It follows that the observations from full-scale EBPR plants,
which are subject more significant and more frequent deviations from the expected
influent composition and process homogeneity, have failed to match consensus derived
from lab-scale investigations. This applies to long-accepted views regarding the effect
of input factors, e.g. the viability of EBPR at high temperature, as well as to the
correlation between PAO relative abundance and EBPR performance. Despite the
competition for common resources, observations from full-scale WWTPs suggest that
PAO may coexist with GAO in EBPR systems, and that the population balance between
the two groups of organisms is not the sole deciding factor in the resultant P-removal
efficiency. There is thus a need to determine the effect of perturbing multiple input
factors on the population balance between PAO and GAO separately from the P-removal
efficiency (research question Q4).

The work presented in Chapter 5 explored the effect of varying multiple environ-
mental and/or operational factors on EBPR performance in an anaerobic-aerobic SBR
using metabolic models, in terms of the PAO abundance relative to GAO and P-removal
efficiency respectively. The range of environmental and operational conditions were
determined based on those applied to EBPR systems in the published literature at lab-,
pilot- and full-scale (objective 3a). The kinetic parameters were calibrated to known
enriched cultures of PAO or GAO in lab-scale SBR (objective 3b). The simulations were
carried out until quasi steady-state, and correlations between input factor combinations
and the resultant PAO abundances and P-removal efficiencies were investigated (objec-
tives 3c and 3d). Further, the hypothesis that high P-removal efficiencies require the
dominance of PAO was tested (objective 3e).
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Abstract

Enhanced biological phosphorus removal (EBPR) is a proven technology for effective
and environmentally sustainable P-removal, critical for preventing eutrophication and
synergistic with processes aimed at the recovery of bio-polymers, nutrients and energy
from wastewater. Although much research has been devoted to study the effect of various
factors to favour the enrichment of phosphorus accumulating organisms (PAO) at the
expense of glycogen accumulating organisms (GAO) in lab-scale reactors, most have
considered only single factors in isolation, and often conflated the relative enrichment of
PAO with P-removal performance. This has led to the overestimation of the importance
of individual factors and the relative PAO abundance respectively.

This work used a metabolic model describing the conversions of PAO and GAO in
a sequencing batch reactor to predict the impact of perturbing multiple input factors
simultaneously on the relative abundance of PAO (fPAO) and P-removal efficiency.
Correlation analysis was used to quantify the relationships between input factors and
model predictions. Global sensitivity analysis was used to quantify the direct and
indirect contributions of different input factors to the prediction of the PAO biomass
fraction. Parallel coordinate plots were used to investigate the link between input factor
values and predicted P-removal performance inconsistent with current consensus.

Low fPAO increased the likelihood of poor P-removal performance. However, PAO
dominance was not a pre-requisite to good P-removal performance. P-removal efficiencies
above 90 % were equally likely with fPAO from 30-90 %, and was possible with fPAO as
low as 10 %. The ratio of influent carbon to phosphorus was the only reliable predictor
of P-removal efficiency. The direct effect of individual factors on f PAO prediction was
negligible. However, temperature, pH and VFA composition interacted strongly with
SRT, HRT and the fraction of anaerobic reaction time. High P-removal without the
dominance of PAO was possible at pH above 7.2 and SRT below 16 d. Conversely,
SRT and HRT longer than 21 d and 0.70 d respectively, as well as influent carbon to
phosphorus ratios greater than 40 C-mmolP-mmol−1 resulted in poor P-removal in spite
of PAO dominance in the biomass population.

P-removal efficiency was not dictated by the abundance of PAO relative to GAO.
Further, P-removal performance was sensitive to process factors such as SRT, as well as
the overall and constituent anaerobic and aerobic residence times. This is of particular
significance to process control of full-scale EBPR systems, where such variables are
manipulated much more readily and without sizeable capital investment compared to
environmental factors such as temperature, pH and the VFA composition.
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5.1 Introduction

Eutrophication is a natural process by which nutrients such as nitrogen and phosphorus
accumulate in water bodies via the decomposition of mineral sediments (Sawyer, 1966).
This process may be accelerated significantly by discharge of municipal wastewater and
agricultural run-offs, provoking explosive growth of algae, exhausting the supply of trace
nutrients and dissolved oxygen (DO). This leads to a population bust and subsequent
putrefaction of the algal biomass, releasing harmful substances that otherwise would
have been bound within various forms of phosphorus compounds (Correll, 1998; Khan
and Ansari, 2005). The net result is the destabilisation of the local ecosystem, severe
reduction of biodiversity and degradation of water quality (Yang et al., 2008).

The primary objective of conventional wastewater treatment is the removal of organic
matter (Grady et al., 2011). However, the management of phosphorus flows resulting
from anthropogenic activities is increasingly recognised as an important a priority, owing
to the growing awareness of the limited and non-renewable and often geopolitically
sensitive nature of freshwater and phosphate rock resources (Rittmann et al., 2011;
Commission, 2017). To preserve and/or achieve good ecological status for surface waters
within the EU, the Urban Wastewater Treatment Directive mandates concentrations
below 1 mg-P l−1 (Commission, 1998). Although it may be accomplished through
chemical precipitation (Bunce et al., 2018), P-removal by biological means presents the
potential to eliminate chemical reagent costs, lower aeration requirements, and produce
less waste sludge. Enhanced biological phosphorus removal (EBPR) been demonstrated
to achieve effluent concentrations below 1 mg-P l−1 with influent concentrations ranging
from 5 to 80 mg-P l−1 (Broughton et al., 2008; Lemaire et al., 2009; Coats et al., 2017).

EBPR selects for phosphorus accumulating organisms (PAO) by subjecting the
biomass to alternating anaerobic and aerobic conditions. Organisms conforming to the
PAO phenotype possess the ability to take up carbon sources, namely volatile fatty acids
(VFA) without electron acceptors, providing them a competitive advantage over ordinary
heterotrophic organisms (OHO). The VFAs are stored as poly-β-hydroxyalkanoates
(PHA) via a process which requires energy (ATP) and reducing equivalents, e.g. NADH2.
The required ATP is supplied by hydrolysis of intra-cellular poly-phosphate (poly-P),
resulting in P-release coupled to VFA uptake, as well as glycolysis. Glycolysis provides
part of the ATP in addition to the necessary reducing equivalents. In the subsequent
availability of electron acceptors, the accumulated PHA is consumed to replenish intra-
cellular glycogen and poly-P reserves by P-uptake from the bulk fluid, as well as for
cellular maintenance and biomass growth. Net increase in the PAO population results in
net accumulation of phosphorus in the biomass, which can be removed from the system
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by wasting excess sludge (Oehmen et al., 2007). Candidatus Accumulibacter phosphatis
(referred to as Accumulibacter) are thought to be the primary PAO responsible for
EBPR, owing to their successful enrichment lab-scale reactors with high P-removal
efficiency (Bond et al., 1999; He et al., 2007), as well as presence in full-scale EBPR
plants, typically in abundances between 5-25%.

OHO accumulate approximately 2 % of P by dry biomass (van Loosdrecht et al.,
2016). In contrast, PAO cells accumulate up to 17 % (Crocetti et al., 2000). Further,
PAO cells prioritise the accumulation of intra-cellular storage compounds, e.g. PHA and
glycogen over biomass growth. This effectively diverts the often scarce carbon resources
in a wastewater treatment plant away from dissipation via oxidation. By yielding process
streams highly concentrated in phosphorus and readily biodegradable organic matter,
EBPR synergises with technologies aimed to recover nutrients, energy and bio-polymers.

Despite its merits, EBPR is known to suffer from operational instabilities in both
lab-scale (Cech and Hartman, 1993; Muszyński et al., 2013) and full-scale configurations
(Gu et al., 2005; Neethling et al., 2006). Although the root causes are not completely
understood, the deterioration of P-removal efficiency is often attributed to the prolifera-
tion of glycogen accumulating organisms (GAO). Organisms conforming to the GAO
phenotype rely solely on glycogen for the supply of energy and reducing equivalents
for anaerobic VFA uptake and PHA accumulation (Mino et al., 1998). GAO do not
utilise poly-P for energy storage and thus do not perform P-uptake in excess of cellular
maintenance and growth requirements (Griffiths et al., 2002). In this way, GAO compete
with PAO for VFA without contributing to P-removal. Similar to PAO, the main GAO
of interest have been those most easily enriched in lab-scale systems exhibiting poor
P-removal, namely Candidatus Competibacter phosphatis (referred to as Competibacter)
and Defluviicoccus vanus-related organisms (referred to as Defluviicoccus) (Kong et al.,
2002; Nielsen et al., 1999; Meyer et al., 2006; Lanham et al., 2008). They have also
been frequently observed in full-scale EBPR plants (Crocetti R. et al., 2002; Kong et al.,
2006; Burow et al., 2007). Significant research efforts have been devoted to understand
the operational and environmental factors that influence the competition between PAO
and GAO. Fundamental studies have focused primarily on the effect of carbon source,
temperature and pH.

Based on experimentation using lab-scale reactors under with highly-enriched cultures,
it has been concluded that PAO are favoured at lower temperatures, slightly alkaline
pH, and with influent characterised by lower ratios of carbon to phosphorus (rC/P), rich
in propionate (HPr) rather than acetate (HAc). Such conditions negatively affect GAO
due to kinetic inhibition of aerobic glycogen formation (Erdal et al., 2006), increased
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energy requirements for anaerobic VFA transport (Smolders et al., 1994; Liu et al., 1996;
Filipe et al., 2001c; Oehmen et al., 2005a) and lower affinity to HPr (Oehmen et al.,
2006) respectively. Accumulibacter PAO have been successfully enriched by applying
these principles (Lu et al., 2006).

Current understanding of their metabolisms stem from highly-enriched lab-scale
reactors with well-defined inputs, changing one variable at a time. This is partly due to
the equipment and materials cost. However, the required time investment is the more
significant burden, as experimental design must account for time to enrich the reactor in
the desired organism, as well as time to reach quasi steady-state in response to each step
in variable manipulation. As such, the number of dependent variables has always been
limited and screened with great care. Although surveys have been conducted to link the
effect of various parameters on EBPR performance (López-Vázquez et al., 2008; Zhang
et al., 2011), the wide range of process configurations and heterogeneity in operating
conditions complicate the assessment of factors important to GAO proliferation in
full-scale plants.

The combined effect of multiple variable perturbation on EBPR performance is
uncertain. For each strategy suggested to improve EBPR performance, there exists
evidence to the contrary. For instance, PAO are thought to be kinetically disadvantaged
at temperatures above 20 °C, yet near complete P-removal has been observed at tempera-
tures up to 32 °C, wherein PAO coexisted with GAO (Ong et al., 2014; Law et al., 2016),
even when the primary VFA was HAc rather than HPr (Shen et al., 2017). Studies have
indicated that the biomass growth rate of GAO is slower than that of PAO, leading to
their preferential wash-out at shorter solids residence times (SRT) (Mamais and Jenkins,
1992; Whang et al., 2007). Long SRT correlate positively with GAO (Onnis-Hayden
et al., 2020a). However, complete P-removal has been achieved for all SRT between
4-14 d, despite the decrease in Accumulibacter abundance from 87 to 70 % (Chan et al.,
2017). Further, GAO are thought to be favoured over PAO in acidic pH (Filipe et al.,
2001c). Nevertheless, Accumulibacter abundance has been reported as high as 80 % at
an acidic pH of 6.4, while that of Defluviicoccus was only 5 % (Tu and Schuler, 2013).
Accumulibacter are thought to have a higher affinity for HPr than Defluviicoccus, while
the maximum HPr uptake rate of Competibacter is negligible (Oehmen et al., 2005b,
2006). Nevertheless, Zhang et al. (2020) found that Competibacter were most abundant
using HPr as the sole carbon source, and that the abundances of both Competibacter and
Defluviicoccus increased, while that of Accumulibacter was insentitive to the fraction of
HPr when the VFA source was mixed. Excess carbon supply has been suggested to lead
to GAO proliferation (Liu et al., 1997; Gu et al., 2008). However, VFA supplementation
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and side-stream processes that increase the influent COD/P ratio have been shown to
improve P-removal (López-Vázquez et al., 2008; Mielczarek et al., 2013; Lanham et al.,
2013; Wang et al., 2019; Onnis-Hayden et al., 2020b).

The prevailing consensus in securing efficient and stable P-removal has thus far
regarded the dominance of PAO over GAO as a pre-requisite. However, these conclusions
were drawn from results using bulk measurements, e.g. the stoichiometric ratio of
anaerobic P-release to VFA uptake, the sludge P-content, and the composition of PHA
in the biomass to estimate the relative abundance of PAO and GAO.

The anaerobic ratio of P-released to VFA taken-up has often been used as a proxy
measurement of the PAO population (Smolders et al., 1994; Hesselmann et al., 2000).
However, Chan et al. (2017) reported that the changes in Accumulibacter abundance
did not affect the anaerobic P/VFA ratio. Further, the anaerobic P/VFA ratio and
other stoichiometric yields have been may vary due to different degrees of enrichment,
as well as clade-level differences in the use of alternative metabolic pathways (He and
Mcmahon, 2011). For instance, Accumulibacter type I and type II differ in their metabolic
flexibility to use the TCA cycle and glycolysis to supply ATP and reducing equivalents
for anaerobic VFA uptake, altering the apparent P/VFA ratio as a result of different
degrees of poly-P hydrolysis (Acevedo et al., 2012; Welles et al., 2015). Although P/VFA
ratios in full-scale EBPR correlate with PAO abundance, the reported values are lower
than those exhibited by cultures in lab-scale systems, at 0.06-0.25 (Onnis-Hayden et al.,
2020b) compared to 0.5-0.7 P-mmol C-mmol−1 respectively (Welles et al., 2015).

Moreover, GAO store the VFA predominantly as PHV and PH2MV rather than
PHB (Filipe et al., 2001b; Zeng et al., 2003). As such, the fraction of PHV in PHA
has been associated with GAO abundance. However, operational parameters such as
reaction time (Kuba et al., 1997; Shen et al., 2017) and influent COD/P ratio (Zhou
et al., 2008; Acevedo et al., 2017; Majed and Gu, 2020) have also been found to affect
the distribution of intra-cellular storage compounds in PAO. Law et al. (2016) found
that the fraction of PHV and overall utilisation of glycogen increased concomitantly
with Accumulibacter abundance. As such, indicators based on bulk measurements do
not provide accurate estimates of the relative abundance of PAO and GAO.

Surveys have failed to find any significant correlation between P-removal performance
and the ratio of PAO to GAO in both lab-scale and full-scale systems (López-Vázquez
et al., 2008; Coats et al., 2017). It has also been observed that the relative abundance
of PAO and GAO may both increase, such that the appreciation of one does not come
at the expense of the other (Law et al., 2016). Majed and Gu (2020) reported that
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P-removal efficiency was very poor even though both total PAO and Accumulibacter
abundance (47 % and 32 % respectively) were significantly higher than observed in other
full-scale EBPR systems (Neethling et al., 2006; Lanham et al., 2013; Onnis-Hayden
et al., 2020b). Satisfactory P-removal has been achieved in systems where Competibacter
and Defluviicoccus coexist at relatively high abundances alongside Accumulibacter
(Mielczarek et al., 2013; Stokholm-Bjerregaard et al., 2017).

Evidence suggests that EBPR is viable with coexistence not only among different
Accumulibacter PAO clades (Flowers et al., 2009) but also between PAO and GAO
populations (Rubio-Rincón et al., 2017; Nielsen et al., 2019). Although managing the
competition between PAO and GAO is considered critical for P-removal, there remains
a lack of knowledge concerning the microbial composition necessary for viable EBPR, as
well as the conditions under which these populations take shape. Conclusions concerning
the effect of individual factors on EBPR were drawn by reconciling bulk measurements
with prediction from models describing the conversions of PAO and GAO through
proposed metabolic pathways (Oehmen et al., 2010a). Metabolic models provide a
common framework for hypothesis testing. They also offer the prospect of effective
process optimisation. Nevertheless, there is only one case in which metabolic models were
used for prediction as opposed to mere validation and/or confirmation of experimental
observations. López-Vázquez et al. (2009) predicted combinations of the temperature,
pH and VFA composition which would favour the proliferation of PAO over GAO.

We hypothesise that the dominance of PAO is not a pre-requisite for successful
EBPR. The aim of this work was to determine the combinations of factors leading to
net P-removal at quasi steady-state operation. To this end, metabolic models were
evaluated to describe the conversions of Accumulibacter PAO and Competibacter and
Defluviicoccus GAO in response to the simultaneous perturbation of multiple stimuli. In
addition to temperature, pH and VFA composition, the effects of SRT, HRT, fraction
of anaerobic reaction time, as well as the influent carbon to phosphorus and food to
microorganism ratios on the predicted outcomes, namely the microbial community
composition and P-removal performance were investigated. Correlations were explored
between the resultant P-removal performance and the fraction of Accumulibacter in the
biomass population at quasi steady-state. Sobol sensitivity analysis was used to quantify
the contribution of input factors on the prediction of the relative abundance of PAO on
an individual basis, as well as in pairwise combinations. Graphical analysis was used to
investigate the link between input factor combinations and P-removal efficiency in case
of non-obvious outcomes.
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5.2 Materials and Methods

5.2.1 Model description

Reactor operation

The model described concentration profiles of a mixed culture of Accumulibacter, Com-
petibacter and Defluviicoccus with respect to time in a sequencing batch reactor (SBR) in
response to various environmental conditions (temperature, pH), operational conditions,
namely SRT, HRT, fraction of anaerobic reaction time (f t,an), food to microorganism
ratio (r F/M), as well as influent compositions, e.g the ratio of influent carbon to phos-
phorus (rC/P) and the fraction HAc in VFA (fHAc). The SBR cycle schedule included:
fill, anaerobic reaction, aerobic reaction, withdrawing of excess mixed liquor, settling
and withdrawing of treated effluent. In the reaction stages, the model tracked the
time evolution of 20 state variables, including soluble substrates in the liquid phase,
namely the concentrations of dissolved oxygen, HAc, HPr and orthophosphate (PO4),
as well as the solid phase biomass concentrations of Accumulibacter, Competibacter and
Defluviicoccus, and their intra-cellular storage compounds, namely PHB, PHV, PH2MV,
glycogen and poly-P.

The transition between each stage, as well as between separate cycles were modelled
as discrete events where no further conversions took place. The duration of the fill
and withdrawal stages were assumed to be negligible, i.e., instantaneous relative to the
reaction and biomass settling stages. The duration of the settling stage was fixed at 1 h.
The total volume of the reactor and the hydraulic loading rate per cycle were assumed
constant at 2 l and 1 l per cycle.

The number of cycles per day (n) and total reaction time in hours per cycle were
determined via the HRT in equations 5.1 and 5.2.

n =
vR

v I

HRT (5.1)

t reaction = 24/n (5.2)

where v I is the volume of influent wastewater and vR is the total volume of the SBR.
The duration of the anaerobic stage is determined by the fraction of anaerobic reaction
time ftan . To model the transition between separate cycles, it was necessary to calculate
the biomass concentration in the recycled stream (XRAS). Assuming negligible change
in volume due to biomass growth and perfect separation during settling simplifies the
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volume and biomass balances to equations 5.3 and 5.4 respectively.

vR = v I + vRAS (5.3)

XRvR = XRASvRAS +XWASvWAS (5.4)

where XR is the biomass concentration in the reactor at the end of the aerobic stage,
vRAS is the volume of recycled sludge and XWAS and vWAS are the biomass concentrations
and volume of waste sludge per cycle respectively. The volume of waste sludge was
calculated via the SRT (Equation 5.5).

vWAS =
vR

n SRT
(5.5)

Substituting vRAS and vWAS into Equation 5.4 yields:

XRAS = 2

(
n SRT− 1

n SRT

)
XR (5.6)

Metabolic model

VFA is taken-up into the cell and converted into PHA in anaerobic conditions using
energy and reducing equivalents procured from glycolysis and/or poly-P hydrolysis in
anaerobic conditions, and where the accumulated PHA is consumed to produce glycogen
and poly-P, to meet cellular maintenance requirements and for biomass growth in aerobic
conditions (Smolders et al., 1995; Kuba et al., 1997; Yagci et al., 2003). To prioritise
the replenishment of intra-cellular storage compounds, the rate of biomass growth was
determined by the difference between the rate of total PHA consumption and the rates
of glycogen production, poly-P synthesis and maintenance (Murnleitner et al., 1997).

The anaerobic uptake of HAc and its conversion to different forms of PHA was
implemented according to Smolders et al. (1995) and Filipe et al. (2001a) for PAO,
and according to Zeng et al. (2003) for GAO. The uptake and conversion to PHA of
HPr was implemented according to Oehmen et al. (2005b), when supplied as the sole
carbon source. In the case of a mixed VFA feed composition, it is thought that PAO
and GAO may take up both HAc and HPr simultaneously at the same rate. From a
modelling perspective, this presented a challenge, as the presence of both HAc and HPr
in the influent caused the overall VFA uptake rate to exceed that of the maximum
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HAc or HPr uptakes individually (Oehmen et al., 2010b). In the presence of mixed
VFA sources, our model prioritises HPr uptake at the expense of the maximum rate
of HAc uptake in accordance with Carvalheira et al. (2014). This behaviour has not
been observed for either Competibacter nor Defluviicoccus. Previous models assumed
that the influent composition of HAc and HPr also affects the kinetics of aerobic PHA
degradation, glycogen formation and, in the case of PAO, poly-P synthesis. However,
experimental results have thus far refuted this assumption. Thus, it was assumed that
the kinetics of aerobic processes are independent of the influent VFA composition.

The effect of temperature on the kinetics of anaerobic VFA uptake and maintenance
processes, as well as aerobic PHA degradation, glycogen production, poly-P synthesis
and aerobic maintenance processes was accounted for using the simplified Arrhenius
equation, as described in Brdjanovic et al. (1998) for Accumulibacter and according to
López-Vázquez et al. (2006a) for Competibacter. Although it has been shown that it is
necessary to model Defluviicoccus separately from Competibacter GAO (López-Vázquez
et al., 2009; Lanham et al., 2014), there is no study documenting the temperature short-
and long-term temperature dependencies of the former. As such, it is assumed that the
Arrhenius coefficients are identical for all GAO. The simplified Arrhenius relationships
are valid between 5-30 °C.

The effect of pH on energy requirements for VFA uptake was accounted for via
linear expressions, as detailed in Smolders et al. (1994) for PAO, and in accordance
with Filipe and Daigger (1998) for GAO. Further, pH is known to affect the maximum
specific rate of HAc uptake of Competibacter GAO (Filipe et al., 2001b,c). We assumed
a similar relationship between pH and HAc uptake for Defluviicoccus GAO. Our model
also assumed that pH affects the rate of HPr uptake in the same manner as HAc. The
pH relations are valid in the range between 6.5 and 8.5.

Previous metabolic models have implemented maintenance through the consumption
of poly-P and glycogen reserves in PAO and GAO respectively. However, starvation
experiments have shown that both organisms consume their intra-cellular storage reserves
in a sequential manner, starting with poly-P in the case of PAO, followed by glycogen
and PHA (López-Vázquez et al., 2006b; Vargas et al., 2013). Accordingly, our model
describes sequantial consumption of storage polymers in both anaerobic and aerobic
maintenance processes, as described in Lanham et al. (2014). Unlike López-Vázquez et al.
(2009), we use different anaerobic maintenance coefficients for PAO compared to GAO.
Due to the lack of relevant experimental data, we use identical half-saturation constants
for the respective kinetic processes of all organisms, i.e. 0.001 C-mmol C-mmol−1 for
VFA uptake, and 0.01 C-mmol C-mmol−1 for the conversion of other soluble substrates
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and intra-cellular storage compounds.

5.2.2 Data collection and experimental design

To carry out the experimental design, it was necessary to conduct a survey operational
parameters employed in EBPR processes in the literature. Our survey included studies
concerning PAO and GAO at lab-, pilot- and full-scale treatment plants. As shown in
Table 5.1, 328 sets of operational parameters were extracted, each corresponding to a
different reactor, or the same reactor at different points in time (e.g. winter and summer
seasons) from 80 different reports.

Table 5.1: The distribution of cited sources and sum of corresponding data points
included in the survey to determine the upper and lower bounds of input factors used to
generate the design of experiments.

Scale n. sources n. data

lab 67 217

pilot 1 4

full 12 104

In particular, data was collected concerning the operational SRT, HRT, f t,an, rC/P,
r F/M, temperature, pH, and fHAc. In lab-scale reactors, the information to calculate
the nominal HRT in each unit operation, i.e., the anaerobic stage, aerobic stage and
settling stage was readily available. In full-scale systems, the reported HRT was assumed
included the residence time in settling units if unspecified, to remain consistent with the
reporting format of lab-scale studies. With respect to units, it was possible to convert
the influent COD from mg-COD l−1 to C-mmol l−1 basis for well-defined influents, where
the make-up in terms of HAc and HPr was known. In the determination of rF/M, the
VSS was calculated provided the inorganic biomass fraction was specified, where the
chemical formula for biomass was assumed to be CH2.09O0.54N0.20P0.015 (Smolders et al.,
1995). Where MLSS fractions were unspecified, the recorded biomass concentration
corresponded to the end of the aerobic stage.

Once the upper and lower limits of the factors of interest were determined, the
design of experiments (DoE) was generated by latin hypercube sampling (LHS). In
total, 7200 different combinations of the inputs were sampled, approximately 10 % more
compared to a full factorial design with 3 levels per factor. Typically, the aim of DoE in
screening and response surface methods (RSM) is to minimise the number of experiments
required to quantify the relationship between the inputs and outputs (Prins et al., 2012).
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LHS designs are well suited to efficient sampling of the input space (Pronzato and
Müller, 2012; Joseph, 2016). In this study we purposefully increased the number of
samples, resulting in higher density coverage of the input space, so as to better identify
interactions between two or more factors.

5.2.3 Integration method

To predict the concentration profiles from the initial conditions until quasi steady-state,
the metabolic model was solved as an initial value problem with respect to time using the
embedded 5(4) order Dormand-Prince method for numerical integration with adaptive
step-size control. In this method, seven function evaluations in the form shown in
Equation 5.7, are required to obtain an estimate of the solution, Equation 5.8, accurate
to the 5th order at the next time-step, yn+1, where h represents the step-size, tn is
the current in-simulation time and yn is the array of state variables. The coefficients
for the Dormand-Prince method are given in the Butcher tableau, shown in Table 5.2
(Dormand and Prince, 1980).

k 1 = h f(tn, yn)

k 2 = h f(tn + c 2 h, yn + a 21 h)

k i = h f(tn + c i h, yn +

i∑
j=1

a ij k j)

(5.7)

Table 5.2: Butcher tableau for the embedded 5(4) order Dormand-Prince method.

i a ij c i b i b∗i

1 35
384

5179
57600

2 1
5

1
5 0 0

3 3
40

9
40

3
10

500
1113

7571
16695

4 44
45 −56

15
32
9

4
5

125
192

393
640

5 19372
6562 −25360

2187
64448
6561 −212

729
8
9 −2187

6784 − 92097
339200

6 9017
3168 −355

33
46732
5247

49
176 − 5103

18656 1 11
84

187
2100

7 35
384 0 500

1113
125
192 −2187

6784
11
84 1 0 1

40

j 1 2 3 4 5 6
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yn+1 = yn +
6∑

i=1

b i k i (5.8)

The embedded formula in Equation 5.9 was used to obtain another estimate of the
solution to 4th order accuracy. The difference between the two estimates was used to
determine the local truncation error, ∆ truncation, as shown in Equation 5.10.

y∗n+1 = yn +
6∑

i=1

b∗i k i (5.9)

∆ truncation, n+1 = max
(
| yn+1 − y∗n+1 |

)
(5.10)

As y represents an array of values, the maximum difference between individual solution
estimates was used to determine the local truncation error. In this way, the step-size
was adapted according to the least accurate term at a given time-step. In order to move
the solution forward, it was required that the local truncation error be less than a scale
factor, calculated using Equation 5.11.

scale = atol + |y| rtol (5.11)

where atol and rtol are the absolute and relative tolerances respectively. The absolute
tolerance was set to 1.5×10−14 while the relative tolerance was set to 2.5×10−14. If this
condition was not met, a new set of estimates would be obtained using a smaller step-size.
If the condition was satisfied, the solution would be moved forward with a step-size
increase in the next time-step. The step-size was adapted according to Equation 5.12,
inversely proportional to the local truncation error (Press et al., 2007, pgs. 912-915).
Due to the risk of error accumulation over the simulation period, the maximum allowable
step size was 0.01 h.

hn+1 = hn

(
1

∆ truncation, n

) 1
5

(5.12)

5.2.4 Model calibration

To determine the values of the kinetic parameters required for model initialisation,
the model was calibrated to concentration profiles from batch tests using culture of
PAO or GAO enriched in different SBR at 20 °C and pH of 7, as shown in Table 5.3.
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To determine the kinetic parameters for Accumulibacter, the model was calibrated to
datasets of cultures enriched on HAc from López-Vázquez et al. (2006a) and Oehmen
et al. (2005b), and on HPr from Oehmen et al. (2005a). The interaction between HAc
and HPr uptake were calibrated to concentration profiles from Carvalheira et al. (2014).
To determine the kinetic parameters for Competibacter, the model was calibrated to
datasets of cultures enriched on HAc from López-Vázquez et al. (2006a) and Oehmen
et al. (2005b), as well as on HPr from Oehmen et al. (2005a). To determine the kinetic
parameters for Defluviicoccus, the model was calibrated to datasets of cultures enriched
on HPr, as well as batch tests measuring HAc uptake from Oehmen et al. (2005b).
Batch tests using sludge samples from full-scale EBPR plants (Lanham et al., 2014)
were used to calibrate the combined metabolic models for Accumulibacter PAO as well
as Competibacter and Defluviicoccus GAO on HAc.

Table 5.3: EBPR systems with batch test concentration profiles used for calibration of
kinetic parameters.

Label Source Microbial culture SRT tbatch

d h

A-C Lanham et al. (2014) Sludge samples from full-scale EBPR plants. 5-30 6.5-7

D Carvalheira et al. (2014) Accumulibacter enriched on 75 % HAc and 25% HPr. 8 6

E, I López-Vázquez et al. (2006a) Accumulibacter and Competibacter enriched on HAc. 10 6

F Oehmen et al. (2005a) Accumulibacter enriched on HPr. 8 6

G, H, J, K Oehmen et al. (2005b) Accumulibacter and Competibacter enriched on HAc. 8 4-6

B, L, M Defluviicoccus enriched on HPr.

The calibration objective was to minimise the normalised root mean squared deviation
(NRMSD) between model predictions and experimental measurements with respect to
the concentrations of VFA, PO4, PHA and glycogen by varying the maximum rates of
anaerobic HAc (q HAc,max) and HPr (q HPr,max) uptake, as well as aerobic PHA degradation
(q PHA,max), glycogen formation (q Gly,max), and in the case of Accumulibacter that of
poly-P synthesis (q PP,max). For each calibration dataset, the initial Acccumulibacter
intra-cellular poly-P fraction was assumed to be 20 % of the saturation value (fPP,max).
The NRMSD was calculated according to Equation 5.13, where n is the number of
known measurements, xi is the measured value, x̂i is the coresponding predicted value,
and xmax and xmin and the maximum and minimum measurements of a given variable.

NMRSD =

√∑
i (xi − x̂i)

2

n

xmax − xmin
(5.13)
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The NRMSD objective function was minimised using the simulated annealing algo-
rithm, as implemented in the Dual Annealing function in the Scipy library for Python
version 3 (Virtanen et al., 2020). This method was chosen in recognition of the possiblity
of obtaining sub-optimal parameter values or combinations of parameter values with
local search methods. The simulated annealing algorithm is less prone to becoming
trapped in local minima, thanks to a stochastic dedicision process whereby less-optimal
moves may be accepted with decreasing probability as the algorithm converges to the
global minumum (Ingber, 1993). Due to the uneven distribution of measured data
points with respect to time, iterative adjustment of the lower and upper limits for
possible parameter values of the calibrated parameters was conducted manually to avoid
over-fitting the predicted concentration profiles to specific sub-regions of the measured
data points. The parameter values used to initialise the minimisation problem were
taken from the respective studies in Table 5.3. The kinetic parameter values used for
model confirmation and subsequent scenario evaluation were determined by taking the
mean across all the calibrations for the corresponding organism.

5.2.5 Model confirmation

Once calibrated, model confirmation was carried-out by predicting the relative abundance
of PAO to GAO at 3 different levels of temperature from 10-30 °C and pH from 6.5-7.5,
as well as 4 levels of HAc as a fraction of the influent VFA from 0 to 1 C-mmolC-mmol−1

at quasi steady-state, corresponding to the 36 long-term simulations in López-Vázquez
et al. (2009). The initial biomass concentration was 90 C-mmol l−1 with Accumulibacter,
Competibacter and Defluviicoccus each constituting 1/3 of the population. The r F/M,
rC/P, SRT, HRT, f t,an were fixed at 0.06 C-mmol P-mmol−1, 12.5 C-mmol P-mmol−1,
8 d, 0.5 d and 0.4 h h−1 respectively. For the purpose of model confirmation, quasi
steady-state was defined as an operational period equivalent to 6 SRT.

5.2.6 Simulation environment and data analysis

The metabolic model, SBR operation and all relevant input and output data processing,
analysis and visualisations were implemented using the Python programming language
version 3 (Van Rossum and Drake, 2009). Pearson’s and Spearman’s rank correlation
coefficients were determined as detailed in Kokoska and Zwillinger (2000) for the purpose
of correlation analysis between pairs of input and output variables, as well as between
predicted output performance metrics, namely the fraction of Accumulibacter in the
biomass at quasi steady-state (fPAO), the net P-removal efficiency (ηP-removal) and the
change in total biomass concentration relative to the initial conditions (∆X). The
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performance metrics were calculated according to equations 5.14 through 5.16:

f PAO =
XAccumulibacter

XAccumulibacter +XCompetibacter +XDefluviicoccus
(5.14)

ηP-removal = 1− S PO4, out

S PO4, in

(5.15)

where Xi is the biomass concentration of organism i, S PO4, in
is the PO4 concentration

supplied in the influent and S PO4, out
is the PO4 concentration in the treated effluent.

∆ X =
XAccumulibacter, out +XCompetibacter, out +XDefluviicoccus, out

XAccumulibacter, in +XCompetibacter, in +XDefluviicoccus, in
(5.16)

where Xi, in is the biomass concentration of organism i in the reactor as specified in the
initial conditions and Xi, out is the corresponding biomass concentration in the reactor
at quasi steady-state. The Sobol method (Sobol’, 1990; Saltelli et al., 2010) was used to
determine the first- and total-order sensitivity indices between input factors and the
aforementioned performance metrics, as implemented in the SALib package version 1.3
(Herman and Usher, 2017).

5.3 Results

The results are organised into several subsections, categorised broadly into two steps:
preparation for model evaluation and interrogation of model predictions. The initial
results subsections detail the process undertaken to calibrate the kinetic parameters
required to initialise the metabolic model, confirmation of the calibrated model, to
determine a suitable simulation period to achieve quasi steady-state and to specific the
upper and lower limits of the input factors for use in model evaluation. Subsequently,
correlation analysis was used to investigate the relationships between the input factors
and model predictions, as well as to screen for any associations between different quasi
steady-state predictions. Global sensitivity analysis was performed to better understand
the contribution to which different input factors to variability of the model predictions.
Finally, parallel coordinate plots (Li et al., 2010) were used to interrogate scenarios
under which high or low ηP-removal was achieved in relation to the observed fPAO.
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5.3.1 Model calibration

Table 5.4 presents the kinetic parameters and the associated NRMSD between the
measured and predicted concentrations for all batch test datasets. The predicted
concentration profiles were plotted against the measured data in figures 5.1 and 5.2.
Table row and sub-figure labels correspond to the sources in Table 5.3. The kinetic
parameter values of each organism used for model confirmation and evaluation were
highlighted in grey. Based on the NRMSD for SPO4

, SHAc, SHPr, XPHA and XGly, a
good fit was obtained with respect to all anaerobic and aerobic concentration profiles.

Table 5.4: The values of kinetic parameters calibrated to batch test concentration profiles
of in SBR using Accumulibacter, Competibacter and Defluviicoccus cultures, expressed
per unit of biomass per hour. The values in each row were calibrated to a dataset
corresponding to the sources in Table 5.3. Sets of kinetic parameters used for model
validation were highlighted in grey.

Kinetic parameter (C or P-mmol C-mmol−1 h−1) NRMSD (%)

Source Organism r HAc q max,HAc q max,HPr q max,PHA q max,Gly q max,PP min max

A Accumulibacter 1 0.40 0.20 0.020 0.030 0.11 0.24

B 1 0.40 0.20 0.020 0.0075 0.076 0.32

C 1 0.15 0.20 0.010 0.0075 0.049 0.17

D 0.75 0.14 0.17 0.15 0.004 0.0073 0.029 0.66

E 1 0.20 0.30 0.020 0.010 0.023 0.10

F 0 0.18 0.25 0.030 0.0073 0.017 0.16

G 1 0.22 0.40 0.025 0.0073 0.029 0.11

H 0 0.18 0.018 0.19

0.25 0.18 0.24 0.018 0.011

A Competibacter 1 0.30 0.20 0.10 0.11 0.18

C 1 0.15 0.30 0.040 0.049 0.17

I 1 0.22 0.50 0.20 0.021 0.10

J 1 0.22 0.80 0.50 0.033 0.089

K 0 0.22 0.011 0.017 0.18

0.22 0.011 0.45 0.21

B Defluviicoccus 1 0.20 0.20 0.10 0.077 0.32

C 1 0.080 0.15 0.040 0.049 0.17

L 1 0.12 0.037 0.20

M 0 0.22 0.65 0.20 0.015 0.036

0.13 0.22 0.33 0.11
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Based on the minimum NRMSD, the only case where the minimum deviation exceeded
0.1 occurred between calibrated model predictions and experimental measurements using
dataset A. The same pattern is observed based on the maximum NRMSD, with sets
A, B and C, corresponding to batch tests conducted in Lanham et al. (2014). This
was expected, as the resident biomass was not enriched in any particular organism. As
such, concentration profiles obtained using bulk measurements may have been influenced
by organisms other than those considered by metabolic models for EBPR. The main
contribution were differences in glycogen stoichiometry, as shown in Figure 5.1a to c.
Nevertheless, maximum NRMSD did not exceed 0.32. Although the model overestimated
anaerobic glycogen consumption, the net difference between intra-cellular glycogen levels
at the start of the anaerobic stage and end of the aerobic stage were minimised by
calibration of the aerobic kinetics. The model overestimated the rate of aerobic PHA
degradation to produce more glycogen, particularly in Figure 5.1a and c.

The highest NRMSD (0.66) was observed for dataset D, corresponding to Accu-
mulibacter enriched on mixed HAc and HPr (Carvalheira et al., 2014). As seen from
Figure 5.1d, there was a good fit between all variables, except for the fraction of PHA.
The model overestimated PHA consumption at low intra-cellular concentrations towards
the end of the aerobic phase. However, model predictions deviated to a greater extent
and more often in the anaerobic stage, specifically after exhaustion of the available VFA.
As such, the deviation originated due to differences in stoichiometry rather than kinetics.
Since, NRMSD is known to be susceptible to outliers, as the reported deviation is
proportional to the square of the error, the overall agreement between model predictions
and measured data was deemed sufficient.
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Figure 5.1: Concentration profiles predicted using the calibrated kinetic parameters
compared to the measured quantities of the respective batch tests using mixed cultures of
Accumulibacter, Competibacter and Defluviicoccus from full-scale EBPR plants (A,B,C),
as well as from lab-scale reactors with Accumulibacter enriched on HAc (D,E,G), and
HPr (F,H). Sub-figure D presents S PO4

on the left y-axis, and PHA as a fraction of the
biomass on the right y-axis. Lines represent model predictions, with black corresponding
to HAc, grey to HPr, green to PO4, orange to glycogen. Blue solid line correspond to
PHB, dashed blue line to PHV and alternating dash-dot blue line to PH2MV. Symbols
represent measured data points, with grey circles (◦) corresponding to HAc, black circles
(◦) to HPr, green crosses (+) to PO4 and orange squares (□) to glycogen. Blue diamonds
(⋄) correspond to PHB, triangles (△) to PHV and inverted triangles (▽) to PH2MV.
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Figure 5.2: Concentration profiles predicted using the calibrated kinetic parameters
compared to the measured quantities of the respective batch tests using Competibacter
enriched on HAc (I, J) and Defluviicoccus enriched on HPr (M). Sub-figure K corresponds
to Competibacter enriched on HAc performing HAc and HPr uptake in separate anaerobic
batch tests. Sub-figure L corresponds to Defluviicoccus enriched on HPr performing
HAc uptake during an anaerobic batch test. Lines represent model predictions, with
black corresponding to HAc, grey to HPr, green to PO4, orange to glycogen. Blue solid
line correspond to PHB, dashed blue line to PHV and alternating dash-dot blue line to
PH2MV. Symbols represent measured data points, with black circles (◦) corresponding
to HAc, grey circles (◦) to HPr and orange squares (□) to glycogen. Blue diamonds (⋄)
correspond to PHB, triangles (△) to PHV and inverted triangles (▽) to PH2MV.
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5.3.2 Model confirmation

Figure 5.3 presents the microbial community composition at quasi steady-state, as well
as the change in the total biomass concentration and P-removal efficiency (ηP−removal)
relative to the initial conditions, predicted for 36 combinations of temperature, pH
and f HAc. Accumulibacter were always the dominant organism at 10 °C regardless
of carbon source or pH, comprising at least 95 % of the population. Operation at
20-30 °C resulted in significantly lower Accumulibacter fractions at the same pH and
VFA composition. Where fHAc ≥ 0.75, increasing the temperature above 20 °C had no
significant effect on the Accumulibacter fraction. However, at fHAc below 0.75, increasing
the temperature from 20 to 30 °C resulted in further decrease in the quasi steady-state
Accumulibacter fraction at equivalent pH. Above 10 °C, higher pH resulted in higher
Accumulibacter fractions at equivalent temperatures and fHAc. Decreasing fHAc from 1
to 0.5 resulted in lower Accumulibacter fractions at equivalent temperatures and pH.
However, Accumulibacter fractions were higher with HPr as the sole carbon source
compared to uniform VFA distribution.

The fraction of Competibacter correlated positively with f HAc. The effect of pH on
the quasi steady-state Competibacter fraction was negligible. Above 10 °C, Competibacter
were always present in abundances between 10-20 as long as HAc was available in the
influent. The fraction of Defluviicoccus correlated strongly with the fraction of HPr
in the influent. With HAc as the sole carbon source, temperature and pH had little
influence on the fraction of Defluviicoccus. However, with HPr available in the influent,
the fraction of Defluviicoccus increased at the expense of both Accumulibacter and
Competibacter at higher temperatures. Although Defluviicoccus correlated negatively
with pH, the effect was small relative to fHAc.

Despite differences in the calibrated values of the kinetic parameters, model pre-
dictions were generally in agreement across the range of data tested. The effects of
temperature and pH on the microbial community composition predicted by the calibrated
model with HAc as the sole carbon source were in agreement with those of López-Vázquez
et al. (2009). Temperatures above 10 °C were detrimental to PAO in favour of GAO,
specifically Competibacter. At equivalent temperatures and fHAc, higher pH resulted
in high Accumulibacter fractions at quasi steady-state. However, the influence of pH
in this model was attenuated at lower fHAc. Increasing fractions of HPr in the influent
VFA reduced Competibacter in favour of Defluviicoccus GAO.
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Figure 5.3: The quasi steady-state abundances of Accumulibacter (white), Competibacter
(gray) and Defluviicoccus (black), expressed as fractions of the total biomass at different
temperature, pH and influent fraction of HAc relative to HPr. Secondary columns
show the percent change in total biomass relative to the biomass specified in the initial
conditions in orange. The P-removal efficiency (ηP−removal) is shown in green, based
on the net difference between the PO4 concentration at the beginning of the anaerobic
stage and at the end of the aerobic stage.
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With HPr as the sole carbon source, Accumulibacter comprised more than 90 %
of the population at 10 °C, which was in agreement with López-Vázquez et al. (2009).
However, with both HAc and HPr present in the influent, the model in this study
predicted lower PAO and higher GAO fractions at quasi steady-state. In particular,
Competibacter constituted as much as 40 % of the population at fHAc of 0.75, whereas
López-Vázquez et al. (2009) reported that the highest Competibacter fraction with HPr
present to be at most 20 %. The predicted fractions of Defluviicoccus were also much
higher at fHAc of 0.50 and below, constituting over 80-95 % of the population.

The comparatively higher Competibacter GAO fraction in the presence of HPr stems
from the prioritisation of HPr uptake, implemented according to Carvalheira et al. (2014).
With mixed VFA sources, Accumulibacter prioritised HPr uptake over HAc, thus allowing
Competibacter to coexist as the main GAO, thanks to their higher maximum uptake rates
of HAc compared to Defluviicoccus. With decreasing fHAc, particularly below 0.50 the
quasi steady-state fraction of both Accumulibacter and Competibacter decreased in favour
of Defluviicoccus. The dominance of Defluviicoccus at high pH and above 10 °C was due
to differences in the calibrated maximum uptake rate of HPr between Accumulibacter
and Defluviicoccus. Previously, the maximum rate of HPr uptake of Defluviicoccus was
assumed equal to the rate of HAc uptake of Accumulibacter. In López-Vázquez et al.
(2009)’s model, both kinetic parameters were set to 0.20 C-mmol C-mmol−1 h−1. In this
study, the q HPr,max was determined by averaging the calibrated values across multiple
concentration profiles from different sources. As shown in Table 5.4, Accumulibacter
and Defluviicoccus HPr uptake rates deviated by 18%.

The change in total biomass correlated positively with fHAc, where higher fractions
of HAc in the influent VFA led to biomass growth, whereas higher HPr fractions resulted
in up to 25 % decrease in total biomass relative to the initial conditions. In particular,
biomass growth was associated with higher Competibacter, whereas biomass decline was
associated with higher Defluviicoccus fractions.

It was observed that complete P-removal could be achieved with Accumulibacter
fractions less than 50 %. Complete P-removal was achieved with at least 65 % Accu-
mulibacter, at fHAc of 0.75, pH of 7.5 and 30 °C. Complete P-removal was achieved
despite an overall decline in biomass, with increase in the Accumulibacter fraction of the
remaining population. Further, P-removal above 90 % was achieved with approximately
30 % Accumulibacter, at fHAc of 0.75, pH of 7 and 20 °C. In this case, the fraction of
Accumulibacter remained constant, while the overall population increased by 20%.
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5.3.3 Determination of quasi steady-state

Figure 5.4 shows the minimum, mean and maximum percent change between successive
reaction cycles in the total biomass concentration, Accumulibacter fraction, Competibacter
fraction and Defluviicoccus fractions respectively, calculated for 36 combinations of input
factors. The diagram excludes cases where the biomass concentration of a given organism
was lower than 0.5 C-mmol l−1, i.e. less than 1 % of the initial total biomass concentration.
This was done to avoid distorting the results with from errors arising from numerical
integration errors.

Figure 5.4a, shows that the percent change with respect to the total biomass declines
very quickly, from 2 % to less than 0.5 % between successive cycles within an operational
period equivalent to 1 SRT. In this case, the SRT employed was 8 d. Within two SRT,
the percent change of the total biomass dropped below 0.1 % per cycle.

Figure 5.4: Percentage change over time, shown relative to operational SRT, of the total
biomass (A), as well as the relative abundances of Accumulibacter (B), Competibacter
(C) and Defluviicoccus (D). Black lines represent to the mean percentage change across
the 36 simulations. Gray lines represent the minimum and maximum percentage change
at a given point in time.
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From Figure 5.4b, the percent change of the Accumulibacter PAO fraction initially
increases, but ultimately reduces from an average of approximately 1.1 % to less than
0.5 % within two SRT. The maximum percent change of the Accumulibacter fraction
decreases from approximately 2.5 % to less than 0.5 % within three SRT. From Figure
5.4c, the percent change of Competibacter GAO remained relatively constant below
0.5 % from cycle to cycle throughout the entire simulation period of six SRT. From
Figure 5.4d, it can be seen that the time evolution of the mean and maximum percent
change of the Defluviicoccus GAO fraction was similar to PAO, decreasing from 1.2 %
and 3 % to less than 0.5 % within two and three SRT respectively. Previous studies have
defined quasi steady-state operation by the percent change in the biomass being less
than 1 % from one cycle to the next (Carvalheira et al., 2014). The definition of quasi
steady-state adopted in this study was an operational period of three SRT (equivalent
to 24 d), as this was the minimum time required to achieve less than 0.5 % change in
the total biomass concentration and in the resident microbial fractions.

5.3.4 Determination of input factor boundaries

Table 5.5 summarises the data obtained from a survey of lab-, pilot- and full-scale EBPR
plants. The carbon to phosphorus (rC/P, rCOD/P) and food to microorganism (r F/M)
ratios were reported mg-COD l−1 and C-mmol l−1 terms due to lack of insufficient to
reliably convert into a consistent set of units. With the exception of López-Vázquez et al.
(2008), the influent of the full-scale plants surveyed were not characterised with respect
to the VFA composition. Further, the inorganic fraction of biomass in full-scale plants
was often unspecified, potentially underestimating the r F/M when compared between
mg-COD l−1 and C-mmol l−1 measurements.

The metabolic model was implemented on the basis of C or P-mmol l−1. It was
observed that the summary statistics determined based on mg-COD and C-mmol bases
from the literature data were within the same order of magnitude. With respect to rC/P,
the absolute minimum and maximum values deviated between 29-16 %. With respect to
r F/M, the absolute minimum and maximum values deviated between 50-14 %.

The survey included all EBPR studies, including those using lab-scale reactor
specifically for the enrichment of GAO cultures, as well as full-scale systems exhibiting
poor η P−removal. Interestingly, when the range of rC/P and r F/M was limited to the 5th

and 95th percentiles, the deviation between the minimum values decreased to 4 and 19 %,
while the deviation between the maximum values increased to 58 and 25 % respectively.
This change in deviation could be attributed to differences between the influents in
lab-scale and full-scale systems, as results from lab-scale experiments using well-defined,
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synthetic influents could be easily converted to C-mmol basis (and thus included in the
statistical treatment in both sets of units), whereas the unknown composition of real
wastewater could not.

Table 5.5: Summary of operational parameters reported in EBPR systems in the
literature used to determine the upper and lower limits for the experimental design
used in this study. P 5 and P 95 refer to the 5th and 95th percentiles of the respective
measured variables respectively.

Survey Model

Variable Units min max median P 5 P 95 n min max

SRT d 1.7 50 10 3 30 293 3 30

HRT d 0.1 7.5 0.5 0.3 1.0 221 0.3 1.0

ft,an h h−1 0.01 0.7 0.4 0.1 0.5 235 0.10 0.50

rC/P C-mmol P-mmol−1 0.9 337 19.1 5.7 179 145 6 70

rC/P mg-CODmg-P−1 0.7 400 26.6 5.9 182 296

r F/M C-mmol C-mmol−1 0.01 0.6 0.1 0.02 0.5 72 0.02 0.2

r F/M mg-CODmg-VSS−1 0.02 0.7 0.1 0.02 0.5 130

T °C 3.5 35 20 9 30 225 10 30

pH 4.2 9.5 7.2 6.8 8.0 238 6.5 8

fHAc C-mmol C-mmol−1 0 1 1 0 1 163 0 1

The median value of each factor was often skewed towards the lower end of the
spectrum. For instance, although the operational SRT varied between 1.7-50 d, the
median was only 10 d, i.e., only 20 % of the maximum value. Similarly, the median
of the HRT, rC/P and r F/M were 6.7, 6.4 and 17 % of the maximum value. For the
purpose of model evaluation, the average between the values reported in C-mmoll−1 and
mg-COD l−1 was calculated to reconcile measurements in different units. The upper and
lower limits of the experimental design were based on the 5th and 95th percentile values
to avoid conditions employed to deliberately favour GAO in experimentation, as well as
to avoid the influence of outliers. In addition, the difference between the minimum and
maximum was bound to an order of magnitude, i.e., a multiple of 10.

5.3.5 Correlation Analysis

In total, the model was evaluated for 7200 permutations of the 8 input factors within the
upper and lower limits described in Table 5.5. Each evaluation simulated the SBR cycles
for a period equivalent to three SRT, tracking the conversions of 20 output variables,
including SHAc, SHPr, SPO4

in the bulk liquid phase, the biomass concentrations of
XAccumulibacter, XCompetibacter and XDefluviicoccus, as well their intra-cellular storage
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compound concentrations, namely, XPHB, XPHV, XPH2MV, XGly and XPoly-P respectively.
To facilitate the analysis of results, the quasi steady-state fraction of PAO (fPAO) was
calculated by dividing XAccumulibacter by the total biomass concentration at the end of
the aerobic stage of the last cycle. Likewise, the P-removal efficiency (ηP-removal) was
determined based on the difference between the PO4 concentration in the effluent and
influent. The change in total biomass concentration (∆X) was determined as the percent
change relative to the initial conditions (60C-mmoll−1).

Pearson’s (ρPearson) and Spearman’s rank (ρ Spearman) correlation coefficients, as well
as their associated p-values were calculated for fPAO, ηP-removal and ∆X with respect
to each input factor to determine the effect of of input factor perturbation on quasi
steady-state predictions. In particular, Pearson’s and Spearman’s rank correlation
coefficients test for linearity and monotonicity in bivariate data, which may indicate
the tendency and direction to which changes in one variable affect another. Pearson’s
correlation coefficient may also indicate the sensitivity of the dependent variable relative
to a given input factor, assuming that the underlying relationship is linear. This study
screened for significant correlations by setting the p-value threshold to 0.001.

As shown in Table 5.6, the only correlation among the input factors and fPAO was
with respect to temperature. The correlation coefficient was relatively weak at −0.082,
indicating that higher temperatures are detrimental to Accumulibacter, relative to GAO
at quasi steady-state. ηP-removal also correlated negatively with temperature, which
suggests that lower fPAO result in lower capacity for P-removal. Further, ηP-removal

correlated negatively with the influent rC/P ratio. Lower rC/P tend to result in higher
influent PO4 concentrations, ensuring that PAO are able to replenish their intra-cellular
Poly-P reserves. PO4 deprivation is a pre-requisite for GAO enrichment in lab-scale SBR
(Oehmen et al., 2007). Interestingly, ηP-removal correlated positively with the influent
r F/M ratio. Higher r F/M lead to higher VFA concentrations in the influent, which may be
detrimental for EBPR if the PAO population is small, resulting in excess carbon available
for GAO. At the same time, EBPR systems are known to suffer from the lack of carbon
substrates, so much so that VFA supplementation has been shown to be an effective
strategy for improving P-removal performance in full-scale systems (Onnis-Hayden et al.,
2020b). As such, the positive correlation between ηP-removal and r F/M can be explained
by decreased probability of starvation. At quasi steady-state, such conditions would
lead to the eventual depletion of intra-cellular storage reserves via cellular maintenance
processes, resulting in excess P-release and loss of anaerobic VFA uptake capacity.
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Table 5.6: Pearson’s and Spearman’s rank correlation coefficients between the input
variables and the predicted steady-state fraction of PAO, change in biomass relative to
initial conditions and P-removal efficiency. Significant correlations (p-val < 0.001) were
highlighted in black.

SRT HRT f t,an rC/P r F/M T pH fHAc

fPAO ρPearson 0.02 0.01 0.01 0.02 -0.01 -0.082 0.02 0.04
p-val 0.1 0.3 0.6 0.1 0.3 0.1×10−12 0.2 0.002
ρSpearman 0.02 0.01 0.01 0.02 -0.02 -0.082 0.02 0.04
p-val 0.04 0.2 0.5 0.1 0.2 0.1×10−12 0.2 0.003

ηP-removal ρPearson 0.04 -0.01 0.01 -0.12 0.12 -0.05 -0.01 -0.002
p-val 0.003 0.6 0.3 1×10−21 9.2×10−23 0.1×10−3 0.2 0.9
ρSpearman 0.01 0.01 0.02 -0.07 0.1 -0.07 0.01 0.01
p-val 0.5 0.5 0.05 0.1×10−9 0.4×10−21 0.2×10−9 0.3 0.5

∆X ρPearson 0.042 0.049 -0.01 0.052 0.058 0.01 0.059 0.02
p-val 0.6×10−3 0.6×10−4 0.2 0.2×10−4 0.2×10−5 0.3 1.3×10−6 0.1
ρ Spearman 0.046 0.040 -0.01 0.054 0.060 0.004 0.052 0.02
p-val 0.1×10−3 0.9×10−3 0.3 7.5×10−6 0.7×10−6 0.7 0.2×10−4 0.1

Weak positive correlations were found between ∆X with respect to SRT, HRT, rC/P,
r F/M and pH. The biomass concentration in the reactor is directly related to the SRT.
In this sense, it was surprising that the correlation with SRT was not greater. Higher
rC/P and r F/M increase the availability of carbon and thus biomass yield. The positive
correlation with pH was unexpected, as high pH increases the energy required for
VFA uptake, increasing anaerobic poly-P and glycogen consumption and subsequently
increasing PHA demand for glycogen and poly-P replenishment in the aerobic stage,
ultimately decreasing the PHA available for biomass growth.

The fraction of HAc in the influent VFA did not correlate with any of the performance
metrics as defined in this work. This was surprising, as the preference of PAO for different
carbon substrates, particularly with respect to the rate of VFA uptake and stoichiometric
conversion to different PHA constituents have been subject of significant interest in
enriched lab-scale cultures (Oehmen et al., 2005b, 2006). Such studies have suggested
that the composition of VFA sources in terms of HAc and HPr play an important role
in the selection of PAO over GAO (Oehmen et al., 2007). The lack of correlation may
explain why the inclusion of HPr as a potential substrate has thus far not been necessary
in ASM with biological phosphorus removal to model WWTPs with EBPR (Meijer et al.,
2001; van Loosdrecht et al., 2015).
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However, the lack of correlation between fHAc and EBPR performance does not
necessarily signify that fHAc has no bearing on P-removal performance. Indeed, it is
known that measuring the degree of linear correlation can serve as a means to quantify
the direct effect of an input factor on a given outcome, it is not measure the total effect
(Saltelli et al., 2008). The influent fraction of HAc may have important interaction
effects with other input factors to influence the outcome of model predictions.

Nevertheless, all of the correlation coefficients found were relatively weak, not
exceeding a value of 0.1. The only exceptions were the ρPearson coefficients for ηP-removal

with respect to r C/P and r F/M. It should be noted that no correlations could be discerned
graphically via scatter plots of the input factors against the f PAO and ∆ X respectively.
In contrast, scatter plots against the ηP-removal confirmed the trends indicated by the
correlation coefficients, where the probability of poor P-removal increased with higher
r C/P and decreased with higher r F/M (see Figure S5.1 in the Supporting Materials).

Relationships were also investigated between the predicted outcomes themselves.
Figure 5.5 below shows the correlations between fPAO, ηP-removal and ∆X. From a
graphical perspective, Figure 5.5a, would suggest that there was no relationship between
fPAO and ∆X. However, both correlation coefficients were significant and positive.
Although Pearson’s correlation coefficient was moderate, Spearman’s rank coefficient
indicated that fPAO and ∆X could be reasonably well described by a monotonic function.
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Figure 5.5: Scatter plots between the PAO fraction and P-removal efficiency (A), PAO
fraction and the change in biomass (B) and the change in biomass and P-removal
efficiency (C). The associated Pearson and Spearman rank correlation coefficients and
their p-values are shown.
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In other words, the probability of achieving PAO enrichment increases with higher
biomass growth. Previous investigations concerning the effect of organic loading on
EBPR have hypothesised that carbon substrates in excess of PAO requirements may
be a good indicator of satisfactory EBPR performance. Even though the additional
carbon provides an opportunity for GAO to proliferate, it also ensures that the PAO
metabolism is not inhibited by lack of substrates. Since additional carbon leads to more
biomass growth, the strong and positive correlation between fPAO and ∆X appears to
support this hypothesis.

As shown in Figure 5.5b, there was a weak positive correlation between fPAO and
ηP-removal. Near complete P-removal was achieved across the entire range of observed
fPAO fractions. However, the likelihood of poor P-removal increased at lower fPAO. In
particular, the probability of negative ηP-removal, i.e., net accumulation of phosphorus
in the system increased when PAO constituted less than 80 % of the population. The
minimum ηP-removal was −30 % below 80 % PAO, −45 % below 80 % PAO, −55 % below
40 % PAO and approached −60 % below 20 % PAO. The correlation was not strong, as
compared to Spearman’s rank coefficient between f PAO and ∆ X.

As seen from Figure 5.5c the correlation between ∆X and ηP-removal was similar to
that between ηP-removal and fPAO. High P-removal efficiencies were observed across the
entire ∆X range. Although positive biomass growth is expected to correlate positively
with P-removal efficiency, as more organisms in the system would necessarily take-up
more P (assuming constant fPAO), satisfactory P-removal was found to be possible
despite net decrease in the resident biomass. As was the case with fPAO, the minimum
ηP-removal decreased as ∆X decreased from 7.5 towards the lower end of the spectrum.
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Figure 5.6: Histograms showing the probability of observing different Accumulibacter
fractions (fPAO) (A) and P-removal efficiencies (ηP-removal) (B) values.
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From Figure 5.6a, it can be seen that the distribution of f PAO predicted by the model
was nearly uniform, with a probability of 5-7 % of observing a given PAO biomass fraction
between 20-90 %. PAO fractions between 20-40 % and between 75-90 % were slightly
more common, whereas those less than 20 % and greater than 90 % were relatively rare.
In effect, the probability of observing complete wash-out of PAO was negligible, regardless
of the P-removal performance. Less than 2 % of outcomes resulted in quasi steady-
state fractions of PAO below 10 % of the total population. Likewise, the probability of
complete wash-out of GAO was low, where only approximately 5 % of outcomes resulted
in PAO comprising more than 90% of the population at quasi steady-state.

Based on studies using enriched cultures in lab-scale reactors, the positive correlation
between microbial community composition and P-removal performance has long been
consensus. This would lead to the expectation of observing a nearly uniform distribution
of ηP-removal values. This was not the case, as shown in Figure 5.6b. The P-removal
efficiency resembled a binary distribution, with a probability of over 80 % of observing
P-removal efficiencies greater than 90 %, less than 1 % probability of ηP-removal between
0-90 %, and approximately 12 % probability of observing net P-accumulation at quasi
steady-state. Overlayed with Figure 5.6a, the results in Figure 5.6b indicate that
near complete P-removal could be achieved despite significant presence of GAO in the
microbial community.

To further investigate the relationship between fPAO and ηP-removal, outcomes pre-
dicted by the model were categorised into three sets, with ηP-removal greater than 90 %,
less than 90 % but greater than 0 % and less than 0 %. The sets corresponded to high
P-removal, low but net positive P-removal, and net P-accumulation respectively. As
shown in Figure 5.7, P-removal efficiencies above 90 % were achieved for fPAO between
10-100 %. Moreover, there was an approximately equal probability of achieving P-
removal above 90% with PAO fractions between 30-90%. In contrast, the distribution
of observed fPAO associated with ηP-removal between 0-90 % was skewed toward the lower
end of the spectrum, and nearly identical to the distribution of fPAO associated with net
P-accumulation. Low fPAO increased the probability of low P-removal efficiency and net
P-accumulation. Near complete P-removal could be achieved with fPAO as low as 10 %,
whereas net P-accumulation could occur with fPAO as high as 95 %.
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Figure 5.7: Distribution of predicted Accumulibacter fractions in the biomass associated
with P-removal efficiencies above 90 %, positive and below 90 % and less than 0%.

A similar division was carried out for fPAO observed in the literature survey used to
determine the upper and lower limits of input factors. Figure 5.8a shows the distribution
of PAO as a fraction of the microbial community associated with systems exhibiting
P-removal efficiencies above 90 % reported in the published literature. Conversely, Figure
5.8a shows the distribution of PAO as a fraction of the microbial community associated
with systems exhibiting P-removal efficiencies below 90 %. P-removal efficiencies above
90 % were almost always associated with highly enriched Accumulibacter cultures. How-
ever, it can also be seen that high fPAO does not guarantee good P-removal, as ηP-removal
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below 90 % was associated with fPAO between 10-100 %. Given that the metabolic model
was able to accurately predict the concentration profiles for enriched cultures of PAO and
GAO (sections 5.3.1 and 5.3.2), the discrepancy between fPAO distributions associated
with high P-removal in the predicted outcomes and real EBPR systems may have been a
consequence of the sparse nature of the empirical data. Further experiments are required
to confirm whether the application input factors to fill the gaps in space of inputs would
align with the predicted EBPR performance.

Figure 5.8: Distribution of PAO fractions associated with P-removal efficiencies above
and below 90% observed in the literature.

5.3.6 Sensitivity Analysis

Figure 5.9 shows the first- (S 1) and total-order (ST) sensitivities of the input SRT,
HRT, f t,an, rC/P, r F/M, temperature, pH and fHAc with respect to the predicted quasi
steady-state population of Accumulibacter PAO as a fraction of the total biomass (f PAO).
The first-order sensitivities were found to be negligible compared to the total-order
sensitivities. Based on ST, the most influential input factors were fHAc, temperature,
HRT and pH. Perturbation of the four most influential factors accounted for over 70 %
of the variability in predicted fPAO at quasi steady-state.

The overwhelming difference between S 1 and ST indicated that changes to fPAO

were due primarily to interactions effects as a result of simultaneous perturbation, rather
than to the direct effect of any individual input factor. Figure 5.10 shows the heatmap of
second-order sensitivities (S 2), which estimates the contribution of pairwise input factors
on the variability of model outputs. Particularly strong interactions (> 0.70) were found
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for pH and temperature with respect to SRT, HRT and f t,an. Moderate interactions
were found between SRT and all other input factors, with the exception of HRT and vice
versa. rC/P interacted moderately with SRT, HRT and f t,an. Temperature interacted
weakly (< 0.25) with pH and fHAc, whereas pH had no interaction effects with fHAc.

Combined, the total- and second-order sensitivities indicate that operational factors
over which control may be exerted more easily in full-scale EBPR (without significant
capital investment), namely SRT, HRT and f t,an, as well as the influent fHAc, which
may be adjusted by VFA dosing, significantly affect the determination of fPAO at quasi
steady-state. Notably, temperature and pH which have long been subject of study
for improving EBPR in lab-scale systems, and which are not as readily controlled in
full-scale installations, were influential primarily as a result of their interaction with
SRT, HRT and f t,an. In contrast, rC/P had a relatively weak effect on the prediction of
fPAO, as determined by the comparatively low ST and S 2 indices.
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Figure 5.9: First- (white) and total-order (grey) Sobol sensitivity indices of the input
variables with respect to the predicted quasi steady-state fraction of PAO in the biomass.
Error bars represent the 95 % confidence intervals.

Sobol sensitivity analysis was also performed with respect to ηP-removal. However,
the 95 % confidence intervals were excessively large, particularly with respect to the
total-order indices which ranged between 72-139 %, as compared to 13-28 % with respect
to the total order sensitivities associated with fPAO. As such, the calculated sensitivities
were not reliable indicators of the relative effects of input factor perturbation on the
prediction of P-removal performance (see Table S5.1 in the Supporting Materials).
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Figure 5.10: The second-order sensitivities determined for pairwise combinations of
input factors with respect to the quasi steady-state fraction of Accumulibacter PAO.

5.3.7 Parallel Coordinate Plots

Parallel coordinate plots were constructed to better understand how different input factor
permutations affect EBPR performance, linking input factor values to the predicted fPAO

and ∆X. In these plots, the x-axes correspond to different variables, including input
factors as well as predicted outcomes. The eight left-most y-axes correspond to input
factor value ranges, whereas and the two right-most y-axes correspond to the ranges of
predicted outcome values. To avoid biases due to differences in magnitudes and units of
the input factors, y-axes were scaled such that the distances reflected percentage rather
than absolute deviations. With respect to the data obtained from the literature survey,
Figure 5.11 makes evident that while high fPAO correlates well with high ηP-removal, near
complete P-removal was achieved for a wide range of Accumulibacter compositions.

Given the binary distribution of ηP-removal shown in Figure 5.6b, the data is shown
in three separate plots, corresponding to to high P-removal, low P-removal and net
P-accumulation, as in the preceding section. Figure 5.12 links the median value of
the input factors to predicted outcomes with ηP-removal above 90 %. To investigate
the conditions which lead to high P-removal without the dominance of Accumulibacter,
the plot shows the intersection of of data where the quasi steady-state fPAO improved
relative to the initial conditions but remained less than 50 % in blue. The plot also

247



Chapter 5. Mapping the steady-state coexistence of PAO and GAO

shows the conditions resulting in high P-removal where fPAO decreased relative to the
initial conditions (< 0.3) in red.
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Figure 5.11: Parallel coordinate plot of data linking input factors with fPAO and ηP-removal

observed in the literature. Blue lines correspond to processes with P-removal efficiencies
above 90%, whereas grey lines correspond to P-removal efficiencies less than 90 %.

Differences between the median lines showed that high P-removal without Accu-
mulibacter dominance occurred at shorter SRT, lower fHAc and that such outcomes
were associated with lower biomass growth. The correlation between SRT and ∆X

was expected due to the direct relationship between SRT and biomass concentration
in the reactor. Lower fHAc was a consequence of the mechanism of mixed VFA uptake
by PAO, where the maximum rate of HAc uptake is inhibited by the presence of HPr
in sufficiently high concentrations (Carvalheira et al., 2014). This tends to make Ac-
cumulibacter less competitive than Defluviicoccus with respect to both HAc and HPr
uptake in the presence of mixed VFA source at the beginning of the anaerobic stage.

High P-removal with fPAO increase was further linked to higher f t, an and pH, as well
as lower rC/P. In comparison, high P-removal with fPAO decrease was linked to higher
rC/P and temperature. Lower rC/P and higher pH are known to correlate positively with
EBPR performance, by eliminating carbon substrates in excess of PAO requirements
which could be taken-up opportunistically by GAO, and by disproportionately affecting
the energy requirements for VFA uptake and storage as PHA in GAO relative to PAO.
Higher f t, an would translate into longer anaerobic reaction times, ensuring that VFA
in the bulk fluid is exhausted prior to the aerobic reaction stage. Residual VFA in the
aerobic stage is known to deteriorate EBPR performance, as both PAO and GAO would
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prioritise VFA uptake over the replenishment of intra-cellular reserves and the associated
aerobic P-uptake for poly-P synthesis.
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Figure 5.12: Parallel coordinate plot linking the median value of the input factors with
the predicted fraction of Accumulibacter in the biomass (fPAO) and the change in biomass
at quasi steady-state relative to the initial conditions (∆X). The plot includes data
corresponding to high P-removal efficiency (ηP-removal > 0.9) (black), high P-removal
efficiency where fPAO increased but was not dominant (blue), and high P-removal
efficiency where fPAO decreased relative to the initial conditions (red).

Next, we investigated the conditions which led to poor P-removal performance despite
an improvement in the fraction of Accumulibacter. Figure 5.13 links the median value
of the input factors to the predicted fPAO and ∆X associated with low net P-removal,
where Accumulibacter constituted over 50 % of the population in blue, and where fPAO

increased relative to the initial conditions in red respectively.

Comparing the black solid lines in figures 5.12 and 5.13, it can be seen that low net
P-removal is linked to slightly longer SRT, longer anaerobic reaction times, lower rC/P

and higher r F/M. Lower P-removal efficiency tends to be associated with lower fPAO as
well as lower ∆X. Although lower rC/P is thought beneficial to EBPR performance, it is
likely that the higher r F/M resulted in excess carbon substrates being made available for
GAO to proliferate. Higher influent r F/M would also lead to a higher influent P load,
assuming constant rC/P, increasing the P-uptake required to achieve net P-removal.

Although longer SRT was associated with less efficient P-removal, it can be seen
from Figure 5.11 that increasing the SRT also tended to have a beneficial effect on fPAO.
The median SRT linked to fPAO > 0.3 was 19 d, whereas that linked to fPAO > 0.5
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was 21 d. Amelioration of fPAO was linked to higher pH and lower temperature relative
to the overall data corresponding to low P-removal efficiencies. It is possible that
the longer HRT and f t,an resulted in excessively long reaction times and anaerobic
stages respectively. Although it sufficiently long anaerobic reaction times are critical for
EBPR, as residual VFA in aerobic conditions disrupts the expected storage compound
replenishment and P-uptake metabolism of PAO, excessively long reaction times may
lead to the depletion of intra-cellular storage polymers via cell maintenance processes.
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Figure 5.13: Parallel coordinate plot linking the median value of the input factors
with the predicted fraction of Accumulibacter in the biomass (fPAO) and the change in
biomass at quasi steady-state relative to the initial conditions (∆X). The plot includes
data corresponding to low P-removal efficiency (ηP-removal < 0.9) (black), low P-removal
efficiency where fPAO was dominant (blue), and high P-removal efficiency where fPAO

increased relative to the initial conditions (red).

The third scenario investigated was net P-accumulation, plotted together with the
dominance of PAO in the population, as well as improvement of fPAO relative to the
initial conditions. Comparing the black solid lines in figures 5.12 and 5.14, it can be
seen that net P-accumulation was linked to shorter SRT, higher temperature, higher
rC/P and lower r F/M. The correlation with higher temperature and rC/P were expected,
as PAO are known to possess slower maximum VFA uptake rates above 20 °C compared
to GAO, and higher influent carbon to phosphorus ratios increase the probability of
inhibiting the PAO aerobic metabolism by lack of soluble PO4.

Despite net accumulation of PO4 in the system, the microbial community composition
came to be dominated by Accumulibacter using shorter HRT, higher f t,an, lower r F/M
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and higher pH. Comparing the red and blue lines in Figure 5.14, it was surprising to
find that Accumulibacter dominance, as opposed to mere improvement in fPAO was
achieved at higher rC/P and temperature. GAO are known to be kinetically advantaged
temperatures above 20 °C. However, as the scenario was linked to higher median pH
(7.3 and 7.4 respectively), it is likely that despite slower kinetics, PAO were able to take
up carbon substrates more efficiently, i.e. using less glycogen and/or poly-P per unit
of VFA. This would result in the gradual depletion of GAO storage polymers, thereby
compromising their ability for VFA uptake and cell maintenance.
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Figure 5.14: Parallel coordinate plot linking the median value of the input factors
with the predicted fraction of Accumulibacter in the biomass (fPAO) and the change in
biomass at quasi steady-state relative to the initial conditions (∆X). The plot includes
data corresponding to net P-removal accumulation (ηP-removal < 0) (black), net P-
accumulation where the fPAO was dominant (blue), and net P-accumulation where fPAO

increased relative to the initial conditions (red).

5.4 Discussion

5.4.1 Calibrated kinetic parameters

Calibration of kinetic parameters is a necessary step in ensuring accurate predictions
of anaerobic and aerobic conversions of organisms included in the metabolic model, as
demonstrated by the wide range of observed values that each kinetic parameter can
take in different enriched reactors (Nguyen Quang et al., 2019), as well as in different
PAO and GAO populations in sludge samples from full-scale EBPR plants (Lanham
et al., 2014). However, in previous applications of metabolic models for prediction rather
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than interpretation of experimental results, the maximum anaerobic VFA uptake rates,
which determine anaerobic conversions through coupling of VFA-take with P-release
and PHA production, were selected based on relative differences observed in cultures
enriched separately on HAc and HPr rather than calibration. Notably, the maximum
HAc and HPr uptake rates of Defluviicoccus GAO were selected based on the qualitative
observation that Defluviicoccus took these VFA at a similar and approximately half the
rate respectively compared Accumulibacter PAO (Oehmen et al., 2005b, 2006). It was
also thought that the aerobic kinetics were dependant on the influent VFA composition,
which necessitated further assumptions regarding the relative aerobic kinetics between
PAO and GAO, as well as between Competibacter and Defluviicoccus GAO on HAc
and HPr respectively (López-Vázquez et al., 2009). In the model used in this work, the
aerobic kinetics in this study were assumed independent of the influent VFA composition,
which was consistent with more recent evidence from Carvalheira et al. (2014). Anaerobic
kinetics were determined by calibrating the model separately to different experimental
data sets and calculating the average respective values, as summarised in Table 5.4.
The maximum rate of HPr uptake by Defluviicoccus was 22 % higher than that of
Accumulibacter. Moreover, the model also accounted for inhibition of the maximum rate
of HAc uptake in the simultaneous presence of HPr (Carvalheira et al., 2014).

The predicted quasi steady-state fraction of Accumulibacter PAO followed similar
trends in relation to temperature (negative correlation) and pH (positive correlation).
However, the effect of carbon source deviated from the data presented in López-Vázquez
et al. (2009). As shown in Figure 5.3, the fraction of Competibacter was higher where
VFA consisted of 75 % HAc, and the fraction of Defluviicoccus was higher where the
composition of HPr in the VFA exceeded 50 %. Due to prioritisation of HPr uptake, the
effective HAc uptake rate of Accumulibacter would be lower than that of Competibacter
at the start of the anaerobic stage, where the concentration of both VFA sources was
the highest, despite the former possessing a higher maximum uptake rate. At the same
time, Accumulibacter were less competitive with respect to HP uptake compared to
Defluviicoccus, as a result of the absolute difference in maximum HPr uptake rates.
As such, the effect of carbon source on the competition between PAO and GAO was
determined not only by the VFA composition, but also by r F/M. Low r F/M would result
in faster depletion of the available HPr, thereby lengthening the portion of the anaerobic
reaction time in which Accumulibacter could outcompete Competibacter to secure HAc.
This justified the inclusion of HRT, f t,an and r F/M in the exploration of input factors
affecting the competition between PAO and GAO.
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Accumulibacter and Competibacter have been successfully enriched in separate lab-
scale reactors with HAc as the sole carbon source (López-Vázquez et al., 2006a). Similarly,
Accumulibacter and Defluviicoccus have been enriched in separate lab-scale reactors
with HPr as the sole carbon source (Oehmen et al., 2005b). However, it remains unclear
how the simultaneous presence of HAc and HPr affects the competition for resources
between PAO and GAO. Although Accumulibacter have been reported to dominate an
SBR fed solely with HPr even when mixed in equal ratio with Defluviicoccus Oehmen
et al. (2006), Shen et al. (2017) found that an SBR fed solely with HPr came to be
dominated by Competibacter, and exhibited less stable P-removal compared to HAc as
the sole carbon source. Wang et al. (2010) found that the presence of both HAc and
HPr in the influent led to high P-removal efficiency in a plug flow configuration, while
Carvalheira et al. (2014) successfully enriched Accumulibacter using 75 % HAc and 25 %
HPr. Recently, Zhang et al. (2020) observed that the abundance of Accumulibacter
remained constant, whereas Competibacter and Defluviicoccus abundances increased
with higher HPr fractions in the influent VFA. While the dominance of Competibacter
on HPr despite negligible HPr uptake rates in enriched reactors (Pijuan et al., 2004;
Oehmen et al., 2006) was surprising, these findings agree with the quasi steady-state
fPAO predicted by the model using the kinetic parameters used in this study.

Nevertheless, better understanding of how substrate uptake and subsequent use in
catabolic and anabolic processes is important where, rather than the outright dominance
of one organism, the balance between PAO and GAO is to maintained in full-scale
EBPR systems. Specifically, it remains unclear if and how the simultaneous presence
of both HAc and HPr affect the respective maximum uptakes rates of Competibacter
and Defluviicoccus GAO. The overall specific VFA uptake rates would exceed the
maximum uptake rates of either HAc or HPr individually, potentially overestimating the
competitiveness of GAO. In the model developed by (Oehmen et al., 2010b) to simulate
PAO and GAO in anaerobic, anoxic and aerobic environments, this phenomenon was
avoided using a switching function. Additional research is needed to determine whether
GAO prioritise certain carbon substrates over others, as well as to characterise the
mechanism by which the preferred substrate is taken up in case of a mixed VFA source.

With respect to the aerobic stage, Accumulibacter kinetic parameters relevant to
aerobic processes were found to be independent of the VFA composition (Carvalheira
et al., 2014). Experimentation should be undertaken to confirm whether this also holds
true for Competibacter and Defluviicoccus GAO. Further, rate of aerobic PHA oxidation
has been found to vary depending on the composition of PHA (Oehmen et al., 2005b). In
particular, PHB has been observed to degrade up to three times faster than PHV (Torresi
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et al., 2019). PAO store HAc preferentially as PHB, whereas HPr is stored primarily
as PHV (Pijuan et al., 2009). The aerobic exhaustion of anaerobically accumulated
PHA reserves is critical to the P-removal capacity of the biomass at quasi steady-state,
as PHA accumulation would result in the eventual saturation of intra-cellular storage
levels, preventing subsequent anaerobic VFA uptake (Brdjanovic et al., 1998). As such,
in addition to the effect on short-term competition via differences in VFA uptake rates,
the influent VFA composition has important consequences on EBPR performance at
quasi steady-state.

5.4.2 The correlation between community composition and P-removal

Using Pearson’s and Spearman’s rank correlation coefficients to test for linearity and
monotonicity respectively, ηP-removal was found to correlate positively but only weakly
with fPAO, as shown in Figure 5.5. However, from Figure 5.6 it was noted that the
distribution of fPAO was nearly uniform, whereas that of ηP-removal resembled a binary
distribution. To investigate further, the model predictions were separated into three sets
corresponding to high P-removal efficiency (ηP-removal > 0.9), low P-removal efficiency
(0 < ηP-removal < 0.9), and net P-accumulation (ηP-removal < 0). As shown in Figure
5.7, the distribution of fPAO associated with low P-removal was nearly identical to
that associated with net P-accumulation. In other words, the probability of obtaining
poor P-removal performance increased with lower fractions of Accumulibacter in the
biomass. Furthermore, it was observed that low P-removal and net P-accumulation was
possible even where fPAO was greater than 90 %. In contrast, the distribution of fPAO

associated with high P-removal was nearly uniform between 30-90 %, and was possible
across the entire range (10-100 %), i.e., as long as Accumulibacter were present. This
clearly shows that dominance of Accumulibacter is not a pre-requisite to satisfactory
EBPR performance.

A complementary conclusion was drawn by subjecting the data obtained from lab- and
full-scale EBPR systems from the literature to the same treatment. As shown in Figure
5.8, high P-removal was associated with high fPAO. However, the experimentally observed
fPAO associated with low P-removal (0-90 %) resembled that of a binary distribution at
opposite ends of the spectrum. As such, experimental observations indicate that high
Accumulibacter fractions are more likely to result in high P-removal efficiencies, which
was in agreement with the results from the correlation analysis between the predicted
fPAO and ηP-removal. Nevertheless, the dominance of Accumulibacter in the biomass did
not guarantee satisfactory EBPR performance. Linking the operational information to
performance metrics observed in the literature, Figure 5.11 confirms that while near
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complete P-removal was correlated to high Accumulibacter, near complete P-removal and
high P-removal efficiencies were achieved with fPAO as low as 30 % and 15 % respectively.
ηP-removal above 90 % at low fPAO were observed experimentally at shorter HRT and
using HAc rather than HPr as the sole carbon source, as identified by the fHAc.

The consensus in EBPR research has long considered the dominance of PAO as a
pre-requisite to obtaining satisfactory P-removal performance. This line of thought was
derived from comparisons microbial communities in efficient and non-efficient EBPR
systems in lab-scale reactors, particularly under conditions which resulted in the wash-
out of PAO. However, this assumption does not appear tenable with the inclusion of
more recent data, particularly from full-scale EBPR plants. As demonstrated in Figure
5.11, P-removal efficiencies were above 90 % with PAO fractions as low as 15 %. More
recent studies achieved ηP-removal above 95 % with EBPR cultures consisting of 11-64 %
PAO in HAc and HPr fed SBR respectively Shen et al. (2017). Similarly, Coats et al.
(2017) reported that the best ηP-removal was associated with fHAc of 0.40 %, whereas
the worst ηP-removal was associated with a higher fHAc of 4.5 % in SBR fed with real
wastewater. As such, the lack of correlation between Accumulibacter fractions and
P-removal performance at quasi steady-state predicted by the model were in agreement
with experimental observations.

Surveys of microbial community compositions in full-scale plants have also failed to
confirm the expected positive relationship between fPAO and ηP-removal. Near complete
P-removal has also been reported in full-scale systems with Accumulibacter relative
abundances much lower than those encountered in lab-scale reactors. To illustrate,
Table 5.7 shows the relative abundance of PAO and GAO in full-scale EBPR, where
satisfactory P-removal performance was observed with PAO abundances as low as 0.10-
2.1 % depending on the quantification method. The large discrepancy between relative
abundance of Accumulibacter in lab- and full-scale EBPR systems exhibiting satisfactory
P-removal may lie in the diversity of organism conforming to the PAO phenotype. Thus
far, research efforts have focused on Accumulibacter as the model PAO, thanks to the
pioneering work of Bond et al. (1995; 1999), Hesselmann et al. (1999), Crocetti et al.
(2000) and Martín et al. (2006) in identifying organisms exhibiting the eponymous
phenotype in lab-scale reactors fed with synthetic wastewater.
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Table 5.7: Relative abundances of PAO (sum of Accumulibacter and Tetrasphaera),
as well as Competibacter (GB) and Defluviicoccus (DEF) GAO reported in full-scale
EBPR systems, as measured using fluorescence in situ hybridisation (FISH), quantitative
polymerase chain reaction (qPCR), 16S rRNA sequencing and metagenomic methods.
The measured absence of GAO was denoted by 0 % in respective the max column,
whereas the absence of measurement was denoted by leaving the cell empty.

PAO (%) GB (%) DEF (%)

Method Source min max min max min max

FISH Kong et al. (2004) 5 22

Chua et al. (2006) 7 17

Tykesson et al. (2006) 15 20 5 10

Gu et al. (2008) 5 20 0 20 0 20

López-Vázquez et al. (2008) 5.7 16 0.40 3.2

Zhang et al. (2011) 2.1 8.7 1.3 22

Nguyen et al. (2011) 21 35

Albertsen et al. (2012) 31 0.51

Mielczarek et al. (2013) 20 38 0 7.2 0 4.7

Lanham et al. (2013) 18 37 0.3 5.4 0 4.9

Muszyński and Załęska-Radziwiłł (2015) 12 37

Onnis-Hayden et al. (2020b) 2.2 14 3.2 18

qPCR He et al. (2007) 9 24

Mao et al. (2015) 0.10 9.9

Coats et al. (2017) 0.11 16 0 3.7

Zeng et al. (2018) 0.8 7.4

16S rRNA Law et al. (2016) 3.5 1.0 0

sequencing Stokholm-Bjerregaard et al. (2017) 3.8 22 0 4.8 0 3.7

Qiu et al. (2019) 1.2 5.6 0.87 4.6 0.080 0.33

metagenomic Albertsen et al. (2012) 1.1

sequencing Guo et al. (2017) 4.9

1 The quantified Gammaproteobacteria were assumed to be Competibacter.

The well-defined operating conditions and synthetic influents of lab-scale reactors
likely eliminates many ecological niches made possible in the heterogeneous and dynamic
environments of full-scale EBPR installations. The readily biodegradable fraction of
COD consists of a diverse array of substrates other than VFA. It follows that PAO in
full-scale EBPR would be more diverse than in lab-scale systems. Notably, Tetrasphaera
have been shown to contribute significantly (up to 80 %) to P-removal in lab-have
SBR by fermenting complex organic molecules such as glucose and amino acids for
intra-cellular storage (Kristiansen et al., 2013; Marques et al., 2017). In some cases,
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Tetrasphaera have also been observed to be even more abundant than Accumulibacter
in full-scale EBPR plants (Nguyen et al., 2011; Mielczarek et al., 2013; Lanham et al.,
2013; Stokholm-Bjerregaard et al., 2017; Onnis-Hayden et al., 2020b).

Several other bacteria have been identified as putative PAO, including Microlunatus
phosphovorus (Nakamura et al., 1995; Santos et al., 1999; Kawakoshi et al., 2012),
Pseudomonas (Günther et al., 2009) and Candidatus Halomonas phosphatis (Nguyen
et al., 2012). Moreover, although Competibacter and Defluviicoccus have been treated as
phenotypically homogenous groups, particularly in ASM and metabolic models, they are
known to be phylogenetically diverse groups of organisms (Kong et al., 2006; McIlroy
and Seviour, 2009; McIlroy et al., 2014). From a microbiological perspective, to say that
metabolic models underestimate the contribution to P-removal from other PAO, as well
as the competition for resources with other GAO would be an understatement. Indeed,
mathematical models have been found to underestimate the P-removal observed under
equivalent conditions in full-scale EBPR (Barnard et al., 2017).

5.4.3 The effect of input factors on P-removal and the PAO fraction

Due to the absence of a strong correlation between the predicted fPAO and ηP-removal, this
study investigated three scenarios unintuitive from the perspective of current consensus.
The first scenario was high P-removal without the dominance of PAO, where ηP-removal

exceeded 90 % and fPAO was below 50 %. The second scenario was low net P-removal
despite PAO dominance, where ηP-removal was less than 90 % and fPAO was greater
than 50 %. The third scenario was net P-accumulation despite PAO dominance, where
ηP-removal was negative. Linking input factor permutations to the fPAO and ηP-removal,
it was possible to understand which conditions led to the predicted outcomes.

Comparing the data corresponding to high P-removal without PAO dominance
in Figure 5.12, the relative PAO minority appeared to be a consequence of higher
temperatures and lower fraction of HAc in the influent VFA. Higher temperatures are
known to kinetically favour GAO over PAO, due to the latter reaching their maximum
kinetic rates at 20 °C (López-Vázquez et al., 2006a). The presence of HPr at elevated
concentrations would have also been detrimental to PAO in this study due to the
inhibition of HAc uptake in the presence of mixed VFA. In this context, it was surprising
that this outcome was associated with slightly shorter SRT. Although shorter SRT
have been shown advantageous for EBPR performance (Onnis-Hayden et al., 2020a),
longer SRT would have led to higher total biomass concentrations in the reactor, thereby
increasing the observed overall rate of HPr depletion and minimising the portion of
anaerobic reaction time under which Accumulibacter would have been disadvantaged.
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Accumulibacter were characterised by lower anaerobic maintenance coefficients than
either Competibacter or Defluviicoccus GAO. Higher f t,an result in longer anaerobic
reaction times. While both PAO and GAO would be forced to consume more intra-
cellular storage compounds for anaerobic maintenance, GAO would be disproportionately
affected. In this case, PAO would be able to retain enough PHA to perform P-removal
in the subsequent aerobic phase.

Figure 5.13 compared data corresponding to low net P-removal with dominance
of PAO in the biomass. PAO dominance was achieved thanks to high pH (Liu et al.,
1996; Filipe et al., 2001c), high fHAc (Carvalheira et al., 2014) and low rC/P (Liu et al.,
1997). Nevertheless, low ηP-removal was a consequence of very high SRT, HRT, f t,an

and r F/M. Longer SRT would have resulted in a higher concentration of biomass in the
reactor, as confirmed by the predicted ∆X. Although this would have had the effect
of minimising the portion of the anaerobic stage disadvantageous for PAO, it is likely
that the longer overall reaction times, as determined by the HRT, caused excessive
depletion of intra-cellular storage reserves of both PAO and GAO. In the immediate
term, gradual depletion of intra-cellular reserves would have reduced their availability
for biomass growth and, in the case of PAO, aerobic P-uptake. In the long-term, the due
to sequential maintenance processes described in Lanham et al. (2014), the exhaustion
of PHA and glycogen would have eventually resulted in additional P-release, effectively
increasing the total amount of P that would have to be removed to achieve net P-removal.
In this case, both the total biomass population and the population of Accumulibacter
increased, primarily as a result of higher SRT and r F/M respectively, however P-removal
was likely impaired directly by depletion of PHA reserves, and indirectly by excess
P-release due to sequential maintenance processes.

Finally, Figure 5.14 compares data corresponding to net P-accumulation observed
despite the dominance of PAO in the biomass. It was surmised that fPAO were achieved
thanks to high pH and shorter HRT. However, factors known to be detrimental to EBPR
performance, namely rC/P (Liu et al., 1997), temperature (López-Vázquez et al., 2009)
and, as detailed in this work, ft,an took on significantly higher median values relative to
net P-accumulation without PAO dominance.

As shown in Table 5.6, very weak correlations were found between between input
factors conventionally though to be highly influential on EBPR performance, namely the
effect of temperature, pH and fHAc. Combined, the results from this work show that pH
is a strong predictor of fPAO at quasi steady-state. However, pH did not correlate with
ηP-removal. Contrary to expectations, the direct effect of temperature and fHAc on f PAO

at quasi steady-state were not significant. This is consistent with successful EBPR at
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lab- and full-scale at temperatures above 28 °C (Ong et al., 2014; Law et al., 2016). Near
complete P-removal was possible above 25 °C, whereas poor P-removal was observed at
the lower limit (10 °C). However, analysis of specific scenarios using parallel coordinate
plots demonstrated that high temperature was associated with poor P-removal where
fPAO was greater than 50 %. Further, fHAc and temperature were among the most
influential input factors, as determined by total-order sensitivity indices shown in Figure
5.9. Analysis of second-order sensitivities revealed that the weak correlations were due to
significant interactions with other input factors, particularly with SRT, HRT and f t,an,
as shown in Figure 5.10. Likewise, the direct effect of rC/P and r F/M were small relative
to temperature, pH and fHAc. However, they were the only factors that correlated with
ηP-removal to a significant degree and interacted strongly with SRT, HRT and f t,an in
predicting the quasi steady-state fPAO.

The influence of SRT has been investigated primarily in relation to temperature
(Mamais and Jenkins, 1992; Whang and Park, 2006; Erdal et al., 2006), to determine
the minimum SRT required to prevent wash-out of PAO biomass (Chan et al., 2017).
Recent evidence indicates that SRT has a direct effect, decoupled from temperature,
on the composition of PAO, as well as the relative abundance of PAO to GAO in
full-scale EBPR systems (Valverde-Pérez et al., 2016; Onnis-Hayden et al., 2020a). To
our knowledge, the effect of HRT has been considered only implicitly by modification of
the SBR reaction schedule (Kuba et al., 1997; Shen et al., 2017). It is known that a
well-defined anaerobic zone of sufficient length is critical for EBPR, so as to maximise
the VFA diverted to PAO and to avoid residual VFA in the subsequent aerobic stage,
which would disrupt the PAO P-uptake processes (Barnard et al., 2017). The fraction
of anaerobic reaction time has been shown to be influential in resolving performance
issues in full-scale EBPR plants (Matsuo, 1994). Nevertheless, beyond the binary
satisfaction of the requirement for a well-defined anaerobic zone, there remains an
absence of investigations concerning the effect of different f t,an fractions (decoupled from
SRT or HRT) on fPAO and ηP-removal. Additional research is required to understand
how SRT, HRT, fPAO and influent compositions, as well as the interactions between
them affect the resultant microbial community composition and P-removal performance.
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5.4.4 Challenges and opportunities

The source of reducing equivalents for anaerobic assimilation of VFA has long been
a controversial subject. Accumulibacter have been reported to rely on glycolysis and
the TCA cycle to varying degrees to supply ATP and reducing equivalents, giving
rise to a range of anaerobic stoichiometric ratios observed in experiments. Specifically,
the metabolic flexibility of Accumulibacter allow the organism to rely more heavily on
glycolysis rather than poly-P hydrolysis in response to P-limiting conditions, e.g. due to
excessively high influent rC/P (Acevedo et al., 2012, 2017). Likewise, Accumulibacter
have been observed to rely more heavily on the TCA cycle rather than glycolysis in
response to glycogen limiting conditions, e.g. due to depletion by excessively long aerobic
reaction times or excessively low influent r F/M (Lanham et al., 2013).

The use of alternate metabolic pathways would manifest in deviations from the
expected anaerobic stoichiometric ratios, namely the consumption of glycogen, the
yield of PHA and P-release per unit of VFA taken-up respectively. Inclusion of these
pathways would prove consequential in the prediction of quasi steady-state fPAO, as
it would allow Accumulibacter to compete for substrates at low rC/P, or to maintain
sufficient intra-cellular glycogen reserves in response to varying r F/M, HRT and f t,an

in exchange for lower apparent P-removal per unit of biomass. However, due to the
fact that the model used in this study did not simulate any specific system, it was not
possible to initialise the degree of TCA utilisation, which requires a prior knowledge of
the anaerobic glycogen consumed per unit of VFA ratio (Lanham et al., 2014). Further,
recent evidence has shown not only that the metabolic flexibility of PAO with respect to
glycolysis depends on the particular Accumulibacter clade (Welles et al., 2015), but that
the kinetics of those clades also change in tandem with metabolic shift (Welles et al.,
2017). It has also been observed that the ATP requirement for VFA uptake changes
in response to the use of glycolysis or TCA cycle (Zhou et al., 2009; Lanham et al.,
2014). It can be expected for the maximum rate of VFA uptake to decrease in response
to higher ATP requirements and vice versa. Incorporation of these pathways would
necessitate further information concerning the kinetics of different clades, as well as to
characterise the switching functions used to trigger metabolic shift.

The model did not account for the potential contribution to P-removal by putative
PAO other than Accumulibacter. Tetrasphaera were responsible for up to 80 % of P-
removal in a lab-scale SBR enriched together with Accumulibacter (Marques et al.,
2017). As shown in Table 5.7, Tetrasphaera have also been observed in full-scale EBPR
plants at abundances greater than Accumulibacter. However, there remain significant
uncertainties concerning its metabolism, as they have been observed to perform P-uptake
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both aerobically via energy generated glycolysis for storage as poly-P (Kristiansen et al.,
2013), as well as anaerobically using energy obtained from fermentation of organic
molecules e.g glucose and amino acids (Marques et al., 2017). Notably, the fermentation
of complex organic molecules would increase the overall conversion of rbCOD into
VFA, which would be made available to other PAO and GAO. Stoichiometry aside, to
properly model EBPR with Tetrasphaera, it would be necessary to (1) calibrate the
maximum kinetic rates, (2) model the conversion of rbCOD into VFA and (3) calibrate
the half-saturation constants of all functional organisms. Thus far, the fraction of VFA
in rbCOD has been assumed to be made available to PAO and GAO all at once in
both mathematical models (Henze et al., 1995) as well as theoretical frameworks for the
ecosystem in wastewater treatment plants (Nielsen et al., 2019). However, with gradual
production via fermentation by Tetrasphaera and other fermentative organisms, the
half-saturation constants would play a more influential in determining the success of
scavenging substrates in an environment with a steady supply at low concentrations.

5.5 Conclusions

This study investigated the effect of operational conditions and influent characteristics
on the microbial community composition and P-removal efficiency at quasi steady-state.
A mathematical model was evaluated to describe the conversions of Accumulibacter,
Competibacter and Defluviicoccus in a sequencing batch reactor in response to permuta-
tions of SRT, HRT, f t,an, rC/P, r F/M, temperature, pH and fHAc, informed by a survey of
operational parameters employed in lab- and full-scale EBPR systems in the literature.

Although low PAO fractions increased the likelihood of poor EBPR performance,
near complete P-removal was equally likely with PAO comprising 30 % as above 90 %
of the population, and was possible with PAO fractions as low as 10 %. The influent
carbon to phosphorus ratio was the only reliable predictor of P-removal efficiency.

Temperature, pH and VFA composition interacted strongly with SRT, HRT and
the fraction of anaerobic reaction time. EBPR performance in full-scale plants may
be addressed by adjusting the latter, more readily manipulated factors compared to
the former, on which the majority of research efforts have been devoted to thus far.
Where PAO were suppressed by high temperatures and influent HAc fractions below
0.5 C-mmol C-mmol−1, high P-removal efficiency without the dominance of PAO was
possible with pH above 7.2 and SRT below 16 d. Conversely, poor P-removal despite
PAO dominance was associated with excessively long SRT (> 21 d), long residence times
(HRT > 0.70 d) and high influent carbon to phosphorus ratios (> 40 C-mmolP-mmol−1).
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Supporting Materials

Table S5.1: First- and total-order Sobol sensitivities for the input factors subject to
perturbation in the experimental design with respect to the predicted quasi steady-state
fraction of Accumulibacter fPAO and P-removal efficiency (ηP-removal), including their
respective 95 % confidence intervals.

fPAO ηP−removal

Variable S 1 CI 95,S1 ST CI 95,ST S 1 CI 95,S1 ST CI 95,ST

SRT 0.014 0.005 0.421 0.082 0.0082 0.005 0.495 0.477

HRT 0.004 0.004 0.688 0.095 0.0069 0.004 0.378 0.412

f t,an 0.014 0.007 0.274 0.060 0.0043 0.003 0.444 0.506

rC/P 0.015 0.006 0.256 0.056 0.022 0.008 0.463 0.406

r F/M 0.0085 0.005 0.201 0.057 0.022 0.007 0.571 0.409

T 0.014 0.005 0.701 0.094 0.014 0.008 0.595 0.765

pH 0.014 0.006 0.599 0.090 0.0058 0.004 1.050 1.079

fHAc 0.021 0.007 0.872 0.110 0.0089 0.005 1.106 0.992

Table S5.2: First- and total-order Sobol sensitivities for the input factors subject to
perturbation in the experimental design with respect to the predicted quasi steady-state
fraction of Competibacter (fGB) and Defluviicoccus (fDEF) and P-removal efficiency,
including their respective 95% confidence intervals.

fCompetibacter fDefluviicoccus

Variable S 1 CI 95,S1 ST CI 95,ST S 1 CI 95,S1 ST CI 95,ST

SRT 0.0073 0.003 0.32 0.08 0.013 0.006 0.30 0.08

HRT 0.0084 0.005 0.59 0.12 0.0088 0.005 0.67 0.10

f t,an 0.0067 0.004 0.44 0.11 0.0092 0.004 0.33 0.07

rC/P 0.015 0.005 0.64 0.12 0.015 0.005 0.47 0.10

r F/M 0.011 0.005 0.38 0.11 0.012 0.005 0.29 0.07

T 0.013 0.004 0.82 0.15 0.019 0.006 0.78 0.12

pH 0.0074 0.003 0.79 0.15 0.012 0.005 0.73 0.11

fHAc 0.020 0.006 1.0 0.20 0.021 0.007 0.91 0.12
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Table S5.3: Median values of input factors associated with the quasi steady-state fraction
of Accumulibacter in the biomass, overall change in biomass and P-removal efficiency
used in the analysis of different scenarios. The data was used to examine high P-
removal (ηP-removal > 0.9) without the dominance of PAO (fPAO < 0.5), low P-removal
(ηP-removal < 0.9) associated with an increase in the microbial composition in favour of
PAO (fPAO > 0.3) and net P-accumulation (ηP-removal < 0) associated with an increase
in PAO at steady-state (fPAO > 0.3) respectively.

Input factor Model output

Scenario SRT HRT f t,an rC/P r F/M T pH fHAc fPAO ∆X ηP-removal

ηP-removal > 0.9 17 0.65 0.30 38 0.11 20 7.2 0.50 0.56 0.96 1.0

∩ (0.3 < fPAO < 0.5) 16 0.65 0.31 38 0.11 21 7.2 0.47 0.33 0.72 1.0

∩ (fPAO < 0.3) 17 0.64 0.30 38 0.11 20 7.3 0.49 0.39 0.67 1.0

ηP-removal < 0.9 17 0.63 0.30 24 0.13 20 7.2 0.46 0.25 0.24 0.49

∩ (fPAO > 0.5) 21 0.69 0.33 20 0.14 19.0 7.3 0.52 0.60 1.0 0.62

∩ (fPAO > 0.3) 19 0.68 0.31 22 0.13 19 7.3 0.62 0.44 0.37 0.55

ηP-removal < 0 15 0.63 0.28 42 0.10 21 7.2 0.54 0.23 1.1 -2.0

∩ (fPAO > 0.5) 15 0.54 0.36 52 0.090 23 7.4 0.42 0.63 1.6 -1.1

∩ (fPAO > 0.5) 14 0.65 0.32 47 0.080 22 7.3 0.50 0.43 1.1 -2.0
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Figure S5.1: Scatter plots of the input factors with respect to the predicted P-removal
efficiency at quasi steady-state. All variables were normalised between 0 and 1.
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Commentary

The work presented in Chapter 5 used metabolic models to investigate the effect
of simultaneous input factor perturbation on the microbial community composition
and P-removal efficiency in an anaerobic-aerobic SBR at quasi steady-state (research
question Q4). The input factors subject to perturbation included environmental factors
(temperature, pH), influent characteristics (fraction of HAc in VFA, the carbon to
phosphorus ratio and the food to microorganism ratio), as well as operational factors
(SRT, HRT and fraction of anaerobic contact time), informed by a survey of condition
applied in lab-, pilot- and full-scale EBPR systems (objective 3a).

Correlation and sensitivity analyses indicated that the direct effect of individual
factors on EBPR performance were negligible. Even though pH was found to be a
strong predictor of PAO as a fraction of the total microbial community (objective 3c), it
was not suitable as a predictor of the P-removal efficiency (objective 3d). The influent
carbon to phosphorus ratio was the only reliable predictor of P-removal efficiency .
However, environmental factors and influent characteristics (temperature, pH and VFA
composition) exhibited strong interactions with operational factors (SRT, HRT and
the fraction of anaerobic contact time) with respect to both the fraction of PAO and
P-removal efficiency at quasi steady-state.

This finding has important implications for operators, as it indicates that control
over EBPR performance can be exerted using common process variables. In other
words, EBPR performance can be adjusted to achieve compliance with respect to P-
removal despite unfavourable environmental conditions. In model-based design and/or
optimisation, model prediction variances for the relevant state variables determined in
chapters 3 and 4 can be used in combination with the quasi steady-state outcomes in
Chapter 5 to evaluate the expected EBPR performance in different scenarios.

Furthermore, the predicted results supported the hypothesis that PAO dominance in
the microbial community is not a pre-requisite to satisfactory P-removal (objective 3e).
If the predicted outcomes can be confirmed in real systems, this presents an opportunity
for further fundamental experimentation. Research efforts can be re-focused away from
maximising PAO in mixed cultures towards securing P-removal. To this end, the initial
conditions used in this work may serve as the starting point in the design of experiments.
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6.1. General Outcomes

6.1 General Outcomes

EBPR depends on the population of PAO to achieve effective P-removal in an environ-
mentally and economically sustainable manner. The performance of EBPR systems is
intrinsically tied to the competition between PAO and GAO for common substrates. Sig-
nificant efforts have been devoted to understand the factors that affect their metabolisms.
Nevertheless, these have mostly relied on cultures in lab-scale reactors fed with synthetic
wastewaters. The material and time investment needed to establish and carry out the
study to observe long-term responses, including the accounting for sufficient time to
achieve enrichment, process upsets notwithstanding, has limited experimental designs to
of two, at most three input factors. Metabolic models have been used to interpret bulk
measurements. However, the uncertain nature of stoichiometric and kinetic parameter
values associated with cultures in different reactors, as well as the same reactors at
different points in time have thus far limited their their application in a predictive
capacity for process optimisation. Consequently, the importance of individual factors,
as well as PAO abundance on EBPR performance have been overestimated.

Chapter 2 presented a framework to facilitate the selection of articles for literature
review based on existing citation relationships . First, bibliographic coupling and
co-citation patterns between publications were evaluated as methods with which to
categorise research areas in the literature related to EBPR into topically coherent clusters.
Bibliographic coupling was found to be superior, resulting in clusters where publications
in the same clusters were more related to each other than to publications allocated
to other clusters. Once the topical clusters were obtained, citation count-based and
time-weighted indicators were used to identify publications with the highest research
impact in each cluster. In this way, a reduced selection of publications were selected
to conduct a literature review of topics in EBPR in a way that minimised the need
for human intervention and bias. Using only the selected publications to conduct a
literature review, key events in the development of EBPR as a field of research were
outlined and emerging as well as declining topics were identified. Using this framework,
three relevant clusters (A, C and D) were identified with publications containing data
required to formulate and initialise the metabolic models for PAO and GAO used in the
remainder of this thesis. Thus, the framework aided in the extraction of two datasets:
(1) the observed kinetic and stoichiometric parameters obtained in anaerobic and aerobic
batch tests and (2) the observed operational conditions, environmental conditions and
influent wastewater characteristics alongside the corresponding microbial community
composition and P-removal performance.
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In Chapter 3, a metabolic model was formulated to account for observed dependencies
of Accumulibacter PAO with respect to temperature, pH and influent VFA composition.
Using the publications identified in Chapter 2, the ranges of kinetic parameter and
stoichiometric coefficient values observed across different cultures cultivated in lab-scale
reactors were quantified as the starting point of an uncertainty analysis. An uncertainty
analysis was performed to assess the impact of uncertain kinetics and stoichiometry on the
prediction of soluble substrate, biomass and intra-cellular storage reserve concentrations
over one anaerobic-aerobic cycle subject to variations in temperature, pH, influent VFA
composition, as well as initial biomass and intra-cellular reserve concentrations. Further,
a global sensitivity analysis was carried out using standard regression coefficients and
the Sobol method to determine the contribution each input factor, including kinetic
parameters (maximum uptake rates, half-saturation constants), stoichiometric yields
(efficiency of oxidative phosphorylation, ATP required for biomass growth) and initial
concentrations on the variance of predicted conversions in PAO cultures.

Chapter 4 was a complementary study to Chapter 3, where a metabolic model was
formulated to account for observed dependencies with respect to temperature, pH and
VFA composition associated with the metabolism of Competibacter GAO. Uncertainty
and global sensitivity analyses were carried out in the same manner so as to determine
the influence of kinetic parameters, stoichiometric parameters and initial concentrations
on the variance of predicted GAO conversions. The influential factors with respect to
PAO and GAO were compared to identify opportunities for model simplification by
highlighting parameters whose reduction in the uncertainty regarding their true values
would maximise the reduction in prediction variance.

In Chapter 5, the metabolic models for PAO and GAO were calibrated to fit a number
of datasets obtained from studies using enriched cultures of the respective organism at
different conditions. The calibrated models were then combined and used to predict
the conversions in an anaerobic-aerobic SBR in response to different combinations of
SRT, HRT, fraction of anaerobic reaction time, the influent carbon to phosphorus ratio,
the influent food to microorganism ratio, temperature, pH and fraction of HAc in the
influent VFA. The range of initial conditions applied was informed by a survey of input
factors employed in lab- and full-scale EBPR systems, as documented in the published
literature. Correlation analysis was used to assess the impact of simultaneous input
factor perturbation on the relative abundance of PAO to GAO and P-removal at quasi
steady-state. Sobol sensitivity analysis was used to quantify the direct and indirect effect
of each input factor on EBPR performance at quasi steady-state. Parallel coordinate
plots were used to explore scenarios un-intuitive from the viewpoint of current consensus
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that view the dominance of PAO over GAO as a prerequisite for satisfactory EBPR
performance. Specifically, combinations of input factors where near complete P-removal
was obtained with PAO constituting the minority of the biomass population and where
poor P-removal was obtained despite PAO being the dominant microorganism were
explored respectively.

6.2 Conclusions

6.2.1 Framework for automated literature review

A framework to automate the selection of publications for literature review was presented.
The joint analysis of citation networks, associated metadata and citation profiles over
time revealed 12 topics in the field of EBPR. A sub-set of publications comprising
approximately 5 % of the size of the entire body of EBPR research was selected for
detailed review. The EBPR domain evolved in two principal waves. The first wave
encompassed the correlation of operational conditions with process performance, theoret-
ical frameworks for the biological mechanisms as well as the identity of and competition
between functionally relevant organisms. The second wave comprised EBPR process
intensification, optimisation and evaluation of synergies with nutrient, bio-polymer
and energy recovery. Publications with the highest impact were associated with the
identification of relevant microorganisms, characterisation of their metabolism and the
competition between them. The production of volatile fatty acids, P-recovery from
waste activated sludge and the use of aerobic granules to improve process stability were
identified as emerging topics in this field.

The most direct application of the framework presented in Chapter 2 is for researchers
and practitioners new to a given research area, as the selection of publications for review
is capable of highlighting the main research themes without requiring prior knowledge.
Another applications is for policy makers that require an overview of a broad research
area in which they may only be an expert of a specific sub-topic. Conversely, the
framework may be useful for experts that wish to determine the relationships of their
own expertise to adjacent topics, e.g. to determine opportunities for collaboration.

6.2.2 The uncertainty in metabolic models for PAO

The work presented in Chapter 3 assessed for first time the effect of input parameter
uncertainty on the variance of PAO metabolic model predictions. Differences between
first- and total-order Sobol indices showed that local sensitivity analyses are not sufficient
to validate regions of the input space in which metabolic model predictions are accurate.

283



Chapter 6. Conclusions and Perspectives

Given the significant interactions among almost all input variables, as quantified by
total-order Sobol indices, reduction of model complexity by linearisation would be
feasible only with well-defined and stable influents. More research is needed to determine
the true value of all input parameters. If a natural deviation is to be expected, then their
probability distributions must be defined and accounted for in the modelling process,
so as to avoid the over and/or underestimation of state variables and the consequent
drawing of erroneous conclusions. For instance, accounting for the variance of P-removal
efficiencies given input parameter uncertainty can provide a representative worst case
scenario with respect to P-removal performance at the design stage, which could be used
to apply appropriate safety factors, in turn minimising cost burden due to overdesign of
unit operations. Similarly, operators could use the model output variances, as determined
in this work, to assess the worst case P-removal performance in plant modifications or
in modelling alternative measures in optimisation or the remediation of process upsets.

The contribution to output variance could not be isolated to any specific (group
of) inputs (metabolic parameters, kinetic parameters, temperature coefficients, initial
conditions). In previous modelling studies, parameters such as the maintenance coeffi-
cients and the yield of ATP per unit of NADH2 have been considered as fixed values.
However, total-order Sobol indices indicated that model predictions were in fact sensitive
to variations of these parameters, as observed in different enriched PAO cultures. With
the exception of the half-saturation constants for PHA, PO4, O2 and HAc, none of the
model inputs could be neglected due to the impact of interactions among different input
parameters, inclusive of initial conditions. Thus, they may not be assumed constant.
Considering the current shortcomings in the measurement of intra-cellular PHV, PH2MV
and glycogen, improvements in the equipment and/or protocols to reduce the uncertainty
associated with their estimation would most readily improve model prediction accuracy.

Lastly, uncertainty in the initial conditions, starting with the initial intra-cellular
fractions (PHA, glycogen and poly-P), followed by the biomass concentration, pH,
temperature, and influent characteristics (rP/C, rHAc/HPr, SVFA), affected model output
variance to a greater degree than input parameters associated with either kinetics or
stoichiometry. Thus, detailed characterisation of the influent and intra-cellular reserves
would significantly reduce the variance of all model outputs, leading to more accurate
predictions of PAO conversions in full-scale EBPR systems. In view of incorporating
metabolic models in ASM to model full-scale EBPR, attention should be given to
accurate fractionation of organic matter in the influent to define the VFA concentration,
as well to consider of VFA other than HAc.
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6.2.3 The uncertainty in metabolic models for GAO

With respect to predictions using the metabolic model for Competibacter GAO, the
biomass concentration, intra-cellular glycogen and the concentrations of soluble substrates
were influenced by a smaller proportion of input parameters compared to PAO. The most
influential parameters were the total influent VFA concentration and the corresponding
HAc fraction, the maximum rates of HAc and HPr uptake, the initial and maximum
fractions of intra-cellular glycogen, the initial biomass concentration, as well as the
Arrhenius coefficients for anaerobic maintenance and VFA uptake. The number of
uncertain input parameters could be reduced by 67 % without significant loss of model
prediction accuracy. This compared to a maximum reduction of 36 % possible for PAO.
In both cases, detailed characterisation of the influent, as well as the biomass and intra-
cellular reserve concentrations would reduce output variance the most. Specifically for
Competibacter GAO, further investigation of input parameters related to the dependence
of their metabolism on temperature could be expected to significantly improve the
accuracy of model predictions.

6.2.4 Effect of input factors on EBPR performance

The metabolic models formulated in Chapters 3 and 4 were calibrated using known
enriched cultures and used to investigate the impact of simultaneous perturbation of
multiple input variables on EBPR performance in terms of the population balance
between PAO and GAO and the P-removal efficiency at quasi steady-state. Although
low relative abundance of PAO was associated with an increased likelihood of poor EBPR
performance, near complete P-removal was equally likely with PAO comprising 30-90 %
of the population, and was possible with PAO fractions as low as 10 %. The influent
carbon to phosphorus ratio was the only reliable predictor of P-removal efficiency. High
P-removal efficiency without the dominance of PAO was possible with pH above 7.2
and SRT below 16 d respectively. Conversely, poor P-removal performance despite PAO
dominance was associated with excessively long SRT (> 21 d), long contact times (HRT
> 0.70 d) and high influent carbon to phosphorus ratios (> 40 C-mmolP-mmol−1). With
respect to the influence of input variables on predicted outcomes, the temperature, pH
and VFA composition interacted strongly with SRT, HRT and the fraction of anaerobic
reaction time.

To date, the influence of different factors on EBPR has focused predominantly
on temperature, pH and preferred carbon source, i.e. factors which are not easily or
economically controlled in full-scale WWTPs. However, the results from this work
suggest that EBPR performance in full-scale plants may be addressed by adjusting
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common process variables rather than those studied most closely in lab-scale SBRs. The
results also indicate that dominance of PAO in mixed cultures may not be a pre-requisite
to satisfactory P-removal. This has important implications for both lab- and full-scale
EBPR if the predicted outcomes can be confirmed in empirical studies. The results
would likely retire the use of extra-cellular indicators such as the aerobic P-released
per unit of VFA consumed to diagnose the “health" microbial communities in EBPR
systems. Instead, operators could rely on predicted quasi steady-states, as presented in
Chapter 5 of this thesis, to determine whether the applied operational conditions would
lead to the target P-removal performance, e.g. after transient events, or to navigate from
one favourable quasi steady-state to another during process optimisation. Further, the
results would provide a basis to re-focus fundamental investigations to understand the
interactions between PAO and GAO in response to different stimuli, i.e., an inevitability
in full-scale EBPR systems, rather than on maximising the enrichment of one organism
over the other. Removing the constraint of PAO maximisation can be expected to give
way to increased operational flexibility of EBPR systems.

6.3 Challenges and opportunities

This work explored the impact of a number of environmental and operational conditions
on the competition between PAO and GAO using metabolic models. Model predictions
not only indicated that EBPR could be achieved with a wide range of PAO to GAO
population (quasi) steady-states, but also supported the hypothesis that dominance of
PAO was not a pre-requisite to achieving EBPR with satisfactory P-removal performance.
A follow-up study is required to confirm whether the model results can be replicated in
experiments. If the model predictions match reality, the results could be used as a set of
reference “states" that operators of full-scale EBPR facilities could use to secure good
P-removal efficiencies, or to remedy process upsets.

It would also be important to understand the population and intra-cellular storage
polymer dynamics that lead to the corresponding (quasi) steady-states in fundamental
lab-scale experiments. Of particular interest would be the population’s response to the
perturbation of SRT, HRT and the fraction of anaerobic reaction time in isolation as
well as in combination with each other. This would allow metabolic models for PAO and
GAO to be updated to include any mechanisms relevant to their behaviour in full-scale
systems, since the only dependencies that are handled explicitly are with respect to
temperature, pH and VFA sources. By extension, this would improve the predictive
performance of metabolic models for use in process design, control and optimisation of
EBPR processes in full-scale WWTPs.
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As metabolic models are simplifications of the phenomena encountered in EBPR
systems, some deviation can be expected between the predicted and actual ratio of PAO
to GAO and P-removal performance corresponding to each set of initial conditions, even
in lab-scale SBR with well-defined influents. In particular, the model used in this work
neglected four aspects that may influence the real-world outcomes: (1) the metabolic
flexibility to shift away from poly-P in favour of glycolysis to supply ATP required
for VFA uptake, (2) the metabolic flexibility to use the TCA cycle to source reducing
equivalents for anaerobic PHA formation, (3) the clade-level diversity of PAO and (4)
the ability of (a sub-group of) PAO to use NO3

– and/or NO2
– as electron acceptors to

perform anoxic P-removal.

6.3.1 Inclusion of alternative metabolic pathways

There are a number of uncertainties regarding the stoichiometry of PAO metabolic
conversions. In P-limiting conditions, Accumulibacter PAO have been observe to rely
disproportionately on glycolysis rather than poly-P hydrolysis to obtain the ATP
necessary for VFA uptake and assimilation as PHA, as would be the case for influents
exhibiting very high carbon to phosphorus ratios (Acevedo et al., 2017). Accumulibacter
PAO have also been observed to shift away from glycolysis in favour of the TCA cycle
due to depletion of intra-cellular glycogen reserves, e.g. by excessively long anaerobic
contact times or carbon limited influents (Lanham et al., 2013).

The shift towards alternate metabolic pathways would manifest in deviations from the
expected anaerobic stoichiometric ratios, namely the consumption of glycogen, the yield
of PHA and P-release per unit of VFA taken-up respectively. Including the metabolic
shift towards the glycolytic pathway would lead to a more accurate description of the
Accumulibacter metabolism at high influent carbon to phosphorus ratios. Metabolic
models without the inclusion of this mechanism, as in this work, would predict wash-out
of PAO at long-term operation, where in reality the composition with respect to PAO
would persist by virtue of shifting their metabolism toward the glycolytic pathway.
When used in plant modelling, process upsets could be incorrectly attributed to the
proliferation of GAO, leading to the selection of an erroneous strategy in an attempt to
restore the population balance, rather than to stimulate the phenotypic PAO metabolic
response.

Likewise, inclusion of the metabolic shift towards the TCA cycle would lead to more
accurate descriptions of the Accumulibacter metabolism in response to varying influent
food to microorganism ratios, HRT and anaerobic relative to aerobic contact times.
Thus, the inclusion of the TCA cycle is important for any investigation as to the impact
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of operational factors and process configuration on EBPR, which can be controlled more
readily at the level of plant design or plant operator. Notably, the S2EBPR configuration
has emerged as an effective design to compensate for influents characteristically deficient
of VFA. It has been hypothesised that an additional benefit of side-stream EBPR are
the prolonged anaerobic retention times that benefit PAO over OHO (Onnis-Hayden
et al., 2020b). In this view, in additional to accurately predicting the PAO metabolism,
inclusion of the TCA cycle may be required to optimise the anaerobic relative to aerobic
contact time, and thus correctly size the unit operations in S2EBPR.

The depletion and replenishment of intra-cellular reserves occurs on a much shorter
time scale compared to changes to the microbial community composition. As such,
the inclusion of alternative metabolic pathways would enable hypothesis testing of
the robustness of microbial communities in full-scale EBPR plants, where influent
composition is subject to significant deviations at varying timescales. Specifically,
including the shift toward glycolytic and/or TCA metabolisms would result in more
accurate predictions of the intra-cellular storage polymer dynamics, and by extension,
of the changes in microbial community composition and EBPR performance in response
to transient events e.g. heavy rainfall and the so-called weekend phenomena that alter
the organic loading to the plant (Brdjanovic et al., 1998b).

Previously, the shift towards the glycolytic pathway was implemented as a switch
function (Acevedo et al., 2017). However, more recent studies have shown that the
metabolic flexibility to use the glycolytic pathway varies depending on the specific
Accumulibacter clade (Welles et al., 2015). The observed maximum rate of VFA uptake
also changed in tandem with metabolic shift (Welles et al., 2017), where Accumulibacter
type I exhibited maximum VFA uptake rates up to 4 time lower than type II. Interestingly,
Kolakovic et al. (2021) recently reported that certain Accumulibacter clades switched to
the glycolytic pathway even without P-limitation.

Thus, more research is required to determine the relationship between Accumulibacter
clade identity and capability to rely on the glycolytic pathway to generate energy for VFA
uptake while avoiding excess production of reduction equivalents, i.e., without upsetting
the intra-cellular redox balance. The relationship between extra-cellular conditions and
the degree of reliance on glycolysis must be defined and tested in order to accurately
model PAO metabolic behaviour, and by extension P-removal performance in response to
stimuli related to the influent composition, as well as plant configuration and operation.
The use of global sensitivity analysis should prove useful in developing a model to
describe the minimum threshold to trigger and the extent of metabolic shift towards the
glycolytic pathway in response to different conditions, e.g. the influent ratio of carbon
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to phosphorus, as well as in the conditions leading to the selective enrichment of specific
Accumulibacter clades.

In addition to glycogen consumption, ATP production for VFA uptake using the TCA
cycle negatively affects the stoichiometric yield of PHA stored and P-released per unit of
VFA. The overall effect is a higher burden on aerobic P-uptake to achieve net P-removal.
The initialisation of the metabolic models with TCA cycle utilisation requires a priori
knowledge of the anaerobic glycogen consumed per unit of VFA taken-up (Lanham et al.,
2014). While this stoichiometric ratio can be determined from an anaerobic batch test,
inclusion of the TCA pathway in this work was not possible due to the fact that the
model was not calibrated to any specific culture. In addition, the degree of reliance
on the glycolytic pathway depends on the intra-cellular poly-P fraction relative to the
saturation fraction. Consequently, it can be expected that the degree of reliance on
the TCA cycle is also a spectrum rather than an on-off switch that depends on the
intra-cellular concentration of glycogen. Further research is required to characterise the
switch function in terms of form as well as dependence on the intra-cellular glycogen
concentration.

It should be noted that the metabolic shift towards TCA cycle utilisation has also
been reported to correlate with higher energy requirements for VFA transport into
the cell (Zhou et al., 2009; Lanham et al., 2014). This suggests the use of different
VFA uptake mechanisms depending on the metabolic pathway for ATP and reducing
equivalent production for VFA uptake in PAO. At present, the precise mechanism for
VFA uptake in PAO, not to mention different Accumulibacter clades is uncertain. It
is possible that the wide range of observed specific maximum kinetic rates is due to
different PAO cultures employing different VFA uptake mechanisms. A more detailed
understanding of the mechanisms employed, and the conditions that lead to preferential
use of one mechanism over another is needed to accurately model PAO anaerobic kinetics.
This would allow for correct sizing of the anaerobic reactor and/or optimisation of the
anaerobic contact time for a given PAO clade.

Tangentially related is the requirement to identify conditions leading to selective
enriched of specific Accumulibacter clades in lab-scale SBR. Microbial community
surveys from full-scale plants may be screened to reveal patterns in the underlying PAO
population, and the associated inputs could be used in metabolic models to facilitate
the design of experiments to enrich specific Accumulibacter clades. This process would
make the search for favourable conditions, more systematic and time-efficient.
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6.3.2 Inclusion of denitrifying PAO

This work did not consider an anoxic stage, despite the fact that EBPR configurations
at full-scale are often required to achieve N-removal alongside P-removal (Barnard et al.,
2017). To model anoxic P-removal, it is be necessary to include PAO capable of using
NO2 and/or NO3 as electron acceptors. However, while the contribution of denitrifying
PAO has been recognised and modelled via an correction factor to the phosphate
transport coefficient, it remains unclear which PAO clades are capable of using which
electron acceptors (Oehmen et al., 2010). This uncertainty has thus far prevented
the differentiation kinetic parameters between PAO and DPAO in metabolic models.
The additional burden of quantifying the effect of uncertainty in parameters relevant
to anoxic conditions would lead to an exponential increase in the number of model
evaluations required to converge to the true value of (variance-based) sensitivity indices.
Future work may consider the evaluation of input parameters using computationally less
expensive screening methods, e.g. the elementary effects method, where the convergence
of sensitivity indices is less dependent of the number of model evaluations (Saltelli
et al., 2008), prior to the selection of a more restricted sub-set to determine which input
parameters contribute most to model prediction variance.

6.3.3 Inclusion of non-Accumulibacter PAO

This work neglected the contribution to P-removal by PAO other than Accumulibacter.
Tetrasphaera has been found to be responsible for up to 80 % of P-removal in a lab-scale
SBR enriched together with Accumulibacter (Marques et al., 2017). Tetrasphaera have
also been observed in full-scale EBPR plants at abundances greater than Accumulibacter
(Mielczarek et al., 2013). However, there remain significant uncertainties concerning their
metabolism, as Tetrasphaera have been observed to perform P-uptake both aerobically
via energy generated glycolysis for storage as poly-P (Kristiansen et al., 2013), as well
as anaerobically using energy obtained via fermentation of organic molecules e.g glucose
and amino acids (Marques et al., 2017). The fermentation of complex organic molecules
would increase the overall conversion of readily biodegradable COD into VFA, increasing
the fraction of COD available to other PAO and GAO.

To model EBPR systems fed with real wastewater, it is necessary to specify the
stoichiometry and kinetics of Tetrasphaera. To account for their ability to ferment
complex organic molecules, it is necessary to describe the fermentation process by
Tetrasphaera, and potentially other fermentative organisms. Further, to model the effect
of gradual VFA release made available through fermentation, it would be necessary
to calibrate the half-saturation coefficients of all PAO and GAO with respect to VFA
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uptake. The fraction of VFA in COD has thus far assumed to be available all at once at
the beginning of the anaerobic stage, in both mathematical models as well as theoretical
frameworks (Henze et al., 1995; Nielsen et al., 2019). This has led to the systematic
underestimation of the importance of the true values of the half-saturation constants, i.e.,
assumed equal for both PAO and GAO. Their determination is necessary to model PAO
an GAO competition and by extension EBPR performance at low VFA concentrations,
as the half-saturation constants determine the effectiveness at which organisms scavenge
for dilute substrates.

Due to the myriad of different compounds and limitations of measurement methods,
characterisation of organic matter in wastewater is conducted with respect to the physical
and/or chemical characteristics common to different fractions of the available COD,
namely particle size and degree of biodegradability, rather than to identify and quantify
the concentration of specific substrates (Henze and Comeau, 2008). The detection and
quantification of substrates specific to Tetrasphaera would require more sophisticated
equipment and protocols compared to the standard filtration and respirometric methods,
which is not feasible for routine operation at present (van Loosdrecht et al., 2016).

ASM use the biodegradability approach to wastewater characterisation, owing to
the objective of COD removal (Makinia and Zaborowska, 2020). It was not until the
recognition of the contribution of Accumulibacter PAO that VFA came to be included as
a state variable in ASM accounting for biological phosphorus removal. The fermentation
of proteins and polysaccharides, which can comprise up to 35 % and 25 % of the influent
COD in municipal wastewater, can be expected to yield significant fractions of amino
acids and glucose for use by Tetrasphaera (Nielsen et al., 2010). If the contribution of
Tetrasphaera to P-removal at full-scale approaches that observed in lab-scale, inclusion
of its metabolic pathways and prefered substrates may be required to accurately predict
EBPR performance in full-scale WWTPs, depending on the composition of influent
readily biodegradable organic matter. The conceptual change from wastewater treatment
to resource recovery may also highlight the need for wastewater characterisation on
a more detailed level, as the ability of PAO to accumulate intra-cellular compounds
concentrates potential products in process streams.
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Appendix B

Supporting Materials:

Specification of metabolic models

Tables B.1 through B.13 present the stoichiometric yields, stoichiometric matrices, kinetic
parameters and kinetic expressions that specify the metabolic models for Accumulibacter
PAO, as well as Competibacter and Defluviicoccus GAO used in chapters 3 to 5.
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Table B.1: Anaerobic stoichiometric yields for Accumulibacter PAO.

Parameter Value Units

YPHB,HAc 4/3 C-mmol C-mmol−1

YPHV,HAc 0 C-mmol C-mmol−1

YPH2MV,HAc 0 C-mmol C-mmol−1

YPO4,HAc 0.5 + αHAc P-mmol C-mmol−1

YGly,HAc 0.5 C-mmol C-mmol−1

YPHB,HPr 0 C-mmol C-mmol−1

YPHV,HPr if pH ≤ 7 0.56 C-mmol C-mmol−1

else 2.0217− 0.21 pH

YPH2MV,HPr if pH ≤ 7 0.67 C-mmol C-mmol−1

else 1.1716− 0.07 pH

YPO4,HPr if pH ≤ 7.5 2/9 + α HPr P-mmol C-mmol−1

else 0.2 pH− 1.2

YGly,HPr if pH ≤ 7 1/3 C-mmol C-mmol−1

else 1.73− 0.2 pH

αHAc 0.19 pH− 1.1 ATP-mmol C-mmol−1

αHPr 0.18 ATP-mmol C-mmol−1
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Table B.2: Anaerobic stoichiometric yields for Competibacter GAO.

Parameter Value Units

YPHB,HAc

2(9/6 + 2/3αHAc)

5/3 + 4/3αHAc

C-mmol C-mmol−1

YPHV,HAc 2.5
(9/6 + 2/3αHAc)(1/6 + 2/3αHAc)

5/3 + 4/3αHAc

C-mmol C-mmol−1

YPH2MV,HAc 1.5
(1/6 + 2/3αHAc)

2

5/3 + 4/3αHAc

C-mmol C-mmol−1

YGly,HAc 1 + 2αHAc C-mmol C-mmol−1

YPHB,HPr 0.05 C-mmol C-mmol−1

YPHV,HPr 0.70 C-mmol C-mmol−1

YPH2MV,HPr 0.75 C-mmol C-mmol−1

YGly,HPr 2/3 C-mmol C-mmol−1

αHAc 0.057 pH− 0.34 ATP-mmol C-mmol−1

αHPr 0 ATP-mmol C-mmol−1
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Table B.3: Anaerobic stoichiometric yields for Defluviicoccus GAO.

Parameter Value Units

YPHB,HAc 2
(9/6 + 2/3αHAc)

5/3 + 4/3αHAc

C-mmol C-mmol−1

YPHV,HAc 2.5
(9/6 + 2/3αHAc)(1/6 + 2/3αHAc)

5/3 + 4/3αHAc

C-mmol C-mmol−1

YPH2MV,HAc 1.5
(1/6 + 2/3αHAc)

2

5/3 + 4/3αHAc

C-mmol C-mmol−1

YGly,HAc 1 + 2αHAc C-mmol C-mmol−1

YPHB,HPr

2

3

(1/2 + αHPr)
2

5/3 + 2αHPr

C-mmol C-mmol−1

YPHV,HPr

5

3

(1/2 + αHPr)(7/6 + αHPr)

5/3 + 2αHPr

C-mmol C-mmol−1

YPH2MV,HPr

(7/6 + αHPr)
2

5/3 + 2αHPr

C-mmol C-mmol−1

YGly,HPr 2/3 C-mmol C-mmol−1

αHAc 0.057 pH− 0.34 ATP-mmol C-mmol−1

αHPr 0 ATP-mmol C-mmol−1
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Table B.4: Aerobic stoichiometric yields for Accumulibacter PAO and/or Competibacter and Defluviicoccus GAO.

Parameter Value Units Description

iH 1.84 H-mmol C-mmol−1 Biomass hydroden content

iO 0.5 O2-mmol C-mmol−1 Biomass oxygen content

iN 0.19 N-mmol C-mmol−1 Biomass nitrogen content

iP 0.015 P-mmol C-mmol−1 Biomass phosphorus content

RedoxX 4 + iH + 5iP − 2iO − 3iN e−1 C-mmol−1 Degree of biomass reduction

RedoxPHA

4.5XPHB + 4.8XPHV + 5XPH2MV

XPHA

e−1 C-mmol−1 Degree of PHA reduction

λ
XPHB + 2

5XPHV

XPHA

C-mmol C-mmol−1 Fraction of Acetyl-CoA in PHA

β
XPH2MV + 3

5XPHV

XPHA

C-mmol C-mmol−1 Fraction Propionyl-CoA in PHA

YPHA,X

250(106λ+ 127β)(6λ+ 27λδ + 8β + 30βδ)

201930λ+ 318000K1λ+ 678771λδ + 269240β + 381000K2β + 813435βδ)
C-mmol C-mmol−1 Yield of biomass on PHA

YPHA,Gly

(3λ+ 4β)(6λ+ 27λδ + 8β + 30βδ)

24(2λ+ 3λβ + 2β + 4βδ)
C-mmol C-mmol−1 Yield of glycogen on PHA

YPHA,PP

ε(6λ+ 27λδ + 8β + 30βδ)

12(ε+ δ)
P-mmol C-mmol−1 Yield of poly-P on PHA

YO2,X

(
RedoxPHA

4YPHA,X

− RedoxX

4

)−1

C-mmol O2-mmol−1 O2 yield on biomass growth
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Table B.5: Aerobic stoichiometric yields for Accumulibacter PAO and/or Competibacter and Defluviicoccus GAO (continued).

Parameter Value Units Description

YO2,Gly

(
RedoxPHA

4YPHA,Gly

− 1

)−1

C-mmol O2-mmol−1 O2 yield on glycogen

YO2,PP

(
RedoxPHA

4YPHA,PP

)−1

P-mmol O2-mmol−1 O2 yield on poly-P

YPHA,O2

YPHA,X

YO2,X

O2-mmol C-mmol−1 O2 yield on PHA degradation

YGly,O2

YPHA,X

YO2,X
YPHA,Gly

− 1

YO2,Gly

O2-mmol C-mmol−1 O2 yield on glycogen production

YPP,O2

YPHA,X

YO2,X
YPHA,PP

− 1

YO2,PP

O2-mmol P-mmol−1 O2 yield on poly-P synthesis

YPO4,X
iP YPHA,X P-mmol C-mmol−1 PO4 yield on PHA degradation

YPO4,Gly iP

YPHA,X

YPHA,Gly

P-mmol C-mmol−1 PO4 yield on glycogen production

YPO4,PP iP

YPHA,X

YPHA,PP

− 1 P-mmol P-mmol−1 PO4 yield on poly-P synthesis

YX,Gly

YPHA,X

YPHA,Gly

C-mmol C-mmol−1 biomass yield on glycogen production

YX,PP

YPHA,X

YPHA,PP

C-mmol C-mmol−1 biomass yield on poly-P synthesis
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Table B.6: Stoichiometric matrix for Accumulibacter PAO.

Process Component

SO2
SHAc SHPr SPO4

XPAO XPHB,PAO XPHV,PAO XPH2MV,PAO XGly,PAO XPP,PAO

AN HAc uptake −1 YPO4,HAc YPHB,HAc YPHV,HAc YPH2MV,HAc −YGly,HAc −YPP,HAc

HPr uptake −1 YPO4,HPr YPHB,HPr YPHV,HPr YPH2MV,HPr −YGly,HPr −YPP,HPr

Maintenance on poly-P 1 −1

Maintenance on glycogen 1/6 5/12 1/4 −1

AE PHB degradation −YPHA,O2
−YPO4,X

YPHA,X −1

PHV degradation −YPHA,O2
−YPO4,X

YPHA,X −1

PH2MV degradation −YPHA,O2
−YPO4,X

YPHA,X −1

Glycogen production YGly,O2
YPO4,Gly −YX,Gly 1

Poly-P formation YPP,O2
−YPO4,PP −YX,PP 1

Maintenance on PHA
YPHA,X

YO2,X

− 1 YPO4,X
−YPHA,X

Maintenance on glycogen −1/4 2/9 2/9 2/9 −1

Maintenance on poly-P 1 −1
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Table B.7: Stoichiometric matrix for Competibacter and Defluviicoccus GAO.

Process Component

SO2
SHAc SHPr SPO4

XPAO XPHB,PAO XPHV,PAO XPH2MV,PAO XGly,PAO

AN HAc uptake −1 YPHB,HAc YPHV,HAc YPH2MV,HAc −YGly,HAc

HPr uptake −1 YPHB,HPr YPHV,HPr YPH2MV,HPr −YGly,HPr

Maintenance on glycogen 1/6 5/12 1/4 −1

AE PHB degradation −YPHA,O2
−YPO4,X

YPHA,X −1

PHV degradation −YPHA,O2
−YPO4,X

YPHA,X −1

PH2MV degradation −YPHA,O2
−YPO4,X

YPHA,X −1

Glycogen production YGly,O2
YPO4,Gly −YX,Gly 1

Maintenance on PHA
YPHA,X

YO2,X

− 1 YPO4,X
−YPHA,X

Maintenance on glycogen −1/4 2/9 2/9 2/9 −1
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Table B.8: Kinetic parameters for Accumulibacter PAO.

Parameter Value Units Description

m an m ATP, an θmATP, an
(T−20) C-mmol C-mmol−1h−1 Anaerobic maintenance coefficient

mPHA

12mATP, ox

6 + 27δ
θqVFA

(T−20) C-mmol C-mmol−1h−1 Aerobic maintenance coefficient on PHA

mGly

2mATP, ox

1 + δ
θqVFA

(T−20) C-mmol C-mmol−1h−1 Aerobic maintenance coefficient on glycogen

mPP mATP, ox θqVFA
(T−20) P-mmol C-mmol−1h−1 Aerobic maintenance coefficient on poly-P

qHAc if SHPr > KHPr: qVFA,max − qHPr,max C-mmol C-mmol−1h−1 Specific rate of anaerobic HAc uptake

else: qHAc,max

(
θqVFA

(T−20) if T ≤ 20
)

qHPr qHPr,max

(
θqVFA

(T−20) if T ≤ 20
)

C-mmol C-mmol−1h−1 Specific rate of anaerobic HPr uptake

qPHA qPHA,max

(
θqPHA

(T−20) if T ≤ 20
)

C-mmol C-mmol−1h−1 Specific rate of aerobic PHA degradation

qGly qGly,max

(
θqGly

(T−20) if T ≤ 20
)

C-mmol C-mmol−1h−1 Specific rate of aerobic glycogen production

qPP qPP,max

(
θqPP

(T−20) if T ≤ 20
)

P-mmol C-mmol−1h−1 Specific rate of aerobic poly-P formation
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Table B.9: Kinetic parameters for Competibacter GAO.

Parameter Value Units Description

m an mATP, an θmATP, an
(T−20) C-mmol C-mmol−1h−1 Anaerobic maintenance coefficient

mPHA

12mATP, ox

6 + 27δ
θqVFA

(T−20) C-mmol C-mmol−1h−1 Aerobic maintenance coefficient on PHA

mGly

2mATP, ox

1 + δ
θqVFA

(T−20) C-mmol C-mmol−1h−1 Aerobic maintenance coefficient on glycogen

qHAc if T ≤ 20: qHAc,max

10−pH

10−pH + 1.2e−8

(
θqVFA

(T−20)
)

C-mmol C-mmol−1h−1 Specific rate of anaerobic HAc uptake

else: 0.24
10−pH

10−pH + 1.2e−8

qHPr if T ≤ 20: qHPr,max

10−pH

10−pH + 1.2e−8

(
θqVFA

(T−20)
)

C-mmol C-mmol−1h−1 Specific rate of anaerobic HPr uptake

else: q HPr,max

10−pH

10−pH + 1.2e−8

qPHA qPHA,max θqPHA
(T−20) C-mmol C-mmol−1h−1 Specific rate of aerobic PHA degradation

qGly qGly,max θqGly
(T−20) C-mmol C-mmol−1h−1 Specific rate of aerobic glycogen production
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Table B.10: Kinetic parameters for Defluviicoccus GAO.

Parameter Value Units Description

m an mATP, an θmATP, an
(T−20) C-mmol C-mmol−1h−1 Anaerobic maintenance coefficient

mPHA

12mATP, ox

6 + 27δ
θqVFA

(T−20) C-mmol C-mmol−1h−1 Aerobic maintenance coefficient on PHA

mGly

2mATP, ox

1 + δ
θqVFA

(T−20) C-mmol C-mmol−1h−1 Aerobic maintenance coefficient on glycogen

qHAc if T ≤ 20: q HAc,max

10−pH

10−pH + 1.2e−8

(
θqVFA

(T−20)
)

C-mmol C-mmol−1h−1 Specific rate of anaerobic HAc uptake

else: 0.12
10−pH

10−pH + 1.2e−8

qHPr if T ≤ 20: q HPr,max

10−pH

10−pH + 1.2e−8

(
θqVFA

(T−20)
)

C-mmol C-mmol−1h−1 Specific rate of anaerobic HPr uptake

else: 0.24
10−pH

10−pH + 1.2e−8

qPHA qPHA,max θqPHA
(T−20) C-mmol C-mmol−1h−1 Specific rate of aerobic PHA degradation

qGly qGly,max θqGly
(T−20) C-mmol C-mmol−1h−1 Specific rate of aerobic glycogen production
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Table B.11: Kinetic expressions for Accumulibacter PAO.

Stage Process Expression Switch function

AN HAc uptake qHAc

SHAc

SHAc +KHAc

XPP

XPP +KPP

XGly

XGly +KGly

fPHA,max − fPHA

fPHA,max − fPHA +KPHA

HPr uptake qHPr

SHPr

SHPr +KHPr

XPP

XPP +KPP

XGly

XGly +KGly

fPHA,max − fPHA

fPHA,max − fPHA +KPHA

Maintenance on poly-P mATP, an

XPP

XPP +KPP

(
1− SO2

SO2
+KO2

)

Maintenance on glycogen mATP, an

XGly

XGly +KGly

(
1− XPP

XPP +KPP

) (
1− SO2

SO2
+KO2

)

AE PHA degradation qPHA fPHA
2/3 XPHA

XPHA +KPHA

SO2

SO2
+KO2

Glycogen production qGly fPHA
2/3 fGly

−1 fGly,max − fGly

fGly,max − fGly +KGly

XPHA

XPHA +KPHA

SO2

SO2
+KO2

Poly-P formation qPP fPP
−1 fPP,max − fPP

fPP,max − fPP +KPP

XPHA

XPHA +KPHA

SPO4

SPO4
+KPO4

SO2

SO2
+KO2

Maintenance on PHA mPHA

XPHA

XPHA +KPHA

SO2

SO2
+KO2

Maintenance on glycogen mGly

XGly

XGly +KGly

(
1− XPHA

XPHA +KPHA

)
SO2

SO2
+KO2

Maintenance on poly-P mPP

XPP

XPP +KPP

(
1− XGly

XGly +KGly

) (
1− XPHA

XPHA +KPHA

)
SO2

SO2
+KO2
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Table B.12: Kinetic expressions for Competibacter and Defluviicoccus GAO.

Stage Process Expression Switch function

AN HAc uptake qHAc

S HAc

S HAc +K HAc

XGly

XGly +KGly

fPHA,max − fPHA

fPHA,max − fPHA +KPHA

HPr uptake qHPr

S HPr

S HPr +K HPr

XGly

XGly +KGly

fPHA,max − fPHA

fPHA,max − fPHA +KPHA

Maintenance on glycogen mATP, an

XGly

XGly +KGly

(
1− SO2

SO2
+KO2

)

AE PHA degradation qPHA f PHA
2/3 XPHA

XPHA +KPHA

SO2

SO2
+KO2

Glycogen production qGly f PHA
2/3 f Gly

−1 fGly,max − fGly

fGly,max − fGly +KGly

XPHA

XPHA +KPHA

SO2

SO2
+KO2

Maintenance on PHA mPHA

XPHA

XPHA +KPHA

SO2

SO2
+KO2

Maintenance on glycogen mGly

XGly

XGly +KGly

(
1− XPHA

XPHA +KPHA

)
SO2

SO2
+KO2

307



A
ppendix

B
.

Specification
of

m
etabolic

m
odels

Table B.13: Stoichiometric and kinetic parameters for Accumulibater PAO as well as Competibacter and Defluviicoccus GAO not
subject to calibration. Where unspecified, the same parameter value was applied to all organisms.

Parameter Value Units Description

δ 1.85 ATP-mmol NADH2mmol−1 Yield of ATP per unit of NADH2

K1 1.7 ATP-mmol C-mmol−1 ATP requirement for biomass growth from Acetyl-CoA

K2 1.38 ATP-mmol C-mmol−1 ATP requirement for biomass growth from Propionyl-CoA

ε 7 P-mmol NADH2mmol−1 Phosphate transport coefficient

mPAO
ATP,an 2.35 P-mmolC-mol−1 PAO anaerobic maintenance coefficient

mGAO
ATP,an 4.70 P-mmolC-mol−1 GAO anaerobic maintenance coefficient

mATP,ae 0.019 ATP-mmolC-mmol−1 aerobic maintenance coefficient

KO2
0.001 O2mmol l−1 Half-saturation constant for DO

KHAc 0.001 C-mmol l−1 Half-saturation constant for HAc

KHPr 0.001 C-mmol l−1 Half-saturation constant for HPr

KPO4
0.001 C-mmol l−1 Half-saturation constant for PO4

KPHA 0.01 C-mmol l−1 Half-saturation constant for PHA

KGly 0.01 C-mmol l−1 Half-saturation constant for glycogen

KPP 0.01 P-mmol l−1 Half-saturation constant for poly-P

fPP,max 0.30 P-mmolC-mmol−1 Maximum intra-cellular poly-P concentration

fGly,max 0.80 P-mmolC-mmol−1 Maximum intra-cellular glycogen concentration
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Appendix C

Supporting Materials:

Simulation software

The software used to simulate PAO or GAO metabolic behaviour in an anaerobic-aerobic
SBR in chapters 3 and 4 was implemented according to scripts C.1 through C.3. The
simulation from initial conditions to quasi steady-state using mixed PAO and GAO
cultures in Chapter 5 was implemented according to scripts C.4 and C.5.

C.1 Functions to obtain the stoichiometric matrix, kinetic parameters and
kinetic rates for Accumulibacter PAO. . . . . . . . . . . . . . . . . . . . 310

C.2 Functions to obtain the stoichiometric matrix, kinetic parameters and
kinetic rates for Competibacter GAO. . . . . . . . . . . . . . . . . . . . . 316

C.3 Functions to obtain the stoichiometric matrix, kinetic parameters and
kinetic rates for Defluviicoccus GAO. . . . . . . . . . . . . . . . . . . . . 321

C.4 Support functions to determine the reaction rate, as well as concentration
profiles over one SBR cycle and to quasi steady-state respectively. . . . . 326

C.5 Example code to predict the concentration profiles for an anaerobic-
aerobic SBR from the initial conditions until quasi steady-state given an
experimental design as sets of input factor values. . . . . . . . . . . . . . 331
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1 def y_accumulibacter(C, T, pH):
2 """ Returns the stoichiometric matrix for Accumulibacter PAO.
3

4 Inputs:
5 C: concentrations at the start of the AN phase
6 T: temperature
7 pH: pH
8 """
9

10 i = {
11 ’H’: 1.84,
12 ’O’: 0.5,
13 ’N’: 0.19,
14 ’P’: 0.015
15 }
16

17 epsilon = 7
18 delta = 1.85
19 K_1 = 1.7
20 K_2 = 1.38
21 alpha_HAc = 0.16*pH -0.7985
22 x_pha = C[5]+C[6]+C[7]
23

24 # AN yields
25 y_phb = {
26 ’HAc’: 4/3,
27 ’HPr’: 0
28 }
29

30 y_phv = {
31 ’HAc’: 0,
32 ’HPr’: 0.56 if pH <= 7.0 else (2.0217 -0.21* pH)
33 }
34

35 y_ph2mv = {
36 ’HAc’: 0,
37 ’HPr’: 0.67 if pH <= 7.0 else (1.1716 -0.07* pH)
38 }
39

40 y_gly = {
41 ’HAc’: 0.5,
42 ’HPr’: 1/3 if pH <= 7.0 else (1.73 -0.2*pH)
43 }
44

45 # AE yields
46 redox = {
47 ’X’: 4+i[’H’]+5*i[’P’]-2*i[’O’]-3*i[’N’],
48 ’PHA’: (4.5*C[5]+4.8*C[6]+5*C[7])/x_pha
49 }
50 l = (C[5]+0.4*C[6])/x_pha
51 b = (C[7]+0.6*C[6])/x_pha
52 s = 6*l+27*l*beta +8*b+30*b*delta
53
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54 y_pha = {
55 ’X’: (
56 (250*s*(106*l+127*b))
57 / (201930*l+318000* K_1*l+678771*l*delta +269240*b
58 +381000* K_2*b+813435*b*delta)
59 ),
60 ’Gly’: s*(3*l+4*b)/(24*(2*l+3*l*b+2*b+4*b*delta)),
61 ’PP’: epsilon*s/(12*( epsilon+delta))
62 }
63

64 y_o2 = {
65 ’X’: 4/( redox[’PHA’]/ y_pha[’X’]-redox[’X’]),
66 ’Gly’: 1/( redox[’PHA’]/(4* y_pha[’Gly’]) -1),
67 ’PP’: 1/( redox[’PHA’]/(4* y_pha[’PP’]))
68 }
69

70 y_pha_o2 = y_pha[’X’]/y_o2[’X’]
71 y_gly_o2 = y_pha[’X’]/( y_o2[’X’]* y_pha[’Gly’]) -1/y_o2[’Gly’]
72 y_pp_o2 = y_pha[’X’]/( y_o2[’X’]*y_pha[’PP’]) -1/y_o2[’PP’]
73

74 y_po4 = {
75 ’HAc’: 0.5 + alpha_HAc ,
76 ’HPr’: 2/9 - 0.18 if pH <= 7.5 else (0.2*pH -1.2),
77 ’X’: i[’P’]* y_pha[’X’],
78 ’Gly’: i[’P’]*y_pha[’X’]/y_pha[’Gly’],
79 ’PP’: i[’P’]*y_pha[’X’]/y_pha[’PP’]-1
80 }
81

82 y_x = {
83 ’Gly’: y_pha[’X’]/y_pha[’Gly’],
84 ’PP’: y_pha[’X’]/y_pha[’PP’]
85 }
86

87 m_O2 = {
88 ’PHA’: y_pha[’X’]/y_o2[’X’]-1,
89 ’Gly’: -0.25
90 }
91

92 m = np.zeros ((12, 10))
93

94 m[4:, 0] = [*[- y_pha_o2 ]*3, y_gly_o2 , y_pp_o2 , m_O2[’PHA’], m_O2[’Gly’], 0]
95 m[0, 1] = -1
96 m[1, 2] = -1
97 m[:, 3] = [
98 y_po4[’HAc’], y_po4[’HPr’], 1, 0,
99 *[-y_po4[’X’]]*3, y_po4[’Gly’], y_po4[’PP’], i[’P’]*y_pha[’X’], 0, 1

100 ]
101 m[4:10, 4] = [*[ y_pha[’X’]]*3, -y_x[’Gly’], -y_x[’PP’], -y_pha[’X’]]
102 m[:-1, 5] = [
103 y_phb[’HAc’], y_phb[’HPr’], 0, 1/6,
104 -1, *[0]*4 , -y_pha[’X’], 2/3
105 ]
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106 m[:-2, 6] = [
107 y_phv[’HAc’], y_phv[’HPr’], 0, 5/12,
108 0, -1, 0, 0, 0, -y_pha[’X’]
109 ]
110 m[:-2, 7] = [
111 y_ph2mv[’HAc’], y_ph2mv[’HPr’], 0, 1/4,
112 0, 0, -1, 0, 0, -y_pha[’X’]
113 ]
114 m[:-1, 8] = [-y_gly[’HAc’], -y_gly[’HPr’], 0, -1, 0, 0, 0, 1, 0, 0, -1]
115 m[:, 9] = [-y_po4[’HAc’], -y_po4[’HPr’], -1, 0 ,*[0]*4, 1, 0, 0, -1]
116

117 return m
118

119

120 def k_accumulibacter(C, T, pH):
121 """ Returns the set of kinetic parameters for Accumulibacter PAO.
122

123 Inputs:
124 C: array of concentrations
125 T: temperature
126 pH: pH
127 """
128 delta = 1.85
129

130 m_ATP = {
131 ’an’: 0.00235 ,
132 ’ox’: 0.019
133 }
134

135 q_max = {
136 ’VFA’: 0.25 # Max specific rate of VFA uptake
137 ’HAc’: 0.2, # Max specific rate of HAc uptake
138 ’HPr’: 0.18, # Max specific rate of HPr uptake
139 ’PHA’: 0.8, # Max specific rate of PHA degradation
140 ’Gly’: 0.015, # Max specific glycogen production rate
141 ’PP’: 0.020, # Max specific poly -P formation rate
142 }
143

144 theta = {
145 ’VFA’: 1.095, # Uptake of VFA
146 ’PHA’: 1.129, # PHA degradation
147 ’Gly’: 1.125, # Glycogen production
148 ’PP’: 1.031, # Poly -P formation
149 ’m_an’: 1.096, # Anaerobic maintenance
150 ’m_ox’: 1.064 # Aerobic maintenance
151 }
152

153 m_an = m_ATP[’an’] * theta[’m_an’]**(T-20)
154 m_PHA = (12* m_ATP[’ox’] / (6 + 27* delta)) * theta[’m_ox’]**(T-20)
155 m_Gly = (2* m_ATP[’ox’] / (1 + delta)) * theta[’m_ox’]**(T-20)
156 m_PP = m_ATP[’ox’] * theta[’m_ox’]**(T-20)
157

158 f_HAc = C[1]/(C[1]+C[2])
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159 q_HAc = q_max[’HAc’]
160 q_HPr = q_max[’HPr’]
161

162 if C[2] > 0.001:
163 q_HAc = q_max[’VFA’] - q_HPr
164 else:
165 q_HAc = q_max[’HAc’]
166

167 q_PHA = q_max[’PHA_HAc ’]
168 q_Gly = q_max[’Gly_HPr ’]
169 q_PP = q_max[’PP’]
170

171 if T <= 20:
172 q_HAc *= theta[’VFA’]**(T-20)
173 q_HPr *= theta[’VFA’]**(T-20)
174 q_PHA *= theta[’PHA’]**(T-20)
175 q_Gly *= theta[’Gly’]**(T-20)
176 q_PP *= theta[’PP’]**(T-20)
177

178 return {
179 ’m_an’: m_an ,
180 ’m_PHA ’: m_PHA ,
181 ’m_Gly ’: m_Gly ,
182 ’m_PP’: m_PP ,
183 ’q_HAc ’: q_HAc ,
184 ’q_HPr ’: q_HPr ,
185 ’q_PHA ’: q_PHA ,
186 ’q_Gly ’: q_Gly ,
187 ’q_PP’: q_PP
188 }
189

190

191 def r_accumulibacter(C, k_params):
192 """ Returns the vector of specific kinetic rates for Accumulibacter PAO.
193

194 Inputs:
195 C: concentrations at time t
196 k_params: kinetic parameter values for Accumulibacter PAO
197 """
198

199 f_PP_max = 0.30
200 f_Gly_max = 0.27
201

202 K = {
203 ’HAc’: 0.001 ,
204 ’HPr’: 0.001 ,
205 ’PHA’: 0.01,
206 ’Gly’: 0.01,
207 ’PP’: 0.01,
208 ’PO4’: 0.01,
209 ’O2’: 0.01
210 }
211
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212 x_pha = C[5]+C[6]+C[7]
213

214 dCdt = np.zeros (12)
215

216 dCdt [0] = (
217 k_params[’q_HAc’] * monod(C[1], K[’HAc’])
218 * monod(C[9], K[’PP’])
219 * monod(C[8], K[’Gly’])
220 * monod(1-x_pha/C[4], K[’PHA’])
221 * (1-monod(C[0], K[’O2’]))
222 )
223

224 dCdt [1] = (
225 k_params[’q_HPr’] * monod(C[2], K[’HPr’])
226 * monod(C[9], K[’PP’])
227 * monod(C[8], K[’Gly’])
228 * monod(1-x_pha/C[4], K[’PHA’])
229 * (1.0- monod(C[0], K[’O2’]))
230 )
231

232 dCdt [2] = (
233 k_params[’m_an’]
234 * monod(C[9], K[’PP’]) * (1-monod(C[0], K[’O2’]))
235 )
236

237 dCdt [3] = (
238 k_params[’m_an’]
239 * monod(C[8], K[’Gly’])
240 * (1-monod(C[9], K[’PP’]))
241 * (1-monod(C[0], K[’O2’]))
242 )
243

244 dCdt [4] = (
245 k_params[’q_PHA’] * (( x_pha/C[4]) **(2/3))
246 * monod(x_pha , K[’PHA’])
247 * monod(C[0], K[’O2’])
248 )
249

250 dCdt [5] = (
251 k_params[’q_PHA’] * (( x_pha/C[4]) **(2/3))
252 * monod(x_pha , K[’PHA’])
253 * monod(C[0], K[’O2’])
254 )
255 dCdt [6] = (
256 k_params[’q_PHA’] * (( x_pha/C[4]) **(2/3))
257 * monod(x_pha , K[’PHA’])
258 * monod(C[0], K[’O2’])
259 )
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260

261 dCdt [7] = (
262 k_params[’q_Gly’] * (( x_pha/C[4]) **(2/3)) / (C[8]/C[4])
263 * monod(f_Gly_max - C[8]/C[4], K[’Gly’])
264 * monod(x_pha , K[’PHA’])
265 * monod(C[0], K[’O2’])
266 )
267

268 dCdt [8] = (
269 k_params[’q_PP’] / (C[9]/C[4])
270 * monod(f_PP_max - C[9]/C[4], K[’PP’])
271 * monod(x_pha , K[’PHA’])
272 * monod(C[3], K[’PO4’])
273 * monod(C[0], K[’O2’])
274 )
275

276 dCdt [9] = (
277 k_params[’m_PHA’]
278 * monod(x_pha , K[’PHA’])
279 * monod(C[0], K[’O2’])
280 )
281

282 dCdt [10] = (
283 k_params[’m_Gly’]
284 * monod(C[8], K[’Gly’])
285 * (1-monod(x_pha , K[’PHA’]))
286 * monod(C[0], K[’O2’])
287 )
288

289 dCdt [11] = (
290 k_params[’m_PP’]
291 * monod(C[9], K[’PP’])
292 * (1-monod(C[8], K[’Gly’]))
293 * (1-monod(x_pha , K[’PHA’]))
294 * monod(C[0], K[’O2’])
295 )
296

297 return dCdt*C[4]

Script C.1: Functions to obtain the stoichiometric matrix, kinetic parameters and kinetic
rates for Accumulibacter PAO.
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1 def y_competibacter(C, T, pH):
2 """ Returns the stoichiometric matrix for Competibacter GAO.
3

4 Inputs:
5 C: concentrations at the start of the AN phase
6 T: temperature
7 pH: pH
8 """
9

10 i = {
11 ’H’: 1.84,
12 ’O’: 0.5,
13 ’N’: 0.19,
14 ’P’: 0.015
15 }
16

17 delta = 1.85
18 K_1 = 1.7
19 K_2 = 1.38
20

21 alpha = 0.057*pH -0.34
22 x_pha = C[11]+C[12]+C[13]
23

24 # AN yields
25 y_phb = {
26 ’HAc’: ((9/6+ alpha *2/3) **2) /(5/3+ alpha *4/3) ,
27 ’HPr’: 0.05
28 }
29

30 y_phv = {
31 ’HAc’: 2.5*(9/6+ alpha *2/3) *(1/6+ alpha *2/3) /(5/3+ alpha *4/3) ,
32 ’HPr’: 0.70
33 }
34

35 y_ph2mv = {
36 ’HAc’: 1.5*((1/6+ alpha *2/3) **2) /(5/3+ alpha *4/3) ,
37 ’HPr’: 0.75
38 }
39

40 y_gly = {
41 ’HAc’: 1+2* alpha ,
42 ’HPr’: 0.67
43 }
44

45 redox = {
46 ’X’: 4+i[’H’]+5*i[’P’]-2*i[’O’]-3*i[’N’],
47 ’PHA’: (4.5*C[11]+4.8*C[12]+5.0*C[13])/x_pha
48 }
49

50 l = (C[11]+0.4*C[12])/x_pha
51 b = (C[13]+0.6*C[12])/x_pha
52 s = np.sum ([6*l, 27*l*b, 8*b, 30*b*delta])
53
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54 # AE yields
55 y_pha = {
56 ’X’: (
57 (250*s*(106*l+127*b))
58 / (201930*l+318000* K_1*l+678771*l*delta
59 +269240*b+381000* K_2*b+813435*b*delta)
60 ),
61 ’Gly’: (s*(3*l+4*b))/(24*(2*l+3*l*b+2*b+4*b*delta))
62 }
63

64

65 y_o2 = {
66 ’X’: 4/( redox[’PHA’]/y_pha[’X’]-redox[’X’]),
67 ’Gly’: 1/( redox[’PHA’]/(4* y_pha[’Gly’]) -1)
68 }
69

70 y_po4 = {
71 ’X’: i[’P’]*y_pha[’X’],
72 ’Gly’: i[’P’]* y_pha[’X’]/y_pha[’Gly’]
73 }
74

75 y_pha_o2 = y_pha[’X’]/y_o2[’X’]
76 y_gly_o2 = y_pha[’X’]/( y_o2[’X’]*y_pha[’Gly’]) -1/y_o2[’Gly’]
77 y_x_gly = y_pha[’X’]/ y_pha[’Gly’]
78

79 m_ox = y_pha[’X’]/y_o2[’X’]-1
80

81 m = np.zeros((9, 9))
82

83 m[3:, 0] = [*[- y_pha_o2 ]*3, y_gly_o2 , m_ox , -0.25]
84 m[0, 1] = -1
85 m[1, 2] = -1
86 m[3:, 3] = [*[- y_po4[’X’]]*3, y_po4[’Gly’], i[’P’]*y_pha[’X’], 0]
87 m[3:, 4] = [*[ y_pha[’X’]]*3, -y_x_gly , -y_pha[’X’], 0]
88 m[:, 5] = [y_phb[’HAc’], y_phb[’HPr’], 1/6, -1, 0, 0, 0, 0, 2/3]
89 m[:5, 6] = [y_phv[’HAc’], y_phv[’HPr’], 5/12, 0, -1]
90 m[:6, 7] = [y_ph2mv[’HAc’], y_ph2mv[’HPr’], 1/4, 0, 0, -1]
91 m[:, 8] = [-y_gly[’HAc’], -y_gly[’HPr’], -1, 0, 0, 0, 1, 0, -1]
92

93 return m
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94 def k_competibacter(T, pH):
95 """ Returns the set of kinetic parameters for Competibacter GAO
96

97 Inputs:
98 T: temperature
99 pH: pH

100 """
101

102 delta = 1.85
103 m_ATP = {
104 ’an’: 0.0047 ,
105 ’ox’: 0.019
106 }
107

108 q_max = {
109 ’HAc’: 0.22,
110 ’HPr’: 0.01,
111 ’PHA’: 1.10,
112 ’Gly’: 0.30
113 }
114

115 theta = {
116 ’VFA’: 1.211, # Uptake of VFA
117 ’PHA’: 1.109, # PHA degradation
118 ’Gly’: 1.071, # Glycogen production
119 ’m_an’: 1.028, # Anaerobic maintenance
120 ’m_ox’: 1.046 # Aerobic or anoxic maintenance
121 }
122

123 m_an = 0.5* m_ATP[’an’] * theta[’m_an’]**(T-20)
124 m_PHA = 12* m_ATP[’ox’] / (6+27* delta) * (theta[’ox’]**(T-20))
125 m_Gly = 2* m_ATP[’ox’] / (1+ delta) * (theta[’ox’]**(T-20))
126 q_PHA = q_max[’PHA’] * (theta[’PHA’]**(T-20))
127 q_Gly = q_max[’Gly’] * (theta[’Gly’]**(T-20))
128

129 if T <= 20:
130 q_HAc = q_max[’HAc’] * monod (10** -pH, 1.2e-8) * (theta[’VFA’]**(T-20))
131 q_HPr = q_max[’HPr’] * monod (10** -pH, 1.2e-8) * (theta[’VFA’]**(T-20))
132

133 else:
134 q_HAc = 0.24* monod (10**-pH, 1.2e-8)
135 q_HPr = q_max[’HPr’] * monod (10** -pH, 1.2e-8)
136

137 return {
138 ’m_an’: m_an ,
139 ’m_PHA ’: m_PHA ,
140 ’m_Gly ’: m_Gly ,
141 ’q_HAc ’: q_HAc ,
142 ’q_HPr ’: q_HPr ,
143 ’q_PHA ’: q_PHA ,
144 ’q_Gly ’: q_Gly
145 }
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146 def r_competibacter(C, k_params):
147 """ Returns the vector of specific kinetic rates for Competibacter GAO.
148

149 Inputs:
150 C: concentrations at time t
151 k_params: kinetic parameter values for Competibacter GAO
152 """
153

154 f_gly_max = 0.35
155

156 K = {
157 ’HAc’: 0.001 ,
158 ’HPr’: 0.001 ,
159 ’PHA’: 0.01,
160 ’Gly’: 0.01,
161 ’O2’: 0.01
162 }
163

164 x_pha = C[11]+C[12]+C[13]
165

166 dCdt = np.zeros (9)
167

168 dCdt [0] = (
169 k_params[’q_HAc’] * monod(C[1], K[’HAc’])
170 * monod(C[14], K[’Gly’])
171 * monod (1.0- x_pha/C[10], K[’PHA’])
172 * (1-monod(C[0], K[’O2’]))
173 )
174

175 dCdt [1] = (
176 k_params[’q_HPr’] * monod(C[2], K[’HPr’])
177 * monod(C[14], K[’Gly’])
178 * monod(1-x_pha/C[10], K[’PHA’])
179 * (1-monod(C[0], K[’O2’]))
180 )
181

182 dCdt [2] = (
183 k_params[’m_an’]
184 * monod(C[14], K[’Gly’])
185 * (1-monod(C[0], K[’O2’]))
186 )
187

188 dCdt [3] = (
189 k_params[’q_PHA’] * (( x_pha/C[10]) **(2/3))
190 * monod(x_pha , K[’PHA’])
191 * monod(C[0], K[’O2’])
192 )
193

194 dCdt [4] = (
195 k_params[’q_PHA’] * (( x_pha/C[10]) **(2/3))
196 * monod(x_pha , K[’PHA’])
197 * monod(C[0], K[’O2’])
198 )
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199 dCdt [5] = (
200 k_params[’q_PHA’] * (( x_pha/C[10]) **(2/3))
201 * monod(x_pha , K[’PHA’])
202 * monod(C[0], K[’O2’])
203 )
204

205 dCdt [6] = (
206 k_params[’q_Gly’] * (( x_pha/C[10]) **(2/3)) / (C[14]/C[10])
207 * monod(f_gly_max -C[14]/C[10], K[’Gly’])
208 * monod(x_pha , K[’PHA’])
209 * monod(C[0], K[’O2’])
210 )
211

212 dCdt [7] = (
213 k_params[’m_PHA’]
214 * monod(x_pha , K[’PHA’])
215 * monod(C[0], K[’O2’])
216 )
217

218 dCdt [8] = (
219 k_params[’m_Gly’]
220 * monod(C[14], K[’Gly’]) * (1-monod(x_pha , K[’PHA’]))
221 * monod(C[0], K[’O2’])
222 )
223

224 return dCdt*C[10]

Script C.2: Functions to obtain the stoichiometric matrix, kinetic parameters and kinetic
rates for Competibacter GAO.
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1 def y_defluvicoccus(C, T, pH):
2 """ Returns the stoichiometric matrix for Defluviicoccus GAO.
3

4 Inputs:
5 C: concentrations at the start of the AN phase
6 T: temperature
7 pH: pH
8 """
9

10 i = {
11 ’H’: 1.84,
12 ’O’: 0.5,
13 ’N’: 0.19,
14 ’P’: 0.015
15 }
16

17 delta = 1.85
18 K_1 = 1.7
19 K_2 = 1.38
20

21 alpha_HAc = 0.057*pH -0.34
22 alpha_HPr = 0
23 x_pha = C[16]+C[17]+C[18]
24

25 # AN yields
26 y_phb = {
27 ’HAc’: ((9/6+ alpha_HAc *2/3) **2) /(5/3+ alpha_HAc *4/3) ,
28 ’HPr’: (2/3) *((0.5+ alpha_HPr)**2) /(5/3+2* alpha_HPr)
29 }
30

31 y_phv = {
32 ’HAc’: (
33 2.5*(9/6+ alpha_HAc *2/3)
34 *(1/6+ alpha_HAc *2/3)
35 /(5/3+ alpha_HAc *4/3)
36 ),
37 ’HPr’: (5/3) *(0.5+ alpha_HPr)*(7/6+ alpha_HPr)/(5/3+2* alpha_HPr)
38 }
39

40 y_ph2mv = {
41 ’HAc’: 1.5*((1/6+ alpha_HAc *2/3) **2) /(5/3+ alpha_HAc *4/3) ,
42 ’HPr’: ((7/6+ alpha_HPr)**2) /(5/3+2* alpha_HPr)
43 }
44

45 y_gly = {
46 ’HAc’: 1+2* alpha_HAc ,
47 ’HPr’: 2/3
48 }
49

50 redox = {
51 ’X’: 4+i[’H’]+5*i[’P’]-2*i[’O’]-3*i[’N’],
52 ’PHA’: (4.5*C[11]+4.8*C[12]+5*C[13])/x_pha
53 }
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54 l = (C[11]+0.4*C[12])/x_pha
55 b = (C[13]+0.6*C[12])/x_pha
56 s = np.sum ([6*l, 27*l*b, 8*b, 30*b*delta])
57

58 # AE yields
59 y_pha = {
60 ’X’: (
61 (250*s*(106*l+127*b))
62 / (201930*l+318000* K_1*l+678771*l*delta
63 +269240*b+381000* K_2*b+813435*b*delta)
64 ),
65 ’Gly’: (s*(3*l+4*b))/(24*(2*l+3*l*b+2*b+4*b*delta))
66 }
67

68 y_o2 = {
69 ’X’: 4/(( redox[’PHA’]/y_pha[’X’])-redox[’X’]),
70 ’Gly’: 1/( redox[’PHA’]/(4* y_pha[’Gly’]) -1)
71 }
72

73 y_po4 = {
74 ’X’: i[’P’]*y_pha[’X’],
75 ’Gly’: i[’P’]* y_pha[’X’]/y_pha[’Gly’]
76 }
77

78 y_pha_o2 = y_pha[’X’]/y_o2[’X’]
79 y_gly_o2 = y_pha[’X’]/( y_o2[’X’]* y_pha[’Gly’]) -1/y_o2[’Gly’]
80 y_x_gly = y_pha[’X’]/ y_pha[’Gly’]
81

82 m_ox = y_pha[’X’]/y_o2[’X’]-1
83

84 m = np.zeros((9, 9))
85

86 m[3:, 0] = [*[- y_pha_o2 ]*3, y_gly_o2 , m_ox , -0.25]
87 m[0, 1] = -1
88 m[1, 2] = -1
89 m[3:, 3] = [*[- y_po4[’X’]]*3, y_po4[’Gly’], i[’P’]*y_pha[’X’], 0]
90 m[3:, 4] = [*[ y_pha[’X’]]*3, -y_x_gly , -y_pha[’X’], 0]
91 m[:, 5] = [y_phb[’HAc’], y_phb[’HPr’], 1/6, -1, 0, 0, 0, 0, 2/3]
92 m[:5, 6] = [y_phv[’HAc’], y_phv[’HPr’], 5/12, 0, -1]
93 m[:6, 7] = [y_ph2mv[’HAc’], y_ph2mv[’HPr’], 1/4, 0, 0, -1]
94 m[:, 8] = [-y_gly[’HAc’], -y_gly[’HPr’], -1, 0, 0, 0, 1, 0, -1]
95

96 return m
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97 def k_defluvicoccus(T, pH):
98 """ Returns the set of kinetic parameters for Defluviicoccus GAO.
99

100 Inputs:
101 T: temperature
102 pH: pH
103 """
104

105 delta = 1.85
106 m_ATP = {
107 ’an’: 0.0047 ,
108 ’ox’: 0.019
109 }
110

111 q_max = {
112 ’HAc’: 0.11,
113 ’HPr’: 0.22,
114 ’PHA’: 0.50,
115 ’Gly’: 0.06
116 }
117

118 theta = {
119 ’VFA’: 1.211, # Uptake of VFA
120 ’PHA’: 1.109, # PHA degradation
121 ’Gly’: 1.071, # Glycogen production
122 ’m_an’: 1.028, # Anaerobic maintenance
123 ’m_ox’: 1.046 # Aerobic or anoxic maintenance
124 }
125

126 m_an = 0.5* m_ATP[’an’] * theta[’m_an’]**(T-20)
127 m_PHA = 12* m_ATP[’ox’] / (6 + 27.0* delta) * (theta[’m_ox’]**(T-20))
128 m_Gly = 2* m_ATP[’ox’] / (1 + delta) * (theta[’m_ox’]**(T-20))
129

130 q_PHA = q_max[’PHA’] * (theta[’PHA’]**(T-20))
131 q_Gly = q_max[’Gly’] * (theta[’Gly’]**(T-20))
132

133 if T <= 20:
134 q_HAc = q_max[’HAc’] * monod (10** -pH, 1.2e-8) * (theta[’VFA’]**(T-20))
135 q_HPr = q_max[’HPr’] * monod (10** -pH, 1.2e-8) * (theta[’VFA’]**(T-20))
136

137 else:
138 q_HAc = 0.12* monod (10**-pH, 1.2e-8)
139 q_HPr = 0.24* monod (10**-pH, 1.2e-8)
140

141 return {
142 ’m_an’: m_an ,
143 ’m_PHA ’: m_PHA ,
144 ’m_Gly ’: m_Gly ,
145 ’q_HAc ’: q_HAc ,
146 ’q_HPr ’: q_HPr ,
147 ’q_PHA ’: q_PHA ,
148 ’q_Gly ’: q_Gly
149 }
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150 def r_defluvicoccus(C, k_params):
151 """ Returns the vector of specific kinetic rates for Defluviicoccus GAO.
152

153 Inputs:
154 C: concentrations at time t
155 k_params: kinetic parameter values for Defluviicoccus GAO
156 """
157

158 f_gly_max = 0.35
159

160 K = {
161 ’HAc’: 0.001,
162 ’HPr’: 0.001,
163 ’PHA’: 0.01,
164 ’Gly’: 0.01,
165 ’O2’: 0.01
166 }
167

168 x_pha = C[16]+C[17]+C[18]
169

170 dCdt = np.zeros (9)
171

172 dCdt [0] = (
173 k_params[’q_HAc’] * monod(C[1], K[’HAc’])
174 * monod(C[19], K[’Gly’])
175 * monod(1-x_pha/C[15], K[’PHA’])
176 * (1-monod(C[0], K[’O2’]))
177 )
178

179 dCdt [1] = (
180 k_params[’q_HPr’] * monod(C[2], K[’HPr’])
181 * monod(C[19], K[’Gly’])
182 * monod(1-x_pha/C[15], K[’PHA’])
183 * (1-monod(C[0], K[’O2’]))
184 )
185 dCdt [2] = (
186 k_params[’m_an’]
187 * monod(C[19], K[’Gly’])
188 * (1-monod(C[0], K[’O2’]))
189 )
190

191 dCdt [3] = (
192 k_params[’q_PHA’] * (( x_pha/C[15]) **(2/3))
193 * monod(x_pha , K[’PHA’])
194 * monod(C[0], K[’O2’])
195 )
196

197 dCdt [4] = (
198 k_params[’q_PHA’] * (( x_pha/C[15]) **(2/3))
199 * monod(x_pha , K[’PHA’])
200 * monod(C[0], K[’O2’])
201 )
202
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203 dCdt [5] = (
204 k_params[’q_PHA’] * (( x_pha/C[15]) **(2/3))
205 * monod(x_pha , K[’PHA’])
206 * monod(C[0], K[’O2’])
207 )
208

209 dCdt [6] = (
210 k_params[’q_Gly’] * (( x_pha/C[15]) **(2/3)) / (C[19]/C[15])
211 * monod(f_gly_max -C[19]/C[15], K[’Gly’])
212 * monod(x_pha , K[’PHA’])
213 * monod(C[0], K[’O2’])
214 )
215

216 dCdt [7] = (
217 k_params[’m_PHA’]
218 * monod(x_pha , K[’PHA’])
219 * monod(C[0], K[’O2’])
220 )
221

222 dCdt [8] = (
223 k_params[’m_Gly’]
224 * monod(C[19], K[’Gly’]) * (1-monod(x_pha , K[’PHA’]))
225 * monod(C[0], K[’O2’])
226 )
227

228 return dCdt * C[15]

Script C.3: Functions to obtain the stoichiometric matrix, kinetic parameters and kinetic
rates for Defluviicoccus GAO.
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1 def dCdt(t, C, Y, k_params):
2 """ Returns the rates of change of all components
3 with respect to time.
4

5 Inputs:
6 t: simulation time
7 C: array of concentrations at time t
8 Y: stoichiometric matrix
9 k_params: set of kinetic parameters given the temperature and pH

10 """
11

12 r_1 = np.dot(
13 r_accumulibacter(C, k_params[’Accumulibacter ’]),
14 Y[’Accumulibacter ’]
15 )
16

17 r_2 = np.dot(
18 r_competibacter(C, k_params[’Competibacter ’]),
19 Y[’Competibacter ’]
20 )
21

22 r_3 = np.dot(
23 r_defluvicoccus(C, k_params[’Defluvicoccus ’]),
24 Y[’Defluvicoccus ’]
25 )
26

27 # align dimensions
28 r = np.zeros ((20, 3))
29 r[:10, 0] = r_1
30 r_2 = np.insert(r_2 , 4, np.zeros (6))
31 r[:15, 1] = r_2
32 r_3 = np.insert(r_3 , 4, np.zeros (11))
33 r[:, 2] = r_3
34

35 dy = np.sum(r, axis =1)
36

37 # if phase is not anaerobic , supply dissolved oxygen
38 if C[0] > 1:
39 dy[0] = 0
40

41 # if the kinetic rate is negative and the concentration is near zero
42 # set the coresponding reaction rate to zero
43 return np.where ((C > 1e-5) | (dy > 0), dy, 0)
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44 def f_cycle(C, T, pH , int_method=’RK45’):
45 """ Returns the concentration profiles of all state variables
46 over one anaerobic -aerobic SBR cycle.
47

48 Inputs:
49 C_an: concentrations at the beginning of the anaerobic phase
50 int_method: integration method
51 """
52 # to avoid failed numerical integration steps
53 # enforce minimum initial concentration for state variables near zero
54 C[1:] = np.where(C[1:] > 1e-6, C[1:], 1e-6)
55

56 yields = {
57 ’Accumulibacter ’: y_accumulibacter(C, T, pH),
58 ’Competibacter ’: y_competibacter(C, T, pH),
59 ’Defluvicoccus ’: y_defluvicoccus(C, T, pH)
60 }
61 k_parameters = {
62 ’Accumulibacter ’: k_accumulibacter(C, T, pH),
63 ’Competibacter ’: k_competibacter(T, pH),
64 ’Defluvicoccus ’: k_defluvicoccus(T, pH)
65 }
66

67 # specify the return of simulation results at the given time points
68 t_an = np.linspace(0, 3, 150)
69 t_ae = np.linspace(3, 6, 150)
70

71 # AN Solution
72 try:
73 h_max = 0.001
74 result_an = solve_ivp(
75 dCdt ,
76 t_span =[0, 3],
77 y0=C,
78 args=(yields , k_parameters),
79 method=int_method ,
80 rtol =1.49012e-8,
81 atol =1.49012e-8,
82 t_eval=t_an ,
83 max_step=h_max
84 )[’y’].T
85

86 # reduce maximum step -size in case of stiffness in AN phase
87 except:
88 h_max = 0.0001
89 result_an = solve_ivp(
90 dCdt ,
91 t_span =[0, 3],
92 y0=C,
93 args=(yields , k_parameters),
94 method=int_method ,
95 rtol =1.49012e-8,
96 atol =1.49012e-8,
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97 t_eval=t_an ,
98 max_step=h_max
99 )[’y’].T

100

101 # AE Solution
102 C_ae = np.copy(result_an[-1, :])
103 C_ae [0] = 2
104

105 try:
106 h_max = 0.001
107 result_ae = solve_ivp(
108 dCdt ,
109 t_span =[3, 6],
110 y0=C_ae ,
111 args=(yields , k_parameters),
112 method=int_method ,
113 rtol =1.49012e-8,
114 atol =1.49012e-8,
115 t_eval=t_ae ,
116 max_step=h_max
117 )[’y’].T
118

119 # reduce maximum step -size in case of stiffness in AE phase
120 except:
121 h_max = 0.0001
122 result_ae = solve_ivp(
123 dCdt ,
124 t_span =[0, 3],
125 y0=C,
126 args=(yields , k_parameters),
127 method=int_method ,
128 rtol =1.49012e-8,
129 atol =1.49012e-8,
130 t_eval=t_an ,
131 max_step=h_max
132 )[’y’].T
133

134 # gather AN and AE concentration profiles
135 result = np.vstack ([result_an , result_ae ])
136

137 # confirm that the result is of the right dimensions
138 assert len(result) == 300
139

140 return result
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141 def f_steady(C, T, pH, t_an , t_ae , srt , n_cycles):
142 """ Returns the long -term concentration profiles of all state variables
143 from the initial conditions until quasi steady -state.
144

145 Inputs:
146 C: array of initial concentrations
147 T: temperature
148 pH: pH
149 t_an: anaerobic reaction time
150 t_ae: aerobic reaction time
151 srt: solids retention time
152 n_cycles: number of cycles to reach quasi steady state
153 """
154

155 V_t = 2.0 # total volume of the SBR
156 V_f = 1.0 # volume of feed stream per cycle
157 V_r = V_f # volume of recirculated sludge per cycle
158

159 # set total number of cycles and the container variable
160 N = int (3*srt*n_cycles)
161 result = np.zeros((N, 20))
162

163 # influent and initial biomass concentrations
164 C_f = 2*np.copy(C)
165 C_f [4:] = 0
166 C_r = 2*np.copy(c)
167 C_r [:4] = 0
168

169 for n in range(N):
170 # determine concentrations in the reactor (start of AN phase)
171 C_an = (V_f*C_f + V_r*C_r) / V_t
172

173 # solve for one AN-AE cycle
174 y = f_cycle(C_an , T, pH, t_an , t_ae)
175 result[n, :] = y[-1, :]
176

177 # calculate recirculated biomass concentrations
178 C_r = 2*( n_cycles*srt - 1)/( n_cycles*srt)*y[-1, :]
179

180 # purge oxygen
181 C_r [:4] = y[-1, :4]
182 C_r [0] = 0
183 C_r = np.around(C_r , 2)
184

185 return result

329



186 def f_evaluate(row):
187 """ Returns the predicted concentration profiles from the initial conditions
188 until quasi steady -state in an anaerobic -aerobic SBR.
189

190 Inputs:
191 row: vector of input factor values to initialise f_steady
192 """
193

194 # assign input factor values
195 f_PP_max_pao = 0.30
196 f_Gly_max_pao = 0.27
197 f_Gly_max_gao = 0.35
198 srt = row[0]
199 hrt = row[1]
200 f_tan = row[2]
201 r_cp = row[3]
202 r_fm = row[4]
203 T = row [5]
204 pH = row[6]
205 f_HAc = row[7]
206

207 t_cycle = 24*hrt*v_in/v_t
208 t_reaction = t_cycle - 1.5
209 t_an = t_reaction * f_tan
210 t_ae = t_reaction - t_an
211 n_cycles = 24/ t_cycle
212 N = 3*srt*n_cycles
213

214 x = 30
215 s_COD = r_fm *3*x
216 s_HAc = s_COD* f_HAc
217 s_HPr = s_COD - s_HAc
218 s_PO4 = s_COD / r_cp
219 x_pha = 0.05*x/3
220 x_PP = x*f_PP_max_pao
221 x_Gly_pao = x*f_Gly_max_pao
222 x_Gly_gao = x*f_Gly_max_gao
223 C = np.array([
224 0, s_HAc , s_HPr , s_PO4 , x, x_pha , x_pha , x_pha , x_Gly_pao , x_PP ,
225 x, x_pha , x_pha , x_pha , x_Gly_gao , x, x_pha , x_pha , x_pha , x_Gly_gao
226 ])
227

228 # Determine concentration profiles from start until quasi steady -state
229 try:
230 result = f_steady(C, T, pH, t_an , t_ae , srt , n_cycles)
231 except:
232 result = np.zeros((N, 20))
233

234 return result

Script C.4: Support functions to determine the reaction rate, as well as concentration
profiles over one SBR cycle and to quasi steady-state respectively.
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1 import numpy as np
2 from multiprocessing import Pool
3 from scipy.integrate import solve_ivp
4

5 def monod(s, k):
6 """ Monod kinetic expression.
7 """
8 return s/(s+k)
9

10 # import the functions to determine the stoichiometric matrices ,
11 # kinetic parameters and kinetic rates for PAO and GAO
12 from accumulibacter_pao_functions import *
13 from competibacter_gao_functions import *
14 from defluviicoccus_gao_functions import *
15

16 # import the support functions to simulate concentration profiles
17 # over single cycles as well as at quasi steady -state
18 from support_functions import *
19

20 if __name__ == ’__main__ ’:
21 # define save directory
22 path =
23

24 # define experimental design
25 # number of columns must equal number of input factors
26 # number of rows equals number of different design permutations
27 DoE =
28

29 # define number of parallel simulations
30 # must not exceed number of available CPU threads
31 n_parallel =
32

33 # define result file name
34 save_name =
35 save_dir = r’\\’.join([path , save_name ])
36

37 # initialise simulations
38 pool = Pool(processes=n_parallel)
39 result = pool.map(f_evaluate , DoE)
40

41 # end simulations
42 pool.close()
43 pool.join()
44

45 # save results
46 result = np.dstack(result)
47 np.save(save_dir , result)

Script C.5: Example code to predict the concentration profiles for an anaerobic-aerobic
SBR from the initial conditions until quasi steady-state given an experimental design as
sets of input factor values.
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