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Appendix 

 

Smoking sub-model 

Individuals are simulated into the model based on Census Bureau population estimates.1 
The simulation begins with a ‘burn-in’ period starting with the 1900 birth cohort, with new 
cohorts added each year and the population progressively aging such that by the year  
2005, the model produces stable population estimates.  

Figure S1 provides an overview of the smoking sub-model: all individuals are born as 
never smokers and can transition to become current smokers, and subsequently former 
smokers based on age, gender, and birth cohort-specific smoking initiation and cessation 
probabilities. These probabilities were derived from the National Health Interview Surveys 
(NHIS) 1965-2018 by the Cancer Intervention and Surveillance Modeling Network 
(CISNET) lung consortium. CISNET projections for future smoking initiation and cessation 
rates have been used in numerous smoking modeling analyses.2-8 The smoking sub-
model, as shown in Figure S1, assumes no relapse to smoking among former smokers 
as is consistent with previous models of population smoking9 and aligns with CISNET net 
annual cessation rates where cessation is defined as a successful quit of at least two 
years with no relapse.  

The National Survey on Drug Use and Health (NSDUH) has been shown to consistently 
yield higher smoking prevalence estimates compared to the NHIS because of differences 
in their respective survey designs and sample populations.10 The NSDUH furthermore 
uses a different definition for smoking than either CISNET or the NHIS (Table S1). 

We use a modified smoking definition in the model that produces higher smoking 
prevalence estimates than the NHIS or the NSDUH. Both surveys use definitions of 
smoking that do not consider high probabilities of relapse among recent former smokers. 
We classify anyone who has smoked at all within the past year as a current smoker, which 
includes former smokers who quit less than a year ago. For comparison, the NSDUH 
considers past 30-day smokers and the NHIS considers ‘everyday’ or ‘some-day’ 
cigarette smokers to be current smokers. Although our approach translates into higher 
prevalence estimates than existing surveys, the definition avoids considering most 
temporary quitters as former smokers, and simplifies the model by limiting the need to 
model relapse from quitting. It further improves the model fit by aligning measures for 
current and former smoking more closely with those used by the CISNET lung consortium 
in previously validated models.11  
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Figure S1. Smoking sub-model diagram 

 

 

Table S1. Smoking definitions comparison 

 Current smoker Former smoker Never smoker 

National Health 
Interview Survey 
(NHIS) 

Currently smokes every 
or some days and has 
smoked at least 100 
cigarettes in their lifetime 

Smoked at least 100 
cigarettes in their 
lifetime and does not 
currently smoke 

Smoked less 
than 100 
cigarettes in 
their lifetime 

National Survey on 
Drug Use and Health 
(NSDUH) 

Smoked part or all of at 
least one cigarette in the 
past 30 days 

Has ever smoked part 
or all of a cigarette but 
not within the past 30 
days 

Has never 
smoked part or 
all of a 
cigarette 

Cancer Intervention 
and Surveillance 
Modeling Network 
(CISNET) lung 
consortium 

Smoked at least 100 
cigarettes in their lifetime 
and smoked within the 
past 2 years 

Smoked at least 100 
cigarettes in their 
lifetime and last 
smoked more than 2 
years ago 

Smoked less 
than 100 
cigarettes in 
their lifetime 

Modified definition  
used by model 

Has smoked at least 100 
cigarettes in their lifetime 
and has smoked part or 
all of a cigarette within 
the past year 

Smoked at least 100 
cigarettes in their 
lifetime but has not 
smoked at all within 
the past year 

Smoked less 
than 100 
cigarettes in 
their lifetime 

 

 

  

Never 
smoker 

Births Current 
smoker 

Deaths 

Former 
Smoker 

Initiation Cessation 

Death rate 
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CISNET probabilities required adjustment to ensure that the model fit with NSDUH data. 
To calibrate the smoking sub-model to NSDUH data, scaling factors were applied to each 
age group’s initiation and cessation probabilities, modifying the initial CISNET estimates. 
These factors were estimated by minimizing the sum of squared differences between the 
model and smoking prevalence data by age group for both males and females using the 
Bhat package in R.12 The CISNET smoking initiation probabilities were calibrated to the 
NSDUH data; the fitted sub-model increased initiation probabilities for youth ages<18 
while decreasing adult probabilities to near-zero (Figure S2). Smoking cessation 
probabilities were decreased to match the model with NSDUH data (Figure S3).  

Figure S2. Calibrated smoking initiation probabilities by age, 2018 

 

Female (left) and male (right) annual probabilities of smoking initiation. Data 
shown are for the year 2018. Dots = input data developed by the CISNET lung 
consortium. Lines = model calibrated probabilities. Calibrated scaling factors: 
females ages < 18 = 1.96, ages 18-34 = 0.00, ages 35-64 = 1.00, ages 65-99 = 
1.00; males ages < 18 = 1.77, ages 18-34 = 0.19, ages 35-64 = 1.00, ages 65-99 
= 1.00. 
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Female (left) and male (right) annual probabilities of smoking cessation. Data 
shown are for the year 2018. Dots = input data developed by the CISNET lung 
consortium. Lines = model age-group calibrated probabilities. Calibrated scaling 
factors: females ages < 18 = 1.00, ages 18-34 = 0.55, ages 35-64 = 0.97, ages 65-
99 = 0.39; males ages < 18 = 1.00, ages 18-34 = 0.43, ages 35-64 = 0.94, ages 
65-99 = 0.00.

Figure S3. Calibrated smoking cessation probabilities by age, 2018 
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Figure S4. Comparison of smoking sub-model and survey data, ages 18+ 

 

Dots with vertical lines represent point estimates from the 2005-2018 NSDUH 
and their corresponding 95% confidence intervals. Lines represent current adult 
smoking prevalence generated by the calibrated sub-model. Smoking is defined 
as smoking at all within the past year. 

The smoking sub-model showed reasonable correspondence with the NSDUH 2005-
2017 current smoking prevalence following calibration (Figure S4). Calibration was 
performed to fit age-group specific data (not shown), although this meant that for the total 
population (all ages 18+), the model slightly overestimates female smoking in 2017 and 
underestimates male prevalence from 2012-2014.  
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Depression sub-model 

The NSDUH uses major depression (MD) episode criteria derived from the Diagnostic 
and Statistical Manual of Mental Disorders (DSM-IV).13 Those who reported at least five 
of the following nine symptoms over a two-week or longer period are considered to have 
had an MD episode: 1) depressed mood most of the day, 2) markedly diminished interest 
or pleasure in activities most of the day, 3) significant changes in weight or appetite, 4) 
insomnia or hypersomnia, 5) psychomotor agitation or retardation, 6) fatigue, 7) feelings 
of worthlessness, 8) diminished ability to think or concentrate, and 9) recurrent thoughts 
of death or suicide ideation. At least one of these symptoms must be depressed mood or 
diminished interest or pleasure in activities. Note that MD prevalence in the NSDUH is 
greater than estimates reported elsewhere,14,15 as the NSDUH does not exclude 
depressive episodes caused by illness, bereavement, substance use or other psychiatric 
disorders such as bipolar disorder.16  

Using the NSDUH measure for MD episodes, the depression sub-model is composed of 
5 compartments, including a recall error state that accounts for underreporting of histories 
of depression that has been shown in the literature.17 This model was previously 
developed and calibrated to adjust for recall error in estimates of lifetime MD prevalence 
in the NSDUH.18 

The sub-model is calibrated to fit with NSDUH age group-specific data on current, former, 
and never MD while still accounting for recall bias. See the attached supplemental 
manuscript (currently under review) which provides an overview of the depression sub-
model (Supplemental manuscript Figure 1), calibrated parameters used for MD incidence 
(Supplemental manuscript Figure 2), and calibrated estimates of underreporting 
(Supplemental manuscript Figure 3). We make use of depression-specific incidence, 
recurrence, recovery, and mortality parameters available in the literature (Supplemental 
manuscript Table S1). Where possible, parameter estimates were drawn directly from 
previous study estimates or calculated based on cumulative incidence data.19,20  

To properly account for underreporting among adults who have no current MD episode 
but who would otherwise be formerly depressed, the sub-model was first calibrated to 
age group-specific NSDUH data on the lifetime prevalence of MD episodes. Because of 
recent increased MD prevalence among youth and young adults ages 18-25,21 we 
estimated an additional parameter that increases MD incidence probabilities in the model 
starting in 2016. This fitting process assumes all other parameters in the sub-model are 
constant, but starting in 2016, increases underlying incidence probabilities by 2.38X and 
3.35X for females and males ages 18-25 respectively. MD incidence probabilities are 
assumed to remain constant from 2016-2060. 

Figure S5 shows the model’s correspondence with NSDUH data on current MD after this 
additional adjustment. In our study, we report estimates for the adult population across 
all ages. These fitted parameters appropriately account for rising MD prevalence among 
young adults and are better suited for making model projections into the future.  
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Figure S5. Comparison of depression sub-model and NSDUH survey data, adults 
ages 18+ 

 

Dots with vertical lines represent current MD episode point estimates from the 
2005-2018 NSDUH and their corresponding 95% confidence intervals. Lines 
represent age-group current MD prevalence generated by the calibrated sub-
model.  
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Major depression and smoking (MDS) comorbidity model 

Without further calibration, combining the smoking and depression sub-models into a 
single model failed to reproduce patterns of smoking prevalence by depression subgroup 
in the NSDUH. Therefore, we integrated interaction effects based on existing literature on 
the relationship between smoking and MD (Table S2). 

To improve the fit of the full model with survey data, parameters for each sub-model were 
held constant while interaction effects were re-estimated using the Davidon-Fletcher-
Powell optimization algorithm in the Bhat package in R.12 Literature estimates were used 

as initial values, and then plausible upper and lower limits were specified for the algorithm 
to search the parameter space for interaction effect size values that maximized fit with 
survey data. These calibration-derived estimates, including their initial and final estimated 
values are shown in Table S3. Collectively, the fully calibrated model: 

1) Increases the relative risk of a 1st MD episode among current smokers (𝑅𝑅𝑐𝑠_𝑑𝑒𝑝1),  
2) decreases the odds of smoking cessation for people with a history of MD  

(𝑂𝑅ℎ𝑑𝑒𝑝_𝑞𝑢𝑖𝑡),  
3) increases the effects of current depression on subsequent smoking initiation 

(𝐸𝑑𝑒𝑝𝑟_𝑠𝑚𝑘𝑖𝑛𝑖𝑡), and  
4) decreases the likelihood that current smokers would recovery from a MD episode 

(𝑑𝑒𝑝𝑟𝑒𝑐𝑜𝑣𝑆𝐹_𝑐𝑠).  
5) Increases MD recurrence among male current smokers (𝐸𝑐𝑠_𝑑𝑒𝑝𝑟) 

6) Applies higher relative risks of mortality to those with a history of MD (𝑅𝑅𝑚𝑑). 
 
Estimated interaction effects showed that under reasonable parameter bounds, ideal fit 
was achieved when former smoking status had no effect on depression incidence, 
recovery, or recurrence rates. Furthermore, calibration estimates showed that the model 
performed best when current MD status substantially increased the probability of smoking 
initiation compared to those without current MD. (See Table S3). 

Parameters for interaction effects include effects that raise the probability of MD onset (𝛾) 
and recurrence (𝜆) or reduce the likelihood of recovery (𝜌) among current or former 
smokers. We re-estimated effects of depression on smoking behaviors such that those 
with current depression had increased probability of smoking initiation (𝛼) and lower odds 
of cessation (𝛽). Existing mortality estimates for MD control for sociodemographic factors 
that are not accounted for in this population model.20 Therefore, we modified death rates 
(𝜇) by re-estimating the relative risk of mortality associated with having any history of MD 
episodes.  
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Table S2. MDS model parameters 

Parameter Source 
Estimates derived from 

calibration 

MD incidence 

rates (𝛾)  

- Age at onset of Major Depressive 
Disorder for females ages 22+ and 
males age 29+ in the Baltimore-
ECA cohort study.22 

- Cubic natural splines for MD 
episode incidence females 
ages<22 and males ages <29 
with knots at ages 13 and 18. 

- Probability of DE incidence 
among current and former 
smokers23,24 

MD recurrence 

rates (𝜆) 

- Annual probability of recurrence 
calculated from 45% cumulative 
recurrence after 1st DE over 10 
years in the Baltimore-ECA cohort 
study.19 

- Increased probability of MD 
recurrence among current 
smokers. 

MD recovery 

rates (𝜌)  

- Annual probability of recovery 
calculated from 85% cumulative 
recovery from 1st DE over 10 years 
in the Baltimore-ECA cohort study.19 

- Recovery rates among current 
and former smokers. 

Smoking 

initiation rates 

(𝛼) 

- Annual CISNET smoking initiation 
probabilities by age, gender, and 
birth cohort.25  

- Increased probability of 
initiation among people with 
current MD.24 

Smoking 

cessation rates 

(𝛽)  

- Annual CISNET smoking cessation 
probabilities by age, gender, and 
birth cohort.25 

- Lower odds of cessation among 
smokers with current MD.26 

Death rates by 

smoking status 

(𝜇)  

- All-cause mortality rates by age, 
birth cohort, and gender for never 
smokers, current smokers, and 
former smokers.27 

- Increased mortality risk among 
people with lifetime history of 
MD.20 
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Table S3. MDS model estimates derived from calibration 

Parameter Description 
Initial 
value 

Lower 
limit 

Upper 
limit 

Estimate 
(Females) 

Estimate 
(Males) 

𝑅𝑅𝑐𝑠_𝑑𝑒𝑝1 

Relative risk of 1st MD 
episode among current 
smokers vs. never 
smokers 

1.7028 1 5 1.37 1.00 

𝑅𝑅𝑓𝑠_𝑑𝑒𝑝1 

Relative risk of 1st MD 
episode among former 
smokers vs. never 
smokers 

1.4828 1 5 1.00 1.00 

𝑂𝑅ℎ𝑑𝑒𝑝_𝑞𝑢𝑖𝑡 

Odds ratio for smoking 
cessation among 
people with a history of 
MD compared vs. 
never depressed 

0.8126 0 1 0.96 0.86 

𝐸𝑓𝑠_𝑑𝑒𝑝𝑟 

Effect of former 
smoking on probability 
of recurrent MD 
episode vs. never 
smoking 

N/A 1 5 1.00 1.00 

𝐸𝑐𝑠_𝑑𝑒𝑝𝑟 

Effect of current 
smoking on probability 
of recurrent MD 
episode vs. never 
smoking 

1.3729 1 5 1.00 1.00 

𝐸𝑑𝑒𝑝𝑟_𝑠𝑚𝑘𝑖𝑛𝑖𝑡 
Effect of MD on 
smoking initiation 

1.4030 1 5 5.19 3.93 

𝑑𝑒𝑝𝑟𝑒𝑐𝑜𝑣𝑆𝐹_𝑓𝑠 

Effect of former 
smoking on probability 
of recovering from MD 
episode 

N/A 0 1 1.00 1.00 

𝑑𝑒𝑝𝑟𝑒𝑐𝑜𝑣𝑆𝐹_𝑐𝑠 

Effect of current 
smoking on probability 
of recovering from MD 
episode 

N/A 0 1 0.70 0.69 

𝑅𝑅𝑚𝑑 

Relative risk of 
mortality among people 
with history of MD vs 
never MD20 

1.71 1 10 5.68 3.83 
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In the combined MDS model, smoking prevalence can be projected by tracking flows into 
the stock of current smokers due to smoking initiation (𝛼), and flows out of this stock due 
to smoking cessation (𝛽) or death (𝜇).9 MD prevalence can similarly be forecasted by 
following inflows due to incidence or recurrence (𝛾) and outflows due to recovery (𝜌) or 

death (𝜇). For example, the number of people with current MD in a given smoking state 
𝑠 at time 𝑡 is calculated accordingly: 

MDa,t,s,g = MDa−1,t−1,s,g × (1 + γa−1,t−1,s,g) × (1 + 𝜆a−1,t−1,s,g) × (1 − ρa−1,t−1,s,g) × (1

− μDE,a−1,t−1,s,g) 

Likewise, the number of smokers in a given depressive state 𝑑 at time 𝑡 can be 
determined as follows: 

CSa,t,d,g = CSa−1,t−1,d,g × (1 + αa−1,t−1,d,g) × (1 − βa−1,t−1,d,g) × (1 − μCS,a−1,t−1,d,g) 

where:  

𝑀𝐷𝑎,𝑡,𝑠,𝑔 = number of individuals with 𝑀𝐷 at age 𝑎 in year 𝑡 in smoking 

state 𝑠 and gender 𝑔 
𝐶𝑆𝑎,𝑡,𝑑,𝑔 = number of current smokers at age 𝑎 in year 𝑡 in depressive state 𝑑 and 

gender 𝑔 

𝑑 = never MD, current MD, or former MD 
𝑠 = never smoker, current smoker, or former smoker 
𝑔 = gender specifying male or female 

 
𝛾𝑎,𝑡,𝑠,𝑔 = incidence of 𝑀𝐷 at age 𝑎 in year 𝑡 for smoking state 𝑠 and gender 𝑔 

𝜆𝑎,𝑡,𝑠,𝑔 = recurrence of 𝑀𝐷 at age 𝑎 in year 𝑡 for smoking state 𝑠 and gender 𝑔 

𝜌𝑎,𝑡,𝑠,𝑔 = recovery rate from 𝑀𝐷 at age 𝑎 in year 𝑡 for smoking state 𝑠 and 

gender 𝑔 
𝛼𝑎,𝑡,𝑑,𝑔 = smoking initiation rate at age 𝑎 in year 𝑡 for depressive state 𝑑 and 

gender 𝑔 
𝛽𝑎,𝑡,𝑑,𝑔 = smoking cessation rate at age 𝑎 in year 𝑡 for depressive state 𝑑 and 

gender 𝑔 
𝜇𝑎,𝑡,𝑑,𝑠,𝑔 = death rate at age 𝑎 in year 𝑡 for smoking state 𝑠, depressive state 𝑑, 

and gender 𝑔 

With known population sizes and numbers of individuals for each category, smoking and 
MD prevalence can be determined and the number of deaths that occur can be tracked 
over time.  
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Sensitivity analysis 

Analyses were conducted to evaluate the sensitivity of model outcomes to each of the 
interaction effect estimates derived from calibration. We used Latin hypercube sampling 
(LHS) for parameter space exploration with the pse package in R; this efficiently 

samples from across parameter combinations to cover the full range of possible model 
outcomes.31,32 For both the male and female models, 20,000 parameter combinations 
were sampled from within uniform distributions with minimum and maximum values 
based on the 95% confidence intervals generated during model calibration, or when 
such intervals failed to be generated, 50% relative increases or decreases from the 
optimal value (Table S4). Of these, we considered the subset of parameter 
combinations within 10% of the best fit model after calibration. Simulation ranges shown 
in Table S5 represent this “optimal set” of values generated.  

We also considered a separate scenario in which MD incidence probabilities for ages 
18-25 are increased from 2016-2018 (See Figure S5), but return to their pre-2016 levels 
from 2019-2060. The results from this analysis (Table S6) assume that trends in MD 
among young adults do not continue into the future, and instead treat the recent uptick 
as a temporary period effect from 2016-2018. In this alternative scenario, the smoking 
prevalence ratio between adults with current vs. never MD increased from 1.54 to 1.86 
among males, and from 1.81 to 2.11 among females. 
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Table S4. Latin hypercube sampling distributions 

 

*Parameter distributions derived as 95% confidence intervals during model 
calibration. Remaining sampling distributions based on 50% increases 
(maximum) and decreases (minimum) from the parameter calibrated estimates. 
Uniform distributions assumed for all parameters. 

 

Parameter Description 
Females Males 

Estimate Min. Max. Estimate Min. Max. 

𝑅𝑅𝑐𝑠_𝑑𝑒𝑝1 

Relative risk of 1st 
MDE among current 
smokers vs. never 
smokers 

1.37  1.15 1.89 1.00  0.50 1.50 

𝑂𝑅ℎ𝑑𝑒𝑝_𝑞𝑢𝑖𝑡 

Odds ratio for 
smoking cessation 
among people with a 
history of MDE 
compared vs. never 
depressed 

0.96  0.80 0.99 0.86  0.69 0.96 

𝐸𝑐𝑠_𝑑𝑒𝑝𝑟 

Effect of current 
smoking on 
probability of 
recurrent depressive 
episode vs. never 
smoking 

1.00  0.50 1.50 1.00  0.50 1.50 

𝐸𝑑𝑒𝑝𝑟_𝑠𝑚𝑘𝑖𝑛𝑖𝑡
* 

Effect of depression 
on smoking initiation 

5.19  2.55 8.05 3.93  2.65 4.36 

𝑑𝑒𝑝𝑟𝑒𝑐𝑜𝑣𝑆𝐹_𝑐𝑠 

Effect of current 
smoking on 
probability of 
recovering from 
depressive episode 

0.70  0.35 1.05 0.69  0.58 0.83 

𝑅𝑅𝑚𝑑* 

Relative risk of 
mortality among 
people with history 
of MDE vs never 
MDE 

5.68  3.19 8.07 3.83  2.14 5.44 
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Table S5. Uncertainty distributions:  
Smoking-attributed mortality and life-years lost among U.S. adults with current and never MD, 2018-2060   

 

Males 
Current MD Never MD 

2018 2060 2018 2060 

Smoking prevalence (%) 
34.3  

(31.5 - 37.1) 
26.6  

(22.7 - 29.7) 
22.3  

(21.4 - 23.1) 
11.0  

(10.0 - 12.1) 

Proportion of all deaths 
attributed to smoking (%) 

27.7  
(25.1 - 29.9) 

15.2  
(13.1 - 29.9) 

24.8  
(24.2 - 25.4) 

11.6  
(11.0 - 25.4) 

Annual number of deaths 
9,339  

(6,363 - 15,889) 
6,264  

(4,483 - 9,697) 
327,807  

(303,443 - 352,010) 
148,555  

(137,776 - 159,356) 

Cumulative number of 
deaths 

285,238  
(194,605 - 485,862) 

10,082,538  
(9,351,879 - 10,808,555) 

Annual years of life lost 
221,026 

(165,250 - 317,180) 
158,512  

(122,027 - 203,447) 
4,817,050  

(4,458,760 - 5,172,967) 
1,708,241  

(1,563,735 - 1,856,041) 

Cumulative years of life 
lost 

6,764,096  
(5,120,700 - 9,380,124) 

129,461,482  
(119,827,364 - 139,069,197) 

Females 
Current MD Never MD 

2018 2060 2018 2018 

Smoking prevalence (%) 
29.3  

(26.5 - 31.9) 
19.6  

(16.6 - 22.6) 
16.2  

(14.5 - 16.9) 
7.2  

(5.8 - 7.9) 

Proportion of all deaths 
attributed to smoking (%) 

16.5  
(14.2 - 17.8) 

7.6  
(6.3 - 17.8) 

9.8  
(8.9 - 10.3) 

5.6  
(5.0 - 10.3) 

Annual number of deaths 
6,828  

(4,168 - 11,069) 
3,143  

(1,965 - 5,348) 
101,783  

(85,975 - 109,501) 
55,352  

(46,902 - 59,488) 

Cumulative number of 
deaths 

198,341 
(118,807 - 342,439) 

3,599,059  
(3,042,309 - 3,870,826) 

Annual years of life lost 
164,503  

(107,252 - 234,892) 
71,910  

(48,600 - 102,189) 
1,488,729  

(1,253,769 - 1,603,529) 
526,912  

(440,028 - 570,051) 

Cumulative years of life 
lost 

4,497,855  
(2,907,880 - 6,640,819) 

43,444,689  
(36,567,800 - 46,810,162) 

 

Parenthetical estimates represent the optimal range of latin hypercube estimates generated during sensitivity 

analysis. 
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Table S6. Alternative MD incidence probabilities scenario:  

Smoking-attributed mortality and life-years lost among U.S. adults with current and never MD, 2018-2060 

 

Males 
Current MD Never MD Total population 

2018 2060 2018 2060 2018 2060 

Smoking prevalence (%) 34.3 21.3 22.3 11.5 23.4 12.2 

Proportion of all deaths 
attributed to smoking (%) 

27.7 15.2 24.8 11.5 25.0 12.0 

Annual number of deaths 9,339 4,922 327,807 151,062 357,628 167,867 

Cumulative number of 
deaths 

9,339 273,578 327,807 10,104,598 357,628 11,006,380 

Annual years of life lost 221,026 109,726 4,817,050 1,795,388 5,498,403 2,156,429 

Cumulative years of life 
lost 

221,026 6,304,899 4,817,050 130,305,988 5,498,403 150,362,089 

Females 
Current MD Never MD Total population 

2018 2060 2018 2060 2018 2060 

Smoking prevalence (%) 29.3 17.2 16.2 8.1 18.6 9.4 

Proportion of all deaths 
attributed to smoking (%) 

16.5 7.7 9.8 5.6 10.5 6.0 

Annual number of deaths 6,828 2,850 101,783 56,018 123,205 65,571 

Cumulative number of 
deaths 

6,828 196,344 101,783 3,603,689 123,205 4,239,080 

Annual years of life lost 164,503 61,443 1,488,729 549,928 1,994,722 749,482 

Cumulative years of life 
lost 

164,503 4,421,501 1,488,729 43,618,200 1,994,722 57,573,835 

 

This alternative scenario increases underlying MD incidence probabilities by 2.38X and 3.35X for females and 

males respectively from 2016-2018. MD incidence probabilities are then returned to their pre-2016 values, and 

remain constant from 2019-2060. 
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