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Abstract 

When small teams collaborate on decision-making tasks, their performance 

depends on how well members share mental models about the task and about the 

team itself — and on how well they work together,  team cohesion. When 

collaboration happens online, with little extra-verbal communication, 

individuals’ models must be constructed from teams’ communication texts. This 

opens up the possibility that the same texts that participants are using could be 

mined automatically, using computational text analysis techniques. 

In this thesis, two studies are reported in which small groups comprising 3 

(study 1) or 2 (study 2) individuals collaborated through a bespoke texting 

interface on the desert survival task. After collaboration, participants answered 

questions about their task and team models (study 1) or about their group 

cohesion (study 2).  The text collaborations were recorded and analysed using 

various computational and statistical techniques to test hypotheses concerning 

the relations between communicative discourse, shared mental models (team and 

task mental models), team cohesion, and group decision-making performance. 

In study 1, we found a relation between shared mental models and team 

language style. (In particular,  positive tone and the use of ‘I’ were associated 

with more shared models). The findings from study 2 highlighted that the two 

dimensions of team cohesion: ‘task cohesion’ and ‘team cohesion’ were 

positively correlated with each other, and both could be predicted by automatic 

analysis of conversational discourse. (In particular, the use of “we” and the 

frequency at which task items were mentioned predicted both team and task 

cohesion.) Furthermore, a direct relation between team performance and some 

linguistic features were revealed in study1 (but not replicated in study 2). These 

findings highlight the potential for analysing discourse to predict collaboration 

and performance, but also the need for more research into the relationship 

between team language and group dynamics in virtual decision-making teams. 
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Introduction 

1.1  Chapter Overview 

Over the past few decades, teamwork and collaboration have become the norm 

in many contexts including military, financial sectors, manufacturing, 

healthcare, education to name a few. As the complexity of the workplace 

continues to grow, organizations increasingly rely on teams to accomplish 

complex and difficult tasks (Beal et al., 2003; Mathieu et al., 2008; Salas et al., 

2008). Hence, the pervasiveness of teams urge researchers to investigate team 

composition,  its structure, and its management, with the aim to better predict 

and promote team performance (De Jong et al., 2016; Sağ et al., 2016; Ceri-

Booms et al., 2017; Martin et al., 2018). 

 

Researchers suggest that one critical driver of team performance is shared 

mental models (Salas and Fiore, 2004). The quality of a team’s output depends 

on the coordination between its members and their ability to anticipate the needs 

of each other and proactively take appropriate actions (Espinosa and Carley, 

2001). This requires members to perceive, encode, store, and retrieve 

information similarly (Langan-Fox et al., 2000), and to develop a certain level of 

familiarity with the task and with each other (Cannon-Bowers et al., 1993). By 

having highly similar mental models, teammates would work to reach common 

goals and would have a shared vision of how their team will interact, which 
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result in better performance (Mohammed et al., 2000; Espinosa and Carley, 

2001; DeChurch and Mesmer-Magnus, 2010). However, results regarding the 

link between SMM and performance have been inconclusive and therefore 

scholars have called for further research in the area to understand the underlying 

mechanisms.  

 

A team process characteristic that critically impacts team dynamics and general 

performance is cohesion (Mennecke and Valacich, 1998; Knight et al., 2008). 

Research suggests that cohesive teams are more likely to develop shared mental 

models as they communicate and share information. Indeed, as Filho (2018) 

suggests, SMM and cohesion mutually impact one another, however any studies 

examining both concepts in tandem have dealt to a large extent with face-to-face 

teams (Martins et al., 2004). Yet, with the new trends toward globalization, 

technological innovation, and the enormous demand of flexibility of work 

arrangements (especially in times of crisis arise, e.g., coronavirus outbreak 

(Tannenbaum et al., 2020)), organizations capitalise on computer-mediated 

communication (CMC) to accomplish tasks through virtual teams (Dulebohn 

and Hoch, 2017; Gibbs et al., 2017) . Given the differences between FTF and 

virtual teams, previous research cannot be directly applied to virtual teams, and 

therefore there is a need to investigate SMM and cohesion in virtual teams. In 

addition, previous research has mainly focused on self-reported data, but such 

approach is limited and suffers from systematic biases that may impact the 

associations among self-reports and the investigated input/output variables 

(Schwarz and Strack, 1991). An alternative approach to better understand these 

constructs in the context of virtual teams is through language analysis (Leshed et 

al., 2007; Leshed et al., 2009; Gonzales et al., 2010; Tausczik and Pennebaker, 

2013). Therefore, this thesis attempts to fill these gaps and extend previous 

research by investigating the shared mental models and team cohesion as the two 

main constructs effecting team performance in collaborative decision-making 

task using only text-based communication tool. Additionally, we attempt to 

examine the relationship between the team language and its impact on team 

performance through examining its relationship with SMM and team cohesion.  
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One potential future scenario played a role in framing our research questions, 

although the exploratory work in this thesis contributes only to a first step 

toward this scenario. If the quality of on-line collaboration is determined by 

shared mental models (SMM) and by group cohesion, and if these aspects of 

team cognition can be predicted by computations over the text of the 

collaborative communications, then automatic processing of SMM and cohesion 

might be possible in real-time, allowing AI systems to off support during online 

discussions – to become automatic-chairs of those discussions, in certain ways.  

For this prospect to have any practical potential the theoretical and empirical 

relationship between online collaboration, SMM and cohesion and collaborative 

discourse needs to be examined: this is the overarching aim of this thesis. 

1.2 Research Questions 

The main theoretical constructs examined in the present thesis are SMM, team 

cohesion, and team performance through a language analysis approach (see 

figure 1-1 for the theoretical framework). The following general questions 

guided the research: “Is team language systematically related to the shared 

mental models and the team cohesion in collaborative decision making? “Can 

team text features be used to predict SMM, team cohesion and team 

performance ”? Based on this, we delineated five specific research questions that 

are addressed in subsequent chapters: 

 

RQ1: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversations and the team’s shared mental models? 

RQ2: In virtual collaborative decision-making, is there a relation between  the 

team’s shared mental models and team performance? 

RQ3: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversations and the team performance? 

RQ4: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversations and the team’s social and task cohesion?   



 

 4 

 

RQ5: In virtual collaborative decision-making, is there a relation between 

team’s social and task cohesion and team performance? 

 

 

Figure 1-1 Research framework. 

 

1.3 Research Methodology 

This research follows a cross-sectional quantitative methodology consisting of 

two laboratory studies. In both studies, participants worked on a group decision-

making task (desert survival task) under different conditions dictated by the 

requirements of our investigation. All interactions took place via a bespoke chat 

tool which enabled us to detect and export data in formats suitable for further 

analysis using Linguistic Inquiry and Word Count Software (LIWC 2015), and 

custom scripts implemented in both Python and R. In addition, following 

participation in the desert survival task, participants were asked to reflect upon 

their perception of the shared mental models (first study) and team cohesion 

(second study) using  questionnaires of 10-point Likert scale items. Furthermore, 

in Study 2 external judges were also involved to comment on team’s cohesion 

using a similar questionnaire to the one given to participants. All data collected 

(via chat-tool and questionnaires) were statistically tested using various methods 

(based on data suitability). For instance, blending parametric and non-parametric 

correlation was used to examine the relationship between data from the 
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questionnaire and chat-log, ANOVA and MANOVA were computed to compare 

the different task conditions in each study, as well as multiple regression to 

predict team cohesion in the second study. The figure below shows an overview 

of the research design. 

 

 

Figure 1-2 An overview of the research design. 

 

 

1.4 Research Ethics 

The studies in this thesis were conducted in accordance with the University of 

Bath’s Computer Science Department ethics procedures. To maintain these 

ethical bounds, participants were provided with a consent form detailing the 

procedures of data collection and storage to ensure anonymity. Participants were 

informed that the result of these studies might be published anonymously, and 

they have the right to withdraw from the experiments at any time. Both 

experiments’ procedures were not hidden and did not involve any form of 

deception, and they received the ethical approval by the Psychology Research 

Ethics Committee at Bath University (EIRA1 No: 3210, PREC No: 20-206). As 

part of the Research Data Policy, we completed a Data Management Plan (see 

Appendix C) that includes information about the thesis data collection, storage, 

sharing and preservation.  
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1.5 Thesis Outline 

This PhD thesis has 6 chapters including a literature review chapter that 

summarises existing research and sets the scene for the study, a chapter for tool 

description, and two empirical chapters each raising distinct but interrelated 

questions. The thesis ends with a general conclusion.   

 

Chapter 2  

This chapter provides an overview of the published research literature in four 

main areas. First, we illustrated text analysis including the different techniques 

used to analyse the text, their benefits in teamwork research and their 

importance in studying team attitudinal and behavioural dynamics. The 

discussion then moves to outline the theories related to shared mental models, to 

spell out their importance to team outcomes and point out the existing gap in the 

literature, particularly their relationship to team cohesion. The third section 

follows the same structure but focuses on team cohesion. Finally, we ended the 

chapter by a brief overview of the task used in the empirical studies, i.e., the  

desert survival problem, discussing its common use in collaborative work and its 

suitability to the current research.  

 

Chapter 3  

In this chapter, we discuss the tools built to perform our research and their 

requirements. We also explain the selection process used to decide where 

existing packages are used and when bespoke packages are developed. We 

further explain how we tackled some well-known challenges and the steps 

undertaken to minimise errors and ensure high accuracy of inferences made 

using the tools developed.  

 

Chapter 4  

This chapter explores the relationship between shared mental models and the 

language the team used in the decision-making collaboration. We conducted a 
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study were groups of three people collaborated on the desert survival task, and 

we subsequently ran a mixed comparison between team SMM and team 

linguistics features and team performance at both the individual and team levels. 

There was evidence in this study to the link between shared mental models and 

team language but not between shred mental models and team performance. 

Furthermore, there was a relationship between team performance and team 

language. Therefore, this study contributed to the SMM literature by using a 

multilevel analysis of task and team mental models in virtual decision-making 

collaboration. This analysis highlighted an interesting finding by showing a 

strong relationship between task mental model and team mental models at the 

individual level. Whereas, the similarity between the task mental models and 

team mental models at the team level was not significant. The study also 

discovered reliable patterns among the various features of language use. 

 

Chapter 5  

This chapter reports a study that examines the same collaborative problem-

solving task with teams of two members in order to examine the relationship 

between task and social cohesion, the language used and team performance. To 

this end, we used mixed measures comparison and multilevel analysis of the 

cohesion construct. Moreover, we investigated the impact of similarity of task 

knowledge on team cohesion dimensions, team performance and team text 

features. This study revealed a strong relation between the team task and social 

cohesion and the language used at both the individual and team levels. Secondly, 

the relationship between social cohesion and task cohesion were significant in 

both individual and team analysis level which is aligns with what was suggested 

in the literature . This study contributed to the literature by providing a 

multilevel analysis of team cohesion in virtual decision-making collaboration 

using text features. The study also examined the reciprocal relationship between 

task similarities and team cohesion, and the impact of each cohesion dimension 

on team performance. Finally, the relationship between team language and team 

performance in virtual decision-making team was also provided.  
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Chapter 6 

This chapter consolidates the findings of the empirical studies and discusses the 

research contributions. Some limitations of the thesis are identified, and future 

research directions proposed.  

1.6 Chapter summary  

This chapter has provided an introductory overview of the present thesis by 

highlighting the research questions to be answered, the general approach as well 

as the outline of the thesis structure. The following chapter reviews the existing 

literature on the study’s main theoretical constructs to position the thesis within 

its theoretical and empirical research context. …………………………………...  
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Literature Survey 

In this chapter, the literature on text analysis in collaborative work will be 

discussed. Next, a summary of the shared mental models (SMM) literature will 

be provided, followed by a review of the construct of team cohesion in 

collaborative work. Finally, there will be a review of  the use of the desert 

survival task  in group work research. 

2.1  Prologue 

Teamwork very often uses Computer-Mediated Communication tools (CMC) to 

enhance the flow of information and conversation, or as the only medium of 

communication for geographically separated teams. Therefore, many studies on 

virtual work have investigated how CMC affects group dynamics and outcomes. 

One body of the research use systematic comparisons  between  face-to-face 

teams and  different types of CMC’s teams. For example,  studies in this field 

extended the social identification / deindividuation theory to CMC teams which 

emphasise that features such as  anonymity, closeness and intimacy between 

team members in CMC positively influence the team outcomes (Michinov et al., 

2004). Use of such measurement tools enables researchers to readily analyse 

group conversations. Text based tools allow for extraction of information 

regarding team behaviour and collaborative processes (Leshed et al., 2009). This 
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in turn has encouraged researchers to use different text analysis models to 

attempt to help teams improve their skills and performance. Such an approach 

seems more likely to be successful if based on theoretical foundations 

concerning the way group processes develop and influence collaborative 

problem solving. At least, that is the contention of this thesis. In line with this 

argument, this research will investigate text-based CMC in terms of shared 

mental models (SMM) and cohesion and will consider the relationship between 

these important aspects of team-cognition and the text of teams’ collaborative 

conversations. In particular, the present study attempts to extend this research 

stream by applying text-mining techniques to predict shared mental 

models and perceptions of team cohesion, and their impact on team 

performance. 

2.2  Text Analysis 

2.2.1 Language and Its Importance 

Human interaction can only happen through language. Language reflects objects 

in the world (Bamberg, 1997) and hence people use it to express themselves and 

convey messages to their counterparts.  As stated by Holtgraves and Kashima 

(2008) “Language use frequently involves the recoding of implicit, non-linguistic 

representations into explicit, linguistic ones” (p. 74). In addition, according to 

the Linguistic Category Model, words reveal judgements of behaviour and 

provide information about people’s cognitive, personality and social processes 

(Semin and Fiedler, 1988). Language is linked to human behaviours (Tausczik 

and Pennebaker, 2010), and is therefore central to the existence and functioning 

of teams (Bonito and Sanders, 2011). 

Essentially, the ways people communicate in the real world is a good source of 

information and hence researchers from various disciplines including linguistics, 

psychology, sociology and computer sciences have attempted to explore the 

meaning behind language and how to analyse its components in order to support 

social behaviours, diagnose mental health problems, support market analysis, 

improve business management and many others aspects that aim to enhance 
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human understanding of others and their surrounding environments (Herrera and 

Herrera-Viedma, 2000; Pang and Lee, 2008; Schwartz, 2013; Guo et al., 2017). 

 

2.2.2 Text Analysis Evolution 

Text analysis is not a new area and is rooted in early psychology studies where 

researchers attempted to understand people’s needs for affiliation and 

achievement through their linguistic descriptions. For instance, Gottschalk and 

colleagues (1969), built a manual content-analysis approach where transcripts 

were coded and broken down into phrases that related to various psychological 

topics. However, hand coding content has been criticised as time consuming 

(Liebman and Gergle, 2016b), slow and expensive (Tausczik and Pennebaker, 

2010), and highly subjective (Foltz and Martin, 2008). Therefore, there has been 

an urge for researchers to take advantage of analytical opportunities provided by 

computerised text analysis.  

 

The advent of computer-aided text analysis tools rose towards the end of the first 

decade of the 21st century and enabled the analysis of massive texts. This was 

mainly due to the increased frequency of CMC, the advanced development of 

technological tools and algorithmic languages, and the increased availability of 

data. According to Tausczik and Pennebaker (2010), the first tool in psychology 

was developed by a group of researchers under the leadership of Philip Stone. 

Based on a series of algorithms, they developed a program called The General 

Inquirer that helped them in evaluating and analysing language related to mental 

disorder and personality traits. Following this, a “new generations of text 

analysis coming from computer sciences and computational linguistics” 

(Tausczik and Pennebaker, 2010, p. 25). 

 

In the literature, researchers used various terminologies for the process of 

analysing text, including linguistic analysis, content analysis, text mining, 

computational linguistics and others. Those terms can vary depending on the 

different techniques of analysis (e.g. Computational linguistics) or based on the 
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focus when running the analysis (e.g. linguistic analysis (frequency of the words, 

syntax etc.). However, the majority of computer scientists and information 

system specialists used the term Text Mining to refer to all automatic processes 

or practices to extract information from different written resources in order to 

generate new information (Wanjari et al., 2014). A further definition is given by 

Nasukawa and Nagano (2001) and Bothma (2004) who described text mining as 

extracting patterns and associations previously unknown from large text 

databases. The plethora of definitions of text mining results from the difference 

in the backgrounds of the researchers who used these methods and their 

purposes of applying the analysis. However, in this thesis, text analysis will be 

used to refer to the process of analysing textual data to predict new valuable 

information.  

 

2.2.3 Analysing Language in the Context Of Teams 

Several studies shed light on the links between language use and group 

dynamics (Leshed et al., 2009; Gonzales et al., 2010) in the context of face-to-

face (FTF) (Huber et al., 2019) or virtual teams (Leshed et al., 2007; Leshed et 

al., 2009; Tausczik and Pennebaker, 2013). Authors aimed to unravel group 

processes through text including for instance conflict, power, and status (Sell et 

al., 2004), learners’ reading comprehension abilities (Allen et al., 2014), lexical 

similarity (Liebman and Gergle, 2016a), changes in peoples’ discourse over time 

(Kramer et al., 2006), and influence in groups (Gonzales et al., 2010). For 

instance, Giles and others (1991) proposed that individuals use words and 

language (through their communication style) to reflect relative status.  

O'Riordan, Millard, and Schulz (2020) highlighted that language shows the 

depth of critical thinking in education environments.  Dong, Hill, and Agogino 

(2004) used text analysis to examine whether a correlation exists between design 

document coherence and design performance and found that the correlation was 

positive mainly for poorly performing teams. Yilmaz (2016) demonstrated that 

group performance can be assessed through explicit linguistic representation. A 

recent literature review by  Van Swol and Kane (2019) compiled empirical 

research on language and groups and developed an Input-Process-output model 
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where they highlighted that groups members begin interaction with a set of a 

priori characteristics, preferences, and opinions that are manifested by language 

use. During interaction, team members work through interpersonal and task 

processes during which cohesion, conflict, and other team states emerge and can 

be unpacked through language used during interaction. Finally, group 

interactions aim at adding value to the team and its members, and therefore 

language could reveal team and individual outcomes (e.g. performance, member 

well-being…etc.). Therefore, language is crucial to warrant a focused analysis 

particularly as it happens in team members’ interaction.  

 

2.2.4 Text Indicators 

Linguistic mimicry through Linguistic Style Matching (LSM) has been used as a 

text indicator. The core premise in this stream of research lies in the fact that 

unconscious mimicking of a conversation partner often takes place and is 

considered as an indicator of synchrony (Ireland et al., 2011). Gonzales and 

colleagues (2010) used LSM as a measure of group cohesion and (Carmody et 

al., 2017) as an indication of team performance. Gonzales and colleagues (2010) 

found that LSM scores were correlated with self-reported measures of group 

cohesion in both FTF and CMC contexts and were also correlated with 

performance in FTF but not CMC. However, results have been generally 

inconclusive regarding cohesion.  Whereas most studies have found a positive 

relationship between language convergence and cohesion (Scissors et al., 2008; 

Gonzales et al., 2010; Tausczik and Pennebaker, 2013; Carmody et al., 2017) 

other studies found a negative relationship (Yilmaz et al., 2015), and others 

found no association (Carmody et al., 2017). Further refinement of the link 

between linguistic convergence and cohesion was based on the social and task 

duality of the cohesion dimension. Authors found that mimicry in team 

conversations had a stronger relationship to social cohesion than to task 

cohesion (Nanninga et al., 2017).  
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By taking a closer look at LSM contribution, Nanninga and others (2017) used 

real work groups to examine the correlation between verbal synchrony and team 

performance and social support interact within real work groups. For their 

analysis, the authors performed a sorting of function words into 5 categories and 

calculated the usage frequency of each word category. These categories included 

pronouns (I, we, you, self, and other), negations, assent articles, and 

prepositions. The authors found that there is a positive relationship between 

LSM and social support but a negative association between LSM and team 

performance.  

 

For instance, pronouns are function words revealing cognitive structures and 

mental states of the sender (Campbell and Pennebaker, 2003). Pennebaker 

(2011, p. 175) states that “you” pronouns are “the equivalent of pointing your 

finger at the other person while talking”. Nanninga and colleagues 

(2017)mapped personal pronouns (labelled as “pronouns in social categorisation 

model”) along two dimensions: inclusiveness dimension and individual vs. 

collective. Regarding the first dimensions, the authors distinguished (first 

personal pronouns I, We) as self-inclusive and third personal pronouns (He, She, 

They) as self-exclusive. For the second dimension, singular pronouns reflected 

individual levels (I, He, She) whereas plural pronouns (We, They) corresponded 

to collective levels. This second dimension is similar to studies looking at how 

pronouns can reflect affiliation with groups. In a study by (Kane and Rink, 

2015), the authors used language-based identity strategies (integrating vs. 

differentiating) and suggested that pronouns used reflected newcomers’ interest 

in integrating into or differentiating from the group. They also expected those 

strategies impact groups’ willingness to accept newcomers and utilise their task 

knowledge, however this was not fully but was conditional on newcomers’ 

future prospects. Additionally, personal pronouns could reflect status in groups. 

Kacewicz and colleagues (2013) demonstrated that “we” correspond to higher 

rank, while “I” reflect low-status speech.  Munson, Kervin, and Rober (2014) 

applied LMS to team emails to gauge team performance, team trust, and shared 

understanding in long-term project teams. Their study involved using first-

person plural pronouns and word count to assess team trust and shared 
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understanding and future and achievement-oriented language to examine team 

performance. The authors found that only future-oriented words were indicative 

of performance and none of the other constructs. 

 

Besides pronouns, other categories of words have been used in the literature to 

characterise team discourse.  Huffaker, Swaab, and Diermeier (2011), used a 

virtual negotiation exercise and LIWC program to examine linguistic 

convergence in coalition conversation and its impact on negotiation outcome. 

Using the entropy approach, the dictionary for positive emotions included 43 

words such as “happy” or “nice”, negative emotions using words such as “sad”, 

“hurt”, “hate” and “ugly” (72 in total), and assents using “yes”, “ok”, “mmhmm” 

(18 in total). The authors found that greater linguistic convergence and assent 

between potential coalition partners was associated with increased agreements 

whereas the use of negative emotion words decreased agreement. Yet another 

study by Leshed et al.,(2009b) showed that assents represent low task 

engagement in virtual team interactions.  

 

Yilmaz and others (2015) examined how social identities and interpersonal 

behaviours manifest in the words used by collaborators in virtual teams. They 

used the LIWC program based on 9 categories to calculate LSM scores and 

capture language patterns: verbs, articles, common adverbs, personal pronouns, 

indefinite pronouns, prepositions, negations, conjunctions, and quantifiers. Three 

linguistic markers were used: word count, negations, and assents. The use of 

negation (e.g. no, not, but) to provide feedback or express disagreement signals 

objective discussion and openness and interest in other group members’ 

arguments, and this would ultimately lead to more effective decisions (Yilmaz et 

al., 2015) Higher word counts were associated with increased task focus, and 

this aligns with the idea that word counts can reflect language complexity which 

is indicative of rational argumentation (Tausczik and Pennebaker, 2010; Van 

Swol et al., 2016) . 
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Automated text analysis was also applied to emails to study corporate 

hierarchies (Gilbert et al., 2012). Particularly, words and phrases people use to 

communication with others from lower/higher levels. For example, the author 

distinguished between upward phrases (e.g. “thought you would”) highlighting 

that the recipient outranks the sender, and lateral or downward phrase (e.g. “let’s 

discuss”) implying the opposite. Through this research, the author released 7222 

phrases as a dictionary of power and hierarchy. 

 

2.2.5 Use in Present Thesis 

In this section, we introduced the text analysis, provided some examples of the 

different techniques used to analyse the text and their benefits in teamwork 

research, and highlighted the importance of text analysis in studying team 

attitudinal and behavioural dynamics. In this thesis, we build on this research 

tradition to describe an approach to assess team cohesion and shared mental 

models based on analysis of what people talk about in a chatroom.  Our 

approach is to use LIWC analyses that have been found in the literature to 

predict related aspects of team communications, and to test whether these are 

able to predict judged cohesion and shared mental models in relatively brief 

CMC problem-solving collaborations. Further details are provided in each 

chapter included in the thesis.  
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2.3 Shared Mental Models 

2.3.1 Definitions and Dimensions 

Team cognition, or simply how a team thinks, is important to its functioning and 

hence researchers have attempted to unpack the construct, its constituent, and its 

nomological network.  Much of this research has focused on the study of mental 

models in teams.  

Researchers have used various terms to refer to Team Mental Models (TMMs). 

A group of researchers used TMMs as a generic concept to reflect 

 “knowledge structures held by members of a team that enable them to form 

accurate explanations and expectations for the task, and in turn, to co- 

ordinate their actions and adapt their behaviour to demands of the task and 

other team members” (Cannon and Edmondson,  2001, p. 228). 

Other researchers used similar definition but included similarity as an important 

feature of TMMs (Biemann et al., 2014; Nakarada-Kordic, 2016; Tesler et al., 

2017; Gardner et al., 2017; Griffith et al., 2018); an aspect that others referred to 

as “Shared Mental Models”. SMMs in teams are defined as: 

 “the overlap or convergence among members’ mental representations 

regarding various aspects of their team and task”  (Maynard and Gilson, 

2014, 2014, p. 8). 

This means that there is agreement, similarity, convergence, and sharedness of 

mental models among team members; they are “on the same page”. Finally, 

some others used included an additional feature to TMMs besides similarity. 

Carley (1997) , Klimoski and Mohammed (1994) and Mansson and colleagues 

(2015) included accuracy to refer to  

“whether the team mental model is representative of the actual situation” 

(Schmidtke and Cummings, 2017, p. 665).  

 

The above-mentioned definitions highlight that teams might share more than one 

model at a given point in time (Klimoski and Mohammed, 1994). According to 

Converse and others (1993), the complexity of the task might require multiple 
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mental models to be shared among members. Therefore, researchers attempted 

to describe the different types of mental models that team members might 

develop when they perform their group tasks (Cannon-Bowers et al., 1990; 

Klimoski and Mohammed, 1994; Mathieu et al., 2000). A team can share four 

types of mental models.  

 

First, the task models (e.g. how to complete a task in terms of task procedures, 

requirements and environmental conditions, requirements and scope of the task, 

deadlines and schedules), which is particularly valuable in complex tasks and 

when the tasks requirements and procedures are changeable. The second model 

is defined as the equipment or technology models (sharing the knowledge about 

how to benefit from the technology available to work as a team and how to 

control their failures). Thirdly, the team interaction models, team members 

should share an understanding of how the members communicate, the members 

roles and responsibilities, and their interaction patterns. Finally, team models, 

defined as team shared knowledge about team member’s skills, abilities and 

preferences, which help create true expectations about team members (Kraiger et 

al., 1995; Mathieu et al., 2000).  

 

It can be argued that these four types of SMM can reflect two main content 

domains, the task-related models of the situation (e.g., consist of both 

technology/equipment and task models) and team-related models of the situation 

(combine the team interaction and team models), which align with McIntyre and 

Salas (1995) idea of developing two tracks of team behaviour (a task- work track 

and a teamwork track(.Thus, subsequent research has primarily emphasized on 

these two types of mental models (Sampson et al., 2000; Levesque et al., 2001; 

Mathieu et al., 2005; Neumann et al., 2006; Hanna and Richards, 2014). This 

conception is important in this thesis, especially in the first empirical study. 

 

Other authors in the field of team design developed different typologies of 

SMMs. As an example, Neumann and colleagues (2006) identified four types of 
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mental models including task model, process model, team model and 

competence model. Task models involve task procedures, constraints and 

product knowledge. Process models contain a problem-solving strategy, 

decision-making and idea evaluation. Team models reflect the teammates’ 

knowledge, preferences and role interdependencies. Competence models 

consists of members ‘self (abilities, strengths, weaknesses). Presumably, the 

team mental models are different for each task and every team. Thus, a careful 

consideration needs to be taken when studying team mental models in every 

domain.  

 

Accordingly, in this thesis, we build on the SMM dual typology (Espinosa and 

Carley, 2001; Levesque et al., 2001; Mathieu et al., 2005; Smith-Jentsch et al., 

2005; Lim and Klein, 2006; Hanna and Richards, 2014) to investigate mental 

model similarity pertaining to both task and team, task shared mental model 

(Task SMMs) and team shared mental model (Team SMMs) respectively. In this 

conception, Task SMM describe the content and structure of team members’ 

mental models of the task, its procedures, the tools and the strategies used to 

complete it,  whereas Team SMM describe the content and structure of team 

members’ mental models of team interaction processes in teams including 

members roles and responsivities, team member’s skills and abilities, work 

coordination. Our contention aligns with Maynard and Gilson (2014) who 

claimed that teams need to have both SMMs, because either type is a necessary 

but not sufficient condition to achieve high levels of performance. We also focus 

on similarity of models across team members, as the majority of research in the 

area has stressed the importance of similarity (Mathieu et al., 2004; Dechurch 

and Mesmer-Magnus, 2010) and because the core concept of mental models is 

based on shared organisational knowledge across teams (Mathieu et al., 2008; 

Ayoko and Chua, 2014) 
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2.3.2 Antecedents of SMM 

Given the importance of SMMs scholars have attempted to understand the 

factors that impede or enhance SMMs in teams (Mohammed et al., 2010). 

Kraiger and Wenzel (1997) identified 4 categories including environmental, 

organisational, team, and individual, and found that specifically increased team 

member interaction, communication, and training are positively related to task 

SMMs. Indeed, training, an organisational factor, has been the most studied 

antecedents to SMM (Mohammed et al., 2010). For instance, various types of 

trainings including cross training (Marks et al., 2002), teamwork skills training 

(Smith-Jentsch et al., 2001), and team interaction training have been found to be 

positively associated with SMMs (Marks et al., 2000) . 

 

Regarding communication,  Boies and Fiset (2018) defined task-related and 

team-related communication and examined their impact on task and team 

SMMs. These authors found that there was a positive association between task‐

related communication and task SMM, and team‐related communication and 

team SMMs, whereas the alternative relationships were non-significant.  

 

Leadership has also been linked to SMMs (McIntyre and Foti, 2013; Ayoko and 

Chua, 2014; Reuveni and Vashdi, 2015). For instance, McIntyre and Foti (2013) 

investigated how shared leadership in undergraduate student teams impact the 

degree of SMM similarity and accuracy. They found that teams that had a 

coordinated type of shared-leadership perception showed significantly increased 

levels of mental models’ convergence and accuracy levels. Similarly, Ayoko and 

Chua (2014) found that team transformational leadership was associated with 

both task SMMs and team SMMs.  

 

Another team process characteristic that has been found to be related to SMM is 

team cohesion. A study by Ensley and Pearce (2001) demonstrated that social 

cohesion was positively associated with the team’s task SMMs. This has been 
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confirmed by another study by Marberry (2007), who found that task cohesion 

was related to task SMMs while social cohesion was related to team SMMs.  

 

Other factors impacting SMMs include storytelling (Tesler et al., 2017), task-

related member comprehension (Xie et al., 2009), role clarity (Cassidy and 

Stanley, 2019), team member tenure and experience (Rentsch and Klimoski, 

2001), collective efficacy (Peterson et al., 2000), and team process. For example, 

team processes which include transition, action, and interpersonal processes 

were related to task but not to team shared mental models (Cassidy and Stanley, 

2019). Another potential antecedent to SMMs is the ICT (information 

communication technology) characteristics. Maynard and Gilson (2014) 

proposed that specific attributes of a technology (reprocessability, transmission 

velocity, symbol sets, parallelism, and rehearsability) can impact team and task 

SMMs development. 

 

In a different context, teams of agents and  human-agent teams, Hanna and 

Richards (2014) examined the influence of multimodal communication, verbal 

and nonverbal communication, between a human and an Intelligent Virtual 

Agents (IVAs) on the development and maintenance of a SMMs between them 

in two studies, the first and second study recruited 66 and 22 participants 

respectively and asked them to perform a collaborative activity with the IVA, 

and answer questions related to the experience and SMMs in a post-survey. The 

results showed a significant positive relationship between the IVA’s 

communication and the development of a SMMs related to task work and 

teamwork as perceived by the human teammate. 

 

2.3.3 Impact of SMM on Team Performance 

Over the past decade, there has been a proliferation of research related to SMMs 

in various disciplines including organisational behaviour (Griffith et al., 2018), 

healthcare studies (Nakarada-Kordic et al., 2016; Gardner et al., 2017), maritime 

simulation (Mansson et al., 2015), educational settings (Langan-Fox et al., 
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2004), business studies (Dao et al., 2017). These studies attempted to present 

explanations of team members’ performance differences. 

 

SMM theory was developed to explain how teams can acclimatise in their task 

environment very quickly and with high efficacy (Mathieu et al., 2000). The 

SMMs concept was presented in 1990 to understand the factors that might 

influence team effectiveness and to advance the exploration of teams’ 

mechanisms in dynamic, complex and unpredictable situations (Cannon-Bowers 

et al., 1990). For example, in critical group work such as military decision-

making group, members need to know the situation very well by correctly 

predicting the other team members activities, and behave accordingly in order to 

achieve the task and team goals. Inversely, failure to understand team and task 

activities will lead to breakdowns in teamwork, as well as to a disarray with 

respect to who is responsible for specific tasks. Essentially, effective teamwork 

requires members to be on the same trajectory taking into consideration what to 

do, with whom, and when to do it.  

 

In fact, SMM facilitate information processing and enhance coordination by 

enabling team members to form accurate teamwork and task work expectations 

(Rouse and Morris, 1986; Cannon-Bowers et al., 1993). In other words, if team 

members fail to share similar understanding and interpretation about the task and 

its elements, they might fail to coordinate their efforts effectively. Moreover, 

when members share the same understanding of the task, their interpersonal 

interactions appear more effective, allowing them to perform more successfully 

(Cannon and Edmondson, 2001; Rentsch and Klimoski, 2001). SMM also allow 

team members to formulate similar predictions about the outcome of their work 

(Banks and Millward, 2000). Accordingly, by understanding and interpreting the 

tasks and team interaction in a similar manner, members will be able to 

overcome disagreements and to reach consensus more easily (Johnson-Laird, 

1983; Cannon-Bowers et al., 1990; Rentsch and Klimoski, 2001; Dechurch and 

Mesmer-Magnus, 2010; Maynard and Gilson, 2014). This consequently is 
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associated with increased team performance (Mathieu et al., 2000; Lim and 

Klein, 2006).  

 

Substantial evidence suggests that SMMs is related to more specific positive 

outcomes. For instance, Bolstad and Endsley (1999) reported that shared mental 

models in teams reduces the mistakes members make. Other outcomes include 

understanding each other in dynamic, ambiguous circumstances (Davison and 

Blackman, 2005) and reducing conflict (Ayoko and Chua, 2014), engaging in 

effective team behaviour (Gardner et al., 2017), anticipating needs and actions 

(Cannon-Bowers et al., 1993; Salas et al., 2012) adapting and coordinating 

behaviour (Cannon-Bowers et al., 1993), and creating more robust contingency 

plans (Marks et al., 2002).  

 

For instance, Mathieu and others (2000) conducted an experiment to examine 

the impact of sharedness of teammates’ mental models, both task and team on 

team processes and performance and whether there is a direct linear relationship 

between SMMs and team processes. Authors used 56 two-person teams to 

perform a series of missions on a flight-combat simulation. The experimental 

sessions ran between 2.5 and 3 hours and between the sessions players were 

asked to respond to a survey. A relatedness rating that consisted of two matrices 

(one for each mental model) used to measure SMMs and subsequently used a 

network-analysis program (UCINET) to capture the structure of these models. 

Moreover, team processes were measured by experimenters through observing 

the participants interaction using the experiment’s video and audio recording. 

Whereas team performance was measured through counting the points that 

players gained when they accomplished task goals. The result indicated that 

shared team mental model related significantly to team performance, but this 

relationship was fully mediated by team processes. In contrast, task SMMs did 

not correlate significantly with team performance but did have an indirect effect 

through its impact on team processes. This might be due to the small sample size 

(two members) or to the limited time of the experiment that could impact the 

measure of team processes. However, this study provided the first clear 
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empirical support for the positive relationship between SMMs and team 

performance (Mathieu et al., 2000).  

Similarly, using a multi-method approach, Espinosa and Carley (2001a) 

investigated the linkages between SMM and team processes but in a different 

context, a software development project. The researchers first conducted 36 

interviews in two separate departments at a large international 

telecommunications company to develop familiarity with the company’s 

software context and its coordination issues. Following this, the used a survey 

(97 respondents) to test the effects of shared mental models on coordination. In 

addition, they applied an archival study to examine stored data from related 

software production records in order to investigate the influence of shared 

mental models on software development. The result from these studies support 

the positive influence of shared mental models on coordination in teams. 

However, the findings might be limited to the context of the company and the 

survey sample size was quite small for generalization. Nonetheless, the study 

has strength of proving the effect of shared mental models on team processes 

(coordination) in real organizational context using multiple research approaches. 

In the same context, in a software development projects, Levesque and 

colleagues (2001) examined weather the SMMs increase over time. They 

collected a survey data from 62 teams in three different time for 3 months and a 

half. Then, they used an intrateam similarity (that look to within group 

agreement (Rwg)) to measure the SMMs. Surprisingly, they found a decrease in 

shared mental models between the team. This result might be due to the fact that 

team members have become more specialist in specific tasks and then interacted 

less over time.  

 

Researchers extended our understanding of SMMs’ influence beyond general 

performance. For instance, based on an experiment using student participants, 

Griffith and others (2018) examined the impact of leader-member shared mental 

models on follower creativity performance including quality, originality, and 

elegance of an individually developed solution. Their study results, however, 

showed that this is only significant for the SMM-follower originality 
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relationship.  In addition, De Vreede and colleagues (2012) examined the impact 

of SMMs on consensus decision-making including degree of voluntary 

commitments to decision, satisfaction with decision, and perception of fairness 

of the process.  In a Merger and Acquisition context, Dao and others (2017) 

surveyed 101 managers from acquirer companies in German-speaking Europe to 

understand how SMMs impact innovation (exploration and exploitation) in 

M&A teams. Their results showed that Task SMMs positively influenced post-

merger exploitation but not exploration, whereas team SMMs positively 

impacted both dimensions of innovation. Another study by Mathieu and others 

(2010) investigated the impact of both task and team SMMs on team efficacy 

but found significant results only for task SMMs.  However, a subsequent study 

by Ayoko and Chua (2014) demonstrated that both task and team SMM have an 

important impact on team efficacy.  

 

Empirical studies have produced inconsistent results about the relationships 

between shared mental models and team performance suggesting that SMM 

might be a double edge sword phenomenon. While researchers found that SMMs 

have a positive impact on performance, other highlighted that SMMs might not 

be desired within team as it can have a negative impact on team and individual 

outcomes. This is based on the premise that high levels of SMMs put team 

members in a comfortable position that might prevent beneficial and functional 

disagreements. High levels of SMMs also limit how much of the task 

complexity team members grasp (Toader and Kessler, 2018). Yet, a study by 

Redlich and others (2018) found that SMMs had a positive impact on creativity, 

thereby questioning the robustness of the previous argument. Hence, the positive 

impact of SMM is still the prevailing idea in the existing literature as evidenced 

by meta-analysis (DeChurch and Mesmer-Magnus, 2010), and further research 

is needed to understand whether the relationship between SMMs and 

performance or other team outcomes is curvilinear, where the level of SMMs 

beyond a certain level would have a negative impact on teams.  
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2.3.4 Gaps in SMM Literature 

Research on SMMs is very rich but yet limited. Most of the SMMs research has 

been conducted with face-to-face teams (Maynard and Gilson, 2014; Redlich et 

al., 2017). Yet with globalisation, many teams are geographically dispersed and 

hence they extensively use information technology to communicate 

(Algesheimer et al., 2010; Bosch-Sijtsema et al., 2011). Accordingly, scholars 

have called for further research examining TMM in virtual teams (Xie et al., 

2009; Redlich et al., 2017), and more generally team dynamics in computer-

mediated communication context, where technology is used to exchange 

information and complete tasks (McGrath and Hollingshead, 1994).  

 

Essentially, Face-to-Face (FTF) teams and Computer-Mediated-Communication 

(CMC) teams exhibit different interaction process. As mentioned by Walther 

and colleagues (2005) 

“…virtual teams encounter numerous challenges due to their dispersion and 

communication limitations, which can impede their effectiveness, or at least 

require great efforts to accommodate to the virtual environment and virtual 

partners” (p.1).  

 

In fact, Hiltz (1986), Reid and colleagues (1996) and Becker-Beck and 

colleagues (2005) highlighted that CMC teams tend to have a greater 

communication about task-related issues, and this in turn might limit team 

members communication regarding team related aspects (Maynard and Gilson, 

2014). In addition, their communication differs in the richness of information 

they can transfer (Daft and Lengel, 1986). Moreover, because of the absence of 

physical presence, nonverbal and paraverbal cues cannot be transferred (Becker-

Beck et al., 2005). Finally, another distinction between CMC and FTF is the 

existence of typed word (Becker-Beck et al., 2005). Therefore, results from 

existing studies on SMM in FTF teams cannot directly be transferred to CMC 

teams. This is particularly important when considering both task and team SMM 

as they would have a differential impact on team performance.  



 

 27 

 

 

Finally, a considerable amount of literature has been published on the impact of 

SMMs on teams. These studies have mainly focused on general performance as 

an outcome. However, SMMs can impact other aspect of the team including 

team cohesion. Indeed, as stated Filho (2018), TMM and cohesion mutually 

impact one another. Whereas the cohesion  SMMs has been established 

(Ensley and Pearce, 2001; Marberry, 2007), the reverse relationship is yet to be 

studied. In fact, having a common task goal strengthens team’s cohesion (Carron 

and Brawley, 2000; Beal et al., 2003). In addition, common knowledge about 

team’s tasks, member contributions to the team, and what the team means to its 

members can facilitate communication and enhance team cohesion (Kozlowski 

and Chao, 2012). Accordingly, SMMs seem to have important implications on 

team cohesion. 

 

2.4 Team Cohesion 

2.4.1 Definition and Dimensions 

The term cohesion1 was first coined in the context of group work by Festinger 

(1950) and was defined as “The resultant of all the forces acting on the members 

to remain in the group” (p. 274). Since then, the term has gained importance and 

several other definitions have emerged. For instance,    Seashore (1954) defined 

cohesion as “a member’s attraction to the group or resistance to leaving” (p. 11) 

and Shaw (1981) referred to it as “the degree to which members of the group are 

attracted to each other”. However, according to Casey-Campbell and Martens 

(2009), Seashore (1954) definition has received considerable attention and use in 

the existing literature.   

 

1 Team cohesion is also known as team cohesiveness. For consistency purposes, we will be using cohesion throughout 
the thesis.  
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More specifically, the above-mentioned definitions stipulate that interpersonal 

attraction represents a major source of cohesion. However, a more 

comprehensive definition has been provided by Mathieu and others (2015) 

“The degree of member integration or “bonding” in which members share a strong 

commitment to one another and/or to the purpose of the team” (p. 714).  

As such, this definition extends the scope of what cohesion means from 

commitment to team members to the purpose of the team itself. Accordingly, 

this definition is used in the current thesis as it satisfies the objective of the 

study. However, it must be noted that the idea of commitment to team members 

is surely considerably narrower for ad hoc teams brought together for a single 

problem-solving task than it would be for teams that work together on many 

tasks over an extended period of time. Still, it is not empty, we envisage that ad 

hoc team members will, by default, care for each other’s enjoyment and 

satisfaction, for example. 

 

The myriad of definitions that emerged fuelled a dimensionality debate as to 

whether cohesiveness is a unidimensional or multidimensional construct. In this 

respect, past research proposed that two types of cohesion may surface in a 

group setting— task and social (See Table 2-1 for definitions). Although this 

duality has been recognized as a “milestone in the cohesion field of study”(Dion 

and Evans, 1992) and a critical theoretical distinction (Carron et al., 1985; 

Dobbins and Zaccaro, 1986; Mullen and Copper, 1994; Carron and Brawley, 

2000; Beal et al., 2003; Carron et al., 2007; Castaño et al., 2013) research often 

failed to integrate both types simultaneously. However, ignoring the concept’s 

multidimensionality generates inconsistencies in the research findings and masks 

nuances in the antecedents-cohesion-outcome relationships. For instance, in a 

study of cadet squadrons in the US, Zaccaro (1991) empirically highlighted the 

importance of the team-task distinction and found that task cohesion was more 

strongly related to higher individual performance, lower role uncertainty and 

lower absenteeism than was interpersonal cohesion. These differential results 

call for the adoption of a two-dimensional model to defining and measuring 
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cohesion. Therefore, the present research adopts this multidimensional definition 

of group cohesion, distinguishing between social and task team cohesion. 

 

Table 2-1 Definitions of task and social cohesion. 

Cohesion dimension Definition Example studies 

Interpersonal cohesion (also 
referred to as social) 

Focuses specifically on the 
degree of attraction to the 

group because of satisfactory 
relationships and friendships 

with other group members 
(Festinger, 1950). 

Aaron et al., 2014, p. 91 

Aubke et al., 2014 

Task cohesion An attraction between or 
bonding between members 
that is based on a shared 
commitment to achieving the 
group’s goals and objectives. 

 

Salas, Grossman, et al., 
2015; Nanninga et al., 

2017 

 

 

2.4.2 Antecedents of Team Cohesion 

In spite of the vast history and accumulated literature on team cohesion, 

remarkably studies examining the consequences of cohesion outnumber those 

examining antecedents (Aubke et al., 2014), Cohesion antecedents are team 

diversity (Harrison et al., 1998), team charters (Aaron et al., 2014), members’ 

helping behaviour (Podsakoff et al., 1997), members’ identification (Hogg, 

1992) to name a few. Therefore, those antecedents pertain to different levels. 

Antecedents pertaining to individual members: Hogg (1992) determined that a 

member’s identification with the group could have an impact on subsequent 

levels of cohesion. Other characteristics (e.g. self-esteem, past experience) are 

also used as antecedents in group cohesion models (Kaymak, 2011).  

 

As to team level antecedents, Van Knippenberg and Schippers (2007) suggested 

that group diversity impacts group cohesion, yet this relationship has not been 

supported in other studies (Webber and Donahue, 2001), and some researchers 
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even predicted a negative relationship (Roberge and Van Dick, 2010). In 

addition, Kozlowski and Chao (2012) claimed that group norms influence the 

emergence of team cohesion. Other antecedents related to members’ similarity 

(Tajfel, 2010; Zaccaro and McCoy, 1988), group size (Zaccaro and Lowe, 1988; 

Carron and Spink, 1995), goal-path clarity (Wang and Hwang, 2012), 

effectiveness of immediate leadership (Wood and Charbonneau, 2018) and 

perceived threat (Wang and Hwang, 2012). On the other hand, apart from the 

positive factors, some negative factors may also influence a team’s cohesion. As 

stated by Kozlowski and Chao (2012) cohesion is affectively loaded 

(particularly when one speaks about social cohesion), one might expect that 

interpersonal conflicts (or faultlines) would destabilise such cohesion 

(Kozlowski and Chao, 2012) 

 

Efforts to predict cohesion also emerged in studies investigating virtual teams. 

For instance, Melon and others (2012) examined the impact  of computer-

mediated communication levels on cohesion but did not find any significant 

result. Piccoli and colleagues (2004) stated that high levels of communication 

among team members in early stages of the life of virtual teams foster team 

cohesion. Altebarmakian and Alterman (2019) showed that various types of 

engagement (e.g. behavioural, cognitive, and interactivity) determine the scope 

and quality of the cohesion that emerges within online collaborative student 

teams. Wang and Hwang (2012) examined cohesion in computer-supported 

collaborative learning using 75 Taiwanese college students (divided into 25 

groups) and found that collective efficacy significantly predicts task cohesion.  

 

2.4.3 Impact of Team Cohesion on Team Performance 

Cohesion is a crucial component of team dynamics. Researchers have examined 

cohesion within the context of organisational psychology (Joo et al., 2012; 

Liang, Shih and Chiang, 2015; Post, 2015; Dimas et al., 2020), sport (Carron et 

al., 1985; Carron et al., 2007), education (Lent et al., 2006; Thompson et al., 

2015), military settings (Griffith, 2007) and computer science (Lohan et al., 

2014; Nanninga et al., 2017).  
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Cohesion reflects the nature and quality of team processes (Kozlowski and Ilgen, 

2006) as well as the quality of their outputs (Beal et al., 2003; Greer, 2012). This 

is because cohesion is regarded as a stabilising force; it is at the essence of 

members’ motivation towards their teams (Salas et al., 2015), and essential to 

the fulfilment of their affiliation needs (Aaron et al., 2014).  Additionally, the 

intimate and frequent interactions resulting from high cohesion generate greater 

team mental model convergence (Beal et al., 2003). 

 

Accordingly, researchers have attempted to gain insights about how cohesion 

impacts team outcomes. For instance, Schwanda and others (2011) found that 

members of highly cohesive groups tend to be more satisfied with their 

experience than those in less cohesive groups. Moreover, a strong sense of 

cohesion improves communication between group members, and this in turn 

creates a virtuous cycle of cooperation, and promotes an increased acceptance of 

team goal, task and roles (Aubke et al., 2014). However, some researchers found 

inconsistent results where the cohesion-performance relationship was non-

significant or negative altogether (Podsakoff et al., 1997). Overall, in a meta-

analysis by Evans and Dion (2012) reviewing 27 papers, the authors found a 

positive correlation between group cohesion and group performance. However, 

it has also been found that cohesion impairs the quality of decision making as 

highly cohesive teams might have biased decisions driven by their desire to 

maintain good relationships (Mullen et al., 1994; Park et al., 2017). Cohesion 

increases pressure for conformity within the team (Paskevich et al., 2001) and 

therefore might have a negative impact and reduce team performance.  

 

Additionally, some researchers showed that this relationship is not linear, in a 

sense that the strength of cohesion-performance is moderated by contextual 

factors. For example, Gully and others (1995) claimed that task interdependence 

affects the magnitude of the cohesion–performance relationship. Similarly, 

Chiocchio and Essiembre (2007) performed a meta-analysis of the cohesion-

performance relationship and found that types of teams and settings are 

moderators. Specifically, they found that the positive relationship between 
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cohesion and performance was stronger in project teams for behavioural 

performance measures, whereas this relationship was stronger in work teams for 

outcome performance measures. 

 

Other groups of scholars examined the differential impact of task and social 

cohesion on team outcomes. Zaccaro and Lowe (1988) found that task cohesion 

facilitates performance, whereas social cohesion constrains maximum 

performance. Similarly, Mullen and Copper (1994) established that task 

cohesion increased performance more than social cohesiveness. Paskevich and 

colleagues (1999) found that social cohesion improved collective effectiveness 

whereas task cohesion was more related to collective goals achievement and 

increased collective efficacy. Carless and De Paola  (2000), using teams from 

the Australian public sector, examined the interaction between both types of 

cohesion and highlighted that social cohesion may be an antecedent to task 

cohesion. A recent study by Dimas and others (2020) showed that there exists a 

curvilinear relationship between cohesion and performance (learning) in a sense 

that both task and social cohesion increase team learning up to a threshold. 

Specifically, the maximum level of learning was achieved when task cohesion 

was high and social cohesion moderate.  

 

2.4.4 Gap in the Cohesion Literature 

A major limitation of previous research is that researchers assessed cohesion 

through self-reported survey responses and limited efforts have been deployed to 

study cohesion otherwise. However, several studies have found that there are 

significant differences between self-reported data and actual behaviours, thereby 

highlighting the limitations of the former. For instance, Jones and others (2010) 

studied compared television (TV)‐viewing time among 40 subjects using self-

reported data and measures obtained by an electronic TV monitor. They found 

that the data from the TV monitor revealed that self-reported TV viewing time 

was underestimated by an average of 4.3 h per week. Similarly, Winne and 

Jamieson-Noel (2002) showed that, compared to actual measures, learners are 

inaccurate in their self-reported measures as they tend to overestimate the use of 
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specific study tactics. This might result from “biased information arising from 

incomplete and reconstructed memories plus subjective and implicit theories of 

the mental processes involved” (Zhou and Winne , 2012, p. 414). Along similar 

lines, Zhou and Winne (2012) showed that trace data-based measures of student 

achievement goal orientation had much stronger associations  with  learning  

outcomes  than  self-reported  ones.  Trace data  had “lower memory bias” and 

allowed  for  collection  of finer  grain  data  that were more indicative of the  

actual  learning experiences. (Schwarz and Clore, 1983; Strack et al., 1991) also 

showed that the immediate cognitive context (e.g. the momentary mood of the 

respondent) influences self-reported measures of well-being and stated that 

subjects who were in a good mood reported higher levels of and happiness and 

life satisfaction than subjects in a bad mood (Schwarz and Clore, 1983). The 

above discussion suggest that systematic biases may impact the associations 

among self-reports and the investigated input/output variables. 

 

The development and expanded use of self-report surveys to collect data on team 

cohesion has had a significant impact on how we study team cohesion including 

its antecedents and potential outcomes on team performance. However, in spite 

of these developments, a question remains—do respondents tell the truth when 

they are asked about their perception of cohesion? This said, some respondents 

might be under- or over- reporting cohesion, and this in turn makes it hard to 

gage the truthfulness of self-reported measures. Indeed, Staw (1975) found that 

subjects reported higher cohesion levels when told that their performance was 

high (as opposite to low performance) although this feedback was totally 

unrelated to the actual performance of the group.  

 

Accordingly, scholars have also moved beyond self-reported measures and 

begun using advanced tools to predict team cohesion in naturalistic 

environments, as the interaction occurs. Olguin-Olguin and Pentland (2010) 

measure frequency of face-to-face interaction (as a proxy to cohesion) using 

sensor-based organisational design and engineering (ODE) approach. Hung and 

Gatica-Perez (2010) used audio, visual, and audio-visual cues (e.g. turn duration, 
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pause time) to estimate cohesion levels in groups. Sharma and others (2019) 

used 1004 online videos for automatic affect and cohesion analysis.  Nanninga 

and colleagues (2017) proposed a novel method to predict verbal expressions of 

task and social cohesion using paralinguistic mimicry. In addition, Zhang and 

others (2018) used wearable social sensors to predict team cohesion and found 

that features and data from the sensors indicated better results regarding the 

perception of group cohesion compared to the ratings alone. The authors also 

highlighted that social cohesion was easier to predict than task cohesion. Finally, 

Dang and colleagues (2019) developed a hybrid deep learning network for 

predicting group cohesion in images. 

 

The study described in this thesis is designed to benefit from using both self-

report evidence of cohesion, and the data generated from text analysis of the 

same teams’ collaborations in order to increase our understanding of team 

cohesion. 

2.5 Desert Survival Task2 

2.5.1 A Brief Overview of the DST 

The desert survival task is an exercise that was developed in education as an 

attempt to enhance experiential learning (Eady and Lafferty, 1974). It is a 

teaching simulation to capture the dynamics of team building, group decision 

making, and problem solving (Johnson et al., 1982; Joshi et al., 2005). The 

exercise places group members in a situation where their airplane has crashed in 

the Sonoran Desert in South Arizona, USA. Stranded in the desert on a summer 

day, the survivors are far from any human settlements (Born et al., 2020). The 

task requires members to decide and rank 12-15 salvageable items3 on their 

usefulness to the team and their survival. Individual and group scores are then 

compared, and the team then negotiates the importance of the items collectively. 

 

2 Also called Desert Survival Problem 
3 Some studies simplify the items and reduce them to 10 (e.g. Born et al., 2020).  
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Accordingly, the DST allow researchers to reflect upon team alignment and 

team agreement based on collaborative decision-making (Lauckner et al., 2015). 

 

2.5.2 Task Categorisation 

Groups are vehicles for performing tasks (McGrath, 1984), and therefore 

previous research has used several tasks to gain insights into groups dynamics. 

The ubiquity of tasks as has urged researchers to better understand their nature 

and therefore several classifications have emerged (Hackman, 1968; Shaw, 

1973; Laughlin, 1980). The models differ but overlap in terms of their basis of 

categorisation (McGrath, 1984). According to McGrath (1984) those tasks can 

be classified into four quadrants according to the performance processes they 

entail: Generate (teams are required to generate ideas and plans), Choose 

(Intellective and decision-making tasks, i.e. solving problems with/out correct 

answer), Negotiate (Resolving conflict of viewpoint and interest), and Execute 

(competitiveness and conflict of power).  

 

The desert survival task chosen for the present thesis fell into category 2 as it 

requires teams to come up with a preferred or agreed upon answer. However, the 

task also contains characteristics of category 3 (Negotiate) as team members 

have to convince each other about the optimal ranking of solution items and 

therefore should negotiate and work through their conflict of viewpoints 

(Thompson and Coovert, 2003). Therefore, the task leads to various processes 

within the team.   

 

2.5.3 The Application of DST in Previous Research  

The nature of the DST has made it an appealing task in existing research. 

Essentially, the objective of the desert survival task is for individuals to play a 

role which produces certain actions and behaviours that can be compared to real-

life scenarios (Eady and Lafferty, 1974). Furthermore, according to Szumal and 

Synergistics (2000), such tasks enable researchers to assess two main elements: 
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the logical process used to complete the task as well as the ways participants 

interact interpersonally to complete the task requirements. In addition, the DST 

is deemed to lie outside the team members’ expertise and hence it is designed to 

focus attention to overall team problem solving processes and skills (Szumal and 

Synergistics, 2000; Zhang et al., 2007).  Because members have little real-life 

experience of the task scenario that could influence their ability to solve such 

tasks, a large variance is also found in participants’ ratings (Rae et al., 2012).  

Moreover, the desert survival task is of crucial importance because it has 

implications for individuals’ learning. DST provides an opportunity for 

participants to practice and enhance situational analysis and group decision-

making skills (Potter et al., 2000). As stated by Lafferty and Pond (2005), DST 

enables participants “to identify, analyse, and develop the skills, processes, and 

styles that influence (a) group’s ability to achieve synergy and identify effective 

solutions” (p. 28). 

 

 Finally, the task has been validated and tested in various fields (Rae et al., 2012) 

and this would allow the researcher to compare findings along various 

theoretical perspectives and diverse research areas (Artstein et al., 2017; Lucas 

et al., 2019). Besides the theoretical and methodological rationales of using 

DST, authors also claimed that participants found it interesting (Wei et al., 

2015).   

 

Given the importance of the desert survival task to research on team dynamics, it 

has been widely used in the existing literature. For instance, Thompson and 

Coovert )2003), used it to examine the impact of computer-mediated 

communication on teamwork. Authors have also used it in other fields, e.g. 

strategic management to introduce students to the strategy management process, 

team affiliation in a human-computer interaction (Nass et al., 1996), and team 

performance. Littlepage and others (1997), used it to examine the impact of task 

experience and group experience on team performance, member ability, and 

recognition of expertise. Staples and Zhao (2006) used the survival task to 

investigate the effect of cultural diversity in virtual and face-to-face teams. In 
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addition, DST has been used in augmented and virtual reality studies (Langbehn 

and Steinicke, 2019; Walker et al., 2019), and collaborative decision-making (de 

Melo et al., 2020). Another study by Sverdrup and colleagues (2017) used 44 

student teams to test the hypothesis whether using Team Charters are useful to 

handle disruptions and facilitate team performance. 

 

The DST has also been used in studies looking at TMM (Marks et al., 2000) and 

team cohesion. Rogelberg and Rumery (1996), using 96 four-person teams who 

completed the DST, examined the impact of gender combinations on decision 

quality, time on task, and interpersonal cohesion. Wei, Lieu and Allen, (2016) 

used the task to compare measures of the team emotional intelligence (EI) 

construct using cohesion as an emotion related variable.  Zhang and others 

(2007) used it to assess the impact of cohesion (as a dimension of a collectivist 

culture) on decision-making under majority influence.  

 

Building on the previous discussion, the DST is a reliable task to study and 

unpack team dynamics, therefore it has been considered as a suitable task to test 

the hypotheses in the present thesis. Details of the DST simulation procedure 

and how it was conducted will be explained in the following chapters.  

2.6 Chapter Summary 

The objective of this chapter was threefold. First, it introduced text analysis and 

provided examples of the different techniques used to analyse the text and their 

benefits in teamwork research, particularly in studying team attitudinal and 

behavioural dynamics. Second, it presented the two main theoretical constructs 

used in this thesis (Shared Mental Models and cohesion) and their importance to 

team outcomes, and also shed light on the literature gap (the relation between 

shared mental model and team cohesion). Finally, the chapter provided a brief 

overview of the desert survival task, its popularity in collaborative work research 

and its appropriateness for the current research. 
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Design and 

Implementation 

In this chapter, the design and implementation of the tools required for the 

research studies are discussed. We highlight the alternative approaches by which 

the system might have been developed and justify our choice based on their 

relative merits and demerits. We start by discussing the architecture of the entire 

system followed by the design of the various sub-systems.  

3.1 System Overview 

To understand the system requirements, we considered the nature and the 

direction of our planned studies in order to understand what metrics need to be 

collected and analysed. Thus, we were able to decompose our system into three 

components, namely: 

1- Group communication and data collection module for collecting 

research data; 

2- Data extraction module for formatting the collected data and 

transforming it into a format from which we may make inferences; 
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3- Data analysis module for performing further analysis to establish 

statistical significance of our findings.  

3.2 The Group Communication and Data Collection 

Module 

To collect data for the studies, we considered existing text-based collaboration 

tools that were suitable for group work such as email, instant messaging services 

such as WhatsApp and Social media services such as Facebook. Many of these 

systems could meet the criteria of usability, familiarity and availability. Our 

sample consisted mainly of university students and staff, and the campus where 

the study would be conducted had both internet and computer access. However, 

even at this stage we decided to filter out email-based collaboration due to 

difficulties associated with following long email threads  and as such focused on 

the compatibility of instant messaging services and social media groups 

(Whittaker, 2005).  

 

Secondly, we considered our study’s experimental task design which involved 

rating a set of items.  Given that the ratings need to be visible to participants 

while rating and also easily accessible afterwards, a preliminary investigation on 

our mobile devices showed us how difficult it would be to keep track of these 

changes via text as users would need to keep scrolling through the text feed to 

make referral to previously rated items and it would make tracking unrated items 

even more difficult to track. Hence, to make use of these tools we would need to 

supplement them with a poll system which users may utilise to rate task items.  

 

Following the above-mentioned restrictions, we considered available poll 

systems such as Doodle and Google forms as well as online spreadsheet services 

and how these may be used alongside our shortlisted tools to conduct our study. 

Our findings showed that these were able to perform the task at hand but then 

were unable to capture some meta-data such as when each item was changed. 

For instance,  each member is presented with a separate Google Form to fill 
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rather than the same one for group work. For a Doodle poll, although it 

presented the same form to all users, having the same user add another rating for 

a given item meant either editing their previous entry or making a new entry 

with another name, both of which did not capture the time of update which could 

be done through email notification. We would have to make use of change 

history on online spreadsheets to note when these changes occur.  

 

We further considered ease of exporting chat conversations from these 

platforms. Both platforms provided options for users to export chat history such 

as requesting user data from the platform (supported by Facebook & WhatsApp) 

which may take several working days. Subsequently, since these platforms do 

not support anonymous messaging, short of creating fictitious accounts for the 

study, we would need to ask participants to send us their chat logs which seemed 

intrusive and thus a hurdle to be best avoided. A lower-tech approach would be 

to either take a screenshot of the entire chat log or manually copy out the 

messages both of which would need further conversion to a processable format, 

thus increasing chances of introducing error to the collected data. 

 

Based on these considerations, we concluded that existing tools were unsuitable 

for our study and there would be a need to develop a bespoke tool to cater for 

our requirements while also eliminating the need to manually annotate the 

collected data.  This need of a new tool to satisfy our experiment conditions 

increased the need for a highly usable and somewhat familiar tool. Accordingly, 

we chose to build an instant messaging platform with built-in forms for 

capturing item ranking.  Table 3.1 shows a list of requirements identified for the 

bespoke data collection tool. 
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Table 3-1 Requirements of the data collection tool. 

Requirement 
ID 

Requirement Classification Rationale 

DC 1 The tool should grant access 
to authorised users only 

F User IDs provide a 
means of identifying 
the unique 
contribution of the 
participants. 

DC 2 The tool must provide instant 
messaging service. 

F A fundamental feature 
of chat platforms. 

DC 3 The tool must offer distinct 
chatrooms. 

F Permits multiple 
experiments to be 
conducted 
simultaneously and 
also provides a means 
of separating the data 
from each experiment 
session. 

DC 4 The tool must indicate when a 
user is typing. 

NF Informs other 
participants when a 
participant is writing 
a message. 

DC 5 The tool must load all 
previous messages in the 
room joined by the user. 

NF This allows the user to 
follow the discussion 
going on in cases 
where a user gets 
disconnected over the 
course of the 
experiment session. 

DC 6 The contribution of each 
group member must be easily 
distinguishable from that of 
other members. 

NF Allows the assessment 
to be carried out and 
allows the participants 
to know the 
contribution of each 
other. 

DC 7 The tool should be user 
friendly. 

NF To ensure participant 
satisfaction and works 
towards reducing the 
effort required to 
learn how to use the 
tool. 

DC 8 For group tasks. The tool 
must be able to show the 
input of each group member 
to the others were required. 

F Allows participants to 
see the rating entered 
by their group mate 

DC 9 Must be platform 
independent. 

NF Allows the tool to be 
accessible on a wide 
range of computers 
irrespective of the 
operating system 
installed. 

DC 10 Persist collected data: All 
data collected during the 
experiment process must be 

F Data storage and 
accessibility for 
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persisted and accessible at a 
later time 

further analysis. 

DC 11 The tool must track changes 
made to each member’s and 
team contribution 

F To help us track how 
consensus and team 
dynamics. 

DC 12 The tool must provide a 
means to show additional 
information to users 

F For displaying task 
facts to participants in 
relevant experiment 
scenarios. 

DC 13 The tool must keep track of 
when users access additional 
information, they have been 
provided with 

F Helps us identify that 
users have actually 
referred to the facts 
they have been 
presented with. 

DC =  Data collection. 

F = Functional, it will affect the tool’s function, NF = Non- functional, it will not affect tool’s function. 

Rationale = a logical basis behind a requirement.  

 

3.2.1 Considerations for Architecting the Bespoke (Group 

Communication and Data Collection) Tool 

Given the requirements of our text-based collaboration tool, we looked at 

suitable software architectures that could support instant messaging (distributed 

and simultaneous real-time access). The most suitable architecture for this is the 

client-server architecture (Sommerville, 2015). In building a tool based on this 

architecture, there is a requirement to develop a server software and a client 

software both of which communicating over a network via a stated protocol. In 

selecting a communication protocol, the most readily available is HTTP 

(Hypertext Transmission Protocol) which is a stateless protocol that requires a 

request-response method, followed by XMPP (Extensible Messaging and 

Presence Protocol) which is a stateful protocol designed with instant messaging 

in mind to replace previous existing instant messaging protocols (Moffitt, 2011).  

 

In considering HTTP for our implementation, we noted that the server 

application would need to be designed to manage authentication, authorization 

and data persistence (all of which are required to ensure only authorised users 

partake in the study sessions, to ensure authenticated users have access to their 

respective experiment environment and to ensure experiment metrics are 
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collected and available for further analysis),  while clients would depend on 

AJAX for real-time updates which is required for instant messaging. This 

involves a lot of development tasks though with the use of platforms such as 

Facebook’s parse and Google Firebase platform we could reduce the 

development time considerably. On the other hand, selecting XMPP would 

enable us to use freely available instant messaging servers such as Openfire. 

Some features supported by Openfire include multi-chat room which offers an 

easy means of abstracting data collected from conducting several sessions of our 

experiments thus further reducing our development time considerably.  

 

For accessibility, we opted for a cross-platform and cross-device implementation 

thus a web-based implementation of our instant-messaging service; thereby 

making our platform accessible on all devices with a modern browser and 

completely eliminating the need to install any software. The challenge here was 

that web-based applications rely on HTTP not XMPP but XMPP was built to 

overcome this by leveraging XMPP over BOSH (Bidirectional streams over 

synchronous HTTP). BOSH is a technology that provides an alternative to long-

lived TCP connections by employing a process known as long polling. It is more 

responsive than other techniques such as Ajax (Asynchronous JavaScript and 

XML) (Manjunath Leelavathi, 2010), and therefore was built to offer low 

latency and high efficiency while transporting various types of data. Figure 3.1 

shows the group communication and data collection software architecture.  



 

 44 

 

 

Figure 3-1 Group Communication and Data Collection Tool setup. 

 

3.2.2 Implementing the Group Communication and Data 

Collection tool 

With the setup fully considered, the next step was to implement the data 

collection tool. The choice of implementation language was limited because a 

web-based approach was chosen. As such we were limited to the use of HTML 

for content, CSS for content styling and JavaScript for data-handling tasks 

(Scott, 2015). Given that users had multiple needs (e.g. logging in, reading the 

experiment instructions, communicating through a chat tool, and establishing a 

rating form, as well as checking a list of fact), it was apparent that users would 

need to navigate several pages. Since we must collect meta-data of processes, 

such as the number of times experiment facts were accessed, there was a need to 

maintain state across the various pages of the application. Due to this, we chose 

to develop the chat tool as a single page application where users were able to 

perform every task from a single page while being presented with only the 

information required for the context in which they were working. For instance, 

users start off seeing only the login section, and once logged in, they were 

presented with the experiment chat-room selection section.  
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3.2.3 Implementation Challenges and Consideration for the Use 

of an External Database 

After setting up the system as discussed in the previous sections, we realised that 

relying on the embedded database by Openfire (selected Instant Messaging 

server) would require us to build a separate client tool that connects to the 

Openfire server in order to access and export the collected experiment data. 

Using the embedded database also made it slightly difficult to store and transfer 

collected data. To obtain more flexibility and reduce the need to develop another 

client-app to extract the data previously collected, we opted for an external 

database (MySQL). This gave us more flexibility and increased our ability to 

export database content without building an a supplementary (unnecessary) tool. 

The choice of MySQL over other database systems was based on Openfire’s 

support for MySQL, the ease of installation and the large support community 

(Rautmare and Bhalerao, 2016). 

 

3.2.4 Pilot Study and Alterations to the Data Collection Module 

To ensure our tool was usable and suitable for our study, we conducted a pilot 

study. The pilot study had the same structure as Study 1, as described in Chapter 

4. The findings of the pilot study are highlighted below : 

• Participants 4 found the Send button confusing and preferred to use the 
enter key to send messages; 

• It was possible to send empty messages across; 
• Participants were confused by the message thread not automatically 

scrolling to the most recent texts and did not enjoy scrolling through the 
chat log manually. 

 

To this extent, the data collection tool was modified to address the enumerated 

inconveniences and enhance the tool’s usability. Furthermore, during the pilot 

 

4 The participants who evaluated the software were three postgraduate student (female) volunteers from the education 
department  at the university of Bath. 
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study we experienced some difficulties with the embedded database used by 

Openfire; some amounts of data were lost and the experiment rooms were no 

longer accessible. To prevent this from happening while conducting our study, 

we decided to use an external database management system as discussed in the 

previous subsection.   

3.3 The Data Extraction module 

The data extraction module consists of numerous scripts aimed towards reaching 

the requirements listed in table 3.2: 

Table 3-2 Requirements of the data extraction module. 

Requirement 
ID 

Requirement Classification Rationale 

DE 1 Must identify the various 
data caches and the 
experiment condition / 
session they represent 

F Allows us to extract only 
the required data for 
specific experiments. 

DE 2 Must be able to identify 
application related 
metadata from user 
related experiment data. 

NF Prevents the internal 
messages sent by the 
application from being 
processed during the 
analysis stage. 

DE 3 Must be robust enough to 
identify flawed data and 
exclude them from the 
extracted data while 
providing feedback to the 
experimenter. 

NF Ensures awareness of 
unusable data which 
would feed towards the 
remark on findings 
soundness and 
demographics. 

DE 4 Must support data export 
in a usable format. 

F Allows extracted data to 
be processed by other 
tools. 

DE =  Data extraction. 

F = Functional, it will affect the tool’s function, NF = Non- functional, it will not affect tool’s function. 

Rationale = a logical basis behind a requirement. 

 

Some of the scripts included in this module are: 

1- Chat log extraction: Extracting the chat log of each session conducted 

while ignoring meta-data such as rating/ranking information and 

scenario access. 

2- Item rating extraction: Extracting the item ratings provided by each 

participant  



 

 47 

 

3- Final item ranking extraction: Extracting the final ranking of each item 

as provided by the groups. Figure 3.2 shows the interface of the 

extraction tool for the first 3 points. 
 

 

Figure 3-2 One of the extraction tools GUI. 

 

4- Ratings to ranking conversion: Converting item ratings to ranking. 

5- Item mention extraction: Identifying where task items were mentioned 

and building a summary for that. 

6- Scenario access extraction: Extracting information about which user 

accessed the scenarios definition and tracking the extent to which they 

did so. 

7- Turn taking extraction 

8- Scenario facts access extraction 

 

The figure below shows the significance of some of the data extraction scripts to 

the study. 
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Figure 3-3 Data extraction workflow. 

 

The process of extracting meaningful information from the collected data 

involved a combination of data cleaning and text analytics techniques. The 

collected dataset included instances of unwanted components such as attached 

words, typos and misspelt words which could limit the effectiveness of our 

analysis. Due to the large volume of text collected, there was a limit to which we 

could manually inspect every document to address issues like wrong spellings 

within a short period of time while also maintaining a very low error margin. To 

this extent, we developed a means to automate the process and also verify the 

activities of our automation as illustrated in Figure 3.4.  
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Figure 3-4 Automated data-cleaning process. 

 

3.3.1 Data Cleaning Process 

The main blocks of the automated data-cleaning process are the cache which 

stores results of the cleaning process, the spell check and fix which corrected 

relevant spelling mistakes, and the user statement re-constructor which 

reconstructed the initial sentence after making corrections to words (where 

necessary). Our automated data cleaning tool made use of the chat log export 

files. It first separated the user identifier and time stamp from the actual text 

content then converted it to lowercase and tokenized (split into words) It. We did 

not remove stop words from the chatlog as their presence or absence at this stage 

had no effect on the analysis we were performing. The tokens were first 

searched for in a cache. If present, they were passed to the sentence re-

constructor, otherwise they were further processed for spell check and fixing. 

The use of a cache was crucial as there was a high likelihood of word repetition 

within a chat log and across chat logs from different experiment sessions. 

Moreover, caching results from the spell check would limit the amount of API 

calls we made to the online dictionary service which offered a free tier with 

limited API calls. In addition, using a cache ensured that the processing time 

would be shorter and thus speeded up the process of automated data cleaning. 
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Tokens absent from the cache were checked for validity where a query was 

made using the dictionary API to ascertain if they were valid English words. 

Valid words were logged in the cache and moved on to the sentence re-

constructor while invalid words were passed on to the spell check and fix block.  

 

Rather than fixing all spelling mistakes, the spell check and fix block was 

designed to log all spelling mistakes and fix only those relevant to our research. 

Words that are relevant to subsequent analyses were those related to task items 

and user engagement. For instance, the word water was relevant while the word 

cattle was irrelevant. We constructed a list of relevant words manually by 

reading through task items, removing stop words and taking the words that 

describe them with as little ambiguity as possible. The spell check and fix 

worked by using a fuzzy-search library to calculate how similar is a word to the 

entries of the relevant words. Based on the similarity threshold (a ratio that 

represents the minimum percentage similarity between words), the word was 

either accepted as the word of interest or flagged as unknown. Using a high 

similarity threshold is important for ensuring a reduced error margin. For this 

study we used a similarity threshold of 0.9.  

 

The python library fuzzywuzzy was used for fuzzy search within the spell-check 

and fix block. Fuzzywuzzy is a python library that performs string matching by 

calculating the Lavenshtein distance between sequences. We used fuzzywuzzy 

for word difference estimation rather than word sequences. The output of the 

spell check and fix block was cached and then passed on to the sentence re-

constructor similar to those of the dictionary check. The spell check and fix 

block also created two output logs. The first, a log of corrected words which 

listed the original word contained in the text, the proposed correction and their 

location within the chatlog; while the second log comprised a list of words that 

could not be corrected and their location within the chat logs. Illustrations are 

provided in Table 3.3 and Table 3.4. 
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Table 3-3 Sample log file showing a list of words that have been corrected. 

Original Word Corrected Word Line Word Index 

    watar  water                     10                                 7 

 

Table 3-4 Sample log file showing a list of words that could not be corrected using the ‘spell check and fix’  
module. 

Word Line Word Index 

wstdr 17 6 

 

The output logs enabled us to manually inspect the automated process to ensure 

mistakes were avoided as much as possible. The log of words that could not be 

corrected served as a starting point for manual data cleaning thus limiting 

manual effort to a bare minimum. 

 

3.3.2  Text Analysis Techniques 

3.3.2.1 Tracking User Engagement (Task Mention) 

Extracting users’ engagement information was another task handled by this 

module. One index of engagement was considered to be the mention of and /or 

referral to task related items. The process of detecting an item mention was 

rather straightforward in comparison to the process of detecting referrals.  To 

begin, we made use of the relevant word bank constructed for the spell check 

and fix process to identify the mention of task items. Each word was assigned an 

item ID in order to make item identification easy. On the other hand, there were 

a number of ways one may refer to an already mentioned item. For instance, one 

could refer to it via its index in the item list, current rating, or through words like 

“yes” meaning yes, item 5 for instance. To solve this problem, we had a manual 

inspection of the chat logs to understand how participants were referring to items 

and created a list of terms that we used to inspect the entire chat log and identify 

where these took place.  
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The exported log from the user engagement tracker script kept track of user IDs, 

item mention, mode of mention (direct mention or referral), word used for the 

match and the location within the chat log. This was relevant for further analysis 

but also provided data for manual verification.  

3.3.2.2 Tracking Turn Taking  

One of the metrics we tracked for further analysis was turn taking. To this end, 

we developed a script to inspect the chat logs from each experiment session. The 

main function performed was to combine consecutive messages from a 

participant into one and then go through all the messages again to identify the 

author of each message and hence the individual whose turn it was. In addition 

to that, we also identified the task items/fact mentioned to have an idea of what 

each turn discussed. 

3.4 The Data Analysis Module 

The data analysis module consists of numerous scripts and tools used to analyse 

the text data extracted from the collection tools. The text analysis was performed 

in line with the objectives of each study. Each tool and script are discussed in 

detail in the following sections. 

 

3.4.1 Refining Prior Analysis with R 

After further research, we decided to supplement the data extraction module 

with packages exclusive to R. The first stage of this was to construct a Corpus 

from the cleaned experiment transcripts from the data collection pipeline.  Next, 

we created a script to identify mentioned task items and facts using the libraries 

“Quanteda” and “Quanteda.corpora”. Quanteda is a natural language 

processing (NLP) toolkit that offers features such as corpus management, 

analysis and visualisation (Benoit et al., 2018). It extensively supports dictionary 

analysis, explores text usage in context and features similarities amongst others. 

Its capabilities have been reported to match or exceed both premium and open-

source end-user software applications. This allowed us to search for mentions 

using word stems and to confirm context of mention using co-locators (words 
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that occur together with relative frequencies). Accordingly, we were able to 

filter our words that formed part of our item list or fact list that may be used in a 

similar context.  Word stem extraction helps reduce a word to its root and helps 

avoid the process of misidentification due to change of tense, for instance, if we 

wanted to know whether a user mentioned anything related to walking, we may 

need to search for “walk”, “walking”, “walked” but using word stems we could 

just search for the stem of walk and stem all the tokens contained in our corpus 

thus leading us to the same word. Yet, stemming is not a perfect approach as 

some distinct words may have the same stem. However, using it in combination 

with a document feature matrix of our corpus helped us identify these cases. 

 

3.4.2 Analysing Text with LIWC 

The main text analysis was conducted using a tool called LIWC (Linguistic 

Inquiry and Word Count). LIWC is a cross-platform tool consisting of text 

analysis components and a dictionary of a large dataset of words, word stems 

and emoticons. The content of LIWC’s dictionary have been sorted into one or 

more categories and/or subcategories to reflect what their presence might imply. 

There are more than 92 categories including reward words, affiliation words, 

interrogative words to name a few. The analytics offered by LIWC is based on 

over a decade worth of research and has been iteratively developed and 

empirically tested by a multi-disciplinary team with interests in fields such as 

health, cognitive psychology, linguistic and computing (Pennebaker  et al., 

2015).  

 

LIWC works by processing an input text to discover the words and percentage 

of words that reflect different psychological dimensions (e.g., emotions, parts of 

speech and thinking styles). Not all these dimensions are calculated in the same 

manner (percentage) as the word count and the word per sentence dimensions 

simply represent raw counts of words in the text file or in each sentence. 

Moreover, there are four summary variables: Analytical thinking dimension 

(words that reflect logic, formal and hierarchical thinking (Pennebaker et al., 
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2014), Clout (reflects leadership, confidence, sense of certainty and social status 

(Kacewicz et al., 2014), Authenticity (reveals honesty based on several 

deception studies (Newman et al., 2003) and Emotional tone (comprises the 

positive and negative variables where a high score indicates a positive tone and a 

low score is indicative of the opposite (Cohn et al., 2004). These latent variables 

are calculated using developed algorithms that consist of several standards. 

LIWC’s summary variables are based on previous linguistic research and the 

value of each summary variable ranges from 0 to 100 converted to centile. All 

dictionaries in LIWC are available in various languages and the program has 

several versions. In this research, we used LIWC-2015 framework.    

 

All LIWC dictionaries have been tested and validated in a large number of 

studies that applied the analysis on various texts samples (e.g. blogs, corpus, 

instant messaging logs, medical reports and newspaper articles) and in different 

contexts. In educational research, Smith-Keiling and Hyun (2019) used LIWC to 

distinguish between the writing style of native English speakers and 

International student in STEM education and detected the analytical writing 

development for formal and informal writing styles. Another study used the tool 

to predict performance in academic and occupational environments (Pennebaker 

et al., 2014). The authors found a relationship between students' language and 

their university grades. Similarly, Brandt and Herzberg (2020) inspected 

whether the analysis of application documents (CV and Cover letter) using 

LIWC can indicate the result of the application process. Similarly, in politics, 

scholars have investigated political leadership trends by analysing various 

corpus comprising political leaders’ speeches and cultural texts. They found that 

political leaders tend to be more confident when they communicate with the 

public but with less analytical thinking (Jordan et al., 2019).  

 

Furthermore, psychological studies have used LIWC to examine emotional 

contagion in computer-mediated communication and the result suggested that 

emotions can be reflected in the CMC and quickly transferred to other 

communicators (Hancock et al., 2008). Similarly, LIWC helped researchers to 
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distinguish between the type of focus and personal experience that people 

evoked  when they described their hopes and  their duties (Vaughn, 2018). 

Another research used LIWC to extract text cues from a large set of dream 

reports aiming to pull out the textual features that characterise the dreams reports 

(Cohn et al., 2018). 

 

In marketing, Ludwig and others (2013) investigated the effect of textual 

features of consumer reviews on online retailers' conversion rates by using the 

two LIWC dictionaries related to affect (positive, negative) and they found that 

positive reviews had a strong effect on changing conversion rates.  

 

To conclude, LIWC is one of the most widely used text analysis tool and its 

reliability has been validated internally and externally (Pennebaker et al., 2015), 

thus making it a suitable selection for the analysis of language in our research.   

 

3.4.3 Ensuring Output Correctness Through Tests 

In line with good software development practice and to ensure the correctness of 

our work, subsequent to development of all modules discussed above, we 

verified the correctness and robustness of all modules developed through the use 

of unit tests. As our implementation was made in different programming 

languages, we made use of different test packages. The table below shows the 

test libraries chosen for each development language/ platform chosen. 

Table 3-5 Test libraries for each programming language. 

Programming Language Test library used 

Java JUnit 

Python Pytest 

R testthat 
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The process of testing included creating sample data and manually performing 

the task of all our scripts using test scripts. Each script and application were 

tested using the created data and their respective outputs were then compared 

against our expectations. We further tested to see how each module coped with 

unexpected inputs. Functionalities provided by external libraries were not tested 

but the process of library selection was rigorous and ensured we only used 

libraries/packages that have good and active support and are stable (i.e., We did 

not make use of libraries/packages that were currently in alpha or beta stages of 

developments nor did we make use of packages that are no longer maintained). 

3.5 Chapter Summary  

In this chapter, we discussed the tools required to perform our studies, the 

requirements of these tools and the selection process used to decide where 

existing packages are used and when bespoke packages are created. We further 

discussed how we tackled some well-known challenges and the measures we 

took to minimise errors and ensure high accuracy of inferences made using the 

tools we developed.  

 A copy of the tools developed and the data sets for our studies can be found at 

https://github.bath.ac.uk/ltoa20/phd_implementation. 

 

https://github.bath.ac.uk/ltoa20/phd_implementation
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Study 1: Shared 

Mental Models and 

Team Conversation 

4.1 Chapter background  

In chapter 2, it was noted that researchers have emphasised the importance of 

shared mental models on team performance (Bolstad and Endsley, 1999). 

However, their findings were inconsistent regarding the relationship between 

shared mental models (SMM) and team performance and most of the research 

conducted considered only in-person (face-to-face) collaboration (Toader and 

Kessler, 2018). These led many scholars to urge for further empirical studies 

examining the SMM in computer mediated collaboration (CMC); particularly 

low fidelity CMC (text-based only). This is particularly important when 

considering both task and team  MM as they might have a differential impact on 

team performance (Becker-Beck et al., 2005). Hence, in this chapter we describe 

an exploratory study in which teams of 3 members performed a decision-making 

problem-solving task (the desert survival task). All members were polled for 
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their judgment of each other’s knowledge and contribution (SMM) and we 

tested whether text mining techniques applied to the conversational discourse 

could predict these judgments. Additionally, the influence of both SMM and the 

team language in team performance were tested. The main aim of this study was 

to answer the first three research questions : 

RQ1: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversation and the team’s shared mental models? 

RQ2: In virtual collaborative decision-making, is there a relation between the 

team’s shared mental models and team performance? 

RQ3: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversation and the team performance? 

 

4.2 Task Design  

A collaborative decision-making task was selected for this research. The 

selected desert survival task presented a scenario where participants acted as 

survivors of a plane crash who were stranded in a desert. The task required the 

rating of 12 items with respect to their utility for the survival of the participants 

(full details of the task and its extensive use in research on collaborative 

problem-solving are provided in Chapter  2). The task therefore required 

participants to draw on what they know about deserts, plausible inferences about 

how a group might survive by awaiting rescue or finding civilisation, and further 

inferences about how the objects they were asked to rank might help with any of 

the risks they faced or the actions they might attempt.  Crucially, the participants 

would need to discuss all this so as to agree a single rating of the objects. In this 

experiment all the discussion took place on the text interface described in 

Chapter 3. 

 

The experiment consisted of two parts. In the first one, participants worked 

individually to create their own rating of the items presented or of some of the 
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items, depending on experimental conditions. In the second one, participants 

worked as a team to reach agreement on the final rating of the given items. 

 

Based on the pilot work we carried out, a few minor modifications were made to 

the initial experiment design. Firstly, a rating system5 scaling from 0 to 100 was 

adopted in place of a ranking system, as this allowed participants to put more 

effort during the first part of the task particularly in the last two conditions of the 

study. Moreover, this approach allowed us to easily extract item rankings 

required for subsequent comparison with the expert ranking so as to judge team 

performance. 

 

Secondly, the number of items to rate was reduced from 15 to 12 in an attempt 

to reduce the time of each experimental session. With 15 items in place, each 

session took roughly 1 hour 30 minutes while with 12 items, each session ran for 

an average of one hour. To select the items to remove from the list, reference 

was made to expert judgement on the task and the three items they voted as least 

important were identified and removed from the list (similar approach was used 

by (Rae et al., 2012)). 

4.3 Study Conditions 

The study involves four conditions in a between-groups design. These 

conditions were different in terms of the information initially made available to 

participants and the preparatory individual tasks assigned to participants. These 

differences were reflected in the user interface design for each condition. In all 

conditions, participants first completed the individual rating of some or all of the 

items: the conditions were defined by how this individual rating was managed 

and shared. These differences were mainly to explore the influence of how 

 

5 We adopted a system of rating in this study based on observations and conclusions drawn from our pilot 
study (discussed in Chapter 3). In Conditions 3 and 4 of our pilot study, we observed that participants 
did not engage in constructive discussion before rating items assigned to them. 
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participants pre-think their own ratings and  how much of these are shared 

before the collaboration. The four conditions are: 

 

1. Total and cloaked individual rating  (referred to as TC). 

2. Total and visible individual rating  (referred to as TV). 

3. Partial and visible individual rating (referred to as PV). 

4. Partial and cloaked individual rating (referred to as PC). 

 

Under condition TC, each participant initially produced their own rating of all 

12 objects but were prevented from viewing the individual ratings made by other 

participants in their group. Subsequently, they were allowed to contribute and 

view the contribution of other participants to the group rating task, which was 

the second phase of the experiment. The figure below illustrates the user 

interface for this condition.  

 

 

Figure 4-1 Total and cloaked individual rating condition. 

 

Under condition TV, participants were allowed to see the individual rating of 

other participants in the same group in real time but were prevented from 

altering these ratings. In a similar manner to the TC, the group task was of 

course visible and editable to all participants within the group. Figure 4.2. shows 

the interface of this condition.  
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Figure 4-2 Total and visible individual  rating condition. 

 

Under condition PV, focus was on sharing the task of individual rating equally 

amongst the members of the team (i.e. each member rated 4 items rather than 

12). The distribution process was done randomly by the software and both the 

individual rating and the group rating were made visible to all participants 

within the group, though participants were unable to alter the individual ratings 

made by other team members (see chapter 3 for more details about the design 

and implementation). To enable participants to easily identify the items assigned 

to them for rating, the rating text field assigned to these items was highlighted 

with the colour that had been previously assigned to the user’s messages by the 

software. The interface of this condition is shown in figure 4.3.  

 

 

Figure 4-3 Partial and visible individual rating condition. 

 



 

 62 

 

 

Under condition PC, similar to PV condition, the individual rating of items was 

divided equally between team members (i.e. each participant was asked to rate 4 

items). However, participants were prevented from viewing the individual rating 

made by other participants. In a similar fashion, in all conditions previously 

discussed, all participants within the group were allowed to edit the group rating 

for the items. The figure below shows the interface for this condition.  

 

 

Figure 4-4 Partial and cloaked individual rating. 

 

 

Manipulations amongst both axes (rating completeness and rating visibility) 

changed how salient the disagreement within the teams were.  Partial ratings 

allowed teams to adopt a strategy of combining-without-resolving while 

complete ratings suggested the adoption of a resolve-disagreements strategy, 

both of which could potentially impact the conversation style. Additionally, 

these variations may cause an increase or decrease in the sharedness of team 

mental models. The figure below presents a general view of the experiment 

design. 
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Figure 4-5 Study 1 overview. 

4.4 Participants 

120 participants  (89 females and 31 males) with age ranging from 18 to 41 

(M=23.83, SD=5.19) were recruited to take part in the experiment. These 

individuals were assigned to each team, and teams were assigned to the four 

study conditions (forming 40 teams where each team consisted of three 

members; 10 teams per experiment condition) according to the order in which 

they participated in the experiment. All groups were thus pseudo-randomly 

selected from the recruited individuals and were mixed without consideration of 

gender or age. The majority of the participants were undergraduates with few 

postgraduates and university staff  as shown in figure 4.6 below. 

 

 

Figure 4-6 Participants distribution based on educational level. 
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Recruited participants were of a variety of disciplines from the University of 

Bath, although predominantly from the departments of Psychology and 

Computer Science. Figure 4.7 shows the distribution of participants among the 

various departments.  

 

 

Figure 4-7 The distribution of participants among the various disciplines. 

 

The recruitment process consisted of both email correspondence and posts 

placed around the University Campus. Moreover, the nature of the task 

(collaborative work) required participants to select a timeslot in advance using a 

Doodle platform (an online calendar platform for meetings coordination and 

time management) which helped to assign three participants to one team. Both 

posters and emails indicated the nature of the study and the participation 

compensation (£5 upon completion of the task for each team member). There 

were no further profiling constraints applied to the recruitment for this study. A 

copy of the poster can be found in Appendix B.  
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4.5 Materials 

4.5.1 Design of the IM Tool 

To implement the experiment, a custom-built chat program was developed to fit 

the design requirements and to ensure greater control over the findings. The chat 

tool was designed using the single page application approach (SPAs) and 

implemented using HTML, CSS and jQuery to build an independent platform 

that does not require an installation. The SPAs approach allowed the loading of a 

single HTML page and updated dynamically. In addition, SPAs helped reduce 

the user waiting time and maintain the code easily (Details about the interface 

design and implementation were presented in Chapter 3).  

 

4.5.2. Questionnaire 

At the end of the decision-making task, participants were asked to complete a 

questionnaire comprised of a series of 10-point Likert items in two sections. In 

the first one, team members were given the following instructions: [Considering 

each member in your team, please rate your level of agreement with the 

following statements using 10  -point scales, where 1 = strongly disagree and 10 

= strongly agree] to rate themselves and their team members. This allowed 

individuals to compare themselves to specific others in the group, and to reflect 

on both their own and their teammates’ mental models. There are 10 statements 

in this section, and they relate to members’ task knowledge, their experience and 

how they performed individually. As an example of the statements, “This team 

member had relevant background knowledge to perform well on the task” (See 

Appendix B for the full  questionnaire items).  

 

In the second section, participants were asked to rate their team as a whole, as 

shown in the following instruction [Considering the three-person team AS A 

WHOLE, please rate your level of agreement with the following statements 

using 10-point scales, where 1 = strongly disagree and 10 = strongly agree.]. 

This section, as well, consisted of 10 statements related to the interaction 
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between the team and the general performance. For example, “Team members 

trusted each other”. The 20 statements in this questionnaire were developed 

based on Lim and Klein (2006) with some modifications to suit the nature of the 

task (See Appendix A for the questionnaire items). In addition to the 

questionnaires, some demographics information including age, gender, 

occupation and department was collected from the participants.  

 

4.6 Procedure 

Upon arrival at the study venue6, participants were seated at workstations that 

were isolated from one another. After settling in, they were presented with the 

consent form to sign and then introduced to the desert survival task. Following 

this brief introduction, they were given several minutes to read through the 

instructions and begin the experiment. For participation in the experiment, each 

participant was provided the login credentials and an URL via which the 

experiment chat tool was accessible. Using a JavaScript-enabled browser, they 

were able to join the experiment. The login credentials provided to each user 

consisted of a login ID (username which consisted of the word user and an 

identifier number) that enabled the program to keep track of participants’ 

contributions and also assigned unique colour for easy identification of 

contributions in the message thread and a password. After logging in, 

participants were assigned to a virtual room that has been assigned an alphabetic 

name (This was later used as the group name).  The experimenter assisted all 

participants where necessary to access the experimental materials. Once they 

were ready, participants rated the items by assigning a value to each under the 

individual ranking column of the provided tool. When they finished, the 

interface for entering group rating was activated allowing participants to start 

dialoguing and reaching a decision on a group final rating. After solving the 

task, participants were asked to complete the questionnaire (40 items as above). 

 

6 The graphics lab at the University of Bath’s Computer Science Department building. 
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In total, the experiment and the questionnaire took about an hour to be 

completed.  

4.7 Data Collection Methods  

In this study we collected three different datasets: the ranking dataset which 

consisted of each member’s and teams’ ratings of the objects, each member’s 

responses to the two-part questionnaire and the full conversation script for each 

team. The following parts will describe the steps taken to collect each of these 

datasets.  

 

4.7.1 Individual and Group Ranking 

We started the data collection phase by extracting each group rating set using a 

developed  transcript tool. The implementation and the design of this tool was 

explained in chapter 3. The rating data obtained was exported with CSV format. 

The exporting process yielded 40 CSV files. Each file comprised 5 features: the 

name of the item, the rating of each item, the rating type (Does it belong to the 

individual or the group), the timestamp for each rating and the user who made 

the rating. Table 4.1 is an example from room A in the first condition. Then,  we 

used the extracting script to deduce the ranking from the rating of each member 

and each group. This step was required to measure team performance 

(comparing each ranking list with the expert ranking list). The outcome of the 

extracting phase were 40 group-ranking lists (An example is illustrated in table 

4.2) and 120 member-ranking lists (Table 4.3 shows an example of the 

individual ranking list). 

Table 4-1 Room A extracted rating file. 

Sender Item Rating Time Type 

user2 2 litres of water per 
person 

100 11:19:21 Group 

user1 2 litres of water per 
person 

1 11:19:21 Individual 
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Table 4-2 An example of the team final ranking. 

Sender Item Rank Time Type 

user2 2 litres of water per person 1 11:19:21 Group 

user2 First-aid kit 2 11:23:57 Group 

user2 Map of the area 3 11:29:39 Group 

user2 Magnetic compass 4 11:29:46 Group 

user2 Folding knife 6 11:33:07 Group 

user2 Overcoat (for everyone) 5 11:38:32 Group 

user2 Sunglasses (for everyone) 8 11:38:56 Group 

user2 Torch with 4 battery-cells 9 11:41:00 Group 

user2 45 calibre pistol (loaded) 10 11:43:58 Group 

user2 A cosmetic mirror 11 11:53:17 Group 

user2 Parachute (red & white) 7 11:54:12 Group 

user2 Plastic raincoat (large size) 12 11:55:38 Group 

 

Table 4-3 An example of member final ranking. 

Sender Item Rank Time Type 

user1 2 litres of water per person 1 11:19:21 Individual  

user1 First-aid kit 2 11:23:57 Individual  

user1 Map of the area 4 11:29:39 Individual  

user1 Magnetic compass 3 11:29:46 Individual  

user1 Folding knife 5 11:33:07 Individual  

user1 Overcoat (for everyone) 6 11:38:32 Individual  

user1 Sunglasses (for everyone) 9 11:38:56 Individual  

user1 Torch with 4 battery-cells 7 11:41:00 Individual  

user1 45 calibre pistol (loaded) 12 11:43:58 Individual  

user1 A cosmetic mirror 8 11:53:17 Individual  

user1 Parachute (red & white) 11 11:54:12 Individual  

user1 Plastic raincoat (large size) 10 11:55:38 Individual  

 

4.7.2 Questionnaires Responses  

All participants’ responses to the questionnaire parts were collected manually 

and transferred to electronic CSV file for further analysis. To ensure correctness 

of the process, a second researcher who voluntarily participated was involved to 
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verify the converted data to reduce the chances of an error and hence ensure 

correctness. 

 

4.7.3 The Transcripts of the Chatroom  

Custom-built extraction scripts were implemented using Java and Python (see 

chapter 3) and were used to export 40 groups’ chatlogs and to extract 120 

members’ text files. All of these were fed to  LIWC2015 (a dictionary-based 

word counting tool), which generated a list of linguistic features and percentages 

that matched up with particular categories (see Figure 4.8). 

 

 

Figure 4-8 Analysis steps for teams chatlogs. 

 

There are more than 92 categories that can be used in the  LIWC2015 (See 

Pennebaker et al., 2015) for more details about all categories). The selection of 

LIWC indices was based on two criteria: conceptual, does the index relate to our 

questions concerning collaboration and group process? and empirical, do the key 

terms actually appear to a great enough extent in the experimental text 

transcripts? (e.g., dictionaries related to religion, money and sex resulted in 

values of 0 percent as they were not expressed in our experiment text).  

 

For most of the categories, mean values represent the mean percentages of all of 

the words that members used that fell into a particular LIWC’s category. For 

example, a mean score of 2.43 for negative emotion words means that 2.43% of 
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the words used in the conversation were related with negative emotions, 

according to LIWC’s dictionaries (e.g., hate, sad, bad). The word count and 

summary variables were an exception. The word count simply indicated how 

many words were in each script, whereas the summary variables (Analytical 

Thinking, Clout, Authentic, and Emotional Tone, see chapter 3 for more details) 

were algorithms calculated from different LIWC variables based on previous 

studies in language research (Pennebaker et al., 2015). An overview of 

LIWC2015 and how it works was discussed earlier in chapter 3. Table 4.4 below 

shows a summary of the text indices that were used in the current experiment 

with its psychological meaning based on published literature. 

Table 4-4 The Text Indices extracted and considered in Study 1. 

Word type LIWC dimension Psychological cues Publications  

First-person 
plural(We) 

Personal pronouns Higher status, group cohesion, 
team performance 

Kacewicz et al., 
2014;Sexton 
and Helmreich, 
2000 

First-person 
singular(I) 

Personal pronouns lower status, attentional allocation Kacewicz et al., 
2014;Rude et 
al., 2004 

Second person (You) Personal pronouns lower-quality relationships. Kacewicz et al., 
2014 

word count WC more involved and task focused, 
status, team performance 

Kacewicz et al., 
2014;Tausczik 
and 
Pennebaker, 
2010;Hancock 
et al., 2007 

Question marks Punctuation Team performance, higher status Sexton and 
Helmreich, 
2000 

Assents (agree, OK, 
yes) 

Assents words Consensus and agreement Cohn, Mehl, 
Pennebaker, 
Jordan, 
Blackburn, et 
al., 
2018;Leshed et 
al., 2007 

Tentative language 
(e.g., maybe, 
perhaps, guess) 

 
Cognitive Processes 

Uncertain or insecure about their 
topic 

Pasupathi, 2007 

Positive words(nice, 
glad) Negative words 
(sad, ugly) 

Affect Words Emotional states, degree of 
immersion 

Hancock et al., 
2008,Holmes et 
al., 2007, 
Cohen et al., 
2008 
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Certainty (never, 
always) 

 

 
Cognitive Processes 

 

Certain about their topic Guastella and 
Dadds, 2006, 
Hancock et al., 
2008 

Insight (Think, 
know, consider) 

 
Cognitive Processes 

Analytical thinking Burke and 
Dollinger, 2005 

Affiliation(Ally, 
friend, social), 
Achievement (Earn, 
win ) 

 Core Drives and Needs Lightman et al., 
200,Lieberman, 
2008 

Causation(because, 
thus) 

Cognitive Processes Thinking styles Beevers and 
Scott, 
2001,Block-
Lerner et al., 
2007 

Present focus Time orientation Attentional focus  Tausczik and 
Pennebaker, 
2010 

 

4.8 Results 

In this section, the different datasets obtained from running the experiment were 

analysed separately. We then ran a comparison across task conditions for each 

type of data. Firstly, we examined the ranking list of each individual and group 

and compared it with the experts’ ranking as a measure of team performance. 

Next, we analysed members’ questionnaire ratings of each other and the team to 

index the members task and team mental models and the similarity between 

them. Subsequently, the text indices were extracted from each team conversation 

using LIWC and R packages. Finally, we investigated the relation between these 

different data types to answer our main research questions.   

 

Because the study is somewhat exploratory, targeted at general research 

questions more than specific hypotheses, effects will be reported in detail 

whether or not they reached statistical significance, and much attention will be 

paid to the distributions of dependent variables, especially in terms of which 

statistical analyses these distributions allowed, and whether the questionnaire 

and text-analytics variables behaved in expected ways given the theoretical 

rationale for their use. 
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4.8.1 Team Performance  

To measure Team performance, we compered between group ranking and expert 

ranking as published in (Eady and Lafferty, 1975). In particular, we calculated 

the correlation between each group ranking and the expert ranking. A team 

whose ranking correlated highly with the expert’s ranking is considered as 

performing well in the task.    

 

Taking into account the data type (ordinal data), there are two different types of 

non-parametric rank correlation that could be applied: the Kendall’s 

tau  coefficient and Spearman’s rho correlation. In most situations, the 

interpretation of the  two tests leads to the same inference as the results of them 

are usually similar (Corder and Foreman, 2011) and this held true while testing 

our data using both approaches. Therefore, we only report the Kendall’s 

coefficient as it has better statistical properties and higher accuracy when 

dealing with a smaller sample size (Stepanov, 2015). The full analysis of the 

data using both approaches can be found in the Appendix A. 

 

A Kendall's tau-b correlation was computed to determine the relationship 

between each group ranking and expert ranking for all 40 groups. In the four 

task conditions, there was a statistically significant and strong positive 

association between the final group ranking and the expert ranking only in 6 

teams, as shown in Table 4.5: 

Table 4-5 List of teams whose rating correlated highly with expert significantly. 

Group Name Condition # 𝝉𝒃 

U TC .394* 

W PV .364* 

X PC .424* 

NN PC .394* 

JJ PC .545* 

DD TV .606** 

*. Correlation is significant at the 0.05 level (1-tailed) 

**. Correlation is significant at the 0.01 level (1-tailed) 
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All the other groups’ ranking had either a negative or a weak association with 

the expert ranking(all  𝜏𝑏 < .3 see Appendix A for full results). These results 

indicated that most teams (with the exception of those listed in the table 4.1) 

performed poorly in terms of their ranking as compared to expert rankings.  We 

don’t think this is problematic for our discourse analysis or for team and task 

mental models, although it suggests that very few, if any, of the participants had 

substantial task-relevant knowledge. 

 

4.8.1.1 Individual Performance 

Similar to the team final ranking, we used the individual ranking from the first 

phase as an indicator of how well members performed according to the expert 

ranking. We compared the expert’s ranking with each individual’s ranking 

decision. However, in condition 3 and 4 where team members only had 4 items 

to rank (from 1 to 4). We did the same item-distribution in the expert list and 

compared each member four list to its equivalent in the expert ranking decision. 

Again, Kendall's tau-b correlation was computed to examine the similarity 

between each member ranking and expert ranking amongst 120 participants. 

Only five participants amongst the four conditions had a significant positive 

relationship with the expert, hence they performed well in terms of the quality of 

their decision as shown in Table 4.6. The other participants had either negative 

or very weak association with the expert’s ranking. For full results see Appendix 

A. 

Table 4-6 List of members  whose rating correlated highly with expert ratings. 

User # Group name Condition # 𝝉𝒃 

U49 Q PC .667** 

U61 U TC .485* 

U77 Z TV .606* 

U107 JJ PC .667* 

U108 JJ PC 1** 

*. Correlation is significant at the 0.05 level (1-tailed)., 

**. Correlation is significant at the 0.01 level (1-tailed) 
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4.8.1.2 Team Performance between Task Conditions    

A one-way ANOVA was conducted to determine if the Team performance score 

(correlation between team ranking and expert) was different amongst the task 

conditions. Teams were considered according to the four experimental groups: 

Total and cloaked individual  rating (TC, n = 10), Total and visible item rating 

(TV, n = 10), Partial and cloaked individual rating (PC, n = 10), Partial and 

visible individual rating (PV, n = 10). The normality of the data was assessed by 

Shapiro-Wilk test (p > .05) ;  data outliers assessed by boxplot; and homogeneity 

of variances assessed by Levene's test of homogeneity of variances (p = .681), 

see Appendix A for more details. Team performance scores were as follows:  

TC: M=-.12, SD=.21 

TV:  M=-.06, SD=.27 

PC: M=.14, SD=.26 

PV: M=-.11, SD=.21 

Though the differences between these conditions were not statistically 

significant, F(3, 36) = 2.483, p = .076, ω2= .37. The boxplots in figure 4.9 show 

the difference between the tasks level in terms of team performance.  

 

 

Figure 4-9 Team performance means by task conditions. 
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4.8.2 Team and Task Models  

4.8.2.1 Estimating Mental Models (Individual-Level) 

Team mental models in previous research have been considered to have two 

aspects: task-related models (about the nature of the task) versus team structure-

related models (Cooke et al., 2000). Thus, we opted to collect measures of 

mental models that are relevant to each member’s understanding of the study 

task, as well as the member’s understanding of their team related mental model. 

To accomplish this, each participant independently rated himself/herself and the 

other 2 team members on task-related attributes using a ten-point Likert-type 

scale. Also, they rated the team as a whole on team-structure related attributes 

using a ten-point Likert-type scale.   

 

Validating the scale using the study sample was required to ascertain if the task 

model construct was measurable using 10 items proposed in the study and if the 

team model construct was measurable using the other 10 items (both constructs 

were suggested by Lim and Klein (2006). Consequently, we run an Exploratory 

Factor Analysis (EFA) using Principal Axis Factoring. The suitability of EFA 

was assessed prior to analysis. Inspection of communalities showed that all 

variables were greater than 0.3. The overall Kaiser-Meyer-Olkin (KMO) was .81 

(for the task part) and .86 (for the team part) indicating the data were sufficient 

for the analysis using EFA (Tabachnick and Fidell, 2019). Bartlett’s test of 

sphericity for the task items  was : χ2 (119) = 348.400, p < .05 and for the team 

items  it was : χ2 (119) = 477.439. Considering these overall indicators, the data 

was likely factorizable with all the 20 scale items/questions (See Appendix A for 

full information about the analysis steps). 

 

We used an eigen value cut-off point of 0.3 for each eigen value which resulted 

in one factor model for each scale part. Three items were eliminated as they did 

not load above 0.3 on any factor. These items were “Q1:This team member 

adheres strictly to the team’s ratings”, “Q3:This team member had relevant 

background knowledge to perform well on the task” (Task Model) and 
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“Q16:Team members often disagreed with each other during the task”(Team 

Model). Removing the variables Q1 and Q3 increased the reliability of the scale 

(using Cronbach’s alpha) to reach α = 0.82 and to α = 0.83 after eliminating 

Q16. As such, removal of these items was considered (The reliability analysis 

was carried out on the scale before and after removing these items (see 

Appendix A for full details). Tables of the factor loadings matrix without 

suppressed coefficients for task and team questions are illustrated below (see 

Table 4.7) 

Table 4-7 Factor loading matrix based on Principal Axis Factoring (N = 120). 

Scale items Factor 1 Factor 2 Communalities 

This team member had a good understanding of the desert 
survival problem. 

.372  .311 

This team member encouraged others’ contributions. .588  .345 

This team member contributed to the overall agreed ratings. .727  .529 

This team member influenced other members during the task. .576  .332 

This team member helped the team to reach consensus. .741  .549 

This team member was satisfied with the final team ratings. .620  .384 

This team member ensured the team remained on track. .682  .464 

This team member is highly effective. .693  .481 

Team members worked well together.  .826 .372 

Team members trusted each other.  .752 .588 

Team members communicated openly with each other.  .754 .727 

Team members agreed on a strategy to carry out the team task.  .537 .576 

Team members agree on decisions made in the team.  .710 .741 

Team members were aware of other team members’ abilities.  .341 .620 

Team members back each other up in carrying out team tasks.  .480 .682 

Team members are similar to each other.  .676 .372 

Team members treat each other as friends.  .701 .588 

Factor loading <0.3 are not shown.   
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To confirm the results from the EFAs, we ran a Confirmatory Factor Analysis 

(CFA) on the second part of the data (the peer evaluation of team and task 

questions). The one-factor model with 10 items (excluding Q1and Q3) in the 

task part and with 10 items (excluding Q16) in the team part was examined. For 

the task items, the specified one-factor CFA demonstrated appropriate model fit 

(χ2 = 39.031, df = 119, p < 0.00, CFI = 0.952, RMSEA = 0.046, and SRMR = 

0.047). Factor loadings were close to or above 0.50 for all items, meaning that, 

for most items, around 40% of the variance in the items was explained (𝑅2≈ 0.4) 

by the theorized factor. This means that the factors explained most of the items 

well (See Figure 4.10).  

 

 

Figure 4-10 CFA model, including one latent variable , and 8 observed variables 

 

However, the specified one-factor CFA demonstrated a poor fit (χ2 = 98.531, df 

= 119, p < 0.00, CFI = 0.846, RMSEA = 0.149, and SRMR = 0.093). 

Investigating the model misspecification showed that item “Q17:Team members 

were aware of other team members’ abilities” poorly fitted in the factor, and 

therefore we decided to remove this item and run a second set of CFA (See 

Figure 4.11).  
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Figure 4-11 CFA model, including one latent variable , and 9 observed variables. 

 

The result of the second round of CFA indicated a good model fit (χ2 = 39.031, 

df = 119, p < 0.00, CFI = 0.954, RMSEA = 0.08, and SRMR = 0.055). Factor 

loadings were close to or above 0.50 for all items, meaning that, for most items, 

around 50% of the variance in the items was explained (R2 ≈ 0.5) by the 

theorized factor. Thus, the team construct explained most of the item well (see 

figure 4.12). 

 

 

Figure 4-12 CFA model, including one latent variable, and 8 observed variable. 

 



 

 79 

 

In conclusion, the initial CFA, as well as the EFA analysis, indicated that the 

two -dimensional scale previously suggested was supported in our sample. The 

EFA analysis mainly indicated a one-factor solution for each part of the scale. 

To achieve a good one-factor solution, we had to exclude four of the original 

items. The final two factors from both parts of the scale were labelled “Task 

Model,” and “Team Model,” (Full details about CFA and EFA can be found in 

Appendix A). Therefore, we computed the self-task mental model score for each 

member by averaging the values of the self-assessment questions (8 items). 

Moreover, we calculated each peer-task judgement for each participant by 

averaging the responses to the task-mental model questions. Similarly, each 

participant team’s mental model was computed using the average of the 

responses to the questions measuring team mental model. Table 4.8 shows an 

example of each of these scores from 4 groups (A full list of groups scores can 

be found in Appendix A). 

Table 4-8 An example of the Self-task mental model, peer-task mental model and team mental model scores 
from 4 groups under four conditions. 

Condition No User ID STM PTM TM 

TC u1 5.75 7.19 7.78 

TC u2 7.13 7.56 7.06 

TC u3 8.63 7.13 9.17 

TV u31 6 6.56 6.06 

TV u32 6.75 6.75 7.06 

TV u33 6.63 6.63 7.72 

PV u61 8.38 8.56 8.56 

PV u62 7.38 7 7.61 

PV u63 6.75 6.81 6.78 

PC u91 7.25 6.81 7.11 

PC u92 8.5 8.5 8.78 

PC u93 7.75 7.94 8 

Note:  STM = Self-task mental model score for each participant, PTM= Peer-task mental model score for each 
participant, the scores they were given by their two team members, TM =Team mental model score for each 

participant. 
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4.8.2.2 Estimating Shared Mental Model 

We calculated the  similarity between team mental model by measuring the 

variance between team members’ rating of the team model. The higher the 

variance, the lower the shared team mental model and vice versa. Shared team 

mental models were defined as follows: 

Equation 4.1 Team mental model similarity 

STeam𝑀𝑀 =
∑(𝑋𝑖 − 𝑋 )

2

𝑛 − 1
 

𝑋𝑖 = 𝐸𝑎𝑐ℎ 𝑚𝑒𝑚𝑏𝑒𝑟 𝑡𝑒𝑎𝑚 𝑚𝑒𝑛𝑡𝑎𝑙 𝑚𝑜𝑑𝑒𝑙. 

𝑋 = 𝑇ℎ𝑒 𝑚𝑒𝑎𝑛 𝑜𝑓𝑎𝑙𝑙 𝑡𝑒𝑎𝑚 𝑚𝑒𝑚𝑏𝑒𝑟𝑠 𝑚𝑒𝑛𝑡𝑎𝑙 𝑚𝑜𝑑𝑒𝑙. 

𝑛 = 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑒𝑚𝑏𝑒𝑟𝑠 𝑖𝑛 𝑒𝑎𝑐ℎ 𝑡𝑒𝑎𝑚. 

 

The agreement between each team member’s self-assessment of the task work 

and that offered by their peers was calculated using Interclass correlation test. 

This indicated a fair agreement of 0.65 (0.58 - 0.73)7. Hence, we computed the 

task mental model for individuals by averaging the two values (self-evaluation 

and peer evaluation). To calculate the shared task mental model, we found the 

variance between team members’ rating in a similar manner to shared  team 

mental model. Tables 4.9, 4.10, 4.11 & 4.12 show the shared task mental models 

and shared team mental models in all task conditions.  

Table 4-9 The shared task and team mental models in condition TC. 

Group SMM_Team SMM_Task 

1 1.15 0.51 

2 0.53 0.50 

3 2.83 0.13 

4 0.25 0.16 

5 1.15 0.12 

6 0.30 0.08 

7 0.57 0.16 

 

7 ICC values between 0.5 and 0.75 indicate moderate reliability (Koo and Li, 2016). 
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8 1.65 0.34 

9 0.02 1.45 

10 0.31 0.05 

A value close to zero indicates a high level of sharedness whereas a 
value far from zero indicates a low level of sharedness. 

 

Table 4-10 The shared task and team mental models in condition TV. 

Group SMM_Team SMM_Task 

1 0.70 0.06 

2 0.01 0.11 

3 0.18 0.10 

4 0.95 0.08 

5 2.93 0.53 

6 0.01 0.24 

7 2.52 1.46 

8 0.33 0.22 

9 4.78 2.84 

10 0.58 0.66 

A value close to zero indicates a high level of sharedness whereas a value 
far from zero indicates a low level of sharedness. 

 

Table 4-11The shared task and team mental models in condition PV. 

Group SMM_Team SMM_Task 

1 0.79 0.78 

2 1.85 0.54 

3 1.72 2.06 

4 1.72 0.20 

5 0.40 2.94 

6 0.84 0.92 

7 0.24 0.60 

8 0.64 2.59 

9 0.37 0.10 

10 0.10 0.65 

A value close to zero indicates a high level of sharedness whereas a value 
far from zero indicates a low level of sharedness. 
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Table 4-12 The shared task and team mental models in condition PC. 

Group SMM_Team SMM_Task 

1 0.70 0.54 

2 0.40 0.02 

3 1.79 0.83 

4 4.67 0.81 

5 0.45 0.20 

6 1.49 1.28 

7 0.00 0.28 

8 0.18 0.35 

9 0.22 1.05 

10 1.08 1.56 

A value close to zero indicates a high level of sharedness whereas a value 
far from zero indicates a low level of sharedness. 

 

4.8.2.3 Mental Models among Study Conditions (individual level) 

Multilevel analysis of task and team mental models was applied among the four 

task conditions (the main difference between the conditions was in the 

individual activity where the rating data was either made visible to or cloaked 

from another participant totally or partially). At the individual level, the team 

and task mental model for each member nested in the groups were compared to 

others’ task and team mental model nested in different groups across the 

four  conditions. At the group level the analysis compared between the shared of 

team and task mental models and task models between the task conditions.  

 

A one-way Welch ANOVA was conducted to determine if there is a difference 

in the task mental model (each team member) among experiment conditions. 

Participants were classified into four conditions: TC (n = 30), TV (n = 30), PV 

(n = 30) and PC (n = 30). There were 3 outliers, as assessed by boxplot; data was 

normally distributed for each group as assessed by Shapiro-Wilk test (p > .05); 

but there was heterogeneity of variances as assessed by Levene's test of 

homogeneity of variances (p = .008). See Appendix A for more details. The 
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differences between the experiment conditions in term of participants’ task 

mental model was not statistically significant, Welch's F(3, 62.816) = 2.196, p = 

0.097, est.ω2 =.029. Descriptive statistics for the task mental model variable are 

shown in Table 4.13. 

Table 4-13 Mean, standard deviation and standard error of Task MM. 

Condition Mean Std. Deviation Std. Error 

TC 7.64 0.67 0.12 

TV 8.20 1.00 0.18 

PV 7.80 0.98 0.18 

PC 7.90 1.24 0.23 

 

Similarly, for the Team mental model we conducted a one-way Welch ANOVA 

to determine if there was a difference among experiment conditions (TC, TV, 

PV, PC). The participants’ team model data was not normally distributed in all 

task conditions, as assessed by Shapiro-Wilk test (p > .05); there were three 

outliers as assessed by boxplot; and there was heterogeneity of variances as 

assessed by Levene's test of homogeneity of variances (p = .025). The result 

from one-way Welch ANOVA suggested that there were no statistically 

significant differences in Team MM between the different task design, Welch's 

F(3, 63.106) = 1.934, p = .133, est.ω2 =.023. The descriptive statistics of the 

participant’s team mental model among task conditions are presented in table 

4.14. 

Table 4-14 Mean, standard deviation and standard error of Team MM. 

Condition Mean Std. Deviation Std. Error 

TC 8.20 0.94 0.17 

TV 8.45 1.19 0.22 

PV 7.95 0.87 0.16 

PC 7.64 1.71 0.31 
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4.8.2.4 Shared Mental Models among Study Conditions  

In group level analysis, the shared team and task models were compared across 

experiment conditions using one-way ANOVA test similar to the previous 

section. In the shared task MM, we conducted  a one-way Welch ANOVA to 

examine if there was a difference between groups nested in 4 task conditions. 

There were 2 outliers as assessed by boxplots; data was not normally distributed 

for all conditions as assessed by Shapiro-Wilk test (p > .05); and there was 

heterogeneity of variances as assessed by Levene's test of homogeneity of 

variances (p = 0.03).  

In the TC(M = 0.34, SD = 0.4, N=10), TV  (M = 0.62, SD = 0.8, N=10), PV (M 

= 1.13, SD = 1, N=10) and (M = 0.69, SD = 0.4, N=10) in the PC, in terms of 

Shared task MM, the differences between groups were not statistically 

significant, Welch's F(3, 19.08) = 2.045, p = . 0.14, est.ω2 =.025. 

 

A one-way ANOVA was conducted to determine if the Shared team MM was 

different for groups with different task conditions. There were 2 outliers as 

assessed by boxplots; data was not normally distributed for all condition as 

assessed by Shapiro-Wilk test (p > .05); and there was homogeneity of variances 

as assessed by Levene's test of homogeneity of variances, p = .12 (See Appendix 

A for more details). The mean and standard deviation for the Shared team MM  

were in TV (M = 1.29, SD = 1.5), to (M = 1.09, SD = 1.3) in PC, to (M = 0.87, 

SD = 0.8) in TC  and  (M = 0.86, SD = 0.6) in TV, in that order, but the 

differences between these designs were not statistically significant, F(3, 36) = 

0.299, p > .0005, ω2 =1.18.  
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4.8.2.5 The Relation between Team and Task Mental Model 

Kendall's tau-b correlation was run to determine the relationship between 

participants task mental model and their team mental model amongst 120 

participants. Preliminary analyses showed the relationship to be linear with both 

variables but not normally distributed, as assessed by Shapiro-Wilk's test p > 

.05. (Appendix A shows more information ).  

There was a strong, positive association between task-MM and team-MM, which 

was statistically significant, τb = .476, p < .0001. Figure 4.13 shows the 

relationship between these two variables. 

 

 

 

Figure 4-13 Scatter plot of TeamMM by TaskMM for all 120 participants. 
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4.8.2.6 The Relation between Shared Team and Task Mental Model 

The relationship between shared team mental models and shared task mental 

models amongst 40 groups was examined using a Kendall's tau-b coefficient. 

Preliminary analyses showed that both variables have not violated the linearity 

assumption (see Appendix A).  

The result shows there was a weak, positive association between shared team 

MM and shared task MM as shown in figure 4.14, which was not statistically 

significant, τb(40) = .2, p = .06. 

 

 

 

Figure 4-14 Scatter Plot of Shared_teamMM by Shared_taskMM for all 40 groups. 
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4.8.2.7  The Relation between Team and Task Mental Models and 

Team Performance  

A Kendall's tau-b correlation was run to assess the relationship between the 

member task mental model and team performance, as well as the relationship 

between the member team mental model and their performance. This test was 

selected as results of preliminary analyses showed that not all variables were 

normally distributed and there was no linear relationship between variables8, as 

assessed visually in figure 4.15. 

 

Figure 4-15 The relationship  between member performance and members’ team and task models.  

 

There was no statistically significant correlation between members’ performance 

and their task and team MM. Likewise, the relation between the shared task and 

team mental models and team performance was not statistically significant as 

shown below in Figure 4.16. 

 

8 We ran different type of correlation test (e.g., Pearson product-moment correlation),the result was approximately the 

same . 
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Figure 4-16 The relationship between team performance and shared team and task MM. 

 

 

4.8.3 Text  Indices 

Similar to the previous analyses, multilevel analysis was applied, considering the  

team conversation as a whole and each member conversation individually. All 

text scripts were processed using LIWC2015 program and only including the 15 

text indexes mentioned previously in Table 4.4. The analysis consisted of 

multiple steps as follows: 

 

4.8.3.1 Examine Relationship between the Text Indices (Team Level) 

Pearson correlation coefficient was used to investigate the relationship between 

all 15 text variables generated using LIWC using the team conversation scripts 

as illustrated in figure 4.17. The result showed a strong positive relationship 

between the number of words each member wrote and the proportional use of 

the word “you”, the amount of the negative emotion in the text, the use of 

causality words, achievements words and finally, the words that focus on the 

present situation.  All these correlations are shown in table 4.15. 
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 The agreement between groups seemed to decrease when they had  a long 

conversation r(40)= -.380, p < .05 and surprisingly the number of questions they 

asked also decreased r(40)= -.402, p < .05. The teams made use of more First-

person singular “I”  when they were more certain about the discussion and they 

were more focussed on the present situation.  

Moreover, there was a strong positive association between the use of “We” and 

the use of affiliation words in the team r(40)= .965, p < .01. There was a 

negative relationship between the use of “We” and the use of certain words and 

the number of question marks. On the other hand, the use of the second-person 

pronoun “You” was observed in teams that used more negative emotion words.  

However, they used fewer assent words which might represent more 

disagreement between them. When teams used more positive tone, the number 

of words representing agreement and certainty increased.  

Similarly, the presence of a negative tone related positively to agreement words 

and present-focus words. When teams used more insightful words, they tend to 

use more causation and focus words. While the team discussion tended to have 

more achievement and focus words when they used more causation words.  

Finally, there was a negative relationship between the use of certain words and 

the use of affiliation words and between the use of achievement words and the 

increase number of question marks. 
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Figure 4-17 The plot shows the correlation matrix, data distribution and the bivariate scatter for 15 text variables(Team level) . The diagonal shows the distribution of each variable, the bivariate scatter plots with a 
fitted line are displayed on the bottom of the diagonal, the value of the correlation plus the significance level as stars (p-values: 0.001 =“**”, 0.01= “*”, 0.05= “.”) on the top of the diagonal
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Table 4-15 The correlation matrix of 15 text variables (team level analysis, N= 40). 

 WC I We You Posemo Negemo Insight Cause Tentat Certain Affiliation Achieve Focus-present Assent 

I 0.013              

We 0.288 -0.11             

You .348* 0.119 0.249            

Posemo 0.188 0.161 0.206 0.136           

Negemo .622** 0.11 0.071 .562** 0.025          

Insight 0.231 0.299 0.116 0.117 0.084 0.022         

Cause .538** 0.002 0.271 0.22 0.092 0.292 .417**        

Tentat 0.111 0.158 0.067 0.183 0.222 0.074 0.304 0.071       

Certain 0.198 .397* -.341* 0.072 .516** 0.097 -0.006 0.035 0.131      

Affiliation 0.154 0.166 .965** 0.242 0.246 0.174 0.088 0.196 0.013 -.368*     

Achieve .455** 0.13 0.222 0.038 0.023 0.3 0.233 .437** 0.264 -0.147 0.142    

Focus present .408** .322* 0.283 0.253 -0.01 .329* .582** .477** 0.249 -0.049 0.262 0.277   

Assent -.380* 0.134 0.033 -.380* .418** .392* 0.057 0.217 0.303 0.224 0.033 -0.191 -0.296  

Q-Mark -.402* 0.038 -.347* 0.104 0.113 0.057 0.087 0.097 0.233 0.132 -0.263 -.384* -0.173 0.111 

*.Correlation is significant at the 0.05 level (1-tailed).   **.Correlation is significant at the 0.01 level (1-tailed). 
9

 

9 The text variables labelled using abbreviation of the name of the  LIWC dictionaries that used to measure this variable: 

Q-mark = question marks, Achieve = Achievement, Posemo =Positive emotion, Negemo = Negative emotion 

 Tentat =Tentativeness, Certain= Certainty, Focus present =Present focus. 
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4.8.3.2 The Difference Between the Task Conditions in Terms of 

Language Style (Team Level) 

As discussed above, 15 text features were extracted from each team conversation 

amongst the four experimental conditions. To examine whether there was a 

difference between experimental conditions in terms of the language usage, we 

used the general linear model (One-way MONOVA). The one-way multivariate 

analysis of variance is used to incorporate more than one dependent variable (15 

text variables). To perform this test, we went through several data checking steps 

to test if the text variables did not violate one of MANOVA assumptions (see 

Appendix A). The results of this preliminary analysis suggested that we can run 

MANOVA on 5 variables groups where the variables inside each group had 

moderate correlation (e.g. WC  correlate with the use “you” and “negative 

emotion words”, thus we can use MANOVA on them together). 

 However, we ran separate one-way ANOVAs on the use of “achievement”, 

”affiliation”, and “Tentative” words variables due to multicollinearity issue. The 

Descriptive Statistics table below (4.16) displays the mean, standard deviation, 

standard  error and the confidence interval of the mean for all the text variables 

separately for each task condition. 

 

Table 4-16 The Descriptive Statistics of 12 text indices. 
     

95% CI 

Variable Condition M SD Std. Error Lower 

Bound 

Lower Bound 

 

word count 
TC 2066.5 751.98 235.1 1589.69 1589.69 

TV 1836.7 769.87 235.1 1359.89 1359.89 

PV 1636.9 847.82 235.1 1160.09 1160.09 

PC 1552.5 577.9 235.1 1075.69 1075.69 

You TC 1.02 0.68 0.16 0.69 0.69 

TV 1.04 0.71 0.16 0.71 0.71 

PV 0.42 0.23 0.16 0.08 0.08 



 

 93 

 

PC 0.48 0.24 0.16 0.15 0.15 

Negemo TC 0.52 0.34 0.08 0.35 0.35 

TV 0.54 0.28 0.08 0.37 0.37 

PV 0.45 0.2 0.08 0.27 0.27 

PC 0.4 0.22 0.08 0.23 0.23 

Insight TC 1.81 0.51 0.16 1.49 2.12 

 TV 1.6 0.45 0.16 1.28 1.91 

 PV 1.47 0.46 0.16 1.16 1.79 

 PC 1.65 0.53 0.16 1.34 1.96 

Cause TC 1.21 0.33 0.09 1.03 1.39 

 TV 1.15 0.26 0.09 0.97 1.33 

 PV 1.16 0.16 0.09 0.98 1.34 

 PC 0.96 0.34 0.09 0.78 1.14 

Focus-

present 
TC 8.44 1.07 0.44 7.55 9.32 

 TV 8.7 1.48 0.44 7.82 9.59 

 PV 8.52 1.48 0.44 7.63 9.4 

 PC 8.22 1.44 0.44 7.34 9.1 

We TC 2.13 0.44 0.25 1.63 2.64 

 TV 1.86 0.89 0.25 1.36 2.37 

 PV 2.32 1.06 0.25 1.82 2.83 

 PC 2.17 0.61 0.25 1.67 2.68 

Q-Mark TC 1.8 0.53 0.19 1.42 2.18 

 TV 2.07 0.54 0.19 1.69 2.45 

 PV 2.16 0.67 0.19 1.78 2.54 

 PC 1.93 0.62 0.19 1.55 2.31 

I TC 2.57 0.56 0.15 2.26 2.87 

 TV 2.21 0.3 0.15 1.91 2.52 

 PV 2.2 0.6 0.15 1.9 2.51 

 PC 1.97 0.36 0.15 1.67 2.27 

Certain TC 0.77 0.24 0.09 0.59 0.95 

 TV 0.77 0.39 0.09 0.59 0.96 
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 PV 0.76 0.22 0.09 0.58 0.95 

 PC 0.64 0.26 0.09 0.45 0.82 

Posemo TC 3.66 0.62 0.24 3.17 4.15 

 TV 3.48 0.63 0.24 2.99 3.97 

 PV 3.55 1.03 0.24 3.06 4.04 

 PC 3.29 0.7 0.24 2.8 3.78 

Assent TC 2.25 0.62 0.24 1.77 2.72 

 TV 2.14 0.92 0.24 1.66 2.61 

 PV 2.27 0.7 0.24 1.79 2.74 

 PC 2.24 0.69 0.24 1.76 2.71 

 

 

The results of running the one-way multivariate analysis of variance to 

determine the effect of the task conditions on the team language style (excluding 

the variables that violated the model requirements) are shown in table 4.17. 

Although there was a difference between the conditions in some of the text 

variables (e.g. use of You) as it illustrated in the table 4.18, this difference was 

not statistically significant, as assessed by Wilks' Lambda test 10 (P >.05). 

 

 

 

 

 

 

 

 

 

10 Although Pillai's Trace is more robust test but is used  the sample sizes  is unequal and the Box's M result most  
have a statistically significant .In addition, the  Wilks' Λ  is considered to be the  most commonly 
recommended  multivariate statistic (Hair et al., 2013) 
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Table 4-17 The MANOVA results for five group variables. 

 

We performed a one-way ANOVA in both the use of tentative words and the use 

of achievement words to examine if there was distinction between the task 

conditions in terms of these two variables. This analysis was preceded by a 

preliminary data analysis to assess the test assumptions (see appendix A). Tentat 

words score was  (M = 2.15, SD = .63) in condition PC and approximately the 

same in condition PV (M = 2.06, SD = .45), but slightly different in TV (M = 

1.88, SD = .6) and return to be close in condition TC (M = 1.99,SD = .62). 

Therefore, the differences between these conditions were not statistically 

significant, F(3, 36) = .388, p = .762, ω2 =  .65.     

Likewise, the use of achievement words was nearly the same in condition PC (M 

= .833,SD = .26) and condition PV(M = .852, SD = .34). However, in the TV (M 

= .665,SD = .26) the amount of achievement words decreased and returned to 

ascend slightly in condition TC (M = .924, SD = .34). Despite this distinction, 

the one-way ANOVA showed that differences between conditions were not 

statistically significant, F(3, 36) = 1.262, p = .302, ω2 =  .37.  Finally, A one-

way Welch ANOVA was conducted to determine if the use of afflation words  

was different amongst the task conditions. In TC the use of affiliation was (M = 

2.34, SD = .38) and nearly identical to TV (M = 2.32, SD = .83) slightly went up 

in PV (M = 2.73, SD = 1) and a bit decreased in PC (M = 2.54, SD = .60). 

Therefore, the differences between these four conditions were not statistically 

significant, Welch's F(3, 18.749) = .567, p = .644, est.ω2 = 18.9. 

  
Tests of between–condition differences 

Groups F df Wilks' Λ P<.05 partial η2 

1 1.57 9 0.682 0.138 0.12 

2 1.088 9 0.762 0.38 0.087 

3 0.776 6 0.879 0.591 0.062 

4 1.408 6 0.796 0.224 0.108 

5 0.271 6 0.955 0.949 0.023 

Group 1 = WC, You, Negemo variables.  
Group 2 = I insight, Cause, Focus-present variables. 
Group 3 = We, Q-Mark variables. 
Group 4 = Certain, I variables. 
Group 5 = Posemo, Assent variables. 
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4.8.3.3 The Relationship between the Text Indices (Individual Level) 

In parallel with team level analysis, we examined the association between all 15 

text variables produced by LIWC using each member conversation separately 

using Pearson correlation coefficient (each participant’s text contribution was 

treated as a separate unit of discourse and given a score on all the text 

dimensions mentioned above).  

Surprisingly, most of the previous relations between the text variables at the 

team level were not present in the findings at the individual level. However, 

there were a few exceptions as follows: the positive correlation between the use 

of positive emotions words and the use of agreement words, r(120)= .356, p < 

.01. In addition, the use of the first-person plural correlated positively with the 

use of affiliation words (r(120)= .947, p < .01).  

Likewise, there was a positive correlation between the use of insight words and 

words that focused on the present, r(120)= .476, p < .01. The number of words 

correlated positively with words of negative emotions (r(120)= .351, p < .01). In 

contrast, the use of assent words negatively correlated with words count. r(120)= 

-.420, p < .01. The correlation matrix (Figure 4.18 and Table 4.18) shows all 

relationships between the text variables.  
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Figure 4-18 The plot shows the correlation matrix, data distribution and the bivariate scatter for 15 text variables (Individual level). 

The diagonal shows the distribution of each variable, the bivariate scatter plots with a fitted line are displayed on the bottom of the diagonal, 

the value of the correlation plus the significance level as stars (p-values: 0.001 =“**”, 0.01= “*”, 0.05= “.”) on the top of the diagonal.
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Table 4-18 The correlation matrix of 15 text variables (Members level analysis, N=120). 

 

 

 

11 Similar to the team level section  the text variables labelled using abbreviation of the name of the  LIWC dictionaries that used to measure this variable: 
Q-mark = question marks, Achieve = Achievement, Posemo =Positive emotion, Negemo = Negative emotion Tentat =Tentativeness, Certain= Certainty, Focus present =Present focus. 

 
WC I We You Posemo Negemo Insight Cause Tentat Certain Affiliation Achieve Focus-present Assent 

I -0.131 
             

We 0.202 -0.156 
            

You 0.190 0.049 -0.276 
           

Posemo -0.280 0.135 -0.148 -0.092 
          

Negemo .351** 0.033 -0.149 .368** -0.076 
         

Insight 0.119 0.203 0.096 0.189 -0.047 -0.073 
        

Cause 0.182 -0.163 0.061 .227* -0.171 0.053 0.107 
       

Tentat 0.146 -0.137 -0.001 -0.167 0.125 -0.091 0.122 -0.219 
      

Certain -0.044 0.079 -0.126 -0.117 0.211 -0.004 -0.010 -0.034 0.163 
     

Affiliation 0.060 -0.143 .947** -0.237 -0.153 -0.198 0.128 0.046 -0.042 -0.127 
    

Achieve 0.297 0.017 0.013 -0.063 -0.150 0.015 0.094 -0.018 0.116 -0.113 -0.011 
   

Focus present 0.192 0.175 0.204 0.248 -0.106 0.097 .476** 0.198 -0.047 -0.123 0.243 0.130 
  

Assent -.420** 0.000 0.042 -0.190 .356** -0.171 0.036 -0.237 0.000 -0.015 0.076 -0.228 -0.199 
 

Q-Mark -0.219 -0.158 -0.144 0.083 0.221 -0.012 -0.038 0.016 0.115 0.087 -0.120 -0.281 -0.214 0.039 

*.Correlation is significant at the 0.05 level (1-tailed). 
**.Correlation is significant at the 0.01 level (1-tailed). 
 

11 



 

 99 

 

4.8.3.4 The Difference Between the Task Conditions in Term of 

Language Style (Individual Level) 

In this part, we  compared between the task conditions in term of the 15 text 

features extracted from each member’s script. Likewise, for team level analysis, 

we ran a preliminary analysis  to check the text variables data and select the 

appropriate comparison model (see Appendix A). The pre-analysis process 

suggested that one-way MANOVA is the most appropriate test for 6 text 

variables : “word count”, “Negative emotion”, “Positive emotion”, “Assent”, 

“insight”, and “focus-present”, in that order, every two variables generate a 

group in MANOVA. For the remaining text variables (excluding one variable), 

we performed separate one-way ANOVAs model. The exception was to run  a 

one-way Welch ANOVA in the “You” variable as it has violated homogeneity 

of variances as assessed by Levene's test (see appendix A).  

The descriptive statistics shown in table 4.19 display the mean, standard 

deviation, standard error and the confidence interval of the mean for all the text 

variables separately for each task condition. 

Table 4-19 The Descriptive Statistics of text variables(Individual level). 

          95% CI 

Variable Condition M SD Std. 
Error 

Lower 
Bound 

Lower 
Bound 

You 

TC 1.69 1.26 0.23 1.22 2.15 

TV 1.79 1.38 0.25 1.28 2.31 

PV 0.70 0.65 0.12 0.46 0.94 

PC 0.85 0.90 0.16 0.52 1.18 

Cause 

TC 1.99 1.04 0.19 1.60 2.38 

TV 2.06 0.77 0.14 1.77 2.35 

PV 1.97 0.95 0.17 1.62 2.32 

PC 1.63 0.79 0.15 1.33 1.93 

We 

TC 3.38 1.23 0.22 2.92 3.84 

TV 3.16 1.68 0.31 2.53 3.79 

PV 3.83 1.92 0.35 3.11 4.54 

PC 3.93 1.56 0.28 3.35 4.52 

Q-Mark 

TC 2.90 1.52 0.28 2.34 3.47 

TV 3.51 2.23 0.41 2.67 4.34 

PV 3.67 2.28 0.42 2.82 4.52 
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PC 3.49 1.87 0.34 2.79 4.19 

I 

TC 4.17 1.53 0.28 3.60 4.75 

TV 4.14 1.29 0.24 3.66 4.63 

PV 3.80 1.50 0.27 3.24 4.37 

PC 3.44 1.11 0.20 3.02 3.86 

Certain 

TC 1.20 0.61 0.11 0.97 1.43 

TV 1.30 0.83 0.15 0.99 1.61 

PV 1.27 0.76 0.14 0.98 1.55 

PC 1.13 0.70 0.13 0.86 1.39 

Achieve 

TC 1.47 0.76 0.14 1.19 1.75 

TV 1.23 0.67 0.12 0.98 1.48 

PV 1.40 0.73 0.13 1.12 1.67 

PC 1.41 0.67 0.12 1.16 1.66 

Tentat 

TC 3.15 1.37 0.25 2.64 3.66 

TV 3.18 1.39 0.25 2.66 3.70 

PV 3.39 1.49 0.27 2.84 3.95 

PC 3.77 1.20 0.22 3.32 4.21 

Affiliation  

TC 3.74 1.20 0.22 3.29 4.19 

TV 4.07 1.65 0.30 3.46 4.69 

PV 4.52 2.06 0.38 3.76 5.29 

PC 4.64 1.73 0.32 3.99 5.28 

 

A one-way multivariate analysis of variance was run to determine the effect of 

task conditions  on individual language style. Six measures of language features 

were assessed using one-way MANOVA: “word count”, the use of  ( “Negative 

emotion ”, “Positive emotion ”,“Assent ”, “insight”, “focus-present ”)words. The 

words count  score was higher in condition TC then decreased in condition TV, 

PV and PC (M = 426.53, SD = 201.25; M = 345.2, SD =175.92, M = 326.36, SD 

= 196.01 and  M = 296.2, SD = 146.84, respectively). Whereas the use of 

negative words score was higher in condition TV then lowered in condition TC, 

PC, PV (M = .95, SD = .60; M = .84, SD = .65, M = .73, SD = .53 and M = .73, 

SD = .54, respectively). However, the differences between the task conditions on 

the combined dependent variables was not statistically significant, F(3, 116) = 

1.904, p = .081; Wilks' Λ = .908; partial η2 = .047. 
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Likewise, the one-way MANOVA was used to measure the different between 

the task conditions in term of the positive emotion words and words of assent, 

the result for positive emotion shows slightly same score in all task 

conditions(TC: M = 6.17, SD = 1.77; TV: M = 6.27, SD =1.47,PV: M = 6.19, 

SD = 2.68 and  PC: M = 5.83, SD =2.09). In the same way, the use of assent 

words approximately  the same score  in all task  conditions (TC: M = 4.07, SD 

= 2.58; TV: M = 3.89, SD =1.91; PV: M = 4.18, SD = 2.67 and  PC: M = 4.37, 

SD =2.88). Therefore, the differences in these conditions  on the combined 

dependent variables was not statistically significant, F(3, 116) = .335, p =.918; 

Wilks' Λ = .983; partial η2 = .009. 

The last one-way MANOVA test conducted to measure the difference between 

the task conditions regarding the use of insight words and the focus present 

words. Equivalent to previous variables, the differences between these 

conditions  on the combined assent and focus present  variables was not 

statistically significant, F(3, 116) = 1.573, p = .156; Wilks' Λ = .923 ; partial η2 

= .039.Subsequently,  for the other 8 text variables (use of “I”, “We”, “Cause”, 

“Achieve”, “Certain”, “Tentat”, “Affiliation ”and “Q mark”)we ran the one-way 

ANOVA. The result of this models is presented below in Table 20.   

 

Table 4-20 Tests of between–condition differences on text variables. 

 

 

 

 

 

 

 

 

 

 

Variable F df P<.05 
Omega  

squared (ω2) 

I 1.887 119 0.14 0.021 

We 1.547 119 0.21 0.013 

Cause 1.387 119 0.25 0.009 

Certain 0.327 119 0.8 -0.017 

Achieve 0.64 119 0.59 -0.009 

Tentat 1.304 119 0.27 0.007 

Affiliation 1.807 119 0.15 0.019 

Q-Mark 0.855 119 0.46 -0.003 
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To conclude, the difference between the task conations in regard to the 8 text 

variables were not statically significant as the result  suggested  in the table 

above. Surprisingly, the result from the final analysis differ from the previous 

outcomes, as we ran the run  one-way Welch ANOVA to examine the different 

between the task conditions in term of using the second-person singular. The use 

of “You” was statistically significantly different between different task 

conditions, Welch's F(3, 61.881) = 8.494, p < .0005, est. ω2 = .15. Team 

members  refer to each other by  “You” in condition TC and condition TV (M = 

1.68, SD = 1.25, M = 1.7, SD = 1.38, respectively ) more than in condition PV 

and condition PC (M = 0.69, SD = 0.65, M = 0.85, SD = 0.89, respectively) as 

shown in figure 19. 

Games-Howell post hoc analysis revealed that the mean increases from 

condition TC to condition PV (0.98, 95% CI [0.29, 1.67]) was statistically 

significant (p = 0.002), as well as the increase from condition TC to condition 

PC (0.83, 95% CI [0.08, 1.58], p = .023).Moreover, the mean  rose from 

condition TV to condition PV (1.09, 95% CI [0.34, 1.83], p = .002), likewise 

from condition TV to condition PC (0.94, 95% CI [0.14, 1.74]) was statistically 

significant (p < .01).Whereas,  the mean slightly increase from condition TV to 

condition TC and from condition PC to condition PV ((0.1, 95% CI [-0.79,1]), 

(0.1, 95% CI [-0.38, 0.68]), respectively), but this was not statistically 

significant p >.05.     

 

 

 

Figure 4-19 The mean of you usage in task conditions. 
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4.8.3.5 The Relation between Team Language and Team 

Performance 

Kendall's tau-b correlation was run to determine the relationship between text 

variables  and individual and team performance. All text indices were not 

correlated with the individual performance (see Table 4.21). However, there was 

a statistically positive association between the team performance and two text 

indices (use of we: r(40)= .20,p<.05; use of affiliation words: r(40)= .21, p <.21)  

while greater use of negative emotion words was associated with worse team 

performance r(40)= -.22, p <.05 . 

 

Table 4-21 Kendall's tau-b coefficient between text variables and member and team performance. 

Text variable Member performance Team performance 

WC -0.04 -0.06 

I 0.07 -0.18 

We -0.05 0.20* 

You 0.06 -0.16 

Posemo -0.06 -0.16 

Negemo -0.09 -0.22* 

Insight 0.10 0.07 

Cause -0.03 0.08 

Tentat -0.08 0.10 

Certain 0.09 -0.24* 

Affiliation -0.04 0.21* 

Achieve -0.03 0.15 

Focus present 0.01 0.05 

Assent -0.04 -0.02 

Q Mark -0.01 -0.06 

*.Correlation is significant at the 0.05 level (1-tailed). 
**.Correlation is significant at the 0.01 level (1-tailed). 
Members N= 120, Team N=40. 
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4.8.3.6 The Relation between Team Language and Team and Task 

MM 

Kendall tau-b correlation was computed to examine the association  between 

text variables, team and task mental models and the shared  task and team 

mental models as Shown in Table 4.22. A negative correlation was observed 

between the use of ‘I’, the use of positive words and shared team models 

(measured using variance), which might be an indication that team members 

who made used a positive tone  and refer to themselves with ‘I’ have a  high 

level of shared team models. Whereas, when they are more focus on the present 

situation and use a lot of causation words, they tend to have a lower-level shared 

team models as indicted by the positive correlation  between shared team MM, 

the use causality words and focus present words. On the other hand, the shared 

task models negatively correlated with tentative words and positively with the 

use of ‘you’ which might suggest lower shared task models when team members 

referred to each other using ‘you’  and higher shared task models level when 

they use more tentative words. 

Table 4-22 Kendall's tau-b coefficient between text variables and Task and team MM and SMM. 

Text variable TeamMM TaskMM Shared_TaskMM Shared_TeamMM 

WC 0.02 0.08 0.00 0.10 

I 0.00 0.07 -0.15 -0.24 

We -0.15 -0.24 0.01 0.12 

You 0.02 0.00 0.22* -0.02 

Posemo 0.06 0.16 0.02 -0.24 

Negemo 0.07 0.13 0.11 0.15 

Insight -0.04 -0.12 0.11 0.02 

Cause -0.01 0.06 0.03 0.21* 

Tentat 0.04 0.01 -0.24 0.05 

Certain 0.13 0.06 -0.10 -0.16 

Affiliation -0.16 -0.28 -0.20 0.13 

Achieve -0.09 0.01 0.01 0.12 

Focus present -0.03 -0.14 -0.16 0.23* 

Assent -0.06 -0.13 0.15 0.12 

Q Mark 0.10 0.07 0.06 -0.17 

*.Correlation is significant at the 0.05 level (1-tailed), **.Correlation is significant at the 0.01 level (1-tailed). 
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4.8.4 Discussion 

The present study is rather exploratory, and because each team had 3 members 

the cost of increasing team sample-size was substantial. This means that some of 

the analyses were unfortunately rather low powered. However, we looked at 

effect sizes to highlight interesting potential findings, rather than dismissing 

findings that failed to reach statistical significance. 

 

The main interest in this study was to explore the relation between the teams’ 

use of language and their shared mental models and thus the consequence on 

team performance (R1). The findings suggest a link between the shared team 

mental models and  team members positive tone as well as an association 

between the former and the use of ‘I’. The use of more positive emotions might 

enhance the shared team mental models by increasing the degree of immersion 

in the team. This is broadly similar to what was found in an existing study where 

the authors found that women made use of more positive emotion words when 

they had a desire to cope with their partners (Holmes et al., 2007). Although the 

use of ‘I’ referred to self-attention, it is used frequently with lower status 

language which might means that teams that have similar team models consider 

themselves as having equal status (Sexton and Helmreich, 2000). 

 

On the other hand, when team members frequently mentioned causality words 

and present focus words they seemed to have lower shared team mental models. 

This is likely because the nature of the DST which required teams to reach a 

consensus by negotiating and convincing each other about the optimal ranking 

which might lead to conflict of viewpoints and disagreements (Thompson and 

Coovert, 2003). Hence, focusing more on the present situation and reasoning 

more (more causality words) might affect the shared team mental models 

negatively or else reflect disagreements that need to be negotiated and are not 

always successfully resolved. 
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In terms of shared task mental models, we found the use of ‘you’ correlated 

positively with shared task models and the latter correlated negatively with the 

use of tentative words. This means the more team members refer to each other 

with the second person singular the more shared task models between them 

dwindle. This suggests that there might be a link to the quality of the 

relationships as was mentioned by Simmons and others (2008). As a result, 

when team members had low quality relationship, they tended to lose interest in 

the task which might cause the shared task models to decrease. Whereas, when 

team members use more tentative language (e.g., maybe, perhaps,), the shared 

task models increased between them, which is likely due to uncertainty and 

insecurity about the topic thus leading them to further discuss the task and hence 

gaining similar understanding (Pasupathi, 2007).  

 

Surprisingly, we did not find a relationship between shared task mental models 

and shared team mental models which is opposite to what the literature suggests 

(Rentsch and Klimoski, 2001; Mesmer-Magnus and DeChurch, 2009; Maynard 

and Gilson, 2014; Boies and Fiset, 2018). However, considering the nature of 

the task (DST) - where teams to reach a consensus on the team ranking by 

negotiating and convincing each other - increases the similarity between their 

task mental models while causing a disagreement and negativity between team 

members thus causing a dissimilarity in their shared team mentals models. As 

the team language analysis revealed, there is a strong negative  relationship 

between the use of agreement words and the team negative tone. Moreover, our 

results show evidence of strong relation between task mental models and team 

mental models when analysed at the individual level.    

 

Although there was no relationship between SMM and team performance (R2), 

our text analysis suggests a relationship between team performance and the use 

of both first-person plural and affiliations words, which is inconsistent with the 

findings by (Gonzales et al., 2010). However, the authors found a strong 

correlation between the use of ‘we’ and team cohesion which might influence  

team performance. Additionally, the results suggest that the increased use of 
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negative tone between team members was associated with a decrease in team 

performance. This is expected when team members express negative emotions 

(Huffaker et al., 2011). 

 

Finally, there are several significant findings in terms of team language analysis. 

We found that the use of assent decreased the length of team discourse which is 

an indication of low engagement  as  published in (Leshed et al., 2007). While 

team members expressing positive emotions tend to increase their agreement 

with each other (Tausczik and Pennebaker, 2010). 

 

Regarding task conditions, we found a significant difference between condition 

TC and TV and between the PC and PV with respect to the frequency of use of 

the second person singular ‘you’.  This means team members referred to each 

other with ‘you’ when they had to rate all 12 items in the individual part, while 

they mentioned ‘you’ less when they were assigned only 4 items in the 

individual part. Additionally, team performance differed slightly with respect to 

the task conditions as team members in PC condition performed better compared 

to other task conditions. Although this result was not statically significant it 

might help in explaining the difference in the use of ‘you’ as it is consistent with 

the suggestion that the initial assignment of task role might enhance the  team 

members performance (Tausczik and Pennebaker, 2013). The other differences 

between task conditions were low powered as a result of the small sample size.  
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4.8.5 Chapter summary   

This chapter presented the first study on explore the relationship between Shared 

Mental Models and their use of language and the influence of both on team 

performance. Using a decision-making task amongst a team of three individuals, 

we ran a mixed comparison between team SMM, team linguistics features and 

team performance at the individual and team levels. Evidence derived from this 

study showed a link between shared mental models and team language but not 

between shared mental models and team performance. Moreover, we found a 

significant relation between teams’ use of language and their performance. This 

study contributed to the SMM literature empirically by using multilevel analysis 

of task and team mental models in virtual collaborative decision-making as well 

as taking the first step to predicting this construct using text analysis. The figure 

below shows a summary of study 1. 

 

 

Figure 4-20  Study1 summary. 
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Study 2: Team 

Cohesion and Team 

Conversation 

5.1 Chapter Background 

In chapter 2, we noted that much research highlighted the importance of team 

cohesion on team outcomes in different team contexts (Carron et al., 1985; 

Carron et al., 2007; Joo et al., 2012; Liang, Shih, Chiang, et al., 2015; Dimas et 

al., 2020). Given the impact of cohesion on collaborative work, accurate 

measurement of this construct is important; however, many issues complicate 

effective measurement (Salas et al., 2015). For instance, measures are commonly 

dependent on subjective rating (Winne and Jamieson-Noel, 2002; Jones et al., 

2010; Zhou and Winne, 2012). 

Therefore, in this chapter, we attempt to benefit from the self-report evidence of 

cohesion and use it to contribute to the eventual development of a more 

objective measure based on features of conversation. Accordingly, we designed 
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an experiment that allowed a team to perform a decision-making task using a 

chat tool and then asked them to rate each other’s and the teams collaborative 

work using a ranking scale questionnaire. The collaborative task and the 

interface were quite similar to those used in Study 1 but the questionnaire 

measures of participants’ perceptions were different, focussing directly on 

perceptions of team cohesion rather than primarily on task and team mental 

models. The main aim of this study is to attempt to answer the research 

questions below: 

RQ3: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversations and the team performance ? 

RQ4: In virtual collaborative decision-making, is there a relation between the 

text features of a team’s conversations and the team’s social and task cohesion?   

RQ5; In virtual collaborative decision-making, is there a relation between 

team’s social and task cohesion and team performance? 

 

The novel design element in this study is to manipulate team members’ 

background knowledge to be relatively more similar or dissimilar, so as to test if 

this would influence their perceptions of team cohesion and the linguistic 

features of their collaborative, text-based conservation. As in Study 1, the 

primary aim is to explore the extent to which the analysis of collaborative 

discourse can predict group-workers’ perceptions of their collaboration. 

 

In this study we further examined RQ3,  the relation between text features and 

team performance. There are two main differences between Study 1 and Study 2 

— first, the focus on Cohesion, instead of Team Mental Models as a measure of 

the quality of group collaboration, and secondly the reduction of group size from 

3 to 2.  A further difference is that participants in Study 2 were given additional 

information about the Desert Survival Task that we supposed might allow better 

performance, especially when this was maximally shared between participants. 

Because the design of the studies is otherwise the same, the direct link between 

measurable features of the collaborative discourse and group performance can be 
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tested in both studies. This is an important opportunity for further exploration of 

this novel empirical question, and an attempted replication of the findings of 

Study 1 in the case of collaborating pairs performing at a predicted higher level. 

 

5.2 Method 

5.2.1 Task Design 

As in study one, we selected the desert survival task (DST) for collaborative 

decision-making (see chapter 2 for more details about DST). Participants were 

presented with a scenario identical to the one used in study 1 and were asked to 

act as survivors of a plane crash who got stranded in a desert (see Appendix A 

for the complete scenario).  

 

The task in both studies required participants to arrange a list consisting of 12 

items in order of usefulness to their team's survival. In this study, participants 

were asked to assign numbers between 1 and 12 to these items with 1 signifying 

the most important item and 12 signifying the opposite. To shorten the running 

time of our experiment sessions we reduced the list of items used in the 

conventional desert survival task (Lafferty et al., 1971). 

 

 We further removed the individual judgment section of the experiments, and 

participants were asked to deliberate on a group ranking instead. This helped in 

promoting group thinking earlier on the task. It also reduced the chances of 

including personal bias through personal ranking as researchers have postulated 

that teams’ final decisions are strongly influenced by individual members’ initial 

preferences diversity (Sohrab et al., 2015), which in turn might have a negative 

impact on the quality of team decisions (Nijstad and Kaps, 2008). Additionally, 

this study did not make a distinction between individual and group judgement. 
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5.2.2 Study Design 

Our study employs a hidden-profile paradigm (Stasser, 1988), which  occurs 

during group decision-making  processes in situations where information is not 

uniformly distributed amongst team members (i.e., some information is common 

to all team members while other details are known to specific individuals prior 

to discussion).  

 

All pieces of information (both shared and non-shared) are relevant to the 

decision-making task. Due to this, making the right decision comes from a 

team’s ability and willingness to pool information from all its members (Sohrab 

et al., 2015).  In the current use of this paradigm, the role of shared and non-

shared information is less directly and obviously useful to decision makers than 

it is in classic hidden-profile experiments, but the intention was primarily to 

increase the variance in team cohesion by manipulating overlap of relevant 

knowledge rather than to develop the hidden-profile paradigm per se. 

 

Accordingly, we designed a two between-groups conditions study that simulated 

the hidden profile paradigm in terms of the information made available to 

participants (see Figure 5.1). In both conditions, teams were provided with seven 

facts to help guide them towards the expert ranking list. These facts were  as 

follows: (1) “Staying still is likely a better option than moving”, (2) “Your best 

chance of survival is to be spotted by rescuers”, (3) “Exposure to direct sun 

dehydrates”, (4) “Water is more essential for survival than food”, (5) “Eating 

protein increase dehydration”, (6) “Infection and cuts are very low risks”, (7) 

“Sound travels through dense air better than moist air”. These facts were 

extracted from the explanations provided by experts and validated using a pilot 

study (Further details are provided in appendix B). 
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Figure 5-1 Overall study conditions. 

 

In one experimental condition (which we will call “Distinct knowledge” or Dis) 

the seven facts were distributed between participants to create distinct and non-

overlapping factual knowledge. The 4 odd-numbered facts (1, 3, 5, 7) were 

allocated to one team member while 3 even-numbered facts (2, 4, 6) were 

allocated to the second team member as shown in Figure 5.2. We suppose that 

without the full disclosure of the facts, team members are less likely to detect 

good solutions to the task at hand on the grounds of the information only they 

possess. 

 

 

Figure 5-2 The user interface of distinct knowledge. 
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In the second condition (“Similar knowledge” or Sim) all facts were made 

known to both participants. This was reflected in the interface design of this 

condition in Figure 5.3. 

 

 

Figure 5-3 The user interface of similar knowledge. 

 

 

The high-level design of the study, then, was for pairs of participants to 

collaborate on the desert survival task in one of these two conditions, with all 

communications taking place through text, and recorded for subsequent analysis. 

After they had completed the ranking task, all team members were asked, as 

individuals, to complete a six-item questionnaire on team cohesion. In addition, 

and subsequently, two further participants, Rater 1 and Rater 2 were provided 

with transcripts of all teams’ conversations and were asked to rate team cohesion 

of each pair using the same six-item questionnaire. 
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5.2.3 Participants 

Participants were recruited via email and posters placed on campus at the 

University of Bath. The recruitment poster indicated the nature of the task and 

further details about participation. 73 female and 27 male students and research 

staff from six different University departments took part in the study. 

Participants’ age ranged from 18–57 years (Mean = 20.6, SD = 6.81). Each 

group consisted of two members forming 50 groups, 25 in each task condition. 

There were 4 only male pairs, 27 only female pairs and 19 mixed pairs. The 

assignment of participants to pairs was a matter of timetabling convenience and 

participants were rewarded with £5 as an incentive to participate in the study. 

 

In addition, two raters were recruited to judge the cohesion of all fifty pairs by 

reading transcripts of teams’ interaction. Both participants are from the 

university of Bath, a female teaching follow from the School of Management, 

and a postgraduate male student from the Computer Science department. The 

two raters were blind to the study’s hypotheses and their access to teams’ 

conversations was complete. Therefore, they were in a similar position to chair a 

discussion, except that they additionally could read and re-read the transcripts in 

any order.    

 

5.2.4 Procedure 

Participants completed the study in pairs while located at separate desks out of 

view of each other’s work but within the same laboratory. Upon arrival, 

participants were instructed that face-to-face communication was not permitted 

and that the only way to exchange information was the chat tool installed in the 

computers they were using. After providing informed consent (see appendix A), 

each participant was provided with the login credentials and the URL via which 

the experiment webpage was accessible.  

Using a JavaScript enabled browser (see Chapter 3), participants were able to 

join the experiment. The login credentials provided to each user consisted of a 

login ID that enabled the program to keep track of participants’ contributions 
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and also assign unique colour for easy identification of contributions in the 

message thread. On the experiment webpage, the participants were able to read 

the task instructions and the desert survival scenario, and they were free to return 

back to these webpages any time during the experiment. 

 On the task scenario page, they were provided with additional survival facts 

(depending on the experimental condition) to help them think about their 

rankings. Using a web form, participants were able to provide their team’s 

agreed ranking of the items. This form remained editable until the teams 

proceeded to fill in the post study questionnaire.  

Participants were asked to notify the facilitator once they had completed the 

task, and then they were presented with the post-study questionnaire using the 

same web - browser page. After completing the questionnaire, they were then 

free to leave the study. Both stages of the experiment and the questionnaire took 

approximately an hour to be completed.  

 

5.2.5 Materials 

5.2.5.1 The Chat Tool 

For this study, we used the same custom-built chat program developed for study 

1. However, we modified the chat interface and added some new features to fit 

the design requirements of the current study and ensure greater control over the 

findings. Firstly, we added interfaces for the  task instructions and scenario 

summary which helped assign task conditions and made it easier for participants 

to navigate the webpages instead of using the papers. This also enabled us to 

capture the number of times the scenario summary was referred to by each 

participant. Furthermore, we removed the individual rating section from the user 

interface as well as the features that did not relate to this study(e.g., hide and 

shows the groups ranking). Other features related to the chat style and to users’ 

typing indicators were preserved. In addition, the design of the updated chat 

program made use of the same single page application approach (SPAs) and was 

implemented using HTML, CSS and jQuery. This enabled us to build an 
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independent platform that does not require installation. More information about 

the design and implementation was provided  in Chapter 3.  

 

5.2.5.2 Questionnaire 

Six statements were  presented to the responders to rate the team cohesion in 

each respective team as shown in the following instructions [Considering the 

team, please choose a number from 1 to 10 to indicate your level of agreement 

with each of these statements where 1 = strongly disagree and 10 = strongly 

agree]. Three of these questions were social-oriented: (a)There is a feeling of 

unity and cohesion in the team, (b) There is a strong feeling of belongingness 

among the team members, and (c) Members of the team feel close to each other. 

The other three were task-oriented and included: (d) Members of the team share 

focus on our work, (e) The team concentrates on getting things done, and (f) The 

team members pull together to accomplish work. The 6 items in this 

questionnaire were obtained from Mathieu (1988) to measure cohesion as 

individual level variable. Moreover, Mathieu (1991) used it to measure cohesion 

as an aggregate dimension. This measure has been extensively tested at the time 

of first use. It has shown good reliability and convergent/discriminant validity 

evidence (Mathieu et al., 2015). To be  able to measure team cohesion 

effectively, scholars agreed that team cohesion should not solely be considered 

as an individual-level variable, and urged scholars to measure cohesion at the 

team level because aggregating cohesion to the team level often produced 

significant outcomes (Salas et al., 2015). Therefore, in this study, we adopt a 

multilevel view of team cohesion by looking at the team members’ perception of 

cohesion and measured it by aggregating members’ scores to the team level if 

they agreed with each other. Furthermore, we used external judges to evaluate 

the team cohesion by reading conversational transcripts, using the same scale 

(Further details about the external judges is given in the following section). 
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5.2.6 Data Collection Methods 

5.2.6.1 Group Ranking 

We retrieved  the group ranking using the developed extraction tools (see 

chapter 3 for more detail). In the current study, we were only interested in group 

ranking, and hence we modified the tool to accommodate this change. The 

team’s ranking lists and the meta data (e.g. ranking timestamp and ranking 

authors) were exported into CSV format for further processing where necessary. 

As in study 1, we compared between the ranking list of each group and the 

expert ranking list. The expert list is the list reached by an independent panel of 

experts as reported by Lafferty and colleagues (1971). The similarity between a 

pair’s list and the expert ranking list was then used as an indicator of how well a 

group performed in comparison to the expert. 

 

5.2.6.2 The Transcripts of the Chatroom  

Similar to study 1, we used the extracting tool to obtain each team conversation 

script. Scripts from the 50 teams were fed to LIWC to generate the text features 

related to each team. As mentioned in chapters 3 and 4, the LWIC software 

contains more than 92 dictionaries. Thus, we started the analysis by filtering out 

text indices that did not appear to a great extent in the experimental text and 

resulted in values of 0 percent. Secondly, we selected the text indices that are 

suggested in the literature to reflect group processes (Tausczik and Pennebaker, 

2010).  

As a result, 15 text indices were considered in this study: word count, the first-

person pronoun (singular, plural) , second person plural(we), emotion words 

(positive, negative), assent words, words reflecting causality, certainty, 

affiliation, power, insight and achievement, as well as the use of question marks.  

 

In addition to the LIWC analyses, the 50 team scripts were processed using a 

text analysis script developed using the text mining package in R “Quanteda”  

(Benoit et al., 2018). This analysis script calculated the number of mentions of 
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each desert survival task item (the list of salvage items) in the team’s discussion. 

The text indices obtained were compared with the questionnaire responses and 

each team performance score. The scores for each text index in both Dis and 

Sim levels are presented in Appendix B. For more information about the 

analysis tools see chapter 3.  

 

5.2.6.3 Questionnaire Responses  

The team cohesion scale was used in two separate ways in this study, completed 

by two very distinct groups of judges. The first instance was after completing the 

task, team members were asked to answer 6 items about team cohesion. The 

questionnaire presented was created using SurveyMonkey (an online survey 

platform) which was accessible to users via an URL after exiting the chat 

window. This ensured quality and also contributed towards an increased speed 

of the data collection process. Throughout this chapter, we will use the term 

“participants’ data” to refer to team members’ responses to the team cohesion 

questionnaire. The second use of the team cohesion questionnaire was after all 

teams completed their experiment sessions. We exported 50 team conversation 

scripts and asked 2 external annotators to read each team script and rate the team 

cohesion using the same 6 items Likert scale, we will use the term “Raters’ 

data” to refer to raters responses to the scale . The questionnaire and the 

instructions were provided to them using a Google sheet (see Appendix B). Both 

raters voluntarily participated and rated the 50 scripts separately. They spent 

approximately 3 weeks to complete the rating task, at their own pace and in their 

own spare time. 
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5.3 Results 

In this section, the data sets obtained from running the experiment are analysed 

separately. We run a comparison across task conditions for each data type. 

Firstly, we examine the ranking list of each group and compare it with the expert 

ranking to indicate team performance. Next, we analyse team cohesion at the 

individual level using the participants’ judgments and at the team level using the 

external judgment of the cohesion. Afterwards, we present the outcome of the 

transcript analyses using LIWC and R packages.  Finally, we investigate the 

relation between these different types of data.   

 

5.3.1 Team Performance 

Similar to study1, we used the similarity between group ranking and expert 

ranking as indicator of team performance. To measure this similarity, we 

calculated the correlation between each group’s ranking list with the expert 

ranking list. Highly correlated groups will have produced a ranking that is 

similar to the expert ranking and therefore considered to perform well in the 

task.      

There are two different types of non-parametric rank correlation that can be 

applied to our data: the Kendall’s Tau coefficient and the Spearman’s rho 

correlation. In most situations, the interpretation of the  two tests leads to the 

same inference as the indices are usually similar  and this held true while testing 

our data using both approaches (Corder and Foreman, 2011). Thus we will only 

report the Kendall’s Tau coefficient as it has better statistical properties and 

higher accuracy when dealing with a smaller sample size (Taylor, 1987). The 

full analysis of the data using both approaches can be found in Appendix B. 

 

5.3.1.1 Team Performance Measures 

The Kendall’s Tau analysis indicated a significant positive correlation between 

twelve groups and the expert’s ranking in the Dis condition as shown in Table 

5.1. Thus, these groups seem to have a better performance compared to the 
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remaining groups, where there was either no association with the expert’s 

ranking or significant negative correlation (e.g., Group 21,  see Figure 5.4). 

Table 5-1 Team performance index in Dis condition by τb coefficient. 

Group #  Team performance 
 

G4 .455* 

G5 .576** 

G8 .545** 

G10 .515** 

G11 .455* 

G14 .455* 

G16 .485* 

G17 .636** 

G18 .727** 

G20 .758** 

G23 .667** 

G25 .697** 

*.Correlation is significant at the 0.05 level (1-tailed). 
**.Correlation is significant at the 0.01 level (1-tailed). 

 

 

Figure 5-4 The Kendall's tau correlation matrix for groups in Dis. 
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On the other hand, only 8 groups were correlated positively with the experts’ 

ranking in the Sim condition (see Table 5.2 and Figure 5.5). This result 

suggested that groups in the two conditions performed differently, but the 

direction of the difference is opposite from what would be predicted by the 

provision of useful knowledge. The following section will examine if this 

difference is significant. 

Table 5-2 Team performance index in Sim condition measured by τb coefficient. 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-5 The Kendall's tau correlation matrix for groups in Sim. 

Group # Team performance 

G4 .576** 

G7 .485* 

G10 .606** 

G14 .545** 

G15 .242 

G19 .485* 

G21 .455* 

G25 .485* 

*.Correlation is significant at the 0.05 level (1-tailed). 
**.Correlation is significant at the 0.01 level (1-tailed). 
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5.3.1.2 Team Performance between Conditions 

A Welch t-test was run to determine if there were differences in team 

performance between Dis and Sim conditions. This test was selected due to the 

assumption of homogeneity of variances being violated in our data, as assessed 

by Levene's test for equality of variances (p= 0.04). There were no outliers in the 

data, as assessed by inspection of a boxplot, and team performance scores were 

normally distributed in Dis level but violated the normality in Sim level, as 

assessed by Shapiro-Wilk's test (p > .05) (see Appendix B). However, because 

the sample size was equal in both conditions, the Welch t-test can be considered 

robust to deviations from normality ( Kang and Harring, 2012). The Welch t-test 

result suggested that when groups were provided with dissimilar information 

(Dis) they performed better (M = .26, SD = 0.35) than groups who received 

similar prior knowledge (Sim: M = .18, SD = 0.26). However, this was not 

statistically significant, M = 0.8, 95% CI [-.1, .25], t(48) = 0.85, p = 0.39, d12= 

0.25. 

 

5.3.2 Team Cohesion 

Although some scholars have defined cohesion as a two-dimensional construct: 

social and task cohesion (Beal et al., 2003), Mathieu and others (2015) measured 

cohesion as a single dimension construct (as reflected by their data sample). 

Therefore, before using the scale to measure cohesion, we had to make a 

decision about how many dimensions were reflected in the study samples (and 

we needed to this separately for participants’ and raters’ responses). As we had 

two different claims about the number of dimensions, we first run exploratory 

factor analysis using participants’ responses, rater1’s responses and rater2’s 

responses, then we scrutinized the suggested model with confirmatory factor 

analysis (CFA) following the approach of (Muthén and Muthén, 2012).  

 

12 The independent samples T-test, Cohen's d (Effect Size) is determined by calculating the mean difference between 
the two groups, and then dividing by the combined standard deviation. 
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5.3.2.1 Measuring Team Cohesion (participants’ data) 

First, an explanatory factor analysis using oblimin rotation of the 6 Likert scale 

questions was conducted on the 100 participants’ responses. There were no 

missing data, and all participants were able to complete the questionnaire. An 

examination of the Kaiser-Meyer Olkin measure of sampling adequacy 

suggested that the sample was factorable (KMO=.811). 

The analysis extracted a two–factor solution (see Table 5.3 ), the first had eigen 

values above one (4.276) and the second had eigen values of 0.961, both 

explained 82% of the total variance. The Bartlett’s test for sphericity was 

significant (χ2 = 544.067, p < 0.001). The Measure of Sampling Adequacy 

(MSA) was found to be above 0.7 for all 6 items. Based on the rotated factor 

matrix, out of the 6 items, no items were dropped due to cross loading in another 

factor. Furthermore, we ran the CFA with maximum likelihood estimation on 

the same participants’ data, after ensuring the normality of the data (see 

Appendix B). A correlation table of all variables is shown below (Table 5.4).  

 

Table 5-3 Extracted Factor loadings for cohesion scale using participants’ data. 

Items 
Factor 1 

Task Cohesion 

Factor2 

Social Cohesion 

There is a feeling of unity and cohesion in my team.  0.33 

There is a strong feeling of belongingness among 
my team members.  0.95 

Members of my team feel close to each other.  0.90 

Members of my team share focus on our work 0.71  

My team concentrates on getting things done. 0.95  

My team members pull together to accomplish work 0.96  

Extraction method : Maximum likelihood 
Factor Loading  from EFA with oblimin rotations. 
Loading  with absolute value below .30 are omitted from the table  
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Table 5-4 Correlation matrix of  cohesion scale(participants’ data). 

 

 

We hypothesized a two-factor model to be confirmed in the measurement 

portion of the model. The comparative fit index (CFI) = .936, the Tucker-Lewis 

fit index (TLI) = .879, and the RMSEA value for the model was out of range for 

adequate fit = .211. Other values indicated an acceptable fit between the model 

and the observed data. This was expected due to the presence of high correlation 

between the 6 items and was accepted as it agrees with the literature (Muthén 

and Muthén, 2012). Figure 5.6 shows theoretical model of cohesion. 

 

Figure 5-6 Path Diagram model for Social and Task cohesion (participants data). 

 Q1 Q2 Q3 Q4 Q5 

 

Q1      

Q2 0.68**     

Q3 0.60** 0.87**    

Q4 0.72** 0.59** 0.6**   

Q5 0.64** 0.41** 0.39** 0.73** 

 

 

 

Q6 0.80** 0.58** 0.52** 0.8** 0.85** 

*.Correlation is significant at the 0.05 level (1-tailed). 
**.Correlation is significant at the 0.01 level (1-tailed). 
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The final analysis step for participants’ data was the calculating of scale 

Interclass correlations ICC: the 2-way mixed-effects model of ICC resulted in a 

good reliability estimate for factor 1 as ICC = 0.752 with 95% confident interval 

= 0.68-0.81. For factor 2, the ICC= 0.87 with 95% confident interval = 0.81-

0.91, which was in range of acceptability. 

Measuring cohesion (social and task) at the team level required assessing within 

group agreement in term of social and task cohesion. Thus, we used the 

interclass correlation to test the agreement between each team across task 

conditions. Unfortunately, these results showed low ICC (1,2) = 0.072 which is 

indicative of low agreement or lack of agreement between the team members. 

Thus, we could not justify the aggregation of individual members’ response to 

the team-level. Consequently, in subsequent analyses, individual cohesion 

ratings are supplemented by ratings derived from the two independent raters.  

Where it is necessary to avoid ambiguity, these individual ratings will be called 

“members-cohesion”.  Table 5.5 shows the member-cohesion scores for task and 

social cohesion in both Dis and Sim conditions.  

Table 5-5 Individual perception of Social and Task cohesion in both task conditions. 

Team 

Member 

Distinct Knowledge Similar Knowledge 

Social  Cohesion Task Cohesion Social  Cohesion Task Cohesion 

1 10 10 8 8.67 

2 9 9 6.67 9.67 

1 9 8.67 6 9 

2 10 10 7 10 

1 7 8 3.33 8.67 

2 10 10 5.67 8.33 

1 9 10 8 8 

2 8.33 8.67 6 8 

1 6.33 9 9 9 

2 9 9 9.33 10 

1 2 1.33 10 10 

2 9.67 10 4.33 8.33 

1 9.67 10 8 8.67 

2 9.67 10 8 9.67 

1 9.33 10 7.67 9.33 
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2 9 9 9 10 

1 9.33 8.67 9 9.33 

2 8.33 9.67 9.33 9.67 

1 4 10 10 10 

2 10 10 7.67 8.33 

1 8 10 6.67 8.67 

2 10 10 8.33 10 

1 10 10 9 9.67 

2 9 9 5 8.33 

1 7.67 10 10 10 

2 8.33 10 9 10 

1 10 10 10 10 

2 10 10 10 10 

1 7.67 8.67 4.67 10 

2 3.33 7.33 8.33 10 

1 10 10 7.33 10 

2 6 6.33 7.33 7.67 

1 9.67 10 7.33 8.00 

2 4.67 8.33 3.33 7 

1 8 8.00 9.33 10 

2 8.33 9.67 9.67 10 

1 6.67 10 10 10 

2 9 10 6.33 9.67 

1 8.00 6.33 10 10 

2 10 10 10 10 

1 9.33 10 4.67 6.67 

2 8.33 9.67 10 10 

1 10 10 10 10 

2 10 10 5.33 8.33 

1 8 8.33 10 10 

2 5.67 8.67 10 10 

1 8 9.33 9 9 

2 9.33 10 7.33 8 

1 8.67 9.33 10 10 

2 9.33 9.00 9.67 10 

High score > 5, low score <= 5. 
Team Member = there was two members in each team ,the one who logged in first in the chatroom assigned with 1 and the 
other participant assigned with 2. 
Dis = 25 team ,Sim =25 team.  
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5.3.2.2 Difference Between Dis And Sim  In Terms of Members-

Cohesion 

 

In this part, we were interested in comparing differences in the team member 

perception of social and task cohesion between Dis and Sim conditions. An 

independent-samples t-test was performed on the individual perceptions of task 

cohesion as well as their perception of social cohesion in both conditions. There 

were no outliers in the Sim data, but 7 outliers were found in the Dis data, as 

assessed by inspection of a boxplots. Both social and task scores for each level 

of task were not normally distributed, as assessed by inspection of histogram 

(the process of dealing with outliers and normality issues is explained in 

Appendix B), and there was homogeneity of variances, as assessed by Levene's 

test for equality of variances (social cohesion, p = 0.26: task cohesion, p = .4).  

 

Members’ perception of social cohesion was higher in Dis (M = 8.39, SD = 

1.85) than in Sim (M = 7.99, SD = 1.95).  However, this was not a statistically 

significant difference, 95% CI [-.35, 1.15], t(98) = 1.258, p = .29, d = 0.2. 

Similarly, the difference between members’ perception of task cohesion in Dis 

(M=9.18, SD = 1.46) was slightly lower than Sim (M=9.27, SD= .91), which 

again was not a statistically significant effect, 95% CI [-.57, .39], t(98) = .684, p 

= .7, d = 0.076. 

 

5.3.2.3 The Relation between Members-Task Cohesion and Members-

Social Cohesion  

A Kendall's tau-b correlation was run to determine the relationship between 

members’ perception of social cohesion  and their perception of task cohesion 

amongst 100 participants. As illustrated in Figure 5.7, there was a strong and 

positive association between the perception of social cohesion and task cohesion 

amongst team members, which was statistically significant, p < .001.   
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Figure 5-7 The relation between members' perception of task and social cohesion. 

 

5.3.2.4 Measuring Team Cohesion (raters’ data) 

An exploratory factor analysis with  oblimin rotation of the 6 Likert scale 

questions was run on data gathered from the two raters separately. An 

examination of the Kaiser-Meyer Olkin measure of sampling adequacy 

suggested that the sample was factorable (R1: KMO=.80, R2: KMO=.81). The 

analysis of Rater1’s data extracted a two–factor solution, the first had eigen 

values above one (4.438) and the second had eigen values below one (0.933), 

both explain 80.1% of the total variance.  

The Bartlett’s test for sphericity was significant (χ2 = 324.9993, p = 0.000). The 

Measure of Sampling Adequacy (MSA) was found to be above 0.7 for all 6 

items. Based on the rotated factor matrix, out of the 6 items, no items were 

dropped due to cross loading in another component. The 2-way mixed-effects 

model of ICC resulted in a good reliability estimate of F1 as ICC = 0.889 with 

95% confident interval = 0.83-0.93. for F2 the ICC=0.761 with 95% confident 

interval = 0.65-0.85, which indicated an accepted rate of reliability. 

The analysis of the Rater2’s responses also extracted a two-factor solution, both 

had Eigen values above one (4.438 and 1.1 respectively). The two factors 

explained 71.34% of the total variance. The Bartlett’s test for sphericity was 
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significant (χ2 = 185.074, p = 0.000). The Measure of Sampling Adequacy 

(MSA) was found to be above 0.7 for all 6 items. Based on the rotated factor 

matrix, out of the 6 items, no items were dropped due to cross loading in another 

component. The reliability of the scale was tested using 2-way mixed-effects 

model of ICC, the results showed a good reliability estimate of Factor1 as ICC = 

0.808 with 95% confident interval = 0.72-0.88. For Factor2, the ICC=0.637 with 

95% confident interval = 0.44-0.77. Table 5.6 shows the Factor loading for each 

item.  

Table 5-6 Extracted factor loadings for cohesion scale using raters’ data. 

 Rater1 Rater2 

Items Social 
Cohesion 

Task 
Cohesion 

Social 
Cohesion 

Task 
Cohesion 

There is a feeling of unity and 
cohesion in my team. 0.84  0.74  

There is a strong feeling of 
belongingness among my team 

members. 0.96  0.89  

Members of my team feel close to 
each other. 0.97  1.00  

Members of my team share focus 
on our work  0.70  0.79 

My team concentrates on getting 
things done.  0.98  0.83 

My team members pull together to 
accomplish work  0.83  0.64 
Extraction method : Maximum likelihood 
Factor Loading  from EFA with oblimin rotations. 
Loading  with absolute value below .30 are omitted from the table.       

 

Moreover, we analysed the two raters’ data using Confirmatory Factor Analysis 

(CFA) with the maximum likelihood method.  A correlation table of all variables 

is shown in Table 5.7 and Table 5.8. 
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Table 5-7 Correlation matrix of  cohesion scale(rater1 data). 

 Q1 Q2 Q3 Q4 Q5 Q6 

 

Q1       

Q2 0.83**      

Q3 0.96** 0.88**     

Q4 0.7** 0.49** 0.66**    

Q5 0.63** 0.41** 0.57** 0.75**   

Q6 0.65** 0.55** 0.62** 0.75** 0.82**  

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

 

 

Table 5-8 Correlation matrix of  cohesion scale(rater2 data). 

 Q1 Q2 Q3 Q4 Q5 Q6 

 

Q1       

Q2 0.74**      

Q3 0.84** 0.85**     

Q4 0.58** 0.43* 0.5**    

Q5 0.43* 0.3* 0.36* 0.65**   

Q6 0.5** 0.42* 0.42* 0.57** 0.54**  

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

 

Testing the goodness of fit for rater1 data showed a poor fit with (ӽ)=21.08, 

p<.000, the comparative fit index (CFI) = .961, the Tucker-Lewis fit index (TLI) 

= .927, and the RMSEA value for the model was in the range for adequate fit. = 

.181. Other values indicated acceptable fit between the model and the observed 

data CFI, TLI above 0.9. Furthermore, Testing the goodness of fit for rater2 

showed a good fit with (ӽ)=8.984, p<.334, the comparative fit index (CFI) = 
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.986, the Tucker-Lewis fit index (TLI) = .947, and the RMSEA value for the 

model also was in the range for adequate fit. = .05. Other values indicated a 

good fit between the model and the observed data CFI, TLI above 0.9. Both 

models are presented in Figure 5.8  and Figure 5.9. 

 

 

Figure 5-8 Path diagram of task and social cohesion(rater1).. 

 

 

Figure 5-9 Figure 5. 9 Path diagram of task and social cohesion(rater2). 

 

Finally, we calculated the inter-rater agreement between the two raters using 

interclass correlation (for both task-oriented items and social-oriented items). 

The ICC's for the interrater agreement was excellent between raters 1 and 2, 0.98 
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(0.97 - 0.99)13and 0.96 (0.93 - 0.97) for social and task cohesion, respectively. 

These results indicate that there was sufficient interrater agreement between the 

raters, hence we aggregate their ratings. This gave us confidence that the raters 

interpreted the scales similarly and were able to make similar discriminations of 

cohesion by reading the group conversation transcripts. In subsequent analyses, 

where it is necessary to avoid ambiguity, the average of the raters’ cohesion 

judgments will be called “raters-cohesion”. 

Therefore, we indexed social cohesion as raters’ average scale responses for 

items 1, 2, and 3, and the task cohesion as raters’ average scale responses for 

items 4, 5, and 6. Table 5.9 and Table 5.10 illustrated the task cohesion score 

and social cohesion score for each group in Dis and Sim conditions. 

Table 5-9 The team social and task cohesion scores in Dis. 

Team Social cohesion Task cohesion 

1 6.33 8.11 

2 8.67 9.11 

3 7.33 8 

4 6.33 7.67 

5 7.83 7.94 

6 3.67 6.56 

7 5.17 6.83 

8 5.33 6.89 

9 8.17 8.72 

10 1.83 5.5 

11 6.17 6.94 

12 6.67 8.44 

13 5.5 6.5 

14 4.67 5.11 

15 5.67 6.56 

16 4.17 5.61 

17 9.33 9.78 

18 8.67 9.11 

19 8.67 8.67 

20 6.33 7.67 

 

13 95 % confidence interval. 
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21 7.17 7.94 

22 5.5 7.17 

23 6.33 7 

24 9.5 9.17 

25 8.67 9.11 

High score > 5, low score <= 5. 

 

Table 5-10 The team social and task cohesion scores in Sim. 

Team Social cohesion Task  Cohesion  

1 1.5 5.83 

2 8.83 8.72 

3 5.17 7.5 

4 6.17 7.83 

5 9.17 9.5 

6 6.33 7.67 

7 6.67 7.56 

8 9 9.44 

9 6.17 7.17 

10 5.17 8.17 

11 4.5 6.83 

12 8.17 8.94 

13 8.5 8.39 

14 8.5 9.28 

15 6.33 7.89 

16 6.5 7.72 

17 8.33 7 

18 8 8.67 

19 9.5 9.83 

20 6 7.11 

21 1.5 3.39 

22 7.83 8.83 

23 4.5 6.83 

24 6.5 7.72 

25 5.5 7.17 

High score > 5, low score <= 5. 
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5.3.2.5 Difference between Dis and Sim in Term of Raters-Cohesion  

In this part, we examined the difference between the Dis and Sim conditions in 

terms of team social raters-cohesion and team task raters-cohesion. There was 

only one outlier in the task cohesion data in the Sim conditions, as assessed by 

inspection of a boxplot. Social and task cohesion scores were normally 

distributed in the Dis condition while both violated the normality assumption in 

the Sim condition, as assessed by Shapiro-Wilk's test (more details about the 

result in Appendix B). There was homogeneity of variances, as assessed by 

Levene's test for equality of variances (Social Cohesion, p =.72: Task Cohesion, 

p=.7).  

Accordingly, an independent-sample t-test was run to determine if there were 

differences in team cohesion dimensions between Dis and Sim. The social 

cohesion mean was (M = 6.54, SD = 1.89) in Dis and (M = 6.57, SD = 2.13) in 

Sim, which is not a statistically significant difference, M = -0.02, 95% CI [-1.17, 

1.12], t(48) = -0.046, p = .9, d 14= 0.013. Likewise, the task cohesion mean 

score was (M = 7.60, SD = 1.25) in Dis and (M = 7.79, SD=1.34) in Sim, which 

is not a statistically significant difference, M = -0.19, 95% CI -0.93, 0.54], t(48) 

= -0.529, p = .5, d = 0.14. 

 

5.3.2.6 The Relationship between Social and Task Raters-Cohesion 

A Pearson's product-moment correlation was run to assess the relationship 

between team social cohesion and team task cohesion amongst 50 teams. 

Preliminary analyses showed the relationship to be linear with both variables, 

team task cohesion was normally distributed while the social cohesion violated 

the normality assumption15, as assessed by Shapiro-Wilk's test and visual 

investigation (see Figure 5.10).  

 

14 Cohen's d  is a measure of the effect size of the independent samples T-test, d= the mean difference between the 
two groups / the pooled standard deviation. 

15 Pearson's correlation  test is somewhat robust to deviations from normality (Kang and Harring, 2012). 
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Figure 5-10 Assessing linearity and normality using Q-Q plot and histograms 

(x = team social cohesion, y = team task cohesion). 

 

Figure 5.11 highlights the strong and positive association between the team 

social cohesion and team task cohesion across task conditions, which was 

statistically significant, p< .001.  

 

 

Figure 5-11 Correlation between task and social raters-cohesion across task conditions. 
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5.3.2.7 The Relation between Team Cohesion and Team Performance  

A Pearson's product-moment correlation was run to assess the relationship 

between team performance and team cohesion dimensions amongst 50 teams. 

Preliminary analyses showed the relationship to be linear with all variables, team 

performance and team task cohesion were normally distributed while the social 

cohesion violated the normality assumption16, as assessed by Shapiro-Wilk's 

test (p > .05). There was significant statistical17 correlation between team 

performance and either team task cohesion or social cohesion as shown in Figure 

5.12. 

 

 

Figure 5-12 Correlation between team performance and team cohesion dimensions. 

 

 

 

16 Pearson's correlation test is somewhat robust to deviations from normality(Kang and Harring, 2012). 
17 N=50  p = .05  for team performance and social cohesion and p = .09 with the task cohesion,  
The result is not significant at p < .05 but  considered significant at p < .1. 
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5.3.3 Linguistic Analysis of Collaboration Texts  

5.3.3.1 Text Features Measures  

In the following section, the relationship between the text indices will be 

examined. Then, we will investigate the difference between the task conditions 

in term of these text features.  

We examine the relationship between these indices and team performance as 

well as the relationship between the text features and team social cohesion and 

team task cohesion. This final set of tests is arguably the most important analysis 

of this study: if a relationship exists, then text indices can be used to predict 

team cohesion dimensions. Pearson's product-moment correlations were 

performed to assess the relationship between the text indices. Preliminary 

analyses showed the association to be linear with all variables and normally 

distributed, as assessed by visual inspection, and there were some outliers.  

 

However, we report the Pearson’s correlation regardless because there is no 

appreciable difference in the results with and without these outliers (see 

Appendix B). There was a statistically significant correlation between the word 

count and the frequency of occurrence of task items, r(49) = .683, p < .001, 

while the latter had a negative significant correlation with the use of agreement 

words, r(49) = -.307, p < .05. 

 

 Likewise, the use of power words was negatively correlated with the amount of 

the words mentioned in the discussion and the use of questions marks (r(49) = -

.300, p = .03: r(49) = -.281, p = .04 ,respectively). Power words had a 

statistically significant correlation with both the use of the first-person singular 

and the use of insight words (r(49)= .365,p< .001: r(49) = .303 , p < .05, 

respectively). Similarly, the use of the first-person singular pronoun was 

significantly correlated with another three text indices: the use of positive 

emotion words, certainty words and insight words, (r(49)= .304 , p < .05 : r(49)=  

.280 ,p <.05 : , r(49)=.616 ,p < .001, respectively). 
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Moreover, the use of the first-person plural pronoun was positively correlated 

with the use of affiliation words, r(49) = .960, p < .001. The use of positive 

emotion words had a positive association with the use of insight words (r(49) = 

392, p < .001). The use of negative emotion words had a positive association 

with the use of certainty words r(49) = .402, p < .001 and the latter was 

positively correlated  with the use of achievement words r(49) = .328, p < .05. 

All of the pairwise correlations are shown in Figure 5.13 and Table 5.11.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5-13 A graphical display of a correlation matrix, highlighting the most correlated variables 
in the team scripts. 
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Table 5-11 The correlation matrix of 15 text indices (The tables below used the following abbreviations: WC = word count, Posemo = positive emotion words,  Negemo = negative emotion words, Insight = words 
reflect insight, cause = words reflect causality, certain = words reflect certainty, achieve  = achievement  words, Assent = words reflect agreement and Q mark =  the use of questions marks ) 

 Item 
mention WC I You We Posemo Negemo Insight Cause Certain Affiliation Achieve Power Assent 

Item mention 
              

WC .683** 
             

I -0.078 0.062 
            

You 0.065 0.25 0.078 
           

We -0.096 -0.003 -0.002 0.084 
          

Posemo -0.236 -0.247 .304* -0.054 0.099 
         

Negemo 0.018 -0.071 0.184 -0.123 -0.156 0.126 
        

Insight -0.082 0.071 .616** 0.105 0.084 .392** -0.04 
       

Cause 0.252 0.1 -0.118 -0.159 0.149 0.21 -0.104 0.023 
      

Certain -0.1 -0.066 .280* -0.246 -0.054 0.262 .402** 0.195 0.107 
     

Affiliation -0.156 -0.091 0.001 0.059 .960** 0.14 -0.143 0.125 0.071 -0.101 
    

Achieve -0.204 -0.151 0.035 0.051 0.14 0.11 0.014 0.043 0.065 .328* 0.086 
   

Power -0.237 -.300* .365** -0.222 -0.092 0.175 0.052 .303* -0.161 0.165 0.033 0.257 
  

Assent -.307* -0.233 0.202 -0.149 -0.021 0.27 0.201 0.228 -0.059 -0.153 0.058 -0.089 0.142 
 

Q-Mark -0.091   0.07 0.094 0.05 -0.136 0.163 -0.087 0.188 0.022 0.189 -0.153 -0.204 -.281* 0.012 

** Correlation is significant at the 0.01 level (2-tailed). 

* Correlation is significant at the 0.05 level (2-tailed). 
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5.3.3.2 The Difference between Task Conditions in Term of Text 

Indices  

An independent-sample t-test was run to determine if there were differences in 

text indices between Dis and Sim conditions. There were some outliers in the 

data, as assessed by inspection of a boxplot. However, we ran the analysis 

regardless because running the independent t-test with or without these outliers 

did not have an appreciable effect on the analysis (these outliers are neither the 

result of a data entry error nor a measurement error).  

All text variable scores for each level of task were normally distributed, as 

assessed by Shapiro-Wilk's test (p > .05), and there was homogeneity of 

variances, as assessed by Levene's test for equality of variances, p >.05. (see 

appendix B for further details). The result indicated no statistically significant 

difference between task conditions in term of the text variables as shown in 

Table 5.12 and Figure 5.14. 

 

 

Figure 5-14 The mean different between Dis and  Sim conditions in term of text variables.
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Table 5-12 The difference between the task levels in term of  text indices using an independent t test. 

Text variables Task level Mean 
Std. 

Deviation 

Std. 

Error Mean 
Sig. t 

95% Confidence 
Interval of the 

Difference 

Lower Upper 

Item mention 
Dis 39.36 12.17 2.43 

0.556 -1.131 -11.33 3.17 
Sim 43.44 13.31 2.66 

WC 
Dis 983.12 341.18 68.24 

0.915 0.403 150.45 225.97 
Sim 945.36 320.38 64.08 

I 
Dis 1.87 0.61 0.12 

0.325 -0.327 -0.51 0.37 
Sim 1.95 0.91 0.18 

you 
Dis 0.82 0.38 0.08 

0.503 0.851 -0.13 0.31 
Sim 0.73 0.39 0.08 

we 
Dis 2.68 0.97 0.19 

0.4 0.178 -0.46 0.54 
Sim 2.64 0.77 0.15 

Posemo 
Dis 3.56 1.07 0.21 

0.845 0.628 -0.41 0.79 
Sim 3.37 1.05 0.21 

Negemo 
Dis 0.57 0.30 0.06 

0.355 -0.526 -0.23 0.14 
Sim 0.62 0.35 0.07 

Insight 
Dis 2.04 0.51 0.10 

0.305 0.334 -0.27 0.38 
Sim 1.99 0.64 0.13 

Cause 
Dis 1.28 0.46 0.09 

0.49 -1.033 -0.42 0.13 
Sim 1.42 0.51 0.10 

Certain 
Dis 0.62 0.36 0.07 

0.991 0.552 -0.16 0.27 
Sim 0.56 0.39 0.08 

Affiliation 
Dis 3.16 1.01 0.20 

0.379 0.588 -0.37 0.67 
Sim 3.01 0.80 0.16 

Achieve 
Dis 1.16 0.46 0.09 

0.488 -0.637 -0.37 0.19 
Sim 1.25 0.54 0.11 

Power 
Dis 1.33 0.52 0.10 

0.973 -0.671 -0.41 0.21 
Sim 1.44 0.57 0.11 

Assent 
Dis 2.23 0.47 0.09 

0.739 0.767 -0.19 0.43 
Sim 2.11 0.62 0.12 

Q Mark 
Dis 2.24 1.12 0.22 

0.186 0.435 -0.46 0.72 
Sim 2.11 0.96 0.19 
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5.3.3.3 The Relation between Team Language and Team 

Performance 

A Pearson's product-moment correlation was run to examine the association 

between team performance and team conversation style. There was no 

statistically significant correlation between team performance and any index of 

language use (examining the 15 text features). Table 5.13 shows the correlation 

matrix and r value for the association between team performance and each text 

indices. 

 

Table 5-13 The relationship between team performance and team language style. 

Text index Team performance (r) 

Item mention 0.10 

I 0.09 

you 0.20 

WC 0.10 

We 0.12 

Posemo 0.03 

Negemo 0.04 

Insight -0.09 

Cause -0.11 

Certain -0.06 

Affiliation 0.11 

Achieve -0.01 

Power 0.03 

Assent -0.05 

Q Mark -0.18 

** Correlation is significant at the 0.01 level (2-tailed). 

* Correlation is significant at the 0.05 level (2-tailed). 

 

 

 

 



 

 144 

5.3.3.4 The Relation between Team Language and Members’ 

Perception of Social and Task Cohesion  

Pearson's product-moment correlation was run to assess the correlation between 

text indices and individual’s perception of team cohesion (social and task). The 

preliminary analyses for all variables are mentioned in Appendix B. We found a 

strong positive correlation between members usage of “We” and their perception 

of social and task cohesion, r(99) = .48 : r= .34 , P <.001.  

Additionally, members’ perceptions of social cohesion were positively related to 

the number of affiliation words in their scripts r(99)= .49,p =.57, P <.001  

Likewise, the latter also had a strong positive correlation with members’ 

perceptions of task cohesion r(99)= .49,p = P =.01. Table 5.14 shows the 

correlations between all text indices and the individual level scores for social 

and task cohesion. 

Table 5-14 The relationship between text indices and members- cohesion dimensions (in the left the Pearson 
correlation between social and task cohesion and the 15 text features, in the right the graph shows the positive 

correlations only) 

Text 
index 

MPSC 

(r) 

MPTC 

(r) 

 

Item 
mention -0.137 -0.01 

I 0.052 0.201 

you 0.096 0.123 

WC 0.03 0.185 

We .473** .333* 

Posemo -0.007 -0.01 

Negemo -0.104 -0.028 

Insight 0.244 0.245 

Cause 0.027 -0.036 

Certain 0.116 0.028 

Affiliation .481** .347* 

Achieve 0.178 0.166 

Power 0.013 0.113 

Assent -0.074 0.084 

Q Mark 0.093 -0.049 

** Correlation is significant at the 0.01 level (2-tailed) ,* Correlation is significant at the 0.05 level (2-tailed). 

r= Pearson's  correlation, MPSC= members perception of social cohesion , MPTC = members perception of task cohesion.  
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5.3.3.5 The Relation between Team Language and Team Social and 

Task Cohesion   

Similar to the individual level, the Pearson's product-moment correlation was 

run to assess the correlation between text indices and team cohesion dimensions 

(raters-cohesion). The preliminary analyses for all variables are mentioned in 

Appendix B. We found a strong positive correlation between team use of “We” 

and both social and task cohesion, r(49) = .44;  r (49)= .38, p <.001. Likewise, 

the number of words in team conversations had a positive association with both 

cohesion dimensions, (r(49) =38; r (49) =.412, p<.001). Both social and task 

cohesion were also significantly correlated with the frequency of mentioning 

task items (r(49) = .35;  r(49) =.38 , p <.05, respectively). Finally, the use of 

affiliation words during team discussions had a positive correlation with social 

cohesion(49)=.35, p< .05, while not a very strong relation with task cohesion 

r(49)= .271, p =.57, as it shows in table 5.15 . 

Table 5-15 The relationship between text features and team cohesion dimensions (in the left the Pearson 
correlation between social and task cohesion and the 14 text features ,in the right the graph shows the positive 

correlations only. 

Text index TSC(r) TTC(r) 

 

Item 
mention .348* .387** 

I -0.012 0.054 

you -0.065 0.028 

WC .386** .412** 

We .435** .381** 

Posemo 0.214 0.179 

Negemo -0.036 -0.125 

Insight -0.041 0.114 

Cause 0.206 0.261 

Certain 0.054 0.051 

Affiliation .344* 0.271 

Achieve 0.012 0.057 

Power -0.217 -0.231 

Assent -0.12 -0.096 

Q Mark -0.024 0.045 

** Correlation is significant at the 0.01 level (2-tailed),* Correlation is significant at the 0.05 level (2-tailed). 

r= Pearson's correlation, TSC= Team social cohesion, TTC = Team task cohesion . 
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5.3.3.6 Predicting Social and Task Cohesion Using Multiple Text 

Indices  

The previous section reported several associations between team cohesion types 

and four text features ("use of we", "words count", “mentioning the task items” 

and "words reflecting affiliation").  

Therefore, we were interested in investigating how much of the variation in the 

task and social cohesion can be explained by all the predictive text features 

considered together. First, a multiple regression was performed to predict social 

cohesion from the use of “we”, the words count and the frequency of mentioning 

task items. There was linearity as assessed by partial regression plots and a plot 

of studentized residuals against the predicted values.  

There was independence of residuals, as evaluated by a Durbin-Watson statistic 

of 2.2. There was homoscedasticity, as assessed by visual inspection of a plot of 

studentized residuals versus unstandardized predicted values.  

There was an issue with multicollinearity, as the use of affiliation words had 

high correlation with the use of “we”, thus we deleted the variable “the 

affiliation words” form the analysis. There were no leverage values above 0.2, 

no studentized deleted residuals greater than ±3 standard deviations and values 

for Cook's distance values greater than 1. The assumption of normality was met, 

as assessed by histogram (The complete preliminary analysis and its results can 

be found in appendix B).  

The multiple regression model significantly predicted social cohesion, F(3, 46) = 

8.957, p < .001, adj. R2 = .32. All predictors had a positive value indicating a 

positive relationship with social cohesion. However, affiliation words and the 

word count did not significantly contribute to the model 18(p >.05 ). Therefore, 

we eliminated the word count variable from the regression model because its 

 

18 Scholars argue  that the  statistical significance of independent variables is not the only criteria required for keeping 

a variable in a regression model but also the magnitude and precision of a variable. Hence, a variable that cannot 

“achieve" statistical significance can  still be considered to be a valuable part of the regression equation(Fox, 2015). 
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magnitude is likely less important in predicting social cohesion. Consequently, a 

second round of multiple regression was conducted. All regression assumptions 

were met (there was linearity, independence of residuals, homoscedasticity, no 

multicollinearity issue, no leverage points, no outliers and no influential points). 

All were assessed using the same measures and criteria mentioned above. The 

results indicated a statistically significant multiple regression model, F(2, 47) = 

12.209 , p < .001, adj. R2 = 0.31. Both the use of we and mentioning the task 

item were statically significant (p<.05). Both of these two variables appeared to 

be important predictors of social cohesion. The regression coefficients and 

standard errors can be found in Table 5.16. 

Table 5-16 Multiple regression results for social cohesion. 

Social 
Cohesion 

 95.0% CI for B     

B LL UL Std. B β 𝑹𝟐 Δ𝑹𝟐 

Model      
0.34 0.31 

Constant 1.14 -1.13 3.41 1.13  

We 1.08 0.53 1.63 0.27 0.47   

Item 
mention 0.06 0.02 0.10 0.02 0.39   

B = Unstandardized  regression Coefficients ; CI =Confidence Interval; LL=Lower Bound; UL = Upper 
Bound: Std. B = standard error of coefficient ; β = standardized  coefficient ; 𝑅2 =
coffecient of determination ;  Δ𝑅2 = 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2. 
 

       
 

 

Similarly, we conducted a multiple regression to predict task cohesion from the 

use of “we”, the words count and the frequency of mentioning task items. The 

partial regression plots and a plot of studentized residuals against the predicted 

values suggested approximately linear   relationship between task cohesion and 

the text variables (collectively and individually).  

There was independence of residuals, as assessed by a Durbin-Watson statistic 

of 1.9. The visual inspection of a plot of studentized residuals versus 

unstandardized predicted values indicated the homoscedasticity. There was no 

evidence of multicollinearity, all tolerance values were greater than 0.1. The 

assumption of normality was met, as assessed by histogram. There were no 

studentized deleted residuals above or below ±3 standard deviations, no leverage 
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values greater than 0.2, and values for Cook's distance greater than 1. The 

multiple regression model significantly predicted task cohesion, F(3, 46) = 

8.388, p < .001, adj.𝑅2=.31. However, not all three variables were statistically 

significantly to the prediction model, p < .05.  

Accordingly, we followed the same process used with social cohesion by 

running the multiple regression without the variable that had small impact on the 

prediction model (which was the words count). The preliminary analysis of the 

data passed all regression assumptions using the same measures and cut off 

points mentioned in the first model analysis. Therefore, the multiple regression 

was running for the second time to predict task cohesion using the two 

independent variables (“use of we” and “item mention”).  

The result suggested that task cohesion can be predicted through the multiple 

regression model (F(2, 47) = 11.366, p < .001, adj.𝑅2= 0.30). Moreover, all 

independent variables (use of we and item mention, p<0.001) were statistically 

significantly to the regression model. Table 5.17 shows the regression 

coefficients and standard errors for the model. 

Table 5-17 Multiple regression results for task cohesion. 

Social 
Cohesion 

 95.0% CI for B     

B LL UL Std. 
B 

β 𝑹𝟐 Δ𝑹𝟐 

Model      0.33 0.30 

Constant 4.24 2.75 5.74 0.74 
 

We 0.63 0.27 0.99 0.18 0.42   

Item mention 0.04 0.02 0.07 0.01 0.43   

B = Unstandardized  regression Coefficients ; CI =Confidence Interval; LL=Lower Bound; UL = Upper 
Bound: Std. B = standard error of coefficient ; β = standardized  coefficient ; 𝑅2 =
coffecient of determination ;  Δ𝑅2 = 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2. 
 

       
 

To conclude, the use of we and mentioning the item task can be used in the 

regression equation to predict both task and social cohesion.   
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5.4 Discussion  

The present study sought to explore the relationships between shared knowledge, 

team cohesion, team language and team performance in a collaborating problem-

solving task. Here we attempt to sketch interpretations and elaborate on our 

findings.  

 

Our foremost finding was the prediction of task and social cohesion through the 

team language. We have discovered that the use of “we” and the frequency at 

which task items were mentioned were statistically significant predictors of both 

social and task cohesion using the regression model. Moreover, team social 

cohesion and team task cohesion were highly correlated at both the individual 

level of analysis (r=.66) and the team level of analysis(r=.9) which aligns with 

the suggestions of the existing literature (Beal et al., 2003).   

 

Although the length of the discourse (word count) was dropped from the 

prediction model, there is a strong relationship between the number of words 

team members used and social and task cohesion within the team. This suggests 

that team cohesion emerges with an increase in team communication. Similarly, 

our results show that the use of affiliation words is highly related to social 

cohesion and moderately to task cohesion. This  suggests that when team 

members use more affiliation words, they express their feelings of belonginess 

and unity, which may then influence their focus on achieving the task goals 

(Tausczik and Pennebaker, 2010). 

 

Although the difference did not reach statistical significance, we noticed that 

member’s perception of social cohesion was higher in distinct knowledge 

condition tasks than in similar knowledge condition tasks, where a slightly 

higher level of individual perception of task cohesion was observed. 

Furthermore, the team level analysis of social and task cohesion under both 

conditions were observed to be similar. Therefore, there was insufficient 
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evidence to suggest that the task condition influenced the dimensions of team 

cohesion.  

 

Regarding language use, we noticed that when team members use less 

agreement words, the length of their discourse and the frequency of mentioned 

task items increased. Previous research links the word count to task involvement 

and suggested  that using assent early in group interaction/discussion related to 

blind agreement and lack of team motivation (Leshed et al., 2007).Therefore, we 

suggested that team member were more involve and focus on the task as it show 

in their language style.    In addition, our results showed that using first person 

singular pronoun related to the use of positive emotion and the use of more 

certainty (e.g., sure, always) and insight (e.g., know, think) words. Researcher 

suggest a correlation between the use of positive emotion and the level of 

agreement(Semin and Fiedler, 1988). When team members refer to each other 

using the second person singular “you” they were less certain about what they 

say.  

 

Finally, similar to study1, the increase of affiliation words increases the use of 

first-person plural which was an indicator of social and task cohesion in our 

regression model. Additionally, we suggest that the emotional tone related to the 

nature of the task. When teams think rationally and carefully (more insight 

words) they tend to be happy and positive. While the emotional tone fluctuated 

between positivity and negativity when they are certain about their discussion 

which might be related to the task nature as they think negatively when they are 

certain about not being able to survive,  consider the snippet below as an 

example:  
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“ user1:  also, we need to keep in mind that help might not come. we failed to 

notify of our position anyway. 

user2:yeah, that’s true too and very scary” 

While they  change to be more positive when they are more certain  about their 

survival , see this snap as example :   

“ user1:OK agreed ,good luck :)user1: may we survive :P 

user2: indeed 

user2: lol ” 

In nutshell, these significant linguistics relationships encourage more research to 

explore who these text indices influence virtual decision-making collaboration.   
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5.5 Chapter Summary  

In this chapter, we conducted a collaborative problem-solving task with teams of 

two members to examine the relationship between task and social cohesion, the 

language used and team performance. Additionally, we investigated the impact 

of (dis)similarity of task knowledge on team cohesion dimensions, team 

performance and team text features. We used a multilevel analysis approach and 

mixed measures to test these relationships.  

There was a strong relation between team task and social cohesion and the 

language used at both the individual and team levels. Similarly, the relationship 

between social cohesion and task cohesion were significant at both the 

individual and the team analysis level. However, there was no association 

between team language and team performance and no reliable systematic 

differences between the conditions of the experiment. Nevertheless, there is 

sufficient variance in judged cohesion that the analysis of linguistic predictors of 

cohesion has revealed important findings. Figure 5.15 summarises study 2. 

 

Figure 5-15 Study 2 summary. 
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Conclusion  

This chapter provides a general discussion of the theoretical and practical 

implications of the empirical findings. It also considers the limitations of the two 

studies and proposes some possibilities for future research. The chapter then 

concludes with a brief summary of the thesis.  

6.1 Context and Approach 

When dispersed teams collaborate, they often use Computer-Mediated 

Communication tools (CMC) to enhance the flow of information and 

conversation. The language that team members use reveals some cues of their 

emotional states, intentions, thought processes and motivations (Tausczik and 

Pennebaker, 2010), and this in turn influences the dynamics and the outcomes of 

their collaboration. Therefore, in this thesis, we investigated the following 

general question: “Is there a relation between  a team’s language and their 

shared mental models and team cohesion in collaborative decision-making? 

And “Can team text features be used to predict these constructs? ”.  

 

A review of the literature revealed the importance of studying team attitudinal 

and behavioural dynamics through text analysis in the context of face-to-face 

and remote collaboration (Leshed et al., 2007; Leshed et al., 2009; Navarro-
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Garcia, 2010; Gonzales et al., 2010; Tausczik and Pennebaker, 2013). Studies 

highlighted that Shared Mental Models (SMM) and team cohesion are crucial 

aspects of team process, and researchers further refined the constructs, their 

dimensions, their antecedents and their impact on team outcomes.  

 

However, although there have been several studies investigating these two team 

constructs, many questions regarding their influence in the context of text-based 

dispersed teams remain unanswered. Accordingly, the objective of this thesis 

was to explore SMM and team cohesion in computer-mediated decision-making 

contexts in order to identify any potential relationships with team language and 

team performance. To this end, two main studies were carried out: the first one 

used the SMM dual typology (Espinosa and Carley, 2001; Levesque et al., 2001; 

Smith-Jentsch et al., 2005; Mathieu et al., 2005; Hanna and Richards, 2014) to 

examine mental model similarity pertaining to both task and team, task shared 

mental model (Task SMMs) and team shared mental model (Team SMMs), and 

the second study adopted a multidimensional definition of group cohesion, 

distinguishing between social and task team cohesion (Carron et al., 2007; 

Mathieu et al., 2015; Nanninga et al., 2017). The two studies were designed to 

benefit from using both self-report evidence of SMM and cohesion, and the data 

generated from text analysis of the same teams’ collaborations.   

6.2  Key Findings and Contributions    

This section points to the main findings within the empirical studies. The main 

research question concerns the relation between team linguistics features and 

virtual collaborative dynamics. Our findings contributed empirically and 

theoretically to virtual team research and to group research in general.   

  

6.2.1 The research custom-built tools 

The studies in this thesis were conducted through three tools developed by the 

researcher using Python, R and JavaScript: the communication module, the 

extraction module and the analysis module.  
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All of them were created based on the nature and the direction of our 

investigations so as to understand the metrics that need to be collected and 

analysed. The communication module is responsible for the communication 

platform where research data were collected. The data extraction module is used 

for formatting the collected data and transforming it into a format from which 

we may make inferences, and finally the data analysis module focuses on 

performing further text analysis to establish the statistical significance of our 

findings.  

The main rationale behind developing these tools was that existing tools were 

unsuitable for our study. Moreover, this enabled us to ensure control over the 

study data and to cater for our requirements while also eliminating the need to 

manually annotate the collected data.  

These tools contributed to the completion of the thesis’s empirical studies and all 

its algorithms can be reused and updated for any future collaborative research. 

Hence, the flexible design and open source implementation can be claimed as a 

methodological contribution to the virtual team literature (particularly those 

involving desert survival tasks). 

 

6.2.2 The relation between the linguistics features and shared 

mental models (Research Questions 1, 2) 

Exploring the relation between the team’s language and Shared Mental Models 

and team performance in virtual decision-making collaboration can extend both 

SMM and small group literatures.  

The first study reported a promising relationship between the team text features 

and SMMs. In particular, we found that using tentative language (e.g., maybe, it 

might be) is associated with better shared task mental models between team 

members while the positive emotion (e.g., great, happy) and the frequency of the 

first-person singular pronoun (I) was also associated with better shared team 

mental models.  
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These results contributed to the SMM research empirically by laying the first 

step towards measuring these cognitive concepts automatically without relying 

on retrospective and subjective ratings. This will allow researchers to explore 

these concepts, their antecedents and the influence they have on team outcomes 

with more objective measures.  

Additionally, this automatic text approach will make the study of SMM possible 

in various types of teams based on synchronous and asynchronous text-based 

communication mediums. Furthermore, the use of both subjective rating and 

automatic text analysis of SMM indicated that there was no relation between 

shared task mental models and team task mental models, which is contradictory 

to what was suggested in the SMM literature (Mohammed et al., 2000; Mesmer-

Magnus and DeChurch, 2009; Maynard and Gilson, 2014; Boies and Fiset, 

2018). This could be potentially explained by the task classification (McGrath, 

1984).  

We speculate that when the task falls into the “negotiate” category (current 

research task), the relationship between the shared task mental models and team 

mental models seems to disappear. In contrast, when the collaborative task can 

be classified as a “generate” task, the relation between these two concepts would 

increase. Hence, the assumption contributed theoretically to SMM literature in 

which it might solve the conflict about the relation between team and task 

mental models in the literature (DeChurch and Mesmer-Magnus, 2010).  

In terms of the relation between shared team mental models and team 

performance, the finding (that there was no significant correlation between 

shared task mental models, shared team mental models and team performance), 

contradicted the existing SMM literature. This encourages future research to 

examine this relation in different contexts.  
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6.2.3 The relation between the linguistics features and team 

cohesion (Research Questions 4, 5) 

The findings of Study 2 illustrate the relation between the team linguistics 

features and both social and task cohesion. When team members refer to each 

other using the first-person plural pronoun (we) they express high social and task 

cohesion, which is aligned with the study by Gonzales and others (2010). 

Moreover, the frequency of mentioning task-related objects was an indicator of 

high cohesion. Results also showed a strong relationship between the two 

dimensions of cohesion and the length of team conversation as well as the 

frequency of affiliations words (e.g., cooperation, connection).  

These significant outcomes helped to develop multiple regression models where 

the first two text indices (‘we’ and ‘task item’) successfully predicted social and 

task cohesion. This model contributed to the virtual team literature and therefore 

can be used to measure cohesion in decision-making collaboration. Moreover, 

this study contributed empirically to the virtual team cohesion literature by 

examining this construct using two different subjective measures (team members 

and external raters).  

We found that social cohesion strongly correlated with task cohesion in virtual 

decision-making collaboration, which is in line with other research in different 

contexts (Mullen and Copper, 1994; Beal et al., 2003).  

In terms of the relation between team cohesion and team performance, there was 

no significant results which is in contrast with the more usual finding in the team 

cohesion literature. This encourages further research to investigate this relation 

in both  virtual and team cohesion literature.    
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6.2.4 The relation between the linguistics features and team 

performance (Research Question 3) 

The relation between team linguistics features and team performance appeared to 

be positive in Study 1. When team members frequently used ‘we’, they 

performed well in the task, which is similar to what might be predicted from the 

findings of Sexton and Helmreich, (2000). However, in Study 2, there was no 

evidence to support this link between the linguistics features and team 

performance (which is in line with Gonzales et al., 2010). Those authors found 

in their research that the use of the first personal plural pronoun related to team 

cohesion but not to team performance.  

The different results in our studies suggest that team members use ‘we’ for 

different purposes. In Study 1, when it was related to team performance, 

members might have used it to assign the task (e.g., “we should finish the 

rating”). Whereas, in Study 2, team members might have used it to express unity 

or dependence as (“we can survive'').  

Yet, if this interpretation is correct, the questions that need to be answered are: 

what drives team members to use the first-person plural pronoun differently 

when the task and the communication medium are the same? has the prior 

knowledge in study 2 influenced why the language was used? or has the team 

size played a role in this? Therefore, this finding contributed theoretically by 

raising inconsistencies and questions and encouraging future research to 

investigate such questions and unpack the complexities of virtual collaboration. 

 

6.2.5 The multilevel analysis of team constructs    

Although researchers in group psychology assert the value of multilevel models 

in measuring team cognition and behaviours, most researchers concentrate on 

the individual within teams or the team as a whole, but seldom on both (Watson 

and Moritz, 1998; Christ et al., 2018; Zhu et al., 2020). 
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Therefore, the studies included in this thesis enriched the existing literature by 

adopting a multilevel approach to studying shared mental models and team 

cohesion. We looked at the task SMMs and the team SMMs following the 

bottom-up approach (Chen et al., 2018), where we looked at the individual 

perception of these constructs and then moved from this to the similarities 

between team-members. Likewise, we measured team cohesion in terms of 

individual perception of task and social cohesion and aggregated it to the team 

level when the data was appropriate for aggregation. Therefore, these analyses 

are considered one of the strong points of the thesis, offering a stronger analytic 

approach that it is hoped can be carried forward in future research.   

 

6.2.6 Summary  

The results demonstrate the utility of text analysis in investigating virtual team 

discourse. The research contributed empirically to virtual team literature by 

developing a model to predicate task and social cohesion, highlighting the 

relation between SMM and team discourse, providing a multilevel analysis of 

these two constructs, and developing several open source algorithms. Moreover, 

the research theoretically attempted to explain  the on-going conflict in the 

literature about the relation between shared mental models and communicative 

discourse and hence encouraged more research opportunities towered the 

relation between team performance and team language style.      
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6.3  Limitations and Future Research Directions 

The findings obtained in this thesis revealed new insights regarding SMM, team 

cohesion, and team outcomes, however these should be considered in light of the 

thesis’s limitations. The following discussion highlights these limitations along 

with some avenues for future research.  

 

6.3.1 Participants and Generalisability  

The first limitation to our research pertains to the sample size of both studies. 

Although our sample size was fairly typical of team studies (40 teams and 50 

teams for study 1 and study 2 respectively), it might have limited the statistical 

power of our analysis. Although we have included 95% confidence intervals 

(CI) and reported the effect size for all results, ideally our positive results need 

to be confirmed using a larger sample (and of course the null effects are just that, 

and some genuine effects might not have emerged because the power was 

insufficient).  

A further aspect of sample size is that the groups we studied were small, and this 

will inevitably have influenced the pattern of effects we observed. Indeed, 

Nakarada-Kordic (2016) suggested studying team constructs (particularly in 

SMM) in larger teams, as they have different dynamics, engage in more complex 

processes, have greater diversity of viewpoints, and have varying levels of 

expertise. However, most of the work is performed by small teams (e.g., 

surgeons, juries...etc.) and therefore any empirical investigation of small groups 

should still be considered important and encouraged. 

 Moreover, the sampling approach of this thesis was non-probability sampling. 

We used university students as our population and our sample was representative 

of different age groups and several disciplines and educational levels. Although 

using students as surrogates for workers raises concerns over the realism of the 

results (Wheeler and McNelis, 2014), Salman and colleagues (2015) suggested 

that there are very few differences between university samples and 

organizational samples and if differences do exist, they are insignificant for 

practical purposes. 
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 Furthermore, all team members were selected based on their availability and 

this might have increased the risk of bias (Sharma, 2017) and resulted in issues 

with representing the average population (Rosnow et al., 1969). Essentially, it 

would be interesting to see these studies replicated with different samples and 

different group sizes, to test the generalizability of the findings. 

 

6.3.2 Cross-sectional  Design  

The time horizon used in the present study was cross-sectional, i.e., we 

measured all our constructs at one point in time, thereby neglecting the changes 

that could happen over the team’s life-cycle. For instance, scholars have 

“pleaded for more theoretical and empirical attention to the dynamics by which 

cohesion evolves in groups and how cohesion may differ in different phases of 

group life” (Greer, 2012, p. 656).  

Accordingly, an extension to the current research would be a longitudinal 

investigation of SMM and team cohesion dynamics in order to unravel patterns 

over time. This could be built on the concept of velocity and its three dimensions 

as presented by McCarthy and others (2017). Velocity simply means change 

over a specified time period and has two main components: the rate of change 

(the amount of change) and the direction of change (continuity or discontinuity 

in the trajectory of the construct, e.g. a shift in direction).  

Building on the dual typology of both SMM and team cohesion, both constructs 

could in future be examined based on the three dimensions of velocity. First, 

velocity homology would illustrate whether both tasks Shared Mental Models 

and team Shared Mental Models have changed at the same rate and in the same 

direction. Second, velocity coupling would highlight whether there exists a 

connection between the velocities of task Shared Mental Models and team 

Shared Mental Models. Finally, velocity regimes would untangle the patterns 

that emerge from differences in dimensions one (homology) and two (coupling).  
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6.3.3 Experimental Settings  

In both studies, team members were located in the same lab and as such may not 

be considered dispersed. However, researchers in the virtual team literature 

described the geographic dispersion to be either “spatial dispersion” or 

“geographic dispersion” which is the extent to which team members are 

distributed across different locations (different rooms, different floors, different 

buildings, different countries) or “temporal dispersion”, which is when team 

members have different time zones (Gibbs et al., 2017; Prasad et al., 2017).  

Therefore, we believed that team members in both studies are considered to be 

dispersed to some degree as they worked separately at different isolated 

workstations and were further instructed not to engage in any form of 

communication except through the provided chat tool. (and this lack of 

engagement was confirmed by the experimenter) Therefore, it is reasonable to 

assume that the findings from these studies should not be affected by this aspect.  

 

6.3.4 Experimental Approach  

The two studies were completed using experimental methods in a laboratory 

setting. Within the fields of Human Computer Interaction (HCI) and 

collaborative work in particular, there is an ongoing discussion about the utility 

of laboratory approaches and their relevance to human behaviour (e.g., Marshall 

et al., 2011; Rogers, 2011; Hornecker and Nicol, 2012). Lim and Klein (2006) 

argued that real-world teams are likely to exceed the size, complexity, 

uncertainty, and duration of laboratory-based teams. Workplace teams are highly 

contextualised and hence the results obtained from such studies do not render 

themselves for easy generalisation (Brynin and Kraut, 2006).  

Essentially, the differences between theory and empirical observations point 

towards the need for reconciliation through laboratory studies. Agrawal and 

others (2006) suggested that controlled experiments are appropriate to study the 

details of cognition or interactive behaviour which makes it the dominant 

research method within HCI literature in general and SMM in particular. To 

reduce control effects in our study, we performed several pilot studies before 
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both studies to adequately simulate a real virtual collaborative environment. 

Therefore, we believe the results obtained are, to a satisfactory degree, valid and 

reliable.  

 

6.3.5 Text Analysis Approach   

The text analysis algorithms (LIWC, R scripts) built using a token-based method 

which  assumed that the frequency of a word (a single word without its context) 

can tell something meaningful about communicative language. Hence, the 

algorithms were insensitive to context and neglected  word order, particles such 

as  phrasal verbs, inaccuracies due to negation, ambiguity of word senses, type 

of discourse and other context-dependent factors (Franklin, 2015).  

However, many psychological studies suggested a correlation between word use 

and behavioural cues using the word frequencies approach (Rosenberg et al., 

1990; Eid and Diener, 2006). Moreover, several researchers have studied a wide 

range of theoretical concepts using the bag-of-words method, such as to 

discriminate text type and genre (Biber, 1991), emotion (Berger and Milkman, 

2012), construal level (Snefjella and Kuperman, 2015), risk (Humphreys and 

Thompson, 2014),  institutional logics (Ertimur and Coskuner-Balli, 2015), 

speech acts (Villarroel Ordenes et al., 2017).  

Furthermore, although meanings can only be extracted by context, it does not 

mean that single words cannot work as discriminating features of texts (Franklin, 

2015). Hence, LIWC have been used to provide insightful information about the 

association between cognitive functions and word use (Pennebaker et al., 1997). 

However, future research can investigate the performance difference between a 

context-token combination approach such as Latent Semantic Analysis (LSA is 

proved to be an accurate approach of establishing textual coherence (Neal, 

2016)) and word-based methods. The combined algorithm of both methods 

might produce more accurate and interesting  results .  
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6.3.6 Summary     

Despite the thesis’s limitations, the findings offer valuable insights about team 

collaboration. Of course, a great deal of more systematic research is needed to 

fully understand the factors that affect or interact with the development of 

SMMs and team cohesion in virtual decision-making collaboration. Moreover, 

research on language and social psychology is growing at an accelerating rate 

(Tausczik and Pennebaker, 2013), along with increased innovations in word 

analysis techniques and availability of natural language processing tools. 

Therefore, future research must follow this stream and endeavour to develop text 

analysis tools and algorithms that can investigate team collaboration behaviour 

and dynamics in various contexts. With regards to our word counting algorithm, 

we aim to improve the computational efficiency and robustness of the text 

analysis scripts. We are also planning to develop new word categories suitable 

for analysing further team constructs. Our long-term goal is to provide 

measurement techniques that can support  virtual teams across different contexts. 

 

6.4 Concluding Remarks  

This thesis explored the influence of team language in collaborative decision-

making tasks. Specifically, shared mental models and team cohesion were the 

main constructs studied in the experiments across the thesis. The findings are 

promising and suggest that the relation between teams’ linguistics features, task 

shared mental model and team shared mental is significant and can be 

empirically observed and analysed. Similarly, the significant relation between 

social and task cohesion and team text features can be used as a valid measure 

for future research. Although the results had some inconsistences between the 

two experiments in terms of team performance, this thesis offers an important 

step towards understanding team dynamics in virtual collaboration through text 

analysis. The objective is to generate interest among the research community 

and encourage researchers to further develop new text analysis methods that 

might be expanded to capture team collaborative behaviours that are mirrored in 

language use.  
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A.1 Task Instructions (C1 & C2) 

1. The task would be divided into three parts, which will take a total of an hour. 

2. You would be required to work in a group of three to perform a Desert 

Survival task. The only allowed means of communication is a chat tool available 

via your Computer’s browser (your Username would appear on the top left-

hand side of the webpage while the name of the other users would appear in 

the text box once they start chatting): 

• The task would be introduced by a scenario (in the next paper) which 

you are expected to read within the first five minutes.  

• After reading the scenario, you need to work individually to rate 4 out of 

12 items. In order for the software to assign you a set of items to rate, 

you are requested to first type in the chat box. The rating should be 

based on their importance from 0 to 100, with 0 = less useful and 100 = 

most useful (Items should not have similar ratings).  

• You are expected to spend 10 minutes filling your assigned column. 

While rating these items, you are not expected to discuss your items in 

the list with anyone else.  

• Once all team members finish rating the items individually, the column 

for group rating of items would be enabled. In order to fill this, you 

would need to discuss with your team about the choices you made in 

while rating the items individually. This would allow you the team to 

reach a decision which would be passed on as the group’s rating.  

• After reaching an agreement on the group’s rating of items, the last five 

minutes of the experiment should be used to fill in the ratings arrived at. 

Once this is done, leave the experiment by clicking on the button 

labelled “Leave Experiment” located at the top left-hand corner of the 

screen. 

3. Lastly, you would be asked to complete a questionnaire related to your team 

experience in the previous task. The Questionnaire is divided into two parts: the 

first section which would ask you to evaluate yourself and your team members 

(you need to remember each username), and the second section which would ask 

you to evaluate the team as a whole.   
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A.2 Task Scenario 

In this task, you must imagine yourself in the following scenario:   

“It is approximately 10:00 am in mid-July and you have just crash landed in the 

Atacama Desert in South America. Your light twin-engine plane containing the 

bodies of the pilot and co-pilot has completely burned out with only the frame 

remaining. 

You and two people survived with no injuries. The pilot was unable to notify 

anyone of your position before the crash. However, he had indicated before 

impact that you were 50 miles from a mining camp, which is the nearest known 

settlement, and approximately 65 miles off the course that was filed in your 

Flight Plan. 

The immediate area is quite flat, except for occasional cacti, and appears to be 

rather barren. 

The last weather report indicated that the temperature would reach 110 F /43 C 

today, which means that the temperature 

at ground level will be 130 F/ 54 C. 

You are dressed in lightweight clothing-short-sleeved shirts, pants, socks, and 

street shoes. Everyone has a handkerchief and collectively, you have 3 packs of 

cigarettes and a ballpoint pen. 

Before your plane caught fire, you and the other two people were able to salvage 

the 12 items listed on the browser screen in front of you.” 

 

Your task is to rate these items according to their importance to your survival, 

between “0” to “100”, where 0 = less important to yours survive, while 100 = the 

most important one. It is not possible to rate two items with the same value.  
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A.3 Study consent form 

Experiment Purpose  

The aim of this experiment is to explore communications during group problem 
solving tasks. 

Procedures 

The experiment consists of two parts (description follows) during which you will 
be asked to work with a group of people to perform a desert survival task. After the 
experiment, you will be asked to complete a questionnaire related to your 
experience in working with the group. 

Please note that none of the tasks is a test of your personal intelligence or ability. 
The objective is to test the extent to which text communication reflects the group 
processes. 

Confidentiality 

All the information collected during the study period will be kept strictly 
confidential. Identification numbers will be used to ensure your anonymity, and 
therefore your identity will not be disclosed in any future academic publication or 
report. 

Your signature below indicates that you have understood the information about the 
experiment and consented to participate. The participation is voluntary, and you 
may refuse to answer certain questions on the questionnaire and withdraw from the 
study at any time with no penalty. You will receive a copy of the consent form for 
your own record. If you have further questions related to this research, please 
contact the researcher. 

Age:____________________________ Occupation:______________________ 
Signed:__________________________ 

Researcher 

Latifah Alshammary 

ltoa20@bath.ac.uk 

Department of computer sciences 

University of Bath 
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A.4 Pre-analysis ranking data 

A.4.1 Team ranking  

To analysis the team performance using the ranking data , we compare each 

team final ranking with the expert ranking list . High correlation is an indicator 

for how well the team preformed . Considering the ranking data type (ordinal 

data), there are two different types of non-parametric rank correlation can be 

applied: the Kendall’s Tau  coefficient and Spearman’s rho correlation. In most 

situations, the interpretation of the  two tests leads to the same inference as the 

results of them are usually similar (Corder & Foreman,2011). Hence, using the 

SPSS software we will examine if this suggestion applied while testing our data 

when using both approaches. The tables below illustrate the results from both 

correlations methods. 

Table A- 1 The difference between correlation approaches used in analysing condition 1. 

Condition 1 Kendall's tau_b Spearman's rho 

A -.212 -.280 

F -.091 -.182 

G -.061 -.140 

H .000 -.028 

M -.333 -.406* 

U .394* .608** 

Y -.273 -.350 

CC -.273 -.315 

GG -.273 -.322 

KK .000 .049 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 
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Table A- 2 The difference between correlation approaches used in analysing condition 2. 

Condition 2 Kendall's tau_b Spearman's rho 

B -.394* -.538* 

C -.030 -.063 

I -.121 -.182 

J .000 -.007 

N -.030 -.105 

V -.182 -.252 

Z -.061 -.084 

DD .606** .776** 

HH -.364* -.399* 

LL -.030 -.084 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

 

Table A- 3 The difference between correlation approaches used in analysing condition 3. 

Condition 3 Kendall's tau_b Spearman's rho 

D -.152 -.245 

E -.242 -.315 

K -.121 -.189 

L -.394* -.413* 

O -.030 -.042 

W .364* .587* 

AA -.121 -.147 

EE -.030 -.119 

II -.152 -.196 

MM -.364* -.427* 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 
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Table A- 4 The difference between correlation approaches used in analysing condition 4. 

Condition 4 Kendall's tau_b Spearman's rho 

Q -.030 -.063 

R .242 .343 

S .030 .070 

T -.152 -.203 

P .182 .252 

X .424* .566* 

BB -.242 -.273 

FF -.030 -.035 

JJ .545* .678** 

NN .394* .566* 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

 

 

A.4.2 Members ranking  

Similarly, we calculated Kendall tau coefficient and spearman’s rho correlation 

for each team member (120 members across 4 task conditions) and the expert 

ranking list. Tables A.5 to A.8 show the outcome of these analysis. Both 

approaches provided fairly similar results, but Kendall Tau was favoured over 

Spearman’s as the literature suggests its suitability for small sample sizes.          

 

 

 

 

 

 

 

 

Table A- 5 Individuals performance in condition 1 using 2 correlation approaches. 
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User ID 𝜏𝑏 rs 

u1 -.091 -.161 

u2 -.182 -.231 

u3 -.242 -.238 

u16 -.212 -.315 

u17 -.182 -.217 

u1 -.182 -.245 

u19 -.182 -.259 

u20 0 -.063 

u21 -.364 -.455* 

u22 -.303 -.434 

u23 -.091 -.077 

u24 0 .021 

u37 -.333 -.413 

u38 -.364 -.434 

u39 -.606* -.741** 

u61 .485* .622** 

u62 0 0 

u63 -.152 -.245 

u73 -.333 -.371 

u74 -.242 -.308 

u75 -.515* -.748** 

u85 -.606* -.685** 

u86 -.242 -.350 

u87 -.152 -.294 

u97 -.303 -.364 

u98 -.576* -.706** 

u99 -.182 -.224 

u109 -.152 -.133 

u110 0 -.007 

u111 0 .042 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

. 
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Table A- 6 Individuals performance in condition 2 using 2 correlation approaches. 

User ID 𝜏𝑏 rs 

u4 -.212 -.301 

u5 -.424 -.566* 

u6 -.333 -.399 

u7 -.061 -.084 

u8 -.424 -.483* 

u9 -.121 -.175 

u25 -.212 -.322 

u26 -.182 -.266 

u27 .152 .133 

u28 -.303 -.364 

u29 -.242 -.371 

u30 -.273 -.315 

u40 -.212 -.245 

u41 -.333 -.517 

u42 .030 .077 

u64 -.212 -.280 

u65 -.242 -.301 

u66 -.152 -.168 

u76 -.121 -.231 

u77 .606* .685** 

u78 -.061 -.042 

u88 -.242 -.329 

u89 -.424 -.559* 

u90 -.333 -.455* 

u100 -.121 -.259 

u101 0 .056 

u102 -.212 -.329 

u112 -.030 -.133 

u113 .273 .364 

u114 -.212 -.252 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 
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Table A- 7 Individuals performance in condition 3 using 2 correlation approaches. 

User ID 𝜏𝑏 rs 

u10 0 0 

u15 0 -.200 

u31 -.667** -.800** 

u35 -.333 -.400* 

u46 -.667** -.800** 

u67 -.333 -.400 

u79 -1** -1** 

u92 -.667** -.800** 

u103 -.333 -.400 

u116 0 -.200 

u12 -.667** -.800** 

u13 -1** -1** 

u33 -.333 -.400* 

u34 -.667** -.800** 

u43 -1** -1** 

u68 -1** -1** 

u80 -.667** -.800** 

u93 -.333 -.400* 

u105 -.333 -.400* 

u115 -1** -1** 

u11 0 .200 

u14 -.667** -.800** 

u32 -.333 -.400* 

u36 -.333 -.400* 

u45 -.333 -.600* 

u69 .333 .400* 

u81 -.333 -.400* 

u91 .0 .200 

u104 -.333 -.400* 

u117 0 .200 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

. 
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Table A- 8 Individuals performance in condition 4 using 2 correlation approaches. 

User ID 𝜏𝑏 rs 

u46 0 -.200 

u50 -.333 -.400* 

u52 0 0 

u56 0 -.200 

u58 -1** -1** 

u72 .333 .400* 

u82 0 -.200 

u96 0 -.200 

u108 1** 1** 

u120 -.333 -.400* 

u48 0 -.200 

u49 .667** .800** 

u53 -.333 -.400* 

u57 -.667** -.800** 

u60 0 .200 

u70 -.667** -.800** 

u83 -1** -1** 

u95 -.333 -.400 

u107 .667** .800** 

u118 .333 .400* 

u47 -.333 -.400* 

u51 .333 .400* 

u54 0 .200 

u55 -.667** -.800** 

u59 -.667** -.800** 

u71 0 0 

u84 -.667** -.800** 

u9 -.333 -.400* 

u106 -.667** -.800** 

u119 0 .200 

Underlined values have a significant positive correlation. 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 
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A.5 Requirements for one-way ANOVA (Team 

performance ) 

To investigate whether there is different between the task conditions in term of 

team performance, one-way ANOVA was selected to check this assumption on 

the groups and expert correlations’ results amongst the four-task condition . 

However, before applying the one-way ANOVA test, we run pre-analysis steps 

to test the suitability of the data (Kendall’s correlation results amongst team ) for 

this measure.   

 

A.5.1 Determining if the data has outlier  

With small sample size the data outliers are more important to consider, as their 

effect will be greater. Hence, in our data , we investigate whether the dependent 

variable, correlation score for each team , has any outliers for each group of the 

task conditions. looking at the boxplot we generated to determine whether there 

are any outliers in any of our groups.  

There were outliers in the data, as assessed by inspection of a boxplot for two 

values in condition 2 and 3 .Theses data points are illustrated with an asterisk (* 

or °) in the boxplot  below: 
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Figure A- 1 Boxplot of correlation scores between conditions. 

 

However, these two values (Groups: DD =.606 W=.364) is neither the result of a 

data entry error or measurement error, it is most likely a genuinely unusual data 

point(the two-team performed better than other groups in the same condition ). 

Although they are not ideal from a statistical perspective (i.e., they violate one of 

the assumptions of the one-way ANOVA), there is no good reason to reject them 

as invalid. Thus, we  Include the outlier in the analysis anyway because you do 

not believe the result will be materially affected (determined by comparing the 

result of the one-way ANOVA with and without the outlier). 
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A. 5. 2 Determining if the data is normally distributed 

We used the Shapiro-Wilk  to test if the data is normally distributed for each 

group of the independent variable(team performance score) as it is recommended 

for small sample sizes (< 50 participants).Table A.9 shows the test result. 

Table A- 9 Tests of Normality. 

 

condition 

Shapiro-Wilk 

Statistic df Sig. 

Team 

performance  

1 .845 10 .051 

2 .811 10 .020 

3 .882 10 .137 

4 .956 10 .741 

 

The Team performance scores were normally distributed for three of the task 

conditions, as assessed by Shapiro-Wilk's test (p > .05).However, the team 

performance scores in condition 2 failed to meet the normality assumption. 

Nevertheless, we used the one-way ANOVA test as it is considered to be 

"robust" regardless the normality, when the sample sizes (numbers in each 

group) are equal, (Lix et al., 1996).Therefore, one-way ANOVA can be 

considered robust to non-normality and non-normality does not affect Type I 

error rate substantially (Maxwell et al., 2017). 
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A.5.3 Assumption of homogeneity of variances 

The assumption of homogeneity of variances was met, as assessed by Levene's 

test for equality of variances (.681 >.05), which means that our data has equal 

variances. The result of this test is found in the Test of Homogeneity of 

Variances table below: 

Table A- 10 Test of Homogeneity of Variances. 

 Levene Statistic df1 df2 Sig. 

Team Performance scores 

 
.505 3 36 .681 

 

 

A.5.4 Estimating ANOVA effect size ( Task performance ) 

There is more than one method of calculating an effect size for a one-way 

ANOVA. The preferred method is an effect size measure called omega squared 

(ω2). The omega squared (ω2) formula as follows: 

 

  

𝛚𝟐 =
𝑺𝑺𝒃−(𝒅𝒇𝒃)𝑴𝑺𝒘

𝑺𝑺𝒕 + 𝑴𝑺𝒘
 

 

𝛚𝟐 =
. 𝟒𝟑𝟖 − (𝟑). 𝟎𝟓𝟗

𝟐. 𝟓𝟓𝟓+. 𝟎𝟓𝟗
 

 

𝛚𝟐 =. 𝟑𝟕 
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A.6 Pre-analysis questionnaire data  

A.6.1 Assessing Task and team models (Individual level) 

Each participant took part in the first study was asked to preform self ,peer and 

team evaluation. The self and the peer(the other team members) assessment was 

consisted of rating key statements  related to the nature of the task(task mental 

model). While the team evaluation was about key statements related to team 

structure (Team mental model).These statements were developed based on Lim 

& Klein (2006) and adjusted to suit the nature of the task . Before using this 

scale to measure task and team model for each team member , we need to assess 

whether this set of items together measure the task and team constructs 

(proposed by Lim and Klein (2006))on our study sample. Moreover, we need to 

identify if there are items that do not empirically belong to the intended 

construct and that should be removed from task-team models scale. 

Consequently, the task and team items were analysed using the Exploratory 

factor analysis technique then followed by Confirmatory factor analysis to 

confirm the correctness of the model across the different samples(Knekta et al., 

2019).  

 

A.6.1.1 Exploratory factor Analysis  

Firstly, the dataset of scale-responses about task related items and the team 

related were screened for univariate outliers and missing values. This process 

did not identify any outliers.  Meanwhile, having a sample size of 120 (using 

listwise deletion) meant the minimum amount of data required for factor analysis 

was satisfied. 

 

Initially, the factorability of the 10 Task-related items and the 10 Team-related 

items were tested. More than one criterion for the factorability of a correlation 

were used. Firstly, all observed items correlated at least .3 with at least one other 

item(suggesting reasonable factorability). Secondly, the Kaiser-Meyer-Olkin 

measure of sampling adequacy was .81 for the task items and .86 for the team 
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items, which are above the commonly recommended value of .6 (Tabachnick 

and Fidell, 2019), and Bartlett’s test of sphericity was significant for both part 

Task : χ2 (119) = 348.400, p < .05 and Team:χ2 (119) = 477.439, p < .05 .All 

communalities were all above .3 (see Table 11and Table12), further confirming 

that each item shared some common variance with other items(Tabachnick and 

Fidell, 2019). Given these overall indicators, factor analysis was deemed to be 

suitable with all items.  

 

Multicollinearity was examined by investigating inter-item-correlations and 

tolerance values  from liner regressions. The highest  inter-item correlation was 

0.65 and the lowest tolerance was 0.43for the task model items and the highest 

was .64 and the lowest was .47 for team model items. Thus, the data did not 

show evidence of multicollinearity. Tables A.11 and A.12 shows the 

communalities in task and team related items. 

 

Table A- 11 Communalities in Task-related Items. 

Communalities   

 Initial Extraction 

This team member had a good understanding of the desert survival 
problem. 

.425 .305 

This team member encouraged others’ contributions. .465 .345 

This team member contributed to the overall agreed ratings. .500 .529 

This team member influenced other members during the task. .382 .332 

This team member helped the team to reach consensus. .571 .549 

This team member was satisfied with the final team ratings. .410 .384 

This team member ensured the team remained on track. .450 .464 

This team member is highly effective. .493 .481 
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Table A- 12 Communalities in Team-related items. 

Communalities   

 Initial Extraction 

Team members worked well together. .703 .683 

Team members trusted each other. .528 .565 

Team members communicated openly with each other. .561 .569 

Team members agreed on a strategy to carry out the team task. .267 .288 

Team members agree on decisions made in the team. .529 .504 

Team members were aware of other team members’ abilities. .426 .116 

Team members back each other up in carrying out team tasks. .361 .231 

Team members are similar to each other. .533 .457 

Team members treat each other as friends. .492 .492 

 

Principal Axis Factoring was used in the data set (participants’ responses of the 

self-task models items and the team models items) because it is a widely used 

method in factor analysis to understand the factor structure of the latent 

variable(task and team structure) and to examine the internal reliability of the 

scale (Joliffe and Morgan, 1992). Initial eigen values of the task-related items 

identified that the first factor explained 47%, of the variance. The second, third 

and fourth factors had eigen values just over one or less , and each explained 

15%,9%and 8% of the variance respectively. Similarly, the eigen value of the 

team related items indicated that the first factor explained 49%, of the variance . 

While the variance explained by the second factor was 15% and was 7% and 5% 

for the third and fourth factors respectively.  

The one factor model, which explained 47% and 49% of the variance in both 

constructs (Task and Team), was preferred as it was supported by Lim & Klein 

(2006) and the insufficient number of primary loadings and difficulty of 

interpreting the second factor and subsequent factors. For both analysis there 

was no need for the rotation method as the extracting model is only with one 

factor. The factor loading for each item in both questionnaire parts shows in 

Tables A.13 and A.14. 
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Table A- 13 Factor loadings for 8 items from the task model questionnaire (N = 120). 

Scale Item Task Model  

1. This team member had a good understanding of the desert survival 
problem. 0.37 

2.  This team member encouraged others’ contributions. 0.59 

3.  This team member contributed to the overall agreed ratings. 0.73 

4.  This team member influenced other members during the task. 0.58 

5. This team member helped the team to reach consensus. 0.74 

6. This team member was satisfied with the final team ratings. 0.62 

7.  This team member ensured the team remained on track. 0.68 

8.  This team member is highly effective. 0.69 

Factor loadings < .3 are suppressed. 

Extraction Method: Principal Axis Factoring. 
 

 

Table A- 14 Factor loadings for 8 items from the team model questionnaire (N = 120). 

Scale Item Team model 

1. Team members worked well together. 0.83 

2. Team members trusted each other. 0.75 

3. Team members communicated openly with each other. 0.75 

4. Team members agreed on a strategy to carry out the team task. 0.54 

5. Team members agree on decisions made in the team. 0.71 

6. Team members were aware of other team members’ abilities. 0.34 

7. Team members back each other up in carrying out team tasks. 0.48 

8. Team members are similar to each other. 0.68 

9. Team members treat each other as friends. 0.70 

Factor loadings < .3 are suppressed. 

Extraction Method: Principal Axis Factoring. 
 

 

The items “This team member adheres strictly to the team’s ratings.” , “This 

team member had relevant background knowledge to perform well on the task.” 

(Task Model part) and “Team members often disagreed with each other during 

the task.”(Team Model part) were eliminated because they did not contribute to 

a simple factor structure and failed to meet a minimum criterion of having a 

primary factor loading of .3 or above. Moreover, the internal consistency of both 

parts scale were assessed before and after removing these items. Cronbach’s 

alpha showed the task model scale had α = 0.77 which can be consider as 
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minimum acceptable value .However, eliminating Q1 and Q3 resulting in 

increase in the alpha to be , α = 0.82 (High reliability) . Likewise, the reliability 

value was α = 0.77 for team model scale and most items appeared to be worthy 

of retention, resulting in a decrease in the alpha if deleted. The one exception to 

this was item 16, which would increase the alpha to α = 0.83 if we remove it 

from the scale (Table A.15 and A.16 present the mean, standard deviation and 

reliability of task and team models scale after the exclusion of each item in the 

scale) . 

Table A- 15 Item-Total Statistics in task model part. 

 

Scale 
Mean 
if Item 
Deleted 

Scale 
Variance 
if Item 
Deleted 

Corrected 
Item-Total 
Correlation 

Cronbach's 
Alpha if 

Item 
Deleted 

This team member had relevant 
background knowledge to perform 
well on the task. 68.75 114.90 0.27 0.82 

This team member had a good 
understanding of the desert survival 
problem. 67.97 112.52 0.41 0.76 

This team member adheres strictly to 
the team’s ratings. 69.81 122.16 0.04 0.82 

This team member encouraged 
others’ contributions. 67.93 104.82 0.52 0.74 

This team member contributed to the 
overall agreed ratings. 67.01 105.94 0.64 0.73 

This team member influenced other 
members during the task. 68.08 109.03 0.46 0.75 

This team member helped the team 
to reach consensus. 67.63 105.81 0.63 0.73 

This team member was satisfied with 
the final team ratings. 66.97 106.87 0.49 0.75 

This team member ensured the team 
remained on track. 67.45 102.89 0.61 0.73 

This team member is highly 
effective. 67.38 105.23 0.59 0.73 

Notes: Any items that have scores that are higher or lower than the other items might need to be eliminated 
from the scale to increase reliability. 
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Table A- 16 Item-Total Statistics in team model part. 

 

Scale 
Mean 
if Item 
Deleted 

Scale 
Variance 
if Item 
Deleted 

Corrected 
Item-Total 
Correlation 

Cronbach's 
Alpha if 

Item 
Deleted 

Team members worked well 
together. 66.97 111.91 0.63 0.74 

Team members trusted each other. 67.38 107.25 0.63 0.74 

Team members communicated 
openly with each other. 66.74 113.48 0.61 0.75 

Team members agreed on a strategy 
to carry out the team task. 67.55 108.11 0.46 0.76 

Team members agree on decisions 
made in the team. 66.46 114.42 0.56 0.75 

Team members often disagreed with 
each other during the task. 69.73 136.45 -0.14 0.85 

Team members were aware of other 
team members’ abilities. 70.24 106.14 0.43 0.76 

Team members back each other up 
in carrying out team tasks. 68.46 105.12 0.53 0.75 

Team members are similar to each 
other. 68.28 101.68 0.64 0.73 

Team members treat each other as 
friends. 66.9 111.87 0.54 0.74 

Notes: Any items that have scores that are higher or lower than the other items might need to be eliminated 
from the scale to increase reliability. 

 

Table A.17 and A.18 displays each item correlation to other items. If all items 

correlate well together , we consider them measuring the same construct .Any 

items that have consistently low correlations among the other items should be 

removed. 
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Table A- 17 Inter-Item Correlations for task -related items. 

 
Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 

Q2 0.58 
        

Q3 -0.06 -0.03 
       

Q4 0.01 0.06 0.26 
      

Q5 0.26 0.35 0.00 0.42 
     

Q6 0.26 0.41 -0.20 0.23 0.47 
    

Q7 0.09 0.14 0.09 0.65 0.46 0.41 
   

Q8 0.06 0.14 0.01 0.41 0.58 0.30 0.44 
  

Q9 0.19 0.21 0.15 0.43 0.44 0.29 0.53 0.45 
 

Q10 0.23 0.42 -0.03 0.30 0.45 0.49 0.49 0.35 0.56 

 

Table A- 18 Inter-Item Correlations for team- related items. 

 Q11 Q12 Q13 Q14 Q15 Q16 Q17 Q18 Q19 

Q12 0.66 
    

- 
   

Q13 0.70 0.58 
       

Q14 0.39 0.37 0.40 
      

Q15 0.68 0.55 0.62 0.41 
     

Q16 -0.17 -0.12 -0.13 -0.14 -0.14 
    

Q17 0.09 0.30 0.14 0.21 0.12 0.17 
   

Q18 0.29 0.31 0.29 0.30 0.24 0.01 0.50 
  

Q19 0.47 0.48 0.45 0.39 0.37 -0.22 0.53 0.51 
 

Q20 0.65 0.52 0.50 0.38 0.49 -0.24 0.13 0.33 0.49 

 

A.6.1.2 Confirmatory factor Analysis 

We chose to run CFA on the peer sample (peer responses about task and the 

same team related items )to confirm a one-factor solution for the task model part 

and one-factor solution for the team model part, as the theoretical framework 

underlying the scale is well understood and used and the result of performed 

EFA on self -task and team related items and that supported the one-factor 

solution. If the assumed factor model was confirmed, then we could confidently 

combine the items into two sum scores and interpret the data as representing 

both a task model and a team model factor. The CFA analysis was performed 

using the R package lavaan (Rosseel, 2012) . 
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Before running CFA an assessment of the normality of data was performed 

using a statistical test and visual inspection. Both methods : the numerical (see 

Table A.19 )and graphical (see Figures A.2 and A.3) indicated that some 

variables in the sample failed the normality test.    

Table A- 19 Tests of Normality for the Task and Team items. 

Item 

Shapiro-Wilk 

Statistic df Sig. 

Q1 .968 119 .007 

Q2 .970 119 .009 

Q3 .980 119 .078 

Q5 .919 119 .000 

Q6 .974 119 .019 

Q7 .967 119 .005 

Q8 .804 119 .000 

Q9 .955 119 .001 

Q10 .939 119 .000 

Q11 .843 119 .000 

Q12 .870 119 .000 

Q13 .834 119 .000 

Q14 .840 119 .000 

Q15 .733 119 .000 

Q16 .944 119 .000 

Q17 .969 119 .007 

Q18 .903 119 .000 

Q19 .931 119 .000 

Q20 .804 119 .000 
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Figure A- 2 The histograms of task and team variables (N=120). 
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Figure A- 3 The Q-Q plots for task and team variables (N=120). 

Note: On Q-Q plot, the normal distribution data appears as roughly a straight line (the end of the Q-Q plot might often start to deviate from a straight line).
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However, as the sample sizes is large enough (> 30 or 40), the violation  of  the  

normality  assumption  should  not cause major issues (Ghasemi and Zahediasl, 

2012). This implies that we can use CFA even when the data are not normally, 

thus we can ignore the distribution of the data. Considering the nature of the 

data(ordinal and nonnormal), the maximum-likelihood estimation (MLR) was 

used to extract the variances from the data and to handle the missing data 

.Moreover, this estimator is robust against non-normality (Knekta et al., 2019). 

There were no univariate outliers as the minimum and maximum values of the 

items were analysed .The Kaiser’s measure of sampling adequacy value was : 

0.87(task-items) , 0.85 (team-items) and there were several correlations above 

0.4 in the inter-item correlation matrix which suggested a good factorability. 

Results from the initial one-factor CFA indicated that, in the task-items, the 

sample support the model specified. The chi-square test of model fit was 

significant (χ2 = 39.03, df = 119, p < 0.00), but this test with large sample sizes 

(n = 120) is known to be sensitive to model misspecification . On another hand, 

additional model fit indices indicated a good fit: SRMR was 0.047, CFI was 

0.95, and RMSEA was 0.047. Hence, the one model for each was empirically 

supported by the data as shown in figure A.4 and A.5.  

 

 

Figure A- 4 One factor model for task items. 
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Figure A- 5 One factor model for team items. 

 

However,  in the team-items , the additional model fit indices indicated that the 

data did not support the model specified. CFI was 0.846, RMSEA was 0.14 , 

SRMR was 0.093and chi-square test (χ2 = 98.531, df = 119, p < 0.00).Thus, the 

hypothesized model was not empirically supported by the data. To investigate 

this model misspecification, we explored the factor loadings, correlational 

residuals, original inter-item correlation matrix. The factor loadings for item 17 

was 0.64 which is below 0.7, indicating that this item did not associated well 

with the factor. Analysis of correlational residuals point out item-pair correlation 

issue as this item only correlated with item18 and 19 .Consequently, the poor 

model fit seems to be primarily caused by a one ill-fitting item. Hence, we 

eliminated this item and reanalysed the team-items sample using the CFA. The 

result shows better fit to one-factor model as the models fit indices indicated a 

good fit ,as RMSEA was 0.08,CFI was 0.954 and SRMR was 0.055 .Therefore, 

the one model for the team items was empirically supported by the data  after 

removing question 17 from the data set as it shows in figure A.6. 
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Figure A- 6 Team model with one factor after removing item Q17. 

 

A.6.2 Calculating task and team model score(individual level): 

We calculated the self-task mental model score for each participant by averaging 

the values of the self-abasement questions (8 questions). Additionally, we 

calculated each peer-task judgement for each participant by averaging the 

responses to the task-mental model questions. Similarly, each team’s mental 

model was computed using the average of the responses to the questions 

measuring team mental model. Tables A.20 , A.21, A.22 and A.23 shows each 

participant score among the task conditions 

Table A- 20 Task and team mental model for each participant in condition 1. 

Condition No  User ID TSM TPM TM 

1 u1 5.75 7.19 7.78 

1 u2 7.13 7.56 7.06 

1 u3 8.63 7.13 9.17 

1 u4 7.5 8.13 8.94 

1 u5 9.63 7.44 8.44 

1 u6 6.13 8.13 7.5 

1 u7 6.13 7.25 6.17 

1 u8 7.38 7.13 8.5 

1 u9 7.63 7.06 9.44 
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1 u10 7.88 7.81 7.44 

1 u11 6.38 7.88 7.22 

1 u12 8 7.63 8.17 

1 u13 9.75 7.94 9.44 

1 u14 7.88 8.63 7.78 

1 u15 7.63 8.88 9.78 

1 u16 8.38 7.81 7.72 

1 u17 7.63 8.38 6.94 

1 u18 8.25 6.88 8 

1 u19 8.75 6.88 9.28 

1 u20 6.75 7.69 8.06 

1 u21 8.38 7.56 7.89 

1 u22 9 8.25 8.94 

1 u23 8.25 7.75 7.94 

1 u24 6.5 8.44 6.39 

1 u25 9.25 5.5 9.06 

1 u26 9.38 6 9.28 

1 u27 1.63 9.31 9.28 

1 u28 7.63 7.75 8.72 

1 u29 7.25 7.81 8.11 

1 u30 8.38 7.56 7.61 

 

Table A- 21 Task and team mental model for each participant in condition 2. 

Condition 
No  

User ID TSM TPM TM 

2 u31 6 6.56 6.06 

2 u32 6.75 6.75 7.06 

2 u33 6.63 6.63 7.72 

2 u34 10 9.38 8.94 

2 u35 9.75 9.38 8.94 

2 u36 8.5 9.63 8.78 

2 u37 9.38 8.13 8.83 

2 u38 8.38 8.13 8 

2 u39 7.75 8.56 8.28 

2 u40 9.63 7.19 9.39 

2 u41 7.25 8.81 7.89 

2 u42 7.13 8.56 7.56 
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2 u43 8.88 8.38 9.44 

2 u44 8.13 8.13 8.83 

2 u45 5.88 8.5 6.22 

2 u46 8.38 8.44 9.67 

2 u47 9.25 9.38 9.67 

2 u48 7.75 9.38 9.5 

2 u49 8.88 8.63 9.78 

2 u50 6.75 6.56 6.61 

2 u51 8.75 8.69 8.31 

2 u52 8.13 8.06 8.44 

2 u53 8.75 8.69 9.22 

2 u54 7.88 7.75 9.56 

2 u55 8.25 8.44 9.17 

2 u56 9.38 8.44 9.06 

2 u57 5.75 5.75 5.33 

2 u58 9 9.25 9.67 

2 u59 8.13 7.75 8.22 

2 u60 9.5 9.5 9.33 

 

Table A- 22 Task and team mental model for each participant in condition 3. 

Condition No  User ID TSM TPM TM 

3 u61 8.38 8.56 8.56 

3 u62 7.38 7 7.61 

3 u63 6.75 6.81 6.78 

3 u64 8.25 7.81 6.11 

3 u65 8.88 8.63 8.78 

3 u66 6.88 7.69 7.89 

3 u67 9 7.94 9.11 

3 u68 6 6.5 6.5 

3 u69 8.88 9 8.06 

3 u70 7.75 8.56 9 

3 u71 8 8.19 8.44 

3 u72 7.5 7.19 6.5 

3 u73 9.25 9.56 8.06 

3 u74 8.5 8.25 7.72 

3 u75 5.5 6.63 6.83 

3 u76 7 7.25 6.89 
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3 u77 6.38 7.31 7.39 

3 u78 8.75 8.5 8.67 

3 u79 8.13 7.44 8.06 

3 u80 8.5 8.38 8.89 

3 u81 6.5 7.31 8.94 

3 u82 7 6.5 7.67 

3 u83 6.63 6.5 8.11 

3 u84 9.25 9.63 9.22 

3 u85 9 9 9.11 

3 u86 8.5 8.38 8.56 

3 u87 9 9 7.89 

3 u88 7.75 8.06 7.78 

3 u89 7.63 7 7.44 

3 u90 5.88 6.75 8.06 

 

 

Table A- 23 Task and team mental model for each participant in condition 4. 

Condition No  User ID TSM TPM TM 

4 u91 7.25 6.81 7.11 

4 u92 8.5 8.5 8.78 

4 u93 7.75 7.94 8 

4 u94 7.25 6.88 7 

4 u95 7 7.25 5.78 

4 u96 7.63 7.06 6.67 

4 u97 8.75 8.5 7 

4 u98 6.38 7.25 5.5 

4 u99 8.38 7.13 8.17 

4 u100 4.5 5 2 

4 u101 7.75 5.19 6.28 

4 u102 6.25 4.06 3.61 

4 u103 8.88 8.25 8.83 

4 u104 9.25 9.13 7.83 

4 u105 9.63 9.25 9.11 

4 u106 5.63 7 7.22 

4 u107 8 7 7.78 

4 u108 9.75 7.38 9.56 

4 u109 8.13 8.06 8.39 
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4 u110 9 9.19 8.44 

4 u111 8.63 9.19 8.33 

4 u112 8.25 9.13 9.11 

4 u113 8.38 8.56 8.83 

4 u114 9.75 9.44 9.67 

4 u115 8.13 7.94 8.56 

4 u116 9.63 9.5 8.94 

4 u117 7.5 7.75 8 

4 u118 7 6.69 7.06 

4 u119 8.75 9.06 8.83 

4 u120 9.13 9.06 8.89 

 

A.7 Requirements for one-way ANOVA (Team and Task 

model date) 

Similar to ranking data, the task and team models data in both level(individual, 

group) should be appropriate to analysis using the one-way ANOVA. In the next 

part, the assumptions of one-way ANOVA were examined in both data sets. 

 

A.7.1 Individual team and task model data set 

A.7.1.1 Determining if the data has outlier  

We examine the outliers in each participant task and team mental model using 

the visual inspection approach. 

The generated boxplots indicated three outliers in the task mental variable and 

three outliers in the team mental model variable . These outliers: two values in 

condition 2 and one value was in condition 3 in the task model as it shows in 

Figure A.7. Whereas, in the team model, the two values were in condition 4 and 

one value was in condition 2 as it illustrate in Figure A.8.  
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Figure A- 7 Boxplot for task mental model between conditions. 

 

 

 

Figure A- 8 Boxplot for team mental model between conditions. 

 

We considered these outliers as a genuinely unusual data points (they are not a 

result of a data entry error or measurement error. Thus, we include the outliers in 

the analysis because the result will be not affected with them(determined by 

comparing the result of the one-way ANOVA with and without these values). 
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A.7.1.2 Determining if the data is normally distributed 

The task mental model variable was normally distributed in all task conditions , 

as assessed by Shapiro-Wilk's test (p > .05). Table A.24. shows the normality 

test result.  

Table A- 24 Tests of Normality. 

 
Condition 

Shapiro-Wilk 

Statistic df Sig. 

Task MM 1 .933 30 .060 

2 .934 30 .063 

3 .956 30 .249 

4 .940 30 .093 

 

The team mental model was found to be normally distributed in conditions 1 and 

3 and not 2 and 4 using Shapiro-Wilk’s test p>.05 (see Table A.25). 

We ran the test regardless of this seeing that one-way ANOVA is considered to 

be robust to deviations from normality in large data sets with equal data points in 

all conditions both of which were characteristics of our dataset. 

Table A- 25 Tests of Normality. 

 
Condition 

Shapiro-Wilk 

Statistic df Sig. 

Team MM 1 .966 30 .432 

2 .884 30 .003 

3 .951 30 .182 

4 .845 30 .000 
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A.7.1.3 Assumption of homogeneity of variances 

For the task mental model variable, the assumption of homogeneity of variances 

was violated, as assessed by Levene's test for equality of variances (.008 <.05), 

thus we must use the Welch ANOVA test as alternative of one-way ANOVA 

when there is no equal variance between the data. 

 

A.7.1.4  Estimating ANOVA effect size (task MM and team MM): 

Since we used the Welch’s F test for both the task MM and team MM data, we 

used an adjusted omega squared formula to measure the effect size as mentioned 

below : 

For the task MM:  

𝒆𝒔𝒕. 𝝎𝟐 =  
𝒅𝒇𝒃𝒆𝒕(𝑭−𝟏)

𝒅𝒇𝒃𝒆𝒕  (𝑭 − 𝟏) + 𝑵𝑻
 

 

𝒆𝒔𝒕. 𝝎𝟐 =  
𝟑(𝟐. 𝟏𝟗𝟔 − 𝟏)

𝟑  (𝟐. 𝟏𝟗𝟔 − 𝟏) + 𝟏𝟐𝟎
 

 

𝒆𝒔𝒕. 𝝎𝟐 =  𝟎. 𝟎𝟐𝟗 

 

 

For the team MM:  

 

𝒆𝒔𝒕. 𝝎𝟐 =  
𝟑(𝟏. 𝟗𝟑𝟒 − 𝟏)

𝟑  (𝟏. 𝟗𝟑𝟒 − 𝟏) + 𝟏𝟐𝟎
 

 

𝒆𝒔𝒕. 𝝎𝟐 =  𝟎. 𝟎𝟐𝟑 
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A.7.2 Shared team and task model dataset 

A.7.2.1 Determining if the data has outlier  

We inspect if there are any outliers in the  𝑆𝑇𝑇𝑀𝑀  data using the graphical 

approach. The boxplots illustrate two outliers in the shared task mental variable 

and two outliers in the share team mental model variable . These outliers were in 

condition 1 and in condition 2 in the shared task MM as it shows in Figure 10. 

Whereas, in the shared team MM, the two values were in condition 1 and 

condition 4 as it indicate in figure A.9. 

 

 

Figure A- 9 Boxplot of shared task MM between conditions. 
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Figure A- 10 Boxplot of shared team MM between conditions. 

 

Similar to previous section ,we considered these outliers as a genuinely unusual 

data points (they are not a result of a data entry error or measurement error. 

Thus, we include the outliers in the analysis because the result will be not 

affected with them(determined by comparing the result of the one-way ANOVA 

with and without these values) 

 

A.7.2.2 Determining if the data is normally distributed 

The Shared task MM variable was not normally distributed in all task conditions 

except in condition 4 , as assessed by Shapiro-Wilk's test p > .05(see Table 

A.26). Similarly. The shared team MM was found to be normally distributed in 

conditions 1 and 3and not 2 and 4 using Shapiro-Wilk’s test p>.05 (see Table 

A.27). However, one-way ANOVA was used regardless of this seeing that is 

considered to be robust to deviations from normality in large data sets with equal 

data points in all conditions both of which were characteristics of our dataset. 
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Table A- 26 Tests of Normality. 

 

Condition 

Shapiro-Wilk 

Statistic df Sig. 

Shared  

task MM 

1 .693 10 .001 

2 .697 10 .001 

3 .840 10 .044 

4 .959 10 .777 

. 

Table A- 27 Tests of Normality. 

 
Condition 

Shapiro-Wilk 

Statistic df Sig. 

Shared  

team MM 

1 .850 10 .059 

2 .804 10 .016 

3 .863 10 .083 

4 .739 10 .003 

 

A.7.2.3 Assumption of homogeneity of variances 

For the Shared task MM variable, the assumption of homogeneity of variances 

was violated, as assessed by Levene's test for equality of variances (0.03<.05), 

thus we must use the Welch ANOVA test as alternative of one-way ANOVA 

when there is no equal variance between the data . On the other hand, Levene's 

test was not statistically significant ( 0.12 > .05), in the shared team MM data 

.Thus, we have not violated the assumption of homogeneity of variances. In our 

example, the "Sig." value (i.e., p-value) is .120 (i.e., p = .120), which indicates 

that the assumption of homogeneity of variances is met and we be able to 

continue with one-way ANOVA test. 
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A.7.2.4 Estimating ANOVA effect size( shared task MM and team 

MM): 

 We used the Welch’s F test for the shared task MM. Thus, the effect size was 

measured using the adjusted omega squared formula: 

 

𝒆𝒔𝒕. 𝝎𝟐 =  
𝟑(𝟐. 𝟎𝟒𝟓 − 𝟏)

𝟑  (𝟐. 𝟎𝟒𝟓 − 𝟏) + 𝟏𝟐𝟎
 

 

𝒆𝒔𝒕. 𝝎𝟐 =  𝟎. 𝟎𝟐𝟓 

 

However, for the shared team MM data we used one-way ANOVA to compare 

between the task conditions . 

Hence, we will used omega squared (ω2) to measure the effect size as follow : 

  

𝛚𝟐 =
𝑺𝑺𝒃−(𝒅𝒇𝒃)𝑴𝑺𝒘

𝑺𝑺𝒕 + 𝑴𝑺𝒘
 

 

𝛚𝟐 =
𝟏. 𝟐𝟓𝟖 − (𝟑)𝟏. 𝟒𝟎𝟒
𝟓𝟏. 𝟖𝟎𝟗 + 𝟏. 𝟒𝟎𝟒

 

 

𝛚𝟐 = 𝟏. 𝟏𝟖 

 
A.7.3 Selecting correlation coefficient test (team and task model 

date) 

Correlation coefficient was used to examine the relationship between the task 

models and the team models. This relation was tested twice, between the 

participants’ task and team models and between the shared team mental model 

and task team mental models. To do this, the variables in our data was tested for 

correlation assumption to select the appropriate correlation method.   
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A.7.3.1 Variables linearity  

Pearson's correlation is only appropriate when there is a linear relationship 

between the team MM and task MM and the Shared team MM and Shared task 

MM. To determine if these relationships exist, we need to visually inspect a 

scatterplot between these variables . Figure A.11 Shows that the relationship 

between task MM and team MM approximately follows a straight line, thus we 

can use Pearson's correlation test. However, the variable shared task MM and 

shared team MM have not violated the assumption of linearity(see Figure A.12). 

Hence, we will use the non-parametric measure Kendall's tau-b (τb). 

 

 

 

Figure A- 11 Scatter of team-MM by task-MM. 
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Figure A- 12 Scatter of Shared_teamMM by Shared_taskMM . 

 

A.7.3.2 Data outliers  

From inspection of previous scatterplot(Figure A.12 ) it can be concluded that 

there are some outliers in this data set. However, these outliers are neither a data 

entry nor measurement error, they most likely represent genuine data points. 

Hence, we included them in our analysis (there is no appreciable difference in 

the results when we run Pearson's correlation with and without the outliers) 

 

A.7.3.3 Bivariate normality  

Table A.28 shows that both variables were not normally distributed, as assessed 

by Shapiro-Wilk's test (p < .05).Hence, we will test the relationship using 

Kendall's tau-b (τb) as non-parametric test.  
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Table A- 28 Tests of Normality for team-MM and task-MM . 

Shapiro-Wilk 

Variable  Statistic df Sig. 

TaskMM 0.978 120 0.04 

TeamMM 0.896 120 0 

 

 

A.8 Pre-analysis chatlogs data  

The text variables are the result of  conducting a multilevel analysis of individual 

scripts and the team as whole using LIWC, which  produced 19 different text 

categories :Word Count, 1st person singular, 1st person plural, 2nd person, 

Positive emotion, Negative emotion, insight ,cause, Tentativeness, Certainty, 

Affiliation, Achievement, focus present, assent, Question marks, Analytical 

Thinking, Clout ,Authentic, Emotional Tone. These variables were used to 

examine the language style for each team and each member and investigated if 

there are relationships between these variables. Moreover, if there is a difference 

between task conditions in term of language usage .Then, examine whether there 

is association between  these variables and the team performance and team-task 

mental models .    

 

A.8.1 Requirements for one-way MANOVA (Text variables – 

Team level) 

The text data was tested with 7 assumptions that relate to how the data fits the 

one-way MANOVA model before applying the model. All assumptions are 

examined using SPSS program. These assumptions as follow: 

 

A.8.1.1 No univariate or multivariate outliers 

We inspected data outliers visually by the plotting all 14 text variables 

(excluding the WC , was  examined independently because it is measured 
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differently) .The were 9 data outliers in 5 variables(use of “you”, “causality” , 

“certain”, “affiliation” and “WC”) as it shows in Figure A.13 and Figure A.14. 

We evaluated the outliers by running the analysis with and without the outliers 

and the two results did not differ sufficiently . Hence, we decided to keep them 

as they are neither the result of measurement errors nor data entry errors.  

 

 

Figure A- 13 Boxplot for 14 variables. 

 

 

Figure A- 14 Boxplot for wordcount variable. 
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A.8.1.2 Multivariate normality 

Most of the variables were normally distributed , as assessed by Shapiro-Wilk's 

test (p > .05).The exceptions were the use of you , negative emotion words , 

achievement words, the use of question marks and the number of words used by 

team (see Table A.29). However, we run the analysis regardless as the one-way 

MANOVA test is considered to be robust to deviations from normality.  

Table A- 29 Tests of normality of text variables. 

Variable Shapiro-Wilk Statistic df Sig. 

I 0.99 40 0.979 

we 0.986 40 0.885 

you 0.79 40 0 

Posemo 0.971 40 0.381 

Negemo 0.942 40 0.04 

insight 0.968 40 0.313 

cause 0.978 40 0.607 

tentat 0.988 40 0.938 

certain 0.97 40 0.35 

affiliation 0.984 40 0.836 

achieve 0.932 40 0.019 

Focus- present 0.969 40 0.339 

assent 0.968 40 0.312 

Q-Mark 0.926 40 0.012 

WC 0.932 40 .018 

If Shapiro-Wilk's test is significant <.05 then data is not normally distributed . 

 

 

A.8.1.3 No multicollinearity 

To test the multicollinearity, we will use the correlation as indicator, the  

dependents variables (text variables )should have a moderate correlation with 

each other. If the correlations are low, then these variables should be analysis 

with separate one-way rather than a one-way MANOVA. 

 Furthermore, highly correlation (greater than 0.9) is a sign of multicollinearity 

which is problematic for MANOVA. The result from correlation shows the 
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follow : the use of you ,the word count and negative emotion have a moderate 

correlation .Moreover, the use of we and the question mark as well moderately 

correlated. Similarly, the use of casualty words, insight and present focus words 

are associated. Both use of I and certain words have a fair correlation as well as 

the positive emotion words and assent words(see Table 30 ).  

However, the use of achievement words and tentativeness did not correlate with 

any of the above variables. Moreover,  the affiliation words have a high 

correlation >.9 with another variable. In conclusion, we will run the one-way 

MANOVA 5 times each will measure the variables with moderate correlation. 

On the other hand , we will use one-way ANOVA to compare the task 

conditions for variables that did not violate the multicollinearity assumption.  

 

A.8.1.4 linear relationship between variables  
There was a linear relationship between each groups of text variables mentioned 

above, as assessed by scatterplot (see Table A.30). 
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Table A- 30 The moderate relationships between text variables. 
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A.8.1.5  An appropriate sample size 

One-way MANOVA assumed that there are more than two cases in each group. 

In our sample , this means that there are at least two team per each task 

condition. All text variables have 10 values (from each team conversation) in all 

four conditions. The  Between-Subjects Factors table below shows an example 

from the word count variable.  

Table A- 31An example of number of cases of the word count variable. 

Between-Subjects Factors 

Condition N 

1 10 

2 10 

3 10 

4 10 

 

A.8.1.6 Homogeneity of variance-covariance matrices 

There was homogeneity of variance-covariances matrices in all groups of text 

variables, as measured by Box's test of equality of covariance matrices (All 

variables p > .001), as indicated below : 

Table A- 32 Box's Test of Equality of Covariance Matrices for MANOVA model. 

Group of Variables 1 2 3 4 5 

Box's M 30.429 15.891 8.589 13.771 14.970 

F 1.430 .747 .858 1.376 1.495 

df1 18 18 9 9 9 

df2 4579.730 4579.730 14851.910 14851.910 14851.910 

Sig. .107 .765 .562 .193 .143 

"Sig." > .001 = the variance-covariances matrices are equal. 

Group1  = WC, You, Negative emotion words. 

Group2 = Insight, Cause, Focus-present words. 

Group3 = Question marks ,We word. 

Group4 = I, Certain words. 

Group5 =  Positive emotion , Assent words. 
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A.8.1.7 Homogeneity of variances 

Both one-way MANOVA and one-way ANOVA assume there are equal 

variances between the categories of the independent variables (task conditions 

).We used Levene's Test of Equality of Error Variances to investigate the 

homogeneity of variances in the text variables. The results of this test are 

presented in table, as shown below: 

Table A- 33 Levene's Test of Equality of Error Variances for text variables. 

Variable Levene Statistic df1 df2 Sig. 

WC .350 3 36 .789 

You 1.966 3 36 .137 

Negemo 1.644 3 36 .196 

Insight .308 3 36 .820 

Cause .856 3 36 .473 

Focus-present .853 3 36 .474 

We 3.255 3 36 .033 

Q-Mark .433 3 36 .731 

I 1.554 3 36 .217 

Certain 1.439 3 36 .247 

Posemo 2.043 3 36 .125 

Assent 1.031 3 36 .390 

Tentat .239 3 36 .869 

Achieve .616 3 36 .609 

Affiliation 3.427 3 36 .027 

"Sig." > .001 = the variances are equal. 

 

 

As assessed by Levene's Test of Homogeneity of Variance all variables 

(excluding the use of “We” and “affiliation” variables) have significant values 

greater than .05, which indicates that the assumption of homogeneity of 

variances is met. 

Therefore, one-way MANOVA is used in all text variables that met all test 

assumptions(but accept a lower level of statistical significance for MANOVA 

result for the groups of variables that included the “We” as this variable had 

failed to meet the equality of variances assumption). 
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Whereas one-way ANOVA is used with the variables that did not fulfil the 

multicollinearity assumption (use of “Tentat”, “Achieve”) and Welch's ANOVA 

with the variable “affiliation” due to violating the homogeneity assumption.  

 

4.8.1.8 Estimating ANOVA effect size for (Tenant , achieve and 

affiliation variables) 

For the tentat variable:  

 

𝛚𝟐 =
. 𝟑𝟖𝟕 − (𝟑). 𝟑𝟒𝟏
𝟏𝟐. 𝟔𝟔𝟗+. 𝟑𝟒𝟏

 

 

𝛚𝟐 = . 𝟔𝟓 

 

For the achieve variable:  

 

𝛚𝟐 =
. 𝟑𝟔 − (𝟑). 𝟎𝟗𝟓
𝟑. 𝟕𝟖𝟓+. 𝟎𝟗𝟓

 

 

𝛚𝟐 = . 𝟑𝟕 

For the affiliation variable:  

 

 

𝒆𝒔𝒕. 𝝎𝟐 =  
𝟑(. 𝟓𝟔𝟕 − 𝟏)

𝟑  (. 𝟓𝟔𝟕 − 𝟏) + 𝟏𝟖. 𝟕𝟒
 

 

𝒆𝒔𝒕. 𝝎𝟐 =  𝟏𝟖. 𝟗 
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A.9 Requirements for one-way MANOVA (Text variables – 

individual level) 

Likewise, team level analysis , the multivariate analysis of variance was selected 

to examine the different between the task condition in term of text variables. 

However, we need to check whether the text data ( individual level ) achieve the 

test prerequisites.  

 

A.9.1 No univariate or multivariate outliers 

 

 

Figure A- 15 Boxplot for 14 text variables(individual level). 

 

Figure A.15 shows that most of the 14 text variables had data outliers. However 

,these data points were not measurement errors nor data entry errors. These 

outliers might be result of the large sample size. The analysis ran without 

removing these data points( the analysis with and without the outliers did not 

differ). For the word count variable “WC” (see Figure A.16), we follow the 

same previous procedure applied to the other 14 text variables. 
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Figure A- 16 Boxplot for the word count variable(Individual level). 

 

A.9.2  Multivariate normality 

 
To test the normality measured using the Shapiro-Wilk's test( p > .05 ). The table 

A.34. shows that most of the text variables were not normally distributed .The 

exceptions were the use of I , We , affiliation words and the use of focus- present 

words . Nevertheless, we used the one-way multivariate analysis of variance 

regardless of this issue as the test considered to be robust to deviations from 

normality. 

Table A- 34 Tests of normality of text variables(individual variables). 

Variable Shapiro-Wilk Statistic df Sig. 

I .989 120 .467 

we .989 120 .471 

you .872 120 .000 

Posemo .976 120 .031 

Negemo .954 120 .000 

insight .972 120 .014 

cause .972 120 .012 

tentat .976 120 .030 

certain .960 120 .001 

affiliation .987 120 .283 
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achieve .975 120 .024 

Focus- present .991 120 .656 

assent .882 120 .000 

Q-Mark .959 120 .001 

WC .926 120 .000 

If Shapiro-Wilk's test is significant <.05 then data is not normally distributed . 

 

 

A.9.3 No multicollinearity 

The result from correlation in table 33 shows the follow : the word count and 

negative emotion have a moderate correlation .Moreover, the insight and present 

focus words as well moderately correlated .The positive emotion words and 

assent words have a fair correlation. Hence, one-way MANOVA was used in 

these variables. On the contrary, one-way ANOVA was applied to compare the 

task conditions for text variables that did not violate the multicollinearity 

assumption.  

 

A.9.4 Linear relationship between variables  
There was a linear relationship between each groups of text variables mentioned 

above, as assessed by scatterplot (see Table A.35). 
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Table A- 35 The moderate relationships between text variables(Individual level). 

 

  
 

A.9.5  An appropriate sample size 

One-way MANOVA assumed that there are more than two cases in each group. 

In our sample , this means that there are at least two team per each task 

condition. All text variables have 30 values (for each participant )in all four 

conditions. The  Between-Subjects Factors table below shows an example from 

the word count variable.  

 

 

 

 

S 
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Table A- 36 An example of number of cases of the word count variable. 

Between-Subjects Factors 

Condition N 

1 30 

2 30 

3 30 

4 30 

 

 

A.9.6 Homogeneity of variances 

Levene's Test of Equality of Error Variances was used to investigate the 

homogeneity of variances in the text variables. The results of this test are 

presented in table, as shown below: 

Table A- 37 Levene's Test of Equality of Error Variances for text variables(individual level). 

Variable Levene Statistic df1 df2 Sig. 

WC .742 3 116 .529 

You 6.086 3 116 .001 

Negemo .456 3 116 .713 

Insight 1.767 3 116 .157 

Cause 1.283 3 116 .284 

Focus-present .747 3 116 .526 

We 1.874 3 116 .138 

Q-Mark 1.740 3 116 .163 

I 1.075 3 116 .363 

Certain .523 3 116 .806 

Posemo 3.381 3 116 .021 

Assent 1.838 3 116 .144 

Tentat .173 3 116 .915 

Achieve .797 3 116 .498 

Affiliation 2.135 3 116 1 

"Sig." > .001 = the variances are equal. 

 

As measured by Levene's Test of Homogeneity of Variance all variables 

(excluding the use of “You” and “Posemo” variables )had significant values 
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greater than .05, which indicates that the assumption of homogeneity of 

variances is met. 

A.9.7 Homogeneity of variance-covariance matrices 

There was homogeneity of variance-covariances matrices in all groups of text 

variables, as measured by Box's test of equality of covariance matrices (All 

variables p > .001).Table A.38 shows Box's test of equality result.  

Table A- 38Box's Test of Equality of Covariance Matrices for MANOVA model. 

Group of Variables 1 2 3 

Box's M 6.155 8.200 32.202 

F .663 .883 3.466 

df1 9 9 9 

df2 154203.164 154203.164 154203.164 

Sig. .744 .540 .000 

Sig." > .001 = the variance-covariances matrices are equal. 

Group1  = WC, Negative emotion words. 

Group2 = Insight, Focus-present words. 

Group3 =  Positive emotion , Assent words. 

 

Based on the result above, a one-way ANOVA is used in all text variables that 

violated the multicollinearity assumption. However, the variable “You” violated 

the homogeneity assumption, hence ,Welch's ANOVA was used with this 

variable .In contrary , one-way MANOVA is used with the variables that met its 

assumptions(Group 1,2 and 3 mentioned above).In spite of the variance-

covariances matrices issue in group 3(we can proceed with MANOVA model 

even with  violation of the homogeneity of variances-covariance matrices 

because the data have equal sample sizes). 
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Appendix B.  

Study 2: Supplementary 

Materials 
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B.1  Task Instructions (C1 & C2) 
On the experiment webpage, participants were able to read the task instructions and the 

desert survival scenario. They were free to return back to these web pages at any time 

during the experiment. The user interface is as shown in the figure below.. 

 

Figure B- 1 Task instructions interface in both experiment conditions. 
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B.2  Task Instructions (External raters) 

In study 2, two external raters were asked to rate the social and  

team cohesion using the 6 items scale. Each rater was instructed as follows: 

 

 

 

Figure B- 2 Raters task instructions interface in both experiment conditions. 
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B.3  Facts Validation 

In the first study, team performance was observed to be poor in general in comparison to the 

experts. In light of this,  we decided to modify study 2 by providing teams  with a list of 

facts that might enhance their understanding of the desert survival situation and thus guide 

them to better decision making. This presented an opportunity for us to examine the 

influence of prior knowledge on team cohesion and language style. Furthermore, we 

developed two experimental conditions in this study namely Distinct knowledge and Similar 

knowledge where the facts provided to each team member was the same and different 

respectively. The seven facts or prior knowledge provided were generated based on DST 

expert justification (Silberman and Biech, 2015), These facts are as follows: 

 

1. Staying still is likely a better option than moving. 

2. Your best chance of survival is to be spotted by rescuers. 

3. Water is more essential for survival than food. 

4. Exposure to direct sunlight dehydrates. 

5. Eating protein increases dehydration. 

6. Infections and cuts are very low risk. 

7. Sound travels better through dense air than moist air. 

 

Following the development of  both experiment conditions, we conducted a preliminary 

study to examine the effectiveness of providing prior information on boosting teams’ 

performance. 32 postgraduate students (aged between 25 and 35 years) from the University 

of Bath and Bristol University were recruited to voluntarily participate in this study.  

The study consisted of two parts, firstly, we asked participants to individually read the 

desert survival situation and rank the 12 items based on their importance in the context of 

the task  and secondly, we provided the participants with the facts mentioned above giving 

them a chance to consider the facts given the desert survival scenario and this was followed 

with another chance to rank the items.  

Consequently, we collected 2 ranking lists per individual which resulting in 64 ranking lists 

(32 before referring the fact & 32 after referring the facts). We then measured the similarity 

between each participant and expert ranking using correlation twice (before and after 

referring to the facts). The table below shows the pre- and post-fact referral correlation 

result : 
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Table B- 1 Pre & Post fact referral correlation. 

Participants Pre-facts Post-facts 

1 -0.32 0.6** 

2 -0.36 -0.17 

3 -0.44 0.17 

4 0.55** 0.55** 

5 -0.48* -0.3 

6 0.35 0.2 

7 -0.45* 0.2 

8 0.01 0.48* 

9 -0.38 0.2 

10 -0.27 -0.28 

11 -0.28 -0.13 

12 -0.46* -0.02 

13 -0.33 0.39* 

14 -0.43* -0.28 

15 -0.26 -0.29 

16 -0.21 -0.26 

17 -0.71** -0.3 

18 -0.52 0.06 

19 -0.52** -0.29 

20 -0.5 0.24 

21 -0.06 0.09 

22 -0.52** -0.52 

23 0.13 0.66** 

24 0.05 0.08 

25 -0.33 -0.1 

26 -0.27 0.62** 

27 -0.37 -0.27 

28 -0.05 -0.23 

29 -0.49* 0.08 

30 -0.31 0.39* 

31 -0.25 0.34 

32 -0.46 -0.5 

Pre-facts = the participants correlation result with expert ranking before reading the task 
facts . 

Post-facts= participant correlation result with expert ranking after reading the task facts  

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 
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To determine the statistical significance between the mean difference between the pre- and 

post- fact referral ranking, a paired-samples t-test was used. We observed two outliers 

located more than 1.5 box-lengths from the edge of the box in a boxplot. Inspecting the raw 

values did not reveal any extreme difference and they were kept in the analysis. The 

assumption of normality was violated with the post-fact ranking variable as based on the 

outcome of running the Shapiro-Wilk’s test (see figure B.3). However, paired-samples t-test 

is fairly robust to deviations from normality and the visual inspection of Q-Q plots and 

Histogram suggest the normality of the data. Participants with no prior knowledge  did not 

perform well in comparison to expert ranking (M = -0.27, SD 0.26) as opposed to when they 

had read the task facts (M = 0.04, SD = 0.33). We observed a statistically significant mean 

increase of 0.32, 95% CI [0.20, 0.43], t(31) = 5.727, d =1.04, p < .001 after facts were 

referred to by participants (see Figure B.4). 

 

Figure B- 3 Normality test assessed by Shapiro-wilk ,Q-Q plot and histogram. 

 

Figure B- 4 Participants ranking before and after facts were provided 
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B.4  Preliminary analysis (Team performance) 

B.4.1 Measuring team performance  

Likewise, study 1,  team performance was measured using the item ranking data. The degree 

of similarity between the teams’ ranking and expert ranking indicated the goodness of their 

performance to this extent, the Kendall’s Tau  coefficient and Spearman’s rho correlation 

were considered as measures of similarity. The interpretation of both coefficients often leads 

to the same result (Corder and Foreman, 2011). Thus we ran both tests on our data to 

examine if the previous suggestion applied. The tables below show the results for both 

correlation methods. 

Table B- 2 The difference between correlation tests in distinct knowledge. 

Distinct Knowledge Sig Kendall's tau_b Sig Spearman's rho 

G1 0.89 0.03 0.75 0.105 

G2 0.58 -0.121 0.53 -0.203 

G3 0.41 -0.182 0.46 -0.238 

G4 0.04 .455* 0.02 .643** 

G5 0.01 .576** 0.00 .762** 

G6 0.58 -0.121 0.63 -0.154 

G7 0.89 0.03 0.93 0.028 

G8 0.01 .545** 0.01 .706** 

G9 0.17 0.303 0.33 0.308 

G10 0.02 .515** 0.01 .727** 

G11 0.04 .455* 0.03 .636** 

G12 0.22 -0.273 0.19 -0.406* 

G13 0.49 -0.152 0.71 -0.119 

G14 0.04 .455* 0.07 0.545** 

G15 0.58 -0.121 0.70 -0.126 

G16 0.03 .485* 0.03 .636** 

G17 0.00 .636** 0.00 .783** 

G18 0.00 .727** 0.00 .832** 

G19 0.27 0.242 0.39 0.273 

G20 0.00 .758** 0.00 .895** 

G21 0.06 -0.424* 0.11 -0.483* 

G22 0.17 0.303 0.18 0.413* 

G23 0.00 .667** 0.00 .832** 

G24 0.58 0.121 0.51 0.21 

G25 0.00 .697** 0.00 .818** 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

N = 12 , τb > .39, p<.05 , τb > .54  



 

 247 

 

Table B- 3 The difference between correlation tests in similar knowledge. 

Similar Knowledge Sig Kendall's tau_b Sig Spearman's rho 

G1 0.89 0.03 0.97 -0.014 

G2 0.22 0.273 0.18 0.42 

G3 0.34 0.212 0.26 0.357* 

G4 0.01 .576** 0.00 .790** 

G5 0.68 -0.091 0.43 -0.252 

G6 0.49 0.152 0.46 0.238 

G7 0.03 .485* 0.02 .657** 

G8 0.34 -0.212 0.40 -0.266 

G9 0.41 -0.182 0.60 -0.168 

G10 0.01 .606** 0.01 .755** 

G11 0.78 0.061 0.93 -0.028 

G12 0.68 0.091 0.60 0.168 

G13 0.22 0.273 0.17 0.427* 

G14 0.01 .545** 0.02 .671** 

G15 0.27 0.242 0.51 0.21 

G16 0.34 -0.212 0.31 -0.322 

G17 0.22 -0.273 0.35 -0.294 

G18 0.34 0.212 0.33 0.308 

G19 0.03 .485* 0.03 .615** 

G20 0.49 0.152 0.51 0.21 

G21 0.04 .455* 0.01 .685** 

G22 1.00 0 0.88 0.049 

G23 0.10 0.364 0.08 0.531** 

G24 0.89 -0.03 0.83 -0.07 

G25 0.03 .485* 0.03 .615** 

*.Correlation is significant at the 0.05 level (1-tailed). 

**.Correlation is significant at the 0.01 level (1-tailed). 

N = 12 , τb > .39, p<.05 , τb > .54 . 
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B.4.2 Comparing team performance amongst task conditions  

To determine if a difference existed between team performance in both task conditions (DK 

and SK conditions), Independent-samples t-test was conducted. To run this test, we first 

examined the team performance variable for normality, data outliers and homogeneity of the 

variance. 

 

B.4.2.1 Data Outliers 

A visual inspection of the box-plot (see figure below) of team performance shows the 

absence of outliers in both task conditions. 

 

 

Figure B- 5 Box-plot of team performance in DK & SK conditions. 

 

B.4.2.2 Data distribution 

To observe normality of the team performance variable, we used Shapiro-Wilk test 

combined with QQ-plots and histograms to observe results from DK and SK conditions. 

The results of these found team performance to be normally distributed under DK condition 

and but not under SK condition (see Figure B.6 below). However, we were able to proceed 

with running a t-test under both conditions given our sample size was equal in both 

conditions and t-test is considered to be robust to deviations from normality in such a case 

(Kang and Harring, 2012). 
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Figure B- 6 Testing team performance using under DK and SK conditions (x = DK, y = SK). 

 

B.4.2.3 Homogeneity of variances 

Given both task conditions having equal variance is an important assumption required to run 

independent-sample t-test, Levene’s test was used to assess the two conditions. This showed 

that our data violated the homogeneity of variances (p = 0.04) and as such we made use of 

the unequal variance t-test (often referred to as Welch t-test). 

 

B.5 Preliminary Analysis (Team cohesion scale) 

B.5.1 Running EFA and CFA 

To analyse the cohesion scale data (participants’ responses and raters’ responses) using 

Exploratory and Confirmatory factor analysis, it was important to ensure our data was 

suitable for these tests. The process of determining data suitability involved testing for 

normality, linearity between variables and the sample adequacy. Linearity of variables may 

be evaluated using a correlation matrix and then assessing data distribution via visuals 

inspection (using a histogram) while sampling adequacy can be evaluated using both 

Kaiser-Meyer-Olkin (KMO) and Barlett’s test of sphericity. 
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While evaluating linearity, using a correlation matrix and histogram, we inspected all items 

(Q1 – Q6) in the cohesion scale using participants dataset and the responses from both 

raters. This showed that all variables had at least one correlation coefficient greater that 0.3 

in all the datasets as shown in figures B.7, B.8 below. However, the data on the six items 

was not normally distributed in participants’ data as well as in rater1 data. On the other 

hand, rater2’s dataset exhibited normality on entries related to Q2, 3 and 4 (see Figure 9).  

As normality couldn’t be assumed for a majority of the data, we made use of the maximum 

likelihood method with both methods of factor analysis (CFA & EFA) as it is insensitive to 

deviations from normality (Chioma et al., 2009) (see Chapter 5 for results of sample 

adequacy).    

 

 

Figure B- 7 Normality and linearity assumptions using participants' responses. 
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Figure B- 8 Normality and linearity assumptions using rater1’s  responses. 

 

 

Figure B- 9 Normality and linearity assumptions using rater2’s  responses. 
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B.5.2 T-test assumptions in participants data 

Participants data was tested for independent-samples t-test assumptions as follows: 

 

B.5.2.1 Data distribution 

Although participants data violated the assumption of normality  (as mentioned above), 

independent-samples t-test is considered to deviations from normality. 

 

B.5.2.2 Data outliers 

No outliers were detected in both social and task cohesion under SK condition but under DK 

condition there were 7 data points of interests. 5 of these data points were outliers and 2 

were extreme outliers (see figures B.10 & B.11). However, the analysis was conducted 

regardless of these as the outliers were neither a result of data entry error nor were, they 

cause by measurement error and conducting the analysis without them did not show any 

difference in findings. 

 

 

Figure B- 10 Individual perception of social cohesion. 

(outliers are symbolized as circular dots, extreme outliers are symbolised with an (*)). 
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Figure B- 11Individual perception of task cohesion. 

(outliers are symbolised as circular dots & extreme outliers are symbolised with an *). 

 

B.5.2.3 Homogeneity of variance 

To detect homogeneity of variance, we made use of Levene’s test which indicated equal 

variance in social and task cohesion variables (social cohesion p=.26 task cohesion p=.4) 

 

B.5.3 T-test assumptions in team cohesion (raters’ data) 

We tested team cohesion for the independent t-test assumption as follows: 

 

B.5.3.1 Data distribution 

Using Shapiro-Wilk’s test (see Table B.4),  we observed both social and task cohesion to be 

normally distributed under DK condition, Meanwhile, under SK conditions both cohesion 

variables (social and task) we found to violate the assumption of normality. In spite of the 

issues with normality  under SK conditions, we proceeded with running t-test analysis on 

the datasets given independent t-test is considered to be robust to deviations from normality. 
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Table B- 4 Assessing the normality assumptions using Shapiro-Wilk's test. 

Cohesion 

Dimension 
Condition 

Shapiro-Wilk 
 

Statistic df Sig. 

Social 
 

DK 0.962 25 0.46 

SK 0.914 25 0.03 

Task 
 

DK 0.966 25 0.55 

SK 0.902 25 0.02 

 

B.5.3.2 Data outliers 

Analysis the team social cohesion for both task conditions (DK and SK) showed no outliers. 

However, there was a single outlier observed for team cohesion in the SK condition (see 

figures B.12 & B.13).  We were able to run independent t-test irrespective as the outlier 

value was not a result of data entry or measurement error and its presence  or absence did 

not result in a difference in findings. 

 

 

Figure B- 12 Team  social cohesion in both DK and SK( outliers are symbolized as circular dots). 
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Figure B- 13 Team task cohesion in both DK and SK ( outliers are symbolized as circular dots). 

 

 

B.5.3.3  Homogeneity of variance 

Using Levene’s test for equality of variances, we assessed the homogeneity of variance. The 

results obtained showed equal variance in both variables of team cohesion (social Cohesion, 

p=.72 and Task Cohesion, p=.7).  

 

B.6 Preliminary analysis  (linguistic features) 

B.6.1 Text Indices 

We analysed team chat logs obtained from the 50teams using LWIC 2015 and custom-built 

R scripts to produce 15 text measures. The first of these measures are; the use of first 

(singular & plural) and second pronouns, the use of positive and negative emotions, the use 

of causality words, affiliation, certainty, achievement, insight, power, agreement and the use 

of question marks. The scores of these features represent the percentage of each words in 

team scripts that fall into these categories. The last two measures are word count and 

mention of task items both of which are simply the number of words and the no of items 

mentioned during the team discussion respectively. Tables B.5 and B.6 illustrate the team 

scores for each of these  indices.……………….         …………………………………
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Table B- 5 The text indices in the distinct knowledge condition. 

Task condition Item mention WC I You We Posemo Negemo Insight Cause Certain Affiliation Achieve Power Assent Q-Mark 

Dis 38 1038 1.25 0.48 1.83 2.02 0.10 1.93 0.29 0.58 2.12 0.77 0.67 1.73 2.78 

Dis 55 1092 1.19 1.28 3.21 2.29 0.09 1.01 1.65 0.37 3.39 1.47 1.01 2.01 1.49 

Dis 63 1051 1.43 0.57 2.28 4.09 0.86 1.33 1.52 1.05 2.57 0.86 1.14 1.14 0.96 

Dis 46 1339 2.09 0.82 3.51 2.24 0.15 1.34 1.34 0.07 3.96 0.90 0.90 2.39 3.44 

Dis 64 2114 1.70 0.99 2.84 3.41 0.61 1.70 1.51 0.43 3.36 1.42 1.14 1.51 1.81 

Dis 28 677 1.33 1.18 0.74 3.69 0.59 1.77 0.89 0.59 1.18 0.89 0.74 1.92 4.44 

Dis 54 1122 1.87 1.87 2.50 3.57 1.07 2.50 0.80 0.27 3.30 0.62 1.07 2.41 0.94 

Dis 45 692 1.45 1.01 2.75 3.32 0.29 2.31 0.87 0.43 4.19 1.30 2.60 2.02 1.80 

Dis 58 1081 2.50 0.74 2.41 3.79 1.30 2.68 1.76 1.20 2.68 1.02 1.11 2.22 3.40 

Dis 41 1315 1.67 1.37 0.68 2.97 0.76 1.90 0.46 0.53 1.14 1.75 1.52 3.04 1.94 

Dis 26 847 3.31 1.06 1.89 4.25 0.47 2.83 1.53 1.06 2.24 1.65 0.94 2.24 3.65 

Dis 33 918 2.07 0.54 1.96 3.27 0.54 2.94 1.42 0.98 2.18 2.07 1.96 2.61 3.21 

Dis 40 697 1.43 0.72 3.59 3.01 1.00 1.72 1.58 0.57 4.02 1.43 0.72 2.15 0.60 

Dis 27 643 2.49 0.16 2.95 4.51 0.62 2.02 1.24 0.93 3.73 0.93 2.02 2.49 3.61 

Dis 36 768 1.17 0.52 1.69 5.73 0.52 1.95 2.34 0.78 2.21 0.65 0.91 2.21 3.90 

Dis 21 463 1.73 0.65 3.24 3.24 0.43 1.94 0.86 0.43 3.89 0.43 1.51 1.94 1.72 

Dis 44 1262 3.17 0.79 2.61 3.96 0.63 2.46 1.58 0.40 2.69 1.03 1.98 2.61 0.36 

Dis 39 1138 1.93 0.97 3.25 3.34 0.62 1.85 1.67 1.41 3.34 1.14 1.23 1.41 2.89 

Dis 38 680 1.47 0.15 2.06 4.12 0.29 1.76 0.74 0.15 2.79 1.03 1.76 2.50 2.54 

Dis 30 572 1.92 0.87 5.24 4.55 0.17 2.27 1.75 0.35 5.59 2.10 1.40 2.10 1.05 

Dis 24 812 2.96 0.86 2.46 6.16 0.62 2.83 1.23 0.99 3.08 1.85 2.09 2.96 1.95 

Dis 33 1054 1.61 0.95 3.98 2.09 0.66 2.66 1.14 0.28 4.36 1.04 1.80 2.75 2.60 

Dis 30 855 1.17 0.94 3.27 4.09 0.58 1.99 1.29 0.35 3.74 0.70 0.70 2.81 1.47 

Dis 27 1056 2.18 0.76 3.22 3.60 0.66 1.61 1.04 0.28 3.69 0.76 1.14 2.37 1.97 

Dis 44 1292 1.78 0.23 2.94 1.63 0.62 1.78 1.39 0.93 3.56 1.08 1.24 2.09 1.37 
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Table B- 6 The text indices in the similar knowledge condition. 

Task condition Item mention WC I You We Posemo Negemo Insight Cause Certain Affiliation Achieve Power Assent Q-Mark 

Sim 31 601 2.00 1.16 1.66 2.83 0.33 1.66 1.83 0.17 1.83 1.16 1.50 1.66 2.29 

Sim 49 1111 2.97 1.44 2.43 3.33 0.45 1.80 0.81 0.18 2.52 1.44 0.99 1.71 1.71 

Sim 49 895 1.45 0.67 1.79 2.57 0.56 1.45 1.12 0.56 2.01 0.89 1.12 1.90 2.79 

Sim 56 934 2.25 0.43 1.93 3.96 0.54 2.03 0.86 0.32 2.14 0.96 1.39 3.00 1.99 

Sim 39 748 0.40 0.80 3.88 4.55 0.80 1.74 1.47 0.80 4.14 1.87 0.53 2.14 3.87 

Sim 37 769 1.56 0.78 2.47 2.21 0.39 1.43 1.82 0.39 2.99 1.95 1.43 1.95 1.11 

Sim 45 789 0.38 0.00 2.79 2.79 0.38 1.39 1.90 0.38 3.42 0.51 1.14 2.79 1.97 

Sim 40 1294 1.93 1.16 4.02 4.02 0.15 2.70 1.78 0.31 4.10 1.08 0.93 2.94 2.18 

Sim 34 639 1.41 1.41 2.97 2.82 0.47 1.41 1.10 0.00 3.60 1.25 1.41 2.03 1.40 

Sim 52 953 2.10 0.42 2.62 3.15 0.63 2.31 2.52 1.05 2.83 1.57 1.15 2.20 1.53 

Sim 28 441 3.40 0.45 2.49 3.85 1.59 2.27 1.13 0.45 3.40 0.68 1.59 4.08 2.08 

Sim 61 986 1.72 0.81 2.54 3.55 0.20 2.33 1.93 0.71 2.94 1.01 1.72 1.72 1.16 

Sim 43 913 1.10 0.88 3.94 3.72 0.44 1.20 1.53 0.44 4.27 1.86 1.42 1.97 1.70 

Sim 52 1330 1.80 1.05 3.38 3.16 0.90 2.26 1.13 0.75 3.61 1.58 1.20 0.68 1.94 

Sim 63 1514 2.25 0.66 2.58 1.78 0.46 2.44 1.25 0.53 3.04 0.86 1.98 1.85 1.94 

Sim 30 615 2.11 0.33 2.76 4.55 0.33 3.09 0.98 0.00 3.58 1.30 2.28 2.11 0.78 

Sim 59 1285 0.86 0.47 1.17 2.41 1.25 0.62 1.32 0.31 1.40 0.39 1.25 2.10 1.52 

Sim 37 874 2.06 0.92 3.66 2.75 0.69 1.60 0.92 0.57 3.89 0.80 0.92 1.72 4.09 

Sim 26 712 1.97 0.42 3.09 6.18 1.12 1.83 1.69 1.40 3.51 2.25 2.11 2.53 1.92 

Sim 38 953 2.20 0.10 2.62 3.67 0.73 1.99 1.47 0.84 2.83 1.05 1.15 1.99 1.45 

Sim 15 281 2.14 0.36 1.78 1.78 1.07 1.42 0.36 1.42 2.14 2.49 2.85 1.78 0.39 

Sim 59 1355 4.72 0.89 3.32 4.72 0.74 3.39 0.89 1.25 3.76 1.03 1.70 2.07 3.69 

Sim 32 930 2.90 1.08 2.15 4.62 0.32 2.90 1.83 0.54 2.80 0.54 2.47 2.04 3.32 

Sim 69 1205 1.66 0.33 1.49 3.15 0.58 2.07 2.41 0.17 1.74 1.49 1.33 1.91 2.47 

Sim 42 1507 1.33 1.13 2.46 2.12 0.33 2.39 1.39 0.40 2.72 1.13 0.33 1.79 3.40 
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B.6.2 T-test assumptions in team cohesion (text indices) 

Using independent-samples t-test, we tested the difference between the task 

conditions in terms of text indices. Hence, the text variables were examined for 

the test assumptions as follows; 

 

B.6.2.1 Data distribution 

Using Shapiro-Wilk’s test, observed that all text variables were normally 

distributed in the SK condition with the exception of assent words and negative 

emotion words. Similarly, under DK condition, all text variables were normally 

distributed with the exception of the words count, use of power words and the 

use of “I”.  Consider table B.7. Irrespective of these lack of normality in these 

five variables, the independent-samples t-test was conducted as it is fairly robust 

to deviations from normality. 

 

Table B- 7 The normality test of the text indices in both task levels. 

 
Task condition Shapiro-Wilk 

 
 Statistic df Sig. 

Item mention 
Dis 0.95 25 0.203 

Sim 0.98 25 0.945 

WC 
Dis 0.89 25 0.014 

Sim 0.97 25 0.718 

I 
Dis 0.90 25 0.016 

Sim 0.92 25 0.055 

you 
Dis 0.96 25 0.454 

Sim 0.97 25 0.598 

we 
Dis 0.96 25 0.477 

Sim 0.97 25 0.598 

Posemo 
Dis 0.96 25 0.387 

Sim 0.96 25 0.408 

Negemo 
Dis 0.94 25 0.161 

Sim 0.91 25 0.025 

Insight 
Dis 0.96 25 0.399 

Sim 0.98 25 0.884 
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Cause 
Dis 0.97 25 0.694 

Sim 0.97 25 0.736 

Certain 
Dis 0.93 25 0.104 

Sim 0.92 25 0.055 

Affiliation 
Dis 0.97 25 0.641 

Sim 0.96 25 0.457 

Achieve 
Dis 0.94 25 0.147 

Sim 0.96 25 0.497 

Power 
Dis 0.93 25 0.076 

Sim 0.96 25 0.412 

Assent 
Dis 0.98 25 0.865 

Sim 0.84 25 0.001 

Q Mark 
Dis 0.97 25 0.545 

Sim 0.95 25 0.194 

 

 

B.6.2.2 Data Outliers 

Visually inspecting the boxplots (see Figure B.14) revealed 14 outlier datapoints 

in 10 text variables. Due to the occurrence of these outliers not being due to 

either data entry error or measurement error, as well as their inclusion or 

omission not resulting in difference in outcomes, we decided to procced with the 

independent t-test.……………………                 …………………
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Figure B- 14 Boxplots showing the outliers in each text variable (outliers are illustrated as rhombus). 
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B.6.2.3 Homogeneity of variance  

The  homogeneity of variances of the text variables was measured using  the 

Levene's test for equality of variances(see Table B.8). The result indicated that, 

the variance in all text  variables is equal  in both task levels (DK, SK). 

Therefore,  the independent t-test finding was reported in chapter 4 as the data 

met the assumption of homogeneity of variances.    

 

Table B- 8 Equality of variance for the text variables. 

Levene's Test for Equality of Variances 

 
F Sig. 

Item mention 0.352 0.55 

WC 0.011 0.91 

I 0.99 0.32 

You 0.456 0.5 

We 0.722 0.4 

Posemo 0.039 0.84 

Negemo 0.874 0.35 

Insight 1.075 0.3 

Cause 0.483 0.49 

Certain 0 0.91 

Affiliation 0.789 0.39 

Achieve 0.488 0.48 

Power 0.001 0.93 

Assent 0.112 0.79 

Q Mark 1.798 0.16 
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B.6.3 Multiple regression model (predicting team cohesion using 

text indices) 
To determine if social cohesion can be predicted based on the correlated text 

indices ( i.e. Items mentioned, word count, affiliation words and the use of “we” 

), we made use of multiple regression.  

Through multiple regression, we aim to determine the degree of variation in 

team cohesion dimension that can be explained using the text indices as a whole 

as well as the relative contributions of each of the independent variable in 

explaining the variance. For our investigation, social and task cohesion were our 

target variables while item mention, word count and the frequency of use of 

affiliation words were the three independent variables. To test how well the 

regression model for the data and to ensure accuracy of the predictions, we 

considered several assumptions before running multiple regression and the 

following section examines each of these assumptions using the research dataset. 

 

B.6.3.1 Independence of observations 

Although the test variables, task and social cohesion are unrelated observations, 

we made use of Dublin-Watson statistics to assess the independence of residuals. 

The results for both regression models were close to 2 (Task cohesion = 1.9 & 

Social cohesion = 2.2) thus indicating the independence of errors (residuals).  

 

B.6.3.2 Testing for linearity 

Multiple regression assumes linearity between the dependent variables (social 

and task cohesion) and independent variables (text features). Hence, it was 

important to first assess the relationship between team cohesion (social & task) 

and all text variables collectively and then individually to ensure linearity. For 

the former, we assessed linearity by plotting a scatterplot of the studentized 

residuals against the predicted (unstandardized) values for the social cohesion 

model (see figure B.15) and task cohesion model. 
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Figure B- 15 Simple Scatter of Studentized Residual by Unstandardized Predicted Value. 

 

The social cohesion scatterplot shows the residuals from a horizontal band 

suggesting the relationship between the social cohesion variable and text 

variables is linear. Likewise, the relationship between the task cohesion variable 

and text variables as shown in figure B.16. Subsequently, we used scatter 

regression plots to show the linear relation between social cohesion and each 

text variable ( i.e. Word count, the use of we and number of items mentioned). 

 

 

Figure B- 16 Simple Scatter of Studentized Residual by Unstandardized Predicted Value. 



 

 264 

 

Figures B.17, B.18 and B.19 show the scatter plots generated as part of multiple 

regression. 

 

Figure B- 17 The partial regression plot below shows an approximately linear relationship between social 
cohesion and the “item mention” text variable. 

 

 

Figure B- 18 The partial regression plot below shows an approximately linear relationship between social 
cohesion and the “use of We” text variable. 
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Figure B- 19 The partial regression plot below shows an approximately linear relationship between social 
cohesion and the word count text variable. 

 

Furthermore, figures B.20 , B.21 and B.22 illustrate the partial regression plots 

for the linear relationship between task cohesion and the text variables ( i.e. 

Word count, use of we & item mention). 

 

 

Figure B- 20 The partial regression plot below shows a  linear relationship between task cohesion and the item 
mention text variable. 
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Figure B- 21 The partial regression plot below shows a somewhat linear relationship between task cohesion 
and the text variable representing the use of we. 

 

 

Figure B- 22 The partial regression plot below shows an approximately linear relationship between task 
cohesion and word count text variable. 
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B.6.3.3 Testing for homoscedasticity 

To test for heteroscedasticity, we visually inspected the plots (studentized 

residuals) created to check for linearity. The result of which suggested there was 

homoscedasticity.  

 

B.6.3.4 Checking for multicollinearity 

The two steps involved in identifying multicollinearity amongst text variables 

are as follows; 

B.6.3.5 Examining the correlative coefficients: 

During prior examination of  the correlation between all text features 

(see chapter 5), we observed a high correlation between the use of ‘we’ 

and the use of affiliation words (r(49)= .960, p<001), which will result 

in a multicollinearity issue. Hence the variable representing the use of 

affiliation words was omitted from the social cohesion regression model. 

All other text variables were found to correlate moderately.  

B.6.3.6 Tolerance/VIF measures: 

It was important to ensure tolerance and VIF values were above 0.1 for 

all variables. The  lowest value obtained in both models was .524 which 

is greater than 0.1 thus giving us confidence that there is no problem 

with collinearity in our dataset. Table B.9 shows all values for both 

models.  
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Table B- 9 Multicollinearity assessment by Tolerance/VIF values. 

Model  
Collinearity Statistics 

 
Tolerance VIF 

Task Cohesion 
  

 
Item mention 0.524 1.907 

 
WC 0.529 1.889 

 
we 0.983 1.017 

Social Cohesion 
  

 
Item mention 0.524 1.907 

 
WC 0.529 1.889 

 
we 0.983 1.017 

 

B.6.3.5 Detecting Outliers 

We examined the data variables for outliers, leverage points and influential 

points as the presence of any of this would not be suitable for regression. 

Running multiple regression on the data generated three new variables namely; 

studentized deleted residuals, leverage values and Cook’s distance values which 

were used for the detection of outliers, leverage points and influential points. 

Our observation detected no outliers (all studentized deleted residuals values 

were 3 or below), no high leverage points (all values of the leverage variable 

were below 2) and no highly influential points (all values of Cook’s distance 

variable were below 1). 

 

B.6.3.6 Checking for normality 

 Lastly, we visually inspected a histogram superimposed with a normal curve for 

both social cohesion and task cohesion models (see figures B.23 & B.24) to 

detect normality. The result of this inspection showed the distribution to be 

approximately normal in both models. 
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Figure B- 23 Test the Regression Standardized Residual  distribution for  social cohesion. 

 

Figure B- 24 Test the Regression Standardized Residual distribution for task cohesion. 



 

 270 

Appendix C 

Data Management Plan 

C.1 Overview 

Project title 

Capture and use of task and team models in collaborative problem solving. 

Student name and department 

Latifah Alshammary 

Department of Computer Science 

Supervisor(s) 

Note: the main University of Bath supervisor is the Data Steward for the project.  

 Prof Stephen Payne    s.j.payne@bath.ac.uk & Dr Simon Jones s.l.jones@bath.ac.uk 

Project description  

An investigation into how team language style may be used to determine some aspect of team collaborative 

models.   

 

C.2 Compliance  

University policy requirements 

The data will be stored as described in this form for at least ten years.  

University policy or guidance 

University of Bath Research Data Policy 

https://www.bath.ac.uk/corporate-information/research-data-policy/
mailto:s.j.payne@bath.ac.uk
mailto:s.l.jones@bath.ac.uk
https://www.bath.ac.uk/corporate-information/research-data-policy/
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Legal requirements  

We are not aware of any legislative requirements relating to this research.  

Contractual requirements 

My research is not subject to any non-disclosure agreement.  

Name of funder Data policy URL 

Saudi Government.    Not applicable . 

 

C.3 Gathering data 

Description of the data  

3.1.1 Types of data 

I will be generating quantitative data from questionnaires. 

3.1.2 Format and scale of the data 

All participants will complete a questionnaire on SurveyMonkey which will then be exported in csv format.  

Collected data is estimated to be no greater than 50GB.  

Data collection methods 

Data collected from the questionnaire and experiment sessions would be exported to a suitable format from 

which quantitative data would be extracted using a set of statistical tools and custom scripts written in R and 

python. 

Development of original software  

Several bespoke and existing tools would be developed for the data collection, extraction and analysis phases of 

this project. For the bespoke tools, we would conduct a thorough analysis to select the most appropriate 

technologies & programming language upon which they would be built. Though our initial thoughts would be to 

limit ourselves to the use of Python and R programming languages as they have numerous packages that are 

relevant to our research area.  

All dependencies for the bespoke tools developed would be manages using standard dependency management 

techniques such as the use of pip and pip requirements file in Python thus making the process straightforward 

and easily repeatable. 

Due to the difficulties involved in developing software and the insufficiency of a waterfall approach to 

development, we would adopt an iterative approach to software development thus enabling us to fine tune our 

tools. These iterations would be managed via GitHub and the developed tools would be applicable to our studies 

rather than the wider research area. 

As it is difficult to write software in a single iteration, we would most likely have several iterations of our tool 
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to enable us fine tune it. These would be managed via GitHub and all scripts released would be applicable to our 

study and would not be aimed at creating a tool usable for the wider research area 

The only existing tool that would be used is SurveyMonkey (https://surveymonkey.co.uk) which would be used 

to issue questionnaires. 

 

C.4 Working with data 

Short- and medium-term data storage arrangements 

My primary copy is on the University’s managed storage, in my area of the X: Drive.  

Control of access to data and sharing with collaborators 

The University managed servers provide an enterprise grade storage that are mirrored across two physical 

locations and are backed up regularly making them resilient to damage failure and security breaches.  

File organisation and version control 

Only myself and my supervisor will have access to my data during the project.  

Documentation that will accompany the data  

The data would be accompanied with minimal metadata such as experiment number and date. This is to help 

with the data identification.  

 

C.5 Archiving data 

Selection of data to be retained and deleted at the end of the project 

Both raw and analysed data would be retained as they may be useful for future studies. 

Data preservation strategy and retention period 

Data underpinning publications and any other data that would be of value to future research will be archived for 

at least 10 years.  

Maintenance of original software  

Not applicable  
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C.6 Sharing data 

Justification for any restrictions on data sharing 

All of my data may be shared on request from other investigators at the end of the project after my research 

findings have been published. All data will be anonymous. 

Arrangements for data sharing  

I will provide underpinning data for each publication as supplementary information to that publication, if 

requested by the publication or by its readers.  

 

C.7 Implementation 

Review of the Data Management Plan 

The Data Management Plan of this project will be reviewed every three months.  
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