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ABSTRACT 

COLLECTIVE STRESS IN THE DIGITAL AGE 

Talha Oz, Ph.D. 

George Mason University, 2020 

Dissertation Director: Dr. Andrew Crooks 

 

Collective stress occurs when communities are faced with unfavorable circumstances in 

which they fear losing (or lose) conditions of life they are accustomed to. Such stressors 

are plenty in current times, ranging from complications of pandemics, technological and 

man-made disasters, toxic job environments, economic crises, government oppressions, 

terror attacks, and political breakdowns are all acting as catalysts for collective stress. 

Since their impacts can be devastating and multi-faceted, a better understanding of social 

behaviors before (e.g. in preparation), during (e.g. in first responses), and after (e.g. in 

recovery) them is needed to prevent and alleviate their effects. While going through all 

these phases, in our current digital age we actively use information and communication 

technologies (ICT) both at work (e.g. calendar and e-mail) and outside work (e.g. social 

media). I argue and demonstrate in this dissertation that by examining ICT data with 

computational techniques, we can understand, model, and theorize about collective stress 

related social behaviors in ways that were not possible before, and thus handle their 
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complications more effectively. In particular, I show how computational social science 

(CSS) can solve the common scientific problems of behavioral unobservability (temporal 

and spatial), limited study extent (sample size and longevity), and informant subjectivity 

(biases in self-report based measurements). Thus, this dissertation makes a paradigmatic 

contribution to the field of collective stress research. Regarding more specific theoretical, 

methodological, and empirical contributions, this dissertation contains three studies each 

of which is the first computational social scientific study in its own domain. Collective 

stress researchers have made calls particularly for a need of an objective work stressor 

measurement strategy, for more empirical studies on blame attribution (in collective 

stress situations) and also on adoption of teleworking out of necessity; and this 

dissertation responds to each of them with a separate essay. The study on work stressors 

is a solution-oriented research that guides People Analytics practitioners in achieving 

better employee experience by showing how to measure stressors in organizations using 

commonplace workplace ICT. The other two studies serve to the advancement of theories 

by forming and testing hypotheses using the data collected and analyzed during the 2016 

Flint Water Crisis and COVID-19 pandemic, from social media and workplace ICT 

(calendar and workplace messaging apps), respectively. Thus, by building novel research 

designs (such as retrospective cohort analysis), implementing new computational and 

quantitative methods (such as combining data from multiple sources, conducting large 

scale social network analysis, and sentiment analysis), and exploiting newly available 

data sources (social media and work ICT), this dissertation shows how computational 

social science can increase our understanding of collective stress in the digital age. 
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CHAPTER 1 INTRODUCTION 

This dissertation is about understanding collective stress related behavior through 

information and communication technologies (ICTs). It is composed of several 

computational social scientific studies (chapters), each addressing some aspect of the 

topic. In this introductory chapter, I set the scene for this dissertation. Section 1.1 clarifies 

what this dissertation is about, defines and describes the fundamental concepts in it. 

Following this, in Section 1.2, I discuss some major challenges in traditional collective 

stress research and the ways in which computational social science (CSS) can address 

them. Section 1.3 briefly goes over the practical and research problems addressed in the 

following chapters, and Section 1.4 lists the publications that resulted from this 

dissertation work. 

1.1 Definitions 

1.1.1 Computational Social Science 

This dissertation adopts computational techniques to understand social behaviors 

of people in collective stress situations; hence, this dissertation is a computational social 

scientific study of collective stress1. Computational social science (CSS) is defined as 

“the integrated, interdisciplinary pursuit of social inquiry with emphasis on information 

 
1 There is a term that sounds similar to the focus of this dissertation but actually is very different, and that is 
computed (or computational) stress (Sharma and Gedeon 2012). Computational stress in Sharma and 
Gedeon’s (2012) definition is about measuring physical and physiological changes in the human body with 
sensors and techniques like signal processing to detect stress response. It is not about social responses. 
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processing and through the medium of advanced computation” (Cioffi-Revilla 2010). 

Cioffi (2010) gives an example about the potentiality and promise of using advanced 

computational techniques for social inquiry: computational techniques such as data 

science, machine learning, social network analysis, geographic information systems 

(GIS), complexity modeling, and social simulation models to a computational social 

scientist are what the telescope is to Galileo. With new (computational) instruments, what 

was once unobservable (with traditional methods) becomes observable; and thus, we can 

understand, theorize, and solve social issues better.  

Historically, CSS was born in 1960s out of a need of formalisms to explain some 

social dynamics with conceptual and theoretical complexity in which mathematical 

equations of closed forms failed but computational simulations thrived (Cioffi-Revilla 

2016a). Hence, according to the computational social scientific paradigm, just like 

mathematical equations formulate physical phenomena (laws), computational models 

formulate complex social phenomena (laws). And when the big data era began, just like 

many governmental and industrial parties did (e.g., in criminal policing and targeted 

advertising), many CSS researchers started to look for ways to get maximum value of out 

of big data for their own purpose, that is, to explain social phenomena better (boyd and 

Crawford 2012). I will continue the discussion of data-centric CSS in Section 1.2. 

1.1.2 Collective Stress 

Before starting my discussion about collective stress, I should note that stress is 

an overloaded term, and therefore researchers often differentiate stressors (i.e., external 

conditions and events impinging upon a person), perceived stress (i.e., initial appraisal of 
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a stressor), stress response or strains (i.e., early psychological, physiological, and 

behavioral reactions and adjustments), and distress (i.e., maladaptive response patterns 

such as anxiety, depression, anger, fear, or aggression) (Aneshensel and Mitchell 2014; 

Bliese, Edwards, and Sonnentag 2017; Parker and DeCotiis 1983; Wheaton et al. 2013). 

Several stress theories in various domains have been proposed to explain the interplay 

between these components of the stress process, some of them focused on the individual 

(cognitive and emotional) aspects of stress, others focused on the social aspects of it (e.g., 

how different social groups experience stress differently). 

Arguably the most popular individual-focused stress theory is the cognitive 

activation theory of stress (CATS) (Ursin and Eriksen 2004). According to this theory, (i) 

the stressor (load) is evaluated by (ii) the brain and this may result in (iii) a stress 

response (alarm, which can either be a phasic arousal (healthy) or a sustained one 

(unhealthy)), and finally, (iv) the response may alter the stressor either by the way it 

perceives it or by acts or expectancies (an extensive diagram of the CATS theory can be 

found in (Meurs and Perrewé 2011)). The level of alarm depends on the discrepancy 

between what is and what should be (expected impact of stressor; as in Reiss’ (1991) 

expectancy model of fear, anxiety, and panic). Accordingly, the theory suggests four 

ways of measuring stress: one can measure (i) “objective” stressors, (ii) subjective 

evaluation of stressors (“source of stress for you”), (iii) stress response (changes in 

physiology and hormones following some stressor, and behavioral ways of coping), and 

(iv) (positive or negative) feedback from the response experiences.  
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While stress research was initiated by a psychologist (Selye, 1936) and many 

people might intuitively think of stress as an individual phenomenon, sociologists (e.g., 

Barton 1963; Pearlin et al. 1981) have theorized that stress is indeed a sociological 

concept, and some even argued that we should not turn to medicine for cures of distress 

but to sociology (Mirowsky and Ross 2002); because, it is someone’s place in the social 

system, social structure, and relationships that primarily determine his or her chances of 

having distress (Aneshensel and Mitchell 2014). Sociologists accordingly define stressors 

more inclusively as “conditions of threat, challenge, demands, or structural constraints 

that, by the very fact of their occurrence or existence, call into question the operating 

integrity of the organism” (Wheaton et al. 2013), and have categorized stressors in two 

dimensions: the stress continuum and level of social context, represented in columns and 

rows in  (Barton 1963; Wheaton et al. 2013).  
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Figure 1 The stressors universe – adopted from Barton (1963) and Wheaton (2013) 

 

Sociologists have examined how society shapes the way its members from 

different social and economic strata experience stressors, attempt to cope, draw upon 

individual and social resources, and finally, have mental health outcomes differently 

(Pearlin and Bierman 2013). Accordingly, collective stress emerges when a stressor, or 

multiple stressors act on a group of people for some period of time, members of which 

then give meaning to these stressors, and use their personal and social resources to cope 

with them, and all this (exposure, perception, coping attempts) yields various individual 

and social outcomes. At every step of this process, factors of social contexts play both 

mediating and moderating roles: unequal stressor distribution and proliferation of 

stressors causes social vulnerability; the way individuals give meaning to stressors has 

social structural origins; and, available personal and social resources for coping depend 
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on the social and political systems in which one lives in and his or her place in these 

systems. A simple model of this is depicted in Figure 2. For more discussion on the stress 

process model and variants of this diagram, see (Wheaton 2010) and also (Aneshensel 

and Avison 2015; Aneshensel and Mitchell 2014). 

 

 
Figure 2 Stress process in social context  
 

In Barton’s (1969) words, “collective stress occurs when many members of a 

social system fail to receive expected conditions of life from the system”. Accordingly, 

for a group of people to experience stress, the conditions they expect from the system 

they’re a part of need not be met. What systems do we operate in, what are our 

expectations from them, and when does a system fail us? First of all, we are all citizens 

and we have expectations from the government and other members of the nation; 

secondly, many of us are employees (part of the workforce) and we have expectations 

from our employers and coworkers (other members of the workforce). Sometimes the 

government fails us, as in the case of Flint Water Crisis in which the public was deprived 

of a basic human right, the right to safe water (Chapter 3); other times it is the toxic job 

environments in which many people of the workforce are treated unfairly (Chapter 4); 
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beliefs, values, life history 

Coping: social & personal resources 

Outcomes: mental & physical health, 
org. productivity, social structures 
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and sometimes it is the nature2, as in the case of the COVID-19 pandemic, during which 

people shelter in place and work from home (Chapter 5). While I have just highlighted 

the collective stress situations examined in this dissertation, there are many more of them. 

Conditions causing collective stress are anything that disrupts or threatens the social life 

(Fritz 1961). A disruption can be caused by social subsystems within the larger social 

system (e.g. man-made disasters, economic crises such as depression, hyperinflation, or 

stock market crashes, and political breakdowns such as riots, revolutions, civil wars, or 

government oppression such as mass purges, suppression of dissent, and growth of 

tyranny), or the source could be exogenous (e.g.  disasters, terror attacks, epidemic 

diseases, loss of markets or sources of supply). Also, not all needs are created equal; they 

could be organized into a hierarchy of relative prepotency –first, we need to meet our 

physiological needs, then comes our safety (Maslow 1943). Moreover, standards of living 

affect individuals’ expectations from life as well. People living in primitive conditions for 

a prolonged time experience relatively less deprivation than those who have adopted a 

“modern” way of life (Barton 1969). Finally, before safety and physiological needs, there 

are preconditions required for basic need satisfactions, without which the social system 

cannot function properly. If these preconditions are in jeopardy, then individuals react as 

if the basic needs themselves are in danger. These preconditions for basic need 

satisfactions include freedom of expression, of speech, of information, human rights, 

fairness, honesty, justice, and order (Maslow 1943). 

 
2 Actually, from a social constructionist perspective, there is no such a thing as natural calamity, it’s all 
social (Tierney 2007). That is, cultural norms, social, political, and economic systems (e.g. social solidarity 
and government support) moderate its effects significantly. Several social vulnerability indicators have 
been proposed (and evaluated) linking social status to vulnerability (Spielman et al. 2020). 
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Now that I have briefly described what I mean by collective stress within the 

context of this dissertation, I will turn the reader’s attention to the second part of my 

dissertation title, i.e. the digital age. 

1.1.3 The Digital Age 

In this dissertation, I propose a novel computational strategy for social scientific 

research that can help us understand various social behaviors in collective situations 

better, an approach that was discussed only marginally in the fields of Data Science (DS) 

and Crisis Informatics (CI) before now (Palen and Anderson 2016) – the ways in which 

CSS of collective stress is different from CI will be discussed in Chapter 2. Accordingly, 

the reader might justifiably ask: if the argument in this dissertation is so valuable, then 

how come others in the field with decades of expertise could not have come up with this 

earlier? That is mainly because only since about a decade ago the world has become 

increasingly more digital with all the developments in the information and 

communication technologies (ICT). Thanks to the digital transformation of organizations, 

at work, we use cloud-based communication and collaboration systems (e.g. workplace 

messaging apps such as Slack and MS Teams; online video conferencing apps such as 

Zoom and Google Meet; cloud-based calendar and email management apps like Office 

365 and G Suite; file sharing apps like Dropbox), and in our personal lives we use social 

media platforms (such as Twitter and Facebook). The ubiquity of these technologies has 

two implications for the citizens of the digital age: (1) the way we experience and 

respond to collective stress (Chapter 2 and Chapter 3), the way we get stressed at work 

(Chapter 4), and also the way we work during disasters and pandemics (Chapter 5) have 
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all changed; and (2) the “digital exhaust” of ICT has provided us with new research 

opportunities, and this led to the emergence of a new scientific field, data-centric CSS3 

(Crawford, Gray, and Miltner 2014; Edelmann et al. 2020; Lazer et al. 2009). 

To some sociologists, modern society is risk society. Reviewing sociological 

theorists Beck and Gidden’s works, Ekberg (2007) identified six parameters of the 

modern (risk) society, including (1) that collective awareness of risk, uncertainty, 

contingency and insecurity has increased; (2) that there has been a shift towards social 

constructionist view of stressors; (3) that risk communication has become more 

ambiguous; (4) that scientific progress has brought more questions to worry about and (5) 

lost the credibility once it had (since it could not reduce the risks but increased them by 

technological advancements); and finally (6) that agents responsible for mitigating the 

stressors started to be questioned more. Many research findings have supported the views 

of these grand theorists. Through technological developments (including prevalence of 

social media and workplace technologies) and global cultural shifts (e.g. 

cosmopolitanization (Beck 2002)), the way we experience many collective stress related 

phenomena have changed. For example, 

x individuals now turn to social media to meet the pressing information needs 

on collective stress, and users are not only consumers but also producers of 

content, thus stress is mediated and remediated on the digital media (Dailey 

and Starbird 2016; Lupton 2014) 

 
3 The emphasis on data-centric because I subscribe to the view that the true definition of CSS should not 
leave out the computational paradigm; so, the newly emerging field referred here is actually only a part of a 
“bigger CSS” (Cioffi-Revilla 2016a). See more on this in section 1.1.3. 
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x they express their emotions on social media which has been found to be 

contagious (Kramer, Guillory, and Hancock 2014), including that are related 

to collective stress situations (Oz and Bisgin 2016) 

x traditional media outlets, that repeated exposure to which increases stress 

levels are now operating online (Holman, Garfin, and Silver 2014) 

x new web technologies have empowered the trend of cosmopolitanization 

(Beck 2002), which takes collective stress to a global level, and hence affects 

it at macro-scale 

x families and friends are now more networked then ever thanks to the mobile 

revolution and Web 2.0 technologies (Crooks et al. 2014; Rainie and Wellman 

2014), which influences the micro-level mechanisms that affects collective 

stress 

x social media amplifies echo chambers, and group identification leads to 

increase in threat perception (Quattrociocchi, Scala, and Sunstein 2016) and 

these conditions have negative impact on collective stress levels of victims 

x increased awareness in the digital age raises expectation from government and 

the society in general, and as solutions are delayed, ignored or obstructed, fear 

turns into anger (Chapter 3, Neal 1984) 

x social amplification of risk (Kasperson et al. 1988), rippling of risk perception 

from a local group outwards, has become much easier with social media 

(Tufekci 2017) 
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x digital media has become more effective in spreading vivid images, sound 

bites, and agitated voices, all of which only worsen the collective stress 

(Mastro et al. 2009) 

x techno-invasion (constant connectivity and urge for immediate response) and 

techno-overload (burden of extra maintenance) leads to more stress (Chapter 

4, Tarafdar, Cooper, and Stich 2019) 

x teleworking in the aftermath of a disaster or during a pandemic might 

implications for work-life conflict (Chapter 5, Donnelly and Proctor‐Thomson 

2015; Ralph et al. 2020) 

x the term “cyber” has become one of the most frequently used words in 

international security discussions (Robinson, Jones, and Janicke 2015) and 

social media is being used as a tool for autocratic governance (Gunitsky 2015) 

x a lack of algorithmic responsibility creates collective stress in much greater 

domains of life (Noble 2018; O’Neil 2016). 

Over the last few decades, the way we have experienced collective stress has 

therefore changed. Due to the absence of object stability, just like in any social scientific 

research (Zald 1996), some of the earlier findings in collective stress research has thus 

become outdated as the social, cultural and political norms in societies have changed over 

time; and, for a theory to be scientific it has to be continually tested (in this sense, a 

single black swan may overthrow a theory, Popper 2002). In this regard, searching for 

evidence for and against earlier theories of collective stress with new empirical studies is 

needed to improve them and to identify their extent and scope in our current time.  
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The implications of the advancements in ICTs, big data, and computational 

thinking on science is multidimensional: philosophical, economic, cultural, political, 

epistemological, and ethical (boyd and Crawford 2012; Conte et al. 2012; Crawford et al. 

2014; Iliadis and Russo 2016; Rapaport 2020). Since big data is a very “big 

phenomenon” with very “big implications”, a research field called critical data science 

that interrogates the implications of big social data and data-centric CSS research has 

emerged (Iliadis and Russo 2016). Accordingly, like in any scientific endeavor, 

researchers conducting data-centric CSS studies should be well informed about the 

pitfalls and acknowledge the limitations of their research paradigms. But let’s first 

discuss the opportunities. 

New forms of data can allow researchers to have access to what was unobservable 

before. For example, thanks to social media data, we can now see how hundreds of 

thousands citizens attribute responsibility and blame to those in power in a governmental 

failure (as will be discussed in Chapter 3); and thanks to metadata from workplace ICTs, 

we can see employees’ communication patterns and create an organization’s 

communication and collaboration network more “objectively”, from which, for example, 

we can identify organizational stressors (see Chapter 4) and examine changes in work 

practices when people are forced to work from home (Chapter 5). Thus, availability of 

various kinds of big and rich social and organizational data have allowed CSS researchers 

to conduct studies that was not possible before. Accordingly, reviewing the number of 

CSS papers published annually in five scholarly disciplines (business, psychology, 

education, sociology, and political science) from 2003 until 2016, researchers found “a 
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remarkable explosion” of CSS studies across all of these disciplines especially since 2012 

(Edelmann et al. 2020).  

In this dissertation, I collect and analyze data from social media (i.e., Twitter, 

Chapter 3) and workplace ICTs (Chapter 4 and Chapter 5). Although my overarching 

methodological approach is the same, that is, computational, there are actually some big 

differences between the natures of these two data forms (i.e., social media and workplace 

ICT data). In the sense, the data researchers collect from social media is usually not 

complete, but it only is a sample –unless they work in the social media company, but 

even still there is a representation issue here. For example, the study in Chapter 3 

collected all the microblog posts from Twitter’s streaming API containing a set of 

keywords (e.g., Flint and #FlintWaterCrisis) within a geographical area but that’s only a 

sample of all the tweets. Although such a sample found to be containing about 43.5% of 

all the public tweets, it still might be biased (Morstatter et al. 2013). Another issue with 

the social media data is that their users might not be representing the true population, and 

therefore, the generalizability of the findings is a concern (boyd and Crawford 2012; 

Iliadis and Russo 2016). The workplace ICT data (i.e., email, calendar, IM) on the other 

hand, do not have any of these sampling and representativeness issues because it contains 

the entire data available on the medium for the whole population –i.e., for all employees 

in the organization. The main concern with the workplace ICT is privacy; accordingly, no 

content but only the metadata is collected and analyzed in Chapter 4 and Chapter 5. Not 

having content limits research capabilities to some extent, but it still provides unique 

opportunities. Even without content (using the metadata from meetings, email, chat, and 
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smart ID badges as depicted in Figure 34), one can reconstruct organizational networks 

(Figure 4) and identify many kinds of organizational stressors (Chapter 4) and work 

practices of employees (Chapter 5).  

 

 
Figure 3 A depiction of raw data collected from an employee wearing a smart badge with microphone, using 

email and calendar for collaboration 
 

The metadata also provides us with the information of with whom an employee 

communicates (e.g. in meetings, email, and face-to-face). Aggregating such information 

over a period of time (for all employees) gives us a pretty good picture of the 

communication and collaboration network of the (entire) organization as shown in Figure 

 
4 For the sake of completeness, Figure 3 includes the timeseries of “speaking” as well, which requires the 
smart badge having a microphone on it; however, most ID badges are not equipped with it. Smart ID 
badges with microphones are mostly used for experimental purposes and in research projects – e.g., 
(Lederman et al. 2018; Olguín et al. 2009). 
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4, through which further analysis can be conducted. . The nodes in the network are 

employees (colors represent their teams). The tie strengths (edge weights) represent the 

amount of pairwise communication (over email, messaging applications, face-to-face, 

and video conferencing). Chapter 4 shows the ways in which organizational stressors can 

be inferred from it, while Chapter 5 discusses the changes in work practices when 

employees transition to telework during COVID-19 pandemic. 

 

 
Figure 4 An illustration of organizational communication and collaboration network generated by aggregating 

data from various data sources 
 

In this dissertation I demonstrate that we can increase our understanding of 

various collective stress related phenomena by carefully collecting and analyzing social 

media and workplace ICT data. I argue that this knowledge can and should be used to 

solve practical real-world problems of collective stress. Now let’s turn our attention to the 

particular issues in the traditional collective stress research and opportunities CSS can 

provide. 
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1.2 Solving the problems of unobservability, limited extent, and subjectivity 

I will argue in this dissertation that CSS has great opportunities in explaining 

collective stress related social behavior and demonstrate them both in theory (Chapter 2) 

and by practice (Chapters 3, 4, and 5). In particular, I will show how CSS can solve the 

field’s common problems of unobservability (both temporal and spatial), limited study 

extent (both sample size and longevity), and subjectivity (common biases in self-report-

based measurements). It was because of these problems, many of the theories in the field 

has been based on weak knowledge base (Quarantelli 2005), and I believe this can 

change with the paradigm proposed and practiced in this dissertation. 

Regarding the unobservability problem, Wallace (1956) complains about 

difficulty of collecting meaningful data in case of unpredictable events: 

“[a]n anthropologist can watch or participate in a religious ritual; a 
sociologist can attend a union meeting; the psychiatrist can see his patient a 
few hours or minutes after a family quarrel. But disasters, generally speaking, 
are so unpredictable as to place and time, that it is unlikely that any given team 
of trained observers will be in an impact area, before and during an impact of 
the appropriate type”. 

Since sudden onset events represent a great amount of collective stress situations, 

their unobservability is also a major problem for collective stress research. Yet, 

unobservability problem of collective stress research is not limited to immediate 

aftermaths of sudden onset events. For example, the case study presented in Chapter 3 

applies CSS’ solution to the unobservability problem during the recovery phase of a man-

made disaster in a collective stress situation (not to a rapid onset situation). Twitter data 

from the recovery period (not the immediate aftermath) was key to be able to observe and 

understand attribution of responsibility and blame, because that was the right source and 
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right timing for the subject examined. Regarding the source, Twitter had already become 

a common apparatus the public leverages to grab attention to their concerns much before 

the Flint Water Crisis happened (Feenstra and Casero-Ripollés 2014). Regarding the 

timing, the public increase their criticism of administrators and attribute blame to whom 

they perceive as the agents of responsibility especially only when the community is 

pressed by difficult living conditions and when they see a lack of short-term 

improvement (Neal 1984). Thus, I collected data for five months and accumulated nearly 

seven hundred thousand microblog posts from three hundred thousand unique user 

accounts. This was unobservable to me, or any researcher, before. This data is then used 

to develop and test theories of attribution of responsibility and blame. I should note that 

new data not only allows CSS researchers answer the same old questions, but it also 

allows extending those questions and allows examining new questions that was not 

possible to study before (Alvarez 2016). 

Unlike the other case study chapters, Chapter 4 examines a chronic collective 

stress situation and not an acute one that is tied to a particular event such as clean water 

deprivation (Chapter 3) or the COVID-19 pandemic (Chapter 5). I argue in Chapter 4 that 

metadata from workplace communication technologies (which is owned by the employer) 

can be used to detect organizational stressors (conditions that may cause collective stress 

in the organization). So many calls have been made for a need for objective work stressor 

measurement strategy, e.g. “it has become almost pro forma for […] researchers to call 

for the use of more objective measures (particularly of job stressors). Unfortunately, 

these calls generally have gone unheeded because objective measures of job stressors are 
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not often easy (or possible) to obtain.” (Hurrell Jr., Nelson, and Simmons 1998). 

Objective stressor measurement (measurement without using self-reports) maybe was not 

easy or possible when the author said this, but it is possible now thanks to workplace ICT 

data availability. In Chapter 4, I show how to exploit such data to identify organizational 

stressors5.  

When the COVID-19 pandemic hit, it forced one third of the US workforce to 

work from home almost overnight (Brynjolfsson et al. 2020), and 85% of respondents to 

a survey think that work from home (WFH) is here to stay (Baert et al. 2020). Yet, 

empirical studies on work practices during mandatory work from home is very rare, not 

only for this pandemic but in the entire literature of home-based teleworking during or 

aftermath of a disaster. For example, Green (2014) identified only one study on  the 

processes and outcome of the adoption of telework following a natural disaster. Chapter 

5, similar to Chapter 4, operationalize enacted events such as message-sent and meeting-

setup in searching evidence for the theories that expect changes in the work practices 

after transitioning to WFH in the early months of the COVID-19 pandemic – Chapter 4 

does not test theories (unlike Chapter 5) but offers a practical solution to organizational 

stress problem by introducing a new stressor measurement method. I have identified two 

prior survey-based studies examining telework during disasters, but they appear to be 

interested in higher level constructs. For example, Ralph et al. (2020) examined 

responses to “My team is continuing to have regular meetings [during WFH]” and “My 

team is avoiding synchronous communication [during WFH]”. Similarly, Donnely and 
 

5 On a personal note, I’ve personally designed and implemented some of the models introduced in Chapter 
4, and they have been used and appreciated by several Fortune 500 companies. 
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Proctor‐Thomson (2015) asked their respondents to rate items such as “[WFH] lead to 

loss of professional/social interaction” and “[WFH] enabled me to have more time for 

myself/my family”. I argue, by using enacted events as constructs, we can tell more on the 

extent of change in work practices. Accordingly, in Chapter 5, by using metadata of 

workplace technologies from a company spanning before and after transition, I examine 

the impact of mandatory WFH on the work practices. This study could not have been 

achieved (due to the unobservability problem) if I had not taken the CSS route as 

discussed above. 

In addition to unobservability, the CSS approach proposed in this dissertation 

solves the problems of limited extent and subjectivity. Regarding the limited extent, 

going back to the quote above from Wallace (1956) in which he says that “it is unlikely 

that any given team of trained observers will be in an impact area, before and during an 

impact of the appropriate type”, yet even if researchers can arrive the impact area on 

time, how can they go back in time to compare their observations with the pre-impact 

period? Also, how can a researcher examine a collective situation of the past? Quarantelli 

(2005) suggests adopting techniques from historians and archeologists in examining the 

sociology of disasters of the past. I argue and demonstrate in this dissertation that both 

social media data and workplace ICT data can be exploited in studying past collective 

stress situations, and the studies in Chapters 4 and 5 are examples of it –data can be 

collected from email and calendar systems months or years later as long as the 

information is not deleted. 
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Regarding subjectivity, I argue in Chapter 4 that by measuring enacted job 

characteristics with ICT (e.g., meetings setup, emails sent, etc.) we can get a more 

“objective” picture of a collective stress situation, i.e. work stressors, than surveys. The 

main advantage of surveying is the possibility of depth and breadth of information one 

can obtain about stressors. Achieving that fully, however, is very difficult: since 

participating in surveys takes time and effort, increasing sampling frequency reduces 

participation rate and thus increases selectivity bias. Besides, general well-known 

response bias issues of surveys such as transient mood effect, personality trait effect, 

social desirability, memory weakness, and many other effects of survey-item 

characteristics and contexts distort the reality (Podsakoff et al. 2003). Aggregating 

employees’ job ratings (at some level) may cancel out some of these biases. Yet, 

aggregation might reflect “a shared perception of job characteristics, rather than any 

‘objective’ reality” (Daniels 2006), because of social information processing (Salancik 

and Pfeffer 1978) and convergence in trait affect (George 1990) in work groups. Also, 

some complex constructs (for example, those that depend on social networks) do not lend 

themselves to aggregation because of their emergent nature (think of a workplace where 

social cohesion is high in general but with a few individuals excluded) (Rugulies 2012). 

Another self-reporting technique to identify stressors is making informants record their 

activities in diaries. Since informants’ recording and others’ reviewing is too costly, this 

method is not scalable like getting data from ICTs. Yet another data collection method is 

using trained observers, this method is used in ethnographic field studies as well as in 

organizational audits. The observer implants herself into the daily lives of informants, 
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puts herself into their shoes and try to experience what the informants experience in their 

normal day-to-day lives. Yet, this method has its own issues, especially when the 

community is large (e.g. big and diverse organizations), observers cannot see important 

aspects of life of everyone;hiring independent observers for long periods of time would 

be very costly (Semmer, Grebner, and Elfering 2004; Tomaschek et al. 2018). 

In this subsection I argued the ways in which CSS can help solve some challenges 

(i.e., unobservability, limited extent, and subjectivity) in collective stress research. Next, I 

introduce research questions addressed in this dissertation. 

1.3 Practical and Research Questions 

Why does this dissertation matter? Why did I write these essays on collective 

stress and carryout all the computational research to write them? What difference do they 

make for the scientific community and practitioners (policymakers, employers, and 

public officers)? Now I will address these questions. 

I subscribe to the view that social science should be more solution oriented (Watts 

2017), and my goal in this dissertation is advancing our understanding in a serious 

problem (i.e. collective stress) to help remedying it. The impacts of collective stress in 

the digital age can be devastating and multi-faceted (e.g., psychosocial, 

sociodemographic, socioeconomic, and sociopolitical) unless its complications are 

prevented or alleviated by adopting right strategies and implementing right policies. For 

example, researchers have showed that depression, anxiety, and suicide rates increased 

due to the 2008 financial crises (Coe and Enomoto 2020) and that productivity lost due to 

stress costs one trillion US dollars a year to the global economy (World Health 
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Organization 2019). In a recent survey, 71% of Americans said police violence towards 

minorities is a significant source of stress, and that 71% of parents are worried about the 

impact the pandemic has had on their child’s social development, and 84% reported that 

the federal government response to COVID-19 is a significant source of stress (American 

Psychological Association 2020). 

Chapter 2 is a position paper, arguing whether (yes) and how CSS can extend our 

knowledge on collective stress situations, in particular about the sociology of disasters 

(social behaviors in all phases of a disaster: preparedness, response, recovery, and 

mitigation). Chapter 2 extensively reviews the three areas related to collective stress 

research and harmonizes them: traditional social scientific studies of disasters (and other 

collective stressors), crisis informatics (CI), and CSS. This dissertation is at the very 

intersection of these three areas. Without reviewing all of them, it is not possible to close 

the gaps between each other and identify opportunities and challenges for CSS of 

collective stress systematically. I should note that Chapter 2 not only considers data-

centric CSS but also the theory and computational paradigm aspects of it as well (Cioffi-

Revilla 2016a). My goal in Chapter 2 is to give a balanced view of the field without 

fetishizing any of its components (theory, model, and data) (Palen and Anderson 2016). 

Thus, by closing the gap between traditional social scientific research, crisis informatics 

and computational social science, and cross referencing from all kinds of disciplines, this 

chapter lays the ground for CSS of collective stress and serves as the basis for all the 

other chapters in this dissertation. 



23 
 

Chapter 3 is the first of the three case studies in this dissertation. Its goal is to 

extend our understanding on how citizens responds to a man-made disaster and to a 

governmental failure online, in particular on how they assign responsibility and blame. 

This is important for public officials and politicians because in political decision making 

blame carries far more weight in voting behavior than that of credit (Lau 1985), and by 

improving their understanding of the phenomena they can do better brand management 

(Abney et al. 2017) and they can be more effective in their communication regarding the 

social unrests (Barberá and Zeitzoff 2018). Accordingly, my research questions include: 

x Who gets blamed to what extent in case of a collective stress situation with 

multiple responsible parties; especially when some responsible agents resign, 

how do the resignations affect who gets blamed (Bucher 1957)?  

x Is one’s decision who to blame purely a function of the immediate crisis, or 

does it also reflect pre-existing conflicts and hostilities (Bartels 2002)? 

x Are individuals who are at greater risk (those geographically closer to a 

collective stress event) more likely to express their concerns (Tierney 2007)? 

x  Do we see contagion of complaining in collective stress situations as well 

(Kowalski 1996)? 

Chapter 4, unlike the other studies, is a solution oriented applied research. It 

describes a strategy (and to some extent, a system) to model, identify, and continuously 

measure organizational stressors to help solve a very prevalent problem in the modern 

world, i.e. organizational stress. In a recent survey (American Psychological Association 

2018), 77% of Gen-Z adults (18-21 years old) and 64% of adults (21+) reported that they 



24 
 

see work as a source of significant stress. Hence, an important responsibility of 

employers and HR managers is to make sure that exposure to stressors, i.e. to stressful 

work conditions, is limited for their employees. Accordingly, my research questions are: 

x What work stressors can be diagnosed by the digital exhaust (i.e. data emitted 

from commonplace workplace technologies such as calendar, email, chat 

apps, etc.) without violating employee privacy? 

x How to model stressors and make use of the model most effectively? 

x How to do benchmarking, experimentation, retrospective cohort analysis, and 

trend analysis of stressors? 

x How to capture overload and work-life imbalance with ICT metadata? 

x How to identify undesired meeting characteristics? 

x How to identify slow (late) or no responsive behavior? 

x How to identify and mitigate self-interruptions and others’ interruptions? 

x How to identify social support and diversity/inclusion problems? 

x How to make sure that major changes do not create gaps/silos? 

x How to identify spatial layout issues in the office that can cause frustrations? 

In Chapter 5 the goal is to find out what work practices have changed and why, 

when employees transitioned to mandatory work from home due to safety precautions 

during the COVID-19 pandemic. While non-essential businesses were closed, schools 

shut down, and shelter-in-place orders placed; fifty million employees started to WFH, 

mandatorily, and unprepared (Brynjolfsson et al. 2020). How have their work practices 

changed, and why? Employees are not having meetings in their offices anymore, not 
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having discussions near the water cooler, and cannot observe the work happening around 

them silently (maybe subconsciously) at their desks and learn from each other. Their 

main communication medium (physical space) and mode (face-to-face) are no more 

available. If not adapted well to the new conditions, among other issues, this can cause 

information undersupply (which leads to role ambiguity) as well as professional and 

social isolation  (Beauregard, Basile, and Canónico 2019; Sinclair et al. 2020). Besides, 

given that 85% of employees think that WFH is here to stay (Baert et al. 2020), 

understanding telework practices has become even more important. In Chapter 5, I build 

hypotheses based on the theories in the literature and test them using a company’s data 

from before and after their transition to WFH. Thus, I seek answer to such questions: 

x Which work practices are expected to change when employees transition from 

BAU (business as usual) to WFH?  

x Does chat communication increase, why? 

o Does chat increase within teams or cross teams more, why? 

o Does chat increase within offices or cross offices more, why? 

x Does asynchronous communication outside business hours increase, why? 

x Do women work after-hours more during the pandemic, why? 

x Do employees respond faster to email and chat messages, why? 

x Do we see less long-meetings and more short-meetings, why? 

x Do cross-level communication increase (both in chat and meetings), why? 

x How can we test these theories during COVID-19 using workplace ICT data? 
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x What can managers do to monitor their organizations’ health, in particular 

during collective stress situations such as in the COVID-19 pandemic? 

1.4 Research Outputs 

This dissertation is based on four essays, two of which published in peer reviewed 

journals, one of which has been accepted to a full-paper peer-review conference, and one 

of them is accepted to a special track of a conference. Chapter 2 is built on an earlier draft 

of the journal article (Burger et al. 2019) (which I initiated and cowrote with a fellow 

PhD student). Chapter 3 is based on the full-paper-peer-reviewed conference paper (Oz 

and Bisgin 2016) which was extended later to a journal paper (Oz, Havens, and Bisgin 

2018). A shorter version of Chapter 4 has been accepted to SBP-BRIMS 2020 (a peer-

reviewed conference) as a full-paper (Oz 2020). And a paper based on Chapter 5 has been 

accepted to SBP-BRIMS 2020’s special track on “Coronavirus-19: A Global Pandemic” 

(Oz and Crooks 2020). 

1.5 Organization of the Dissertation 

This dissertation consists of six chapters. This chapter (Chapter 1) first clarifies 

the main concepts in the dissertation by providing definitions and descriptions (section 

1.1). It then briefly discusses the solutions CSS offers to some of the issues in traditional 

collective stress research (Section 1.2). Section 1.3 is about (i) why solving this problem, 

and (ii) why solving this way (the CSS way). Finally, section 1.4 lists the publications 

that came out of this dissertation. Chapter 2 is where the paradigm of CSS of collective 

stress, and opportunities awaiting it are elaborated in more detail. It does this by 

reviewing the studies of disasters (and of other collective stress situations) in traditional 
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social scientific disciplines, crisis informatics, and computational social science; and, by 

closing the gaps between them. With Chapter 3, the dissertation moves on to the case 

studies and starts demonstrating how the vision proposed in Chapter 2 can be practiced to 

examine a collective stress behavior, attribution of responsibility and blame, using social 

media data on Flint Water Crisis. Building on the theories from organizational 

psychology, Chapter 4 introduces a stressor measurement method using data from 

commonplace workplace technologies. This is a solution-oriented chapter that guides 

employers in utilizing their communication and collaboration metadata to improve their 

organizational health. Chapter 5 examines the impact of mandatory telework (due to 

COVID-19) on work practices by comparing communication and collaboration behaviors 

of employees in a technology company before and after their employees’ transition to 

telework, using digital calendar, chat (workplace messaging apps), and email metadata. 

Finally, Chapter 6 concludes the dissertation and suggests future work. 
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CHAPTER 2 COMPUTATIONAL SOCIAL SCIENCE OF DISASTERS6 

Collective stress is defined as “a large unfavorable change in the inputs of a 

social system”, and disaster is a manifestation of it (Barton 1963). In his typology of 

collective stress situations, Barton (1963) considers three dimensions: (i) the scope of the 

affected system (e.g., national, regional, and social categories such as workforce and race 

riots); (ii) speed of onset and duration of stress: sudden (little or no warning), gradual 

(warning possible), continuing long-run (adaptation needed); and, (iii) the degree of 

institutional preparation (low/high). Accordingly, it is not the type of a collective stress 

situation (e.g. work stressors, fire, or flood) that matters in defining social responses but 

rather these dimensions. For example, when the community is pressed by difficult living 

conditions and when they see a lack of short-term improvement, they complain no matter 

what the source of stress is (see Chapter 3). Similarly, we expect similar workforce 

behavior when risks of a disaster or a pandemic last a while –e.g. adapting working from 

home and having work-life conflicts both during the COVID-19 pandemic (Chapter 5) 

and the Christchurch earthquakes (Donnelly and Proctor‐Thomson 2015). Accordingly, 

by examining social responses to disasters in this chapter, I am also studying collective 

stress. Therefore, the paradigm proposed in this chapter, computational social science of 

disasters (CSSD) can also be read as CSS of collective stress. 

 
6 An extended version of this work was published as (Burger et al. 2019). This version is based on a draft I 
initiated.  
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Collective stress situations and their economic impacts are trending, and studies 

suggest that the risks of disasters and pandemics will continue to increase in the near 

future (Dodds 2019). Despite the broad and increasing social effects of these events, the 

empirical basis of collective stress research is often weak, partially due to the natural 

paucity of observed data. At the same time, some of the early research regarding social 

responses to collective stress situations have become outdated as social, cultural, and 

political norms have changed. The digital revolution, the open data trend, and the 

advancements in data science provide new opportunities for collective stress research. 

Accordingly, in this chapter I introduce the term computational social science of 

disasters (CSSD), discuss and showcase the opportunities and challenges awaiting in this 

new approach to collective stress research. Following a brief review of the fields that 

relate to CSSD, namely traditional social sciences of disasters, computational social 

science, and crisis informatics, I examine how advances in ICT offer a new lens to 

examine collective stress. By identifying the gaps in the literature, I show how this new 

field could address ways to advance our understanding of the social and behavioral 

aspects of collective stress situations in a digitally connected world. In doing so, my goal 

is to bridge the gap between data science and the social sciences of disasters in rapidly 

changing environments.   

2.1 Introduction 

The frequency of disasters is on the rise (The United Nations Office for Disaster 

Risk Reduction 2018), and projections suggest the risk will increase into the future 

(Mechler and Bouwer 2015). However, progress in the field of disaster research 
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continues to be challenged by a multifaceted context with psychosocial, socio-

demographic, socioeconomic, and sociopolitical dimensions and associated shifting 

definitions of what qualifies as a disaster (e.g., Kroll-Smith and Couch 1991; Oliver-

Smith and Hoffman 1999; Perry 2007; Quarantelli 1988). These complexities lead to a 

broad range of questions pertaining to the social, psychological, cultural, political, and 

economic impacts. What are the interacting causal factors that lead to disasters? Who are 

vulnerable to disasters, which factors contribute to their vulnerabilities and to what 

extent? How can practitioners apply lessons from research to prevent and mitigate 

disasters? In addressing these questions, traditional social science methods for the 

collection of social data garnered from interviewing and surveying during or immediately 

after disasters remains a challenge. New methods and sources are arising from new 

technologies and the field of crisis informatics. As a result, many research conclusions in 

the field are limited due to a paucity (or “unobservability” (Wallace 1956)) of data 

(which will be discussed more throughout this chapter, especially in Section 2.6) and the 

fact that disasters are heavily context dependent and extremely heterogenous (Drabek 

1986). In an attempt to identify the deficiencies in the knowledge base of disasters, 

Tierney et al. (2001) stressed the need for more evidence to support the widely believed 

findings; similarly Quarantelli (2005) noted the disturbing deficiency of empirical 

disaster studies and the broad acceptance of empirical generalizations which rely on small 

or weak datasets. 

In addition to the inadequacy of large, empirically validated datasets, disaster 

research is affected by continuously adapting environments fed by ecological, social, 
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cultural, political, and technological changes (Cioffi-Revilla 2016b). Accordingly, some 

older research findings may no longer be relevant due to changes in society, culture, 

technology, etc. as will be discussed in Section 2.2 (Zald 1996). I would argue that while 

the research literature of disasters is often structured by discipline, understanding of the 

interacting social processes present in disasters is subsequently challenged by these same 

disciplinary stove pipes. The purpose of this chapter is to show how computational 

methods can cross over and break down the traditional barriers of the social sciences. I 

suggest that not only can computational social science (CSS: the study of social science 

through computational methods) provide new data sources and methodologies with the 

growing availability of information through advances in Internet technologies and the 

proliferation of the Internet of Things (IoT) and mobile devices (as will be discussed in 

Sections 2.3 and 2.4), but it has the potential to bring new theoretical and methodological 

insights to collective stress research (discussed in Section 2.5). 

The study of collective stress is the subject of many social science disciplines. 

Although sociology plays a leading role in disaster research and disaster-related 

policymaking, studies in this field leverage theories and methodologies from other 

disciplines, and hence disaster research is a broad and trans-disciplinary arena. Rather 

than research focused on purely one discipline, research pertaining to disasters is often 

understood in terms of its phases (preparedness, response, recovery, and mitigation). For 

example, in the preparedness phase, policymakers work alongside engineers and 

researchers to improve disaster planning and warning. Within the response phase, 

emergence is a core theme of disasters (and complexity science more broadly) and it has 



32 
 

been a significant topic of research in disaster science from a variety of disciplines 

(Drabek and McEntire 2003). Disaster recovery, a long and multifaceted process, 

intersects with the domains of various disciplines including psychology, economics, 

political science, tourism, and transportation. Finally, mitigation, which has received 

special attention since the 2000s, is studied by social geographers as well as 

environmental and sustainability scientists. “How is X affected by disasters, and what is 

the impact if preparedness, response, recovery, and mitigation factors were varied?” is a 

question that could be asked by any discipline studying X, whatever social phenomenon 

X may be. A century-long history of disaster research tells us in this respect that the 

trans-disciplinary nature of the field has kept evolving over time (Drabek 2005; Dynes 

and Drabek 1994; Quarantelli 2009). 

As information and communication technologies (ICTs), such as the Internet of 

Things (IoT) and smart mobile devices (including GPS and Bluetooth sensors), coupled 

with advances in Web 2.0 pervade every aspect of daily life (Crooks et al. 2015, 2017; 

O’Reilly 2009), they have also become ubiquitous in disaster events –e.g., (Boulos et al. 

2011; Meier 2015). Coinciding with this is the emergence of big data and advances in 

data analysis which are providing us with new ways to explore disasters. Approximately 

a decade ago, informatics researchers (i.e., computer, information, and communication 

scientists) coined a term to address this aspect of disaster research: crisis informatics. 

Building upon Kling’s (2007) definition of social informatics, I define crisis informatics 

as the study of the design, uses, and consequences of ICTs in times of crisis. Crisis 

informatics in this regard approaches behavioral data largely from a technology design 
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perspective and not necessarily for the purpose of studying the underlying social theories 

that explain the processes leading to the observed patterns in disasters. It is primarily 

interested in designing systems for better disaster management. However, by utilizing 

CSS, researchers leverage the additional themes and theoretical tools for studying social 

phenomena in disasters. These include: (1) social information retrieval and data mining, 

(2) modeling and simulation, (3) social networks and geospatial analysis, and (4) online 

crowdsourcing and experimentation (Cioffi-Revilla 2010; Lazer et al. 2009; Torrens 

2010; Watts 2013; Weinberger 2011). 

Building on CSS while leveraging what we know of crisis informatics and 

disaster research, I introduce the computational social science of disasters (CSSD). I 

define CSSD as an approach to explain the social dynamics of disasters via 

computational means by adopting the relevant parts of CSS, social sciences in disaster, 

and crisis informatics as depicted in Figure 5. With this approach, researchers can take 

advantage of the new opportunities in CSSD to advance a better understanding of social 

phenomena in disasters through a new set of research questions. 

In the remainder of this chapter, I intend to provide a comprehensive description 

of computational social science of disasters (Section 2.5). However, I first provided some 

background on the three scientific fields with which it overlaps with as depicted in Figure 

5. In Section 2.2, I briefly review the domains and the approaches of each of the 

traditional social science disciplines to disasters. Next, in Section 2.3 I describe the other 

encapsulating field of computational social science. Following this, in Section 2.4, I also 

discuss crisis informatics and its parent field social informatics as there have been 
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important developments in these fields that make use of “big crisis data” (e.g., Castillo 

2016). Section 2.5 elaborates on the components of CSSD and highlight some exemplar 

studies which capture certain elements of CSSD along with the challenges and 

opportunities it brings to the study of disasters. Finally, in Section 2.7 I provide a 

summary of the chapter. 

 
Figure 5. Relation of computational social sciences of disasters (CSSD) with other fields. 

 

2.2 The Role of Social Scientific Disaster Research 

As CSSD is a subset of the study of social sciences in disasters, in this section I 

provide some background about the findings and the methods of traditional social 

sciences, specifically sociology (Section 2.2.1), psychology (Section 2.2.2), anthropology 

(Section 2.2.3), organizational science (Section 2.2.4), political science (Section 2.2.5), 

and economics (Section 2.2.6). Instead of doing a detailed literature review in each of 

these disciplines, as it would be beyond the scope of any single paper to address them, I 
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rely on broad reviews and supplement them with additional references as needed. The 

summaries of each social science discipline cover an overview, theory highlights, 

questions of interest, methods used, and major findings. Interested readers are referred to 

the papers cited for more information about the disciplines’ long histories, approaches, 

and contributions to disaster research. It should also be noted that disaster and collective 

stress are important topics in other disciplines such as geography, ecology, and medicine. 

These are excluded from this paper for brevity but a sample of key reviews is provided 

(Arnold 2002; Burton, Kates, and White 1993; Gunderson 2010; Hewitt 2014; Noji 

1996). 

2.2.1 Sociology 

How do individuals, groups and societies behave in disasters and times of crisis? 

What are the underlying social processes? Under what conditions do behavioral patterns 

of social solidarity arise? How do these differ from those that lead to social conflict? 

What roles do gender, race, diversity, or economic inequality play throughout disaster 

planning, response, and recovery? These are just a small subset of the questions 

sociologists in disaster research address (Barton 1969), and a large body of related 

empirical work has been codified in works by Barton, Dynes, and Drabek (e.g., Barton 

1969; Drabek 1986; Dynes 1970; Dynes and Drabek 1994). Dynes (1994) observed, 

“sociologists in the disaster area have had a much greater influence in the development 

of science and public policy than in any other [comparable] area.” Two significant 

literature review papers on the sociology of disasters include Drabek (2005), who 

examined the major contributions of sociology and its methodologies, and Tierney 
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(2007), who found traditional disaster research too applied and established that disasters 

were not distinct events, but rather socially constructed by ongoing processes. In the 

following paragraphs, I review the theories, methods, and findings discussed in these 

papers and others. 

The dominant approach of the sociology of disasters has been event-based and 

integrated systems theory with the realist assumption that disaster existed at the 

intersection of physical agents or “hazards” such as earthquakes or tornados and 

vulnerable people and places (Quarantelli 1988; Quarantelli and Perry 2005). Tierney 

(2007) noted that systems concepts are all embedded in Fritz’s (1961) popular definition 

of disaster: 

"[a]n event, concentrated in time and space, in which a society, or a relatively 

self-sufficient subdivision of a society, undergoes severe danger and occurs such losses to 

its members and physical appetences that the social structure is disrupted and the 

fulfillment of all or some of the essential functions of the society is prevented". 

Early, significant findings of sociological research debunked the “disaster myths” 

that make up much of the cultural frames and media images of disasters, such as themes 

around social chaos such as panic, shock, ineffectiveness of local organizations, anti-

social behavior, and low community morale (e.g., Quarantelli and Dynes 1972; 

Quarantelli and Perry 2005; Wenger et al. 1975). In an effort to create an inventory of 

sociological findings in disaster research, Drabek (1986) discusses 146 themes, and 

places 654 major conclusions in the literature into a typology of system responses, in 
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which findings are classified into one of four disaster phases and six system levels. 

Drabek (1986) further identified two sub-phases for each of the four disaster phases: 

• Preparedness (planning and warning), 

• Response (pre- and post-impact), 

• Recovery (restoration and reconstruction), and 

• Mitigation (hazard perceptions and adjustments). 

Each phase is then studied at six levels: individual, group, organizational, 

community, society, and international. Levels are divided into themes (topics), in which 

major conclusions are acknowledged. A variety of theoretical insights and disciplinary 

approaches continue to lead researchers to struggle with definitions of disasters (Perry 

2007; Quarantelli and Perry 2005). As discussed, early sociological research focused on 

the “event,” describing disasters as a cycle of stability, disruption, and adjustment, 

whereas in social constructivism (e.g., Blaikie et al. 1994; Hewitt 1983)– there is a 

conceptual shift towards how events are constructed by social forces (Rodríguez and 

Barnshaw 2006; Tierney 2007). For example, Hurricane Andrew and the Chicago Heat 

Wave (both of which happened in 1992) were not isolated events caused by extreme 

weather; rather they were socially constructed by social and economic processes that led 

to inequalities and create vulnerable populations. Collective behavior, symbolic 

interactionism, organizational, and emergent social behavior have been among the most 

popular theoretical orientations in disaster research. In his discussion of “social science 

research agenda for the disasters of the 21st century,” Quarantelli (2005) found the 

earlier accounts narrow and suggested five formulations relevant to disaster research: 
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attribution theory from social psychology, satisficing theory from organizational theory, 

diffusion studies, network theory, and social capital. Attribution theory and satisficing 

theory can be applied to decision-making in the context of disasters, and diffusion 

studies, network theory, and social capital could help provide explanation for behavior 

arising from social relationships. 

The sociological methods of disaster research that have provided the basis of 

well-understood disaster theories are no different than any other sociological enterprise, 

but the context of disaster events creates unique methodological challenges, as noted by 

Stallings (2003) and Mileti (1987). Ethical and operational considerations are required to 

prevent physical and psychological harm to subjects and field researchers; compressed 

timelines prevent adequate time to develop theory, hypothesis, and research instruments; 

and the timetable of disaster events and research schedule is unforeseeable with a high 

degree of uncertainty surrounding potential subjects and behavioral events. Beyond the 

context of disaster, extensive coverage of the qualitative sociological methods used in its 

research is provided by Phillips (2014), outlining four main methods: interviewing, 

observation, unobtrusive measures (items or traces left behind by people), and visual 

research through records. In a critique of disaster research methods Phillips (2014) noted 

an over-reliance on “quick response research”, which usually spans a few days or weeks 

during the disaster response phase. In contrast, the longitudinal studies that can take 

months or years to cover the pre-disaster, recovery, and rebuilding phases are relatively 

rare (Phillips 2014). Quarantelli (2005) recognizes this reliance on retrospective and 

after-action interviewing rather than systematic field observations that would lead to 
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more reliable evidence. He also points to the dependence on convenience sampling in 

place of more established techniques for sampling rare populations such as 

disproportionate sampling and snowballing. Perry (2007) also notes “we need many more 

similar in-depth studies of widely believed findings about disaster phenomena that have a 

weak empirical base”. Last but not least, calls for research has also been made for more 

cross-national comparative research and more studies conducted in non-Western 

countries (e.g., Quarantelli 1979).  

2.2.2 Psychology 

Just as sociology of disasters reflects the qualitative nature of sociological studies, 

the disaster research conducted by psychologists is mostly quantitative as it is the 

common methodology in the field of psychology. The questions are formed to understand 

the human mind regarding preparation for and response to disasters. What leads some 

people to be better prepared for disasters than others? How can disaster preparedness be 

encouraged? How does disaster affect the mental health of individuals and their broader 

community? Psychology literature on disasters can be classified into two: preparedness 

for risk reduction and post-disaster psychopathology. The latter can be further 

categorized into four topics: i) empirical predictive (predicts contributions of variables), 

ii) empirical epidemiological (describes incidence at population level), iii) clinical 

descriptive (identifies symptoms found in disaster victims), and iv) clinical intervention 

(describes effectiveness of different intervention approaches) (Rubonis and Bickman 

1991). Methodology in psychology is aimed at identifying and testing the underlying 

mechanisms of people’s behavior and mental health. In disasters these methods include a 
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combination of screening and diagnostic reports and correlate a variety of psychosocial 

measures, such as insomnia, perceptions of safety, and changes in the ability to function. 

These are gathered through observation, interviews, and questionnaires, and they are 

integrated into structured experimental studies as well (Norris et al. 2006). 

Several meta-studies reviewed this literature and highlighted the major findings. 

For example, Rubonis and Bickman (1991) examined the relationship between four sets 

of variables (the characteristics of the victim population, the characteristics of the 

disaster, the study methodology, and the type of post-disaster psychopathology) by 

reviewing 52 studies. In a similar effort, Norris (2006) and Norris et al. (2002) reviewed 

the post-disaster mental health problems and risk factors in 225 disaster samples (from 

132 distinct events experienced by 85,000 individuals) quantitatively studied in the 

psychology literature. Also, more recently, Ejeta et al. (2015) identified the most 

common behavioral theories and models applied to disaster preparedness. Reviewing 33 

articles on preparedness (including preparedness for disease outbreak, flood, and 

earthquake hazards), Ejeta et al. (2015) found that the most common theories applied in 

the literature are the health belief model (Champion and Skinner 2008), extended parallel 

process model (Witte 1992), the theory of planned behavior (Ajzen 1991), and the social 

cognitive theories (Bandura 2001). In these studies, the main constructs of health belief 

model (perceived susceptibility, severity, benefits, and barriers), extended parallel 

process model (higher threat and higher efficacy), the theory of planned behavior 

(attitude and subjective norm), and the social cognitive theories (cognitive, affective, 

emotional and social influences) have been associated with disaster preparedness. 
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However, they also noted the theories were predominately applied to natural hazards and 

diseases, not to man-made hazards. 

In dealing with the effects of disasters, the review of the resources by Norris et al. 

(2002) found that theories on coping strategies (active outreach, informed pragmatism, 

reconciliation), beliefs (higher self-efficacy and optimism), social support (social 

embeddedness, received social support, and perceived social support), and conservation 

of resources (including objects, conditions, personal characteristics, and energies) help 

explain the moderators and mediators of psychological effects of disasters. In his analysis 

of methods in disaster research, Norris (2006) found in the literature that cross-sectional 

studies, after-only designs, convenience sampling, and small sample size were modal. 

However, one cannot measure the impact of a disaster on a community without a control-

group or actual pre-post studies. In this regard, both Rubonis and Bickman (1991) and 

Norris (2006) noted that outcomes of after-only designs, retrospective studies, large 

samples, and convenience samples were less severe than those of controlled designs. 

Indeed, Rubonis and Bickman (1991) tested the hypothesis that methodological rigor of a 

study is negatively correlated with the probability of achieving high effect size, and found 

strong support of this argument using univariate analyses. Both literature review papers 

also made analyses of trends and tested implications of methods for the effects observed. 

Regarding the more recent trends Norris (2006) has both good and bad news. Among the 

good news, developing countries are better represented and timing of first assessment has 

improved over time. In respect to bad news, sample sizes have not increased and even 

worse, use of longitudinal designs and representative samples have decreased. 
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Rubonis and Bickman (1991) found a small but positive relationship between 

disasters and psychopathology. Similarly, Norris (2006) found post-traumatic stress 

disorder (PTSD) to be the most common problem occurring in post-disaster studies. 

Norris et al. (2006) found in the literature that youth, developing countries, and victims 

of mass violence (rather than natural or technological disasters) are more likely to be 

impaired. On the other hand, Rubonis and Bickman (1991), in their analyses of impact of 

disaster characteristics on effect-size estimates found that human-induced disasters are 

less severe; i.e., a smaller identified effect-size when compared to natural disasters. This 

could appear contradictory at first glance; however, they think that ambiguity moderates 

this variable: i.e., the more ambiguous the disasters’ causes are, the larger the effect-size 

is presumed to be. Therefore, mass violence is viewed very differently than technological 

accidents and while the problem can be pinpointed in the latter, it is usually very unclear 

for the former. In addition, researchers found that among the adults they sampled, factors 

such as “more severe exposure, female gender, middle age, ethnic minority status, 

secondary stressors, prior psychiatric problems, and weak or deteriorating psychosocial 

resources most consistently increased the likelihood of adverse outcomes” (Norris et al. 

2002), while for the youth, family factors had the greatest effect (Norris et al. 2002). 

Overall, the psychological literature focused on preparedness and post-disaster 

psychopathology, showed the mental effects of collective stress situations and provided 

effective coping mechanisms. 
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2.2.3 Anthropology 

Approaching with holistic and comparative perspectives on disaster research, 

anthropologists study all aspects of human life - environmental, biological and 

sociocultural - as they relate to disasters. Their work focuses on the interconnections 

between cultural, social, political, economic, and environmental domains to provide 

explanations for cultural systems in disaster. Anthropologists ask questions such as how 

do people and cultures understand disaster? How does culture drive socio-cultural 

processes and responses to disasters? and how do these processes interact with the 

corresponding physical and technical processes? Anthropological studies cross scales, 

from the local to global and back; explore not only the external physical relationship 

between human and environment, but also the internal meaning that humans produce to 

understand and interpret their experience; unravel long-term processes of cultural 

adaptation to changing social and physical environments as revealed in archeology and 

history; and reveal power dynamics in the social structures of individuals and groups. 

As a result of these analyses anthropologists have uncovered complex interactions 

between physical, biological, and sociological systems (Hoffman and Oliver-Smith 2002; 

Torry et al. 1997) that involve people’s adaptations to and manipulations of their physical 

environment and construction of sociocultural institutions, beliefs, and ethos. As part of a 

social process these interactions produce disaster, the event that involves a potentially 

destructive natural or technological agent and a population under varying conditions of 

vulnerability (Button 2010; Hoffman and Oliver-Smith 2002; Oliver-Smith and Hoffman 

1999; Torry et al. 1997). Anthropological work has shed light on the social production of 
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disasters and the social structures that contribute to vulnerability and risk (Oliver-Smith 

and Hoffman 1999). Theories of “embodiment” have contributed to better understanding 

of how culture affects individuals experiences, along with how they comprehend and 

cope with traumatic experiences (e.g., Green 1998; Henry 2005; Kleinman et al. 1997; 

Samuels 2016; Sword-Daniels et al. 2018). Comparative work on multiple cultures has 

illuminated how different societies respond and adapt to environmental changes (Crate 

and Nuttall 2016) and disasters with responsive belief systems and coping strategies 

(Oliver-Smith 1996). Longitudinal studies have shown how societies cope and adapt 

through multiple disasters (e.g., Doughty 1999). 

According to Oliver-Smith and Hoffman (1999) there are four interrelated 

emerging major trends in anthropological disaster research: archaeological (historical), 

political ecology, sociocultural behavior and change, and applied (practicing) 

anthropology. Archaeological trend investigates how people responded to catastrophes 

that took place a thousand years ago and their impact on subsequent social and cultural 

evolution. Political ecology trend examines how contemporary social order (such as 

consumption-based industry) magnifies hazards and further affects societies all over the 

world. Sociocultural behavior trend looks into how a culture interprets disasters and how 

it changes after experiencing them. Last but not least, applied anthropology studies how 

culturally aware relief programs are and how they can be improved. 

What differentiates anthropology from other social disciplines in disaster research 

is not only its emphasis on cultural comparison, but also the qualitative, contextual data 

gathered in the ethnographic methods, such as from interviews, longitudinal participant 
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observations and linguistic analysis. These contexts of disaster reveal the heterogeneity of 

disaster experiences in multiple realities and decision-making rationalities. With its 

holistic approach the field has the potential to fill methodological and theoretical gaps 

between the intersecting disciplines that study disaster. In practice, its bottom-up 

approach balances top-down biases in emergency management and enables incorporation 

of local technical knowledge, insight, skills, and needs (Henry 2005; Ride and Bretherton 

2011). Conversely, the challenge of this field is that the complex and context-rich studies 

can become so specific in culture and context as to limit them for general application. 

Anthropology has also been criticized for privileging local knowledge and 

problematizing the dominant modes of relief efforts (Henry 2005). 

As disasters affect every feature of society and its relations with the environment 

and its individuals and communities, anthropology’s holistic approach uniquely qualifies 

the field to study the processes of disaster and interactions that cut across domains. We 

can look at the findings of anthropological research temporally, studies explaining 

processes in pre-, (early) response-, and post-disaster phases. Anthropology has given 

special attention to structural conditions of pre-disaster vulnerability such as gender 

inequality, global inequities, endemic poverty, racism, a history of colonial exploitation, 

imbalances of trade, and underdevelopment (Henry 2005), and set them in the context of 

historical processes (Barrios 2017). In responses to disasters the themes that have been 

studied include changes occurring in cultural institutions (e.g., belief systems), within 

political organizations (i.e., power relations between individuals, the state, and 

international actors), and within economic systems (e.g., allocation of resources). For the 
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post-disaster phase, a great deal of anthropological work criticizes various actors, 

including the relief programs, for their top-down, non-flexible strategies in which the 

affected population are overlooked (which is in line with the sociological findings); or the 

way the media portrays the victims by appropriating their painful experiences to be 

marketed to attract more donations. 

2.2.4 Organizational Science 

Organizations prepare for and respond to disasters. Business continuity plans of 

organizations used to be only about IT, but since 9/11 they started to include human 

assets as well (Gill 2006). Sometimes the “epicenter of a disaster” is a workplace, like the 

9/11 terrorist attacks. In such cases, researchers ask questions such as: How the 

employees working in the World Trade Center were affected by and recovered after the 

events; what kind of organizational changes helped them in their transition to business as 

usual (North et al. 2013)? Yet, employees and organizations are not affected only by 

disasters that hit them specifically, but they are also disrupted by broader collective stress 

situations –e.g., pandemics, earthquakes, fire, and hurricanes. In pandemics such as 

SARS and H1N1 (bird flu), authorities have recommended and even mandated physical 

distancing, and shut down of offices (Gill 2006). One particular element of the business 

continuity plan that has become a rescuing solution during such times is working from 

home (WFH), also known as telework (Sato 2013). 

The extent of transition to telework and the unpreparedness to it is unprecedented 

during COVID-19 (Sinclair et al. 2020), and this made some researchers very pessimistic 

about its impacts on the workforce (Molla 2020). The general workforce statistics of 
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COVID-19 are very scary indeed: asked about the changes in their employment status 

(within four weeks), about twelve percent of respondents (nationally-representative 

sample of the US population) reported that they were laid off, and more than one third 

said that they transitioned to working from home (Brynjolfsson et al. 2020). The 

“accidental teleworkers” are fortunate that they are able to work from home and have not 

been laid off. Maybe because of this situation, when asked whether they were globally 

satisfied while working more at home because of the COVID-19 crisis, most of the 

respondents said that they were (Baert et al. 2020). But still, compared to four weeks 

earlier, it was found that software developers had lower wellbeing and productivity while 

working from home due to COVID-19 (Ralph et al. 2020). Beyond the impact of the 

pandemic itself (i.e., shelter-in-place orders, business closures, uncertainties about the 

virus, etc.), this could be because of having no telework training. The literature on the 

impacts of telework on wellbeing is positive in general but there could be negative 

impacts too (Beauregard et al. 2019). In particular, telework might cause information 

undersupply (which leads to role ambiguity), employee disengagement, and professional 

and social isolation (Sardeshmukh, Sharma, and Golden 2012; Weinert, Maier, and 

Laumer 2015). 

How are employees affected from a disaster/pandemic, and what can managers do 

to help mitigate the strains? How should return to work be planned? These are some of 

the questions organizational scientists ask about disasters. In this regard, using employee 

data (N=1800) collected after ten months of the 2011 Oslo bombing attack, researchers 

found that lower role conflicts, higher role clarity, higher predictability, and higher leader 
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support were independently associated with lower psychological distress (Birkeland et al. 

2015). In an attempt to identify employee groups particularly vulnerable to outbreak 

regulations, Blake et al. (2010) found that when employees’ jobs do not allow them to 

work from home, when there is no paid sick leave, and when income is low, one is 

unlikely to comply the recommended rules during pandemics.  

Organizational scientists are interested in emergence and organizational 

complexity during disasters. The ways in which digital humanitarians emerge and their 

organizational behaviors and interactions have been studies. In this regard, Mao et 

al. (2016) experimented on a realistic crisis mapping task to test the relationship between 

team size and productivity, a question of broad relevance across many disciplines 

including economics, psychology, and management science. Also in this line, Meier 

(2015) examined how digital humanitarians help make sense of big crisis data by 

crowdsourcing social media messages, satellite and aerial imagery, and examined the 

ways in which AI (artificial intelligence) based systems can be developed. 

Finally, several studies examined the change in work practices of employees who 

transitioned from in-office work to work from home (WFH) due to the COVID-19 safety 

requirements (e.g., DeFilippis et al. 2020; Donnelly and Proctor‐Thomson 2015; Ralph et 

al. 2020) and Chapter 5 (Oz and Crooks 2020). Among them, only my study is theory 

based and examines heterogeneity effects. Chapter 5 found that “(i) cross-level 

communication increased more than that of same-level, (ii) while within-team messaging 

increased considerably, meetings stayed the same, (iii) off-hours messaging became 

much more frequent, and that this effect was stronger for women; (iv) employees respond 
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to non-managers faster than managers; finally, (v) the number of short meetings 

increased while long meetings decreased.” These findings thus contribute to theories on 

organizational communication, remote work, management, and flexibility stigma. 

2.2.5 Political Science 

Political scientists were not present at the foundation of the modern disaster 

research field, and many, were reluctant to study disasters because they viewed disasters 

primarily as engineering problems, or they maintained the widely held moral stance that 

there should not be a “politics of disaster” (Olson 2000). Others argued that disasters are 

intrinsically political events. Do disasters foster cooperation or conflict? In which 

conditions is one or the other manifested, and why? Although these questions were asked 

earlier by sociologists –e.g., (Dynes and Quarantelli 1975), more recently political 

scientists in the conflict resolution and international relations fields started to investigate 

it with the greater amount of data that has been collected over the recent decades. 

Disaster research can be grouped in four subfields of political science: electoral behavior, 

conflict resolution, international cooperation and humanitarian aid, and political economy 

(Cooper, Olson, and Van Belle 2005). I will discuss the first three here and review the 

political economy aspects of disasters in Section 2.2.6 under economics. 

Elections are proxies for how voters judge incumbent politicians in preparedness 

and response to disasters, and they are an important factor in the field of electoral 

behavior –e.g., (Lau 1985). Attribution of responsibility is known to be a key issue in 

political decision-making as Iyengar (1994) writes: 
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 “individuals tend to simplify political issues by reducing them to questions of 

responsibility and their issue opinions flow from their answers to these questions”. 

Besides, blame –which is likely to occur in response to disasters– carries far more weight 

in voting behavior than that of credit (Lau 1985). In addition to these theories of electoral 

behavior, theories on conflict resolution are also tested and developed by political 

scientists. 

Regarding the findings in conflict resolution, one study on earthquakes argued for 

example that disasters increase scarcity of resources, which in turn provoke frustrations 

that lead to anger and violence (Brancati 2007). Some recent studies statistically showed 

a link between rapid-onset disasters and the likelihood of conflict and rebellion –e.g., 

(Brancati 2007; Nel and Righarts 2008). While investigating the impact of disasters on 

civil war, researchers found that “natural disasters significantly increase the risk of 

violent civil conflict both in the short and medium term, specifically in low- and middle-

income countries that have intermediate to high levels of inequality, mixed political 

regimes, and sluggish economic growth” (Nel and Righarts 2008). Others studied more 

basic dynamics behind these behaviors. In this respect, studying the repression dynamics 

following rapid-onset disasters, researchers showed that repression is likely to increase 

after a disaster but inflows of aid reduce its intensity (Wood and Wright 2016). So, in 

effect, research in politics and disasters has been primarily about how disasters affect 

politics, not how politics affects disasters. 

The politics of humanitarian aid and disaster response in the international 

community involve both the political interests of particular governments, such as U.S. 
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foreign disaster assistance (Drury, Olson, and Van Belle 2005), and the need to act 

cooperatively across traditional sovereign boundaries in international disaster assistance 

(Bose 1994). International disaster cooperation and assistance needs can arise from civil 

war and failed states, such as famine in Ethiopia or Africa, or from disasters that cross 

boundaries, such as cyclones and drought. Given the challenges of human-caused climate 

change, it is arguable that much of today’s extreme weather disasters are the result of 

failed political and economic systems. 

Most of political science studies in disaster research have been quantitative in 

their methodology, and a typical study statistically analyzes decades of data on disasters, 

incumbents’ preparedness and response, and election returns. For example, Brancati 

(2007) capitalized on earthquakes as natural experiments and examined the impacts of 

earthquakes on inter-state conflict through a statistical analysis of 185 countries over a 

period of 27 years. Similarly, Nel and Righarts (2008) statistically analyzed a dataset of 

187 political units over 50 years to see whether disasters increase the risk of violent civil 

conflict in a society. Empirical evidence has shown a relationship between politics and 

disasters. For example, political considerations may explain half of all federal disaster 

relief in the US (Garrett and Sobel 2003) and may determine whether a president decides 

to issue a disaster declaration (Downton and Pielke Jr 2001). At times politicians are 

either viewed as merely ineffective in coping with disasters or causing the disasters. In a 

character study of a senator, the reason for his losing the election was depicted as a 

natural disaster: “he couldn’t make it rain, and now we’ve got him down!” (Connelley 

1909). In this respect, Gasper and Reeves (2011) found a negative relationship in the U.S. 
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between disaster damage and the share of incumbent votes for presidents and governors. 

Another study in this line, which reflects upon citizen competence and government 

accountability, showed that “voters reward the incumbent presidential party for 

delivering disaster relief spending, but not for investing in disaster preparedness 

spending” (Healy and Malhotra 2009). Now let’s turn to the studies of disasters in the 

discipline of Economics. 

2.2.6 Economics 

The economic impact of disasters, and incentives for preparedness and response 

are two major areas of disaster studies. How do disasters affect state and local 

economies? What are the economic tradeoffs between instituting policies for economic 

growth versus those for disaster risk mitigation? How is the overall (economic) 

vulnerability of a population estimated? How can the macroeconomic resilience to 

disasters – i.e., the ability of an economy to cope with disasters – be measured? These are 

a small subset of the questions that economists ask regarding disasters and their economic 

impacts (Hallegatte 2015). Particularly, political economists ask: why do some 

governments prepare well for disasters while others do not? What are the economic and 

political incentives of the governments in their disaster related investments? 

Examining basic economic indicators from a number of economic literature 

review papers, Kellenberg and Mobarak (2011) found that disasters have significant 

impact on short- and long-term gross domestic product (GDP), social and human capital, 

and the labor and real estate markets. They also showed that between the period of 1970 

and 2008, while the number of people affected by disaster has remained steady, the 



53 
 

number of deaths has decreased while the cost of disasters in the Organization for 

Economic Co-operation and Development (OECD) countries has increased. Of interest to 

economists is the risk profile of a country and which would most benefit from disaster 

risk management policies such as strengthening institutions and building standards, 

improving insurance markets, reducing corruption, and instituting more advanced 

warning and emergency response systems (Kellenberg and Mobarak 2011). In addition to 

this, it has been shown that educational attainment, openness, and a strong financial 

sector can reduce the number of deaths due to disasters (Toya and Skidmore 2007). To 

find out the extent to which disasters affect the economy of a country, Albala-Bertrand 

(1993) examined the effects of disasters on the growth rate of output of six countries by 

means of a quantitative macroeconomic model. Other economists have observed the 

increasing costs of disasters and studied how international aid to disaster victims could 

help protect people or improve economic outcomes (Strömberg 2007). Some political 

economists have argued that presence of international aid makes governments 

underinvest, in the extreme: “governments can deliberately neglect a population so as to 

attract –and steal– humanitarian aid in the event of a disaster” (Cohen and Werker 

2008). In this regard, researchers found that “foreign and public disaster response may be 

better used to help actual victims and affected activities directly than to proceed on the 

rather unsound prima facie belief that the economy will be heavily affected by the 

disaster” (Albala-Bertrand 1993). 

While many economists have made analyses across multiple disasters, others have 

developed new economic measures for disasters or have been drawn to specific types of 
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disaster or a case study of disaster such as Hurricane Katrina. Zahran et al. (2011) for 

example, developed quantitative measures of the mental health impacts of Katrina to 

explore the economics of disaster risk, social vulnerability, and mental health resilience. 

Yang (2008) explored the impact of hurricanes on the global economy through changes 

in international financial flows (i.e., financial aid and migrant remittances). Accordingly, 

as Hurricane Katrina has been of interest to all social scientists –because it was a 

catastrophe and a great governmental failure at all levels– economists have been no 

exception. In particular, Katrina has been studied to find economic reasons for 

governmental failure in disasters, and to measure the socioeconomic costs of disasters. 

For instance, Shughart (2006) listed three economic reasons for government failure in 

Katrina: (1) maintaining existing infrastructure was cheaper than renewing the levees, (2) 

unlike private corporations, politicians and bureaucrats have weak incentives, and (3) 

public policies such as promises of grants, loans, tax breaks, low-interest loans, and 

insurances had unintended consequences. In another Katrina related study, using U.S. 

Center for Disease Control’s (CDC’s) Behavioral Risk Factor Surveillance System 

database, Zahran et al. (2011) investigated the relationship between individual exposure 

to hurricanes and poor mental health days, and evaluated the economic costs of mental 

health days on focal populations. Their calculations showed that disasters regressively 

punish disadvantaged population strata, with “single mothers suffering disproportionately 

higher income losses” (Zahran et al. 2011). Regarding methods, we find that traditional 

social research methodologies exploring the economic impacts of disasters include 

surveys, global, state, and local measures of GDP, and market reporting. 
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Economists have examined the impacts of the COVID-19 pandemic from many 

perspectives. Comparing to the biggest pandemics in the last century (including the 

Spanish flu), researchers found that no others affected the stock market as badly as 

COVID-19, and the main reason they found for this is the government restrictions on 

commercial activity and voluntary social distancing (Baker et al. 2020). Examining the 

pandemic’s impact on global poverty, they found that global poverty may increase for the 

first time since 1990 (Sumner, Hoy, and Ortiz-Juarez 2020). Others conducted surveys 

and reported on COVID-19 related business closures of small businesses –restaurants and 

tourism/lodging are affected the most with 19% and 25% expected survival rates under a 

six months crisis– (Bartik et al. 2020), and provided statistics on recent layoffs (12%) and 

remote work (34%) (Brynjolfsson et al. 2020).  

2.2.7 Summary 

Traditional social science studies of collective stress situations have provided the 

foundation of our understandings of social aspects of these situations, and they continue 

to contribute research findings and increase our knowledge base. Specifically, we have 

seen that sociological research have been primarily qualitative, exploring social 

organizational behavior scaling from individuals to global institutions, and temporally 

ordered by four main phases of disasters (i.e., preparation, response, recovery, and 

mitigation); while psychological research skews more towards quantitative data and is 

focused on the individuals and the theories applied to preparedness, health, planned 

behavior, and psychological impacts of disasters. This later topic includes coping 

strategies, beliefs, social support, and the uses of resources to moderate psychological 
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effects (i.e., post-disaster psychopathology). Anthropology confirms the sociological 

temporal phase approach to disasters with special attention to the structural conditions 

resulting in vulnerabilities and organizational responses to responses to disasters. 

Organizational science thrives to identify best practices for organizational productivity 

during disaster times. Political science examines the local, state, and international politics 

of disaster and comparatively focuses less on the collective preparation for or mitigation 

of disaster effects on populations. Finally, the economic study of collective stress 

situations focuses on the economic effects of disasters, examining basic economic 

measures such as GDP, risk management policies, global financial flows, and financial 

policies. Unfortunately, progress in these sciences has been constrained by their 

respective disciplinary approaches and methodologies that cannot manage the quantity of 

events and data available for collection and study in disasters nor fully address the social 

and physical interactions that cross scales and boundaries. Additionally, while approaches 

such as case studies allow for in-depth analysis of these events, they provide limited 

confirmation of theory and are not generalizable to all events. In the next session, I 

discuss computational approaches applicable to disasters, starting with the general field 

of computational social science. 

2.3 Computational Social Science 

Lazer et al. (2009) characterized CSS as an emerging field “that leverages the 

capacity to collect and analyze data at a scale that may reveal patterns of individual and 

group behaviors.” Computational social scientists educate themselves in how to use and 

develop computational methods to address social science inquiries in the most effective 
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ways, and CSS introduces new opportunities for collaboration to study the problems of 

social processes that cut across disciplines. I discussed in Section 2.2 how each social 

science field has its own sets of questions and preferred methods to address them. Paired 

with the foundational work of social science disaster research, the new methods in the 

computational social scientist’s toolbox (as will be discussed below), coupled with new 

types of datasets that are now available (e.g., social media, workplace ICT data, 

crowdsourced data and digital data at large), make CSS a uniquely valuable field in 

addressing the more complex problems of disaster research. I would argue it is the 

integration of the variety of new datasets and computational analysis tools under the 

umbrella of CSS that strengthens the processes of developing and testing social theories. I 

discuss CSS in four main areas: automated information retrieval and open platforms 

(Section 2.3.1), social complexity and simulations (Section 2.3.2), social networks and 

geospatial analysis (Section 2.3.3), and online crowdsourcing and digital field 

experiments (Section 2.3.4). For a greater discussion of CSS, readers are referred to 

Cioffi-Revilla (2016a), Conte et al. (2012), Edelmann et al. (2020), Iliadis and Russo 

(2016), and Lazer et al (2009). 

2.3.1 Information Retrieval and Observational Data Analysis 

Advances in processing technologies have made automated information retrieval 

standard practice in the social sciences and these technologies can be used to detect 

social, behavioral, or economic patterns. In this area, information extraction algorithms 

are used to collect data from disparate sources, such as census records, economic data, 

newspapers, workplace ICT, search engines (query statistics), and social media, and to 
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conduct data mining and content analysis of verbal data, such as interviews, speeches, 

and legislative testimony (Cioffi-Revilla 2010; Crooks et al. 2016; Edelmann et al. 2020). 

Information retrieval was traditionally defined as “finding material (usually documents) 

of an unstructured nature (usually text) that satisfies an information need from within 

large collections (usually stored on computers)” (Kramer et al. 2014). Computational 

social scientists engage in this activity by collecting and analyzing any digital traces that 

potentially address their social science inquiries such as elections, international relations, 

and organizational behavior (e.g., Bruns and Burgess 2011; Crooks et al. 2014; 

Schuchard et al. 2018; Tumasjan et al. 2011; Waber 2013). There are technical challenges 

in this realm that include evaluation of item similarities, data scalability, time sensitivity, 

and privacy (Manning, Raghavan, and Schütze 2008; Waber 2018), and these will be 

discussed later in this section. 

To leverage new capabilities in information retrieval, many governments and 

companies are adopting open data policies that allow researchers to access and study 

these social data. Prominent examples of governmental initiatives include Data.gov in the 

US and OpenKenya (Republic of Kenya 2018) in the Republic of Kenya. Many academic 

and commercial platforms also have been established to increase the quality of data 

sharing, such as Dataverse (King 2007) and Kaggle (Kaggle Datasets 2020). The ever-

increasing popularity of social media, enabled by Web 2.0 technology, is expanding the 

sources and volume of social data relevant to our daily lives through social media 

applications, search engines, Question & Answer (Q&A) sites, social maps, and these 

open sources are allowing researchers to explore a vast range of topics, including 
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opinions during elections (Maynard et al. 2014), opinions on public health (Vraga et al. 

2018), data on disease outbreaks and tracking pandemic related discourse (Chen, Lerman, 

and Ferrara 2020; Cinelli et al. 2020; Stefanidis et al. 2017), and studies of the 

connections between people and places (Jenkins et al. 2016; Mearns et al. 2014) –see 

(Edelmann et al. 2020) for a recent review of data-centric CSS studies in business, 

psychology, education, political science, and in particular, sociology. Research has 

shown that search engine data (Google Flu Trends) and social media data (Twitter) 

actually improve influenza forecasting over traditional methods that use historical CDC 

data (Paul, Dredze, and Broniatowski 2014), and examining the quality of volunteered 

geographical information (VGI) found that non-authoritative data can match or even 

surpass the quality of authoritative sources (Mahabir et al. 2017). Therefore, the 

relevance and management of open-source data has become more important than ever, 

and such data are well-positioned to support the quantitative study of collective stress 

through the use of new computational methods, such as machine learning, natural 

language processing, sentiment analysis, and artificial intelligence (Shah, Cappella, and 

Neuman 2015). 

As is the case of information retrieval from any particular type of data source, 

datasets derived from social media and other open data platforms have strengths and 

weaknesses. Salganik (2017) described some of these characteristics with three viewed as 

strengths (voluminous, always-on, and non-reactive), and others as challenges 

(incomplete, inaccessible, non-representative, drifting, algorithmically confounded, dirty, 

and sensitive). As an advantage, the greater volume of data provides more indicators of 
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the manifestations of social behavior under study and supports detecting small 

differences with higher confidence levels that can influence and guide policy decisions. 

These sources can always be on (in the sense that social media platforms stream twenty-

four seven), allowing researchers to collect retrospective and longitudinal data. In 

addition, unlike social measurement sources such as surveys and interviews, they are 

“non-reactive” in that study “subjects” are unlikely to change their online behaviors in 

the presence of researchers. 

Given the opportunities these data provide, there are also many challenges to be 

addressed in their application to disasters. First, these data are “incomplete;” they usually 

do not include the demographic characteristics of the subjects providing data, the 

subjects’ behavioral interactions on other mediums such as text messaging, phone calls, 

or face-to-face are not known, and the construct validity can be questionable (Cronbach 

and Meehl 1955). Construct validity is particularly challenging because it can be difficult 

to find a valid measure of the social phenomena under study in the data. Second, the data 

is often “inaccessible” to researchers, because of legal, technical, business, and ethical 

barriers. Third, the data can be “non-representative” of the relevant social demographics 

and introduce biases. For example, it has been noted that on social media “age, gender, 

race/ethnicity, socioeconomic status, online experiences, and Internet skills all influence 

the social network sites people use” (Hargittai 2015), and depending on the platform, it 

may over-represent a segment of the population. Fourth, the data is “drifting” over time 

as features of the platform change. The populations actively using them change, and the 

way people use the platforms change. Fifth, the data is “algorithmically confounded” due 



61 
 

to behavioral influences engineered into the social platform, such as posted content, ads, 

or social competition. Sixth, the data is “dirty.” Junk messages created by bots and 

spammers can skew research results and need to be removed or cleaned from the dataset 

–unless that is the purpose of the study such as in (Schuchard et al. 2018). Seventh, some 

of the data contains “sensitive” information that could harm a subject if the data were to 

become public. Researchers need to be very careful when using big data and may need to 

take additional steps to de-identify and anonymize the information (Ali et al. 2018; S. 

Elwood and Leszczynski 2011; Salganik 2017) –which I will revisit in Section 2.5. 

People Analytics is a practice-oriented management and human resources field 

that informs people decisions in organizations with data (Waber 2013). The source of 

data includes HR systems as well as workplace ICT to measure organizational 

collaboration (Impink, Prat, and Sadun 2020). Workplace messaging apps such as Slack 

and Microsoft Teams, email and calendar systems such as Microsoft Exchange (Outlook) 

and Google Workspace (Gmail), virtual meeting systems such as Zoom, file system 

sharing apps such as Dropbox, and other task/workflow management systems such as Jira 

(common in engineering) and Salesforce (common in sales) provide information about 

the company culture and work practices. Data collected from such workplace systems do 

not have sampling/representation problems because data extracted from these systems are 

usually for the whole population (entire workforce in an organization). The major 

concern for such data collection is privacy and security, especially for communication 

data (Lazer et al. 2020). Giving analysts access to employees’ messaging content might 

not be worth the risk, therefore many practitioners only analyze metadata, i.e. who 
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communicates with whom (no content). Although such data is owned by the company, it 

is better to get explicit consent from the employees before analysts access their data, and 

be clear about the purpose of the analysis conducted (Waber 2018). 

Large-scale social data harvested from a variety of sources can be classified as 

part of a general category of “observational social data,” and these data vary depending 

on researchers’ interests and approaches. Their uses include identification of 

characteristics or patterns by quantitative and qualitative descriptions of individuals or 

groups, development of macro-level mathematical models of dynamics in data 

aggregates, identification of statistical relationships between variables and outcomes, 

examining the emergent patterns on the aggregate level, calibration of parameters in 

computational simulations, inference of social events, and forecasting social phenomena 

–see e.g., (Edelmann et al. 2020) for a range of uses of such large-scale data. 

 

2.3.2 Social Complexity and Simulations 

CSS is primarily interested in better understanding social phenomena, and it 

builds on a foundation of existing social science paradigms. Two of the more salient of 

these paradigms are social complexity and social simulations. Social complexity is a 

conceptual framework for understanding the increasingly complex interactions of 

individuals and societies as they interact and adapt to each other and their environment 

(Cioffi-Revilla 2014). A complex system is a system of subsystems (i.e., modules or 

components), whose intra-dependency is much stronger than inter-dependencies (Simon 

1996). Complex systems can be characterized by distributional or statistical laws, in 
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particular power laws, and computational tools and new computer language packages 

made these systems tractable for analysis. Beyond simple description, power laws and 

computational tools provide new theoretical perspectives of social phenomena including 

self-similarity, scaling, fractal dimensionality, self-organized criticality, meta-stability, 

long-range interactions, and universality (Cioffi-Revilla 2014). 

A basic feature of social complexity includes the idea that humans can be 

represented computationally by goal-seeking agents acting on their beliefs and in the 

interest of survival and individual desires. To achieve their goals, they adapt and interact 

with changing environments, construct artifacts, and form societies whose complexity 

can be measured by levels of polity and economy, that is, how it is governed and 

sustained (Cioffi-Revilla 2014; Macy and Willer 2002; Simon 1996). However, 

individuals and societies rarely have clear goals, and they exist in conditions of 

uncertainty. They cannot know all the potential alternatives in complex situations, cannot 

estimate every outcome or probability, cannot compute all the expected utilities, and thus 

they are unable to select the action leading to maximum utility, as dictated by utility 

theory (or utilitarianism) in neoclassic economics. Instead humans make decisions in 

states of bounded rationality, making decisions for the best outcomes given limited 

information and time. When rationally bounded agents seek goals and adapt to changing 

conditions their aggregate behavior leads to emergent, macroscopic phenomena that can 

be observed in classic social phenomena such as networks, organizations, polities, 

economies, and culture. Emergent phenomena become particularly interesting when the 

aggregation association is compositionally strong; i.e., when the goals sought are 
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common among some agents (Cioffi-Revilla 2014). The structure of socially complex 

systems is said to be near-decomposable, that is -modular and hierarchical. 

In investigating complex adaptive social systems, a promising set of modeling 

simulation tools, known as social simulations has emerged and is often called the third 

way of conducting social science research (Axelrod 1997). Social simulations not only 

allow discovering the consequences of theories in artificial societies, but by enforcing 

formalization in terms of coherent programs they play a similar role in the social sciences 

as mathematics does in the physical sciences (Gilbert and Troitzsch 2005). Simulation is 

an alternative to common static modeling approaches in social sciences: instead of 

modeling the interactions among variables, the social life is modeled “as interactions 

among adaptive agents who influence one another in response to the influence they 

receive (Macy and Willer 2002)” in an artificial world. The question of the generative 

social scientist is “how could the decentralized local interactions of heterogeneous 

autonomous agents generate the given regularity? (Epstein 2007)”. The primary reasons 

for using social simulations in exploring social phenomena are versatility, high 

dimensionality, non-linearity, coupled-systems, stochasticity, and experimentation 

(Cioffi-Revilla 2014). Let’s define each with a sentence: 

x Social systems and processes that could be investigated by social simulations exceeds 

other kinds of theoretical tools (versatility). 

x The number of possible states in a social world is innumerable (high dimensionality) 

x Nonlinear dynamics around local interactions is natural in social simulations (non-

linearity) 



65 
 

x Different kinds of entities and systems can interact with each other (coupled-systems) 

x One can easily examine the effect of stochastic dynamics (stochasticity) 

x It is impractical or unethical to do in vivo experiments, but that’s not the case in 

artificial worlds (experimentation) (Cioffi-Revilla 2014). 

A wide variety of techniques are used for social simulations, including discrete 

event simulations, systems dynamics, microsimulations, and cellular automata (for 

reviews, see Crooks et al. 2019; Gilbert and Troitzsch 2005). Agent-based modeling has 

become a dominant way of producing social simulations (Crooks, Castle, and Batty 

2008). A distinct advantage of this technique is that it provides the ability to explicitly 

couple autonomous agents with geographical information when space is relevant to the 

simulation –e.g., (Benenson and Torrens 2004; Crooks et al. 2019). Modeling people and 

their social systems is not without its challenges –such as dynamic systems, multivariate 

causation, and validation (Davis et al. 2017)–, but agent-based models (ABMs) can 

operationalize the characteristics of social complexity such as heterogeneity, autonomy, 

explicit space, local interactions, and bounded rationality in controlled experiments 

(Epstein 2007). 

Social life consists of heterogeneous agents and asymmetric systems, so in many 

cases it might not be appropriate to aggregate heterogeneous variables or subsume them 

in a representative symbol as we are forced to do in most existing analytic tools. No 

central force directs agents in ABMs. They are not top-down controlled. Rather, 

individual agents decide what to do for themselves (of course they might choose just to 

follow the norms emerging in their neighborhoods or in the society). Agents in ABMs 
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can live in a spatially explicit, simulated environment and interact with their neighbors. 

They have bounded vision (incomplete information) and computation (imperfect 

reasoning). Since agent-based modeling is well-suited to the object-oriented 

programming paradigm, they can be easily implemented in any object-oriented 

programming language such as Java or Python. What is more, several programming 

libraries and frameworks have been developed to facilitate the implementation of ABMs, 

such as NetLogo (Wilensky 1999), MASON (Luke et al. 2005), and MESA (Masad and 

Kazil 2015). Later in Section 2.5 I will discuss in greater detail how simulation and these 

modeling techniques are also applicable to the field of CSSD. 

2.3.3 Social Networks and Geospatial Analysis 

Social network analysis and geospatial analysis are two promising computational 

methods for studying the structures of social and physical spaces within which humans 

live and interact, especially with the advent of crowdsourced information and the rise of 

social media (Croitoru et al. 2014, 2017). Social network analysts see the social world as 

structured by a web of connected agents tied together by specific relationships 

(Wasserman and Faust 1994). Sociograms, which are graphical depictions of social 

networks, make social structure visible and tangible. Their representation in matrices and 

other visualizations allow researchers to examine the properties of large networks. There 

are different relational types of networks including directed (digraph), signed (valued), 

weighted, or multiplex, each of which reflect characteristics of social relations. The levels 

of analysis of networks at different levels (nodal, dyadic, triadic, n-adic, or at network-

level) provide insights about the structure of the social system under study (e.g., on 
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concepts, measures, and properties). Applications of social network analysis include 

human cognition and belief systems, decision-making models, organizations and meta-

models, supply chains, diffusion, organizational behavior (Oz 2018), and international 

relations –for a brief review of these see (Cioffi-Revilla 2014). 

Geography adds an important dimension to human interactions with their 

environments. Humans do not live in a spatial vacuum, and social reality is heavily 

dependent on spatial features. The gap between the geography and social sciences is 

addressed by geographers (Goodchild and Janelle 2010; Torrens 2010). Developments in 

geographic information systems (GIS), especially in the fields of spatial databases, 

positioning technologies, remote sensing, and geo-visualization, have made GIS a 

common tool in criminology, archaeology, public health, anthropology, economics, 

demography (Torrens 2010), and disaster research (Goodchild 2006). More importantly, I 

should note that GIS is not simply a set of technological tools; it brings “spatial thinking” 

to the social sciences (Goodchild and Janelle 2010) in the form of geographical 

information science (Longley et al. 2010). For example, Hu et al. (2017) developed a 

technique for grid-based tessellation of space which provides a systematic approach for 

prioritizing areas needing to be mapped by digital volunteers based on information value 

theory (Howard 1966). In this regard, geography has both benefitted from and 

contributed to computational social sciences (Torrens 2010). 

2.3.4 Online Crowdsourcing and Field Experiments 

Internet technologies have opened new frontiers in social collective action and 

knowledge and the gathering of scientific data in the forms of online crowdsourcing and 
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digital field experiments (see Chen and Konstan 2015; Haklay 2013; Hudson-Smith et al. 

2009; Kittur, Chi, and Suh 2008; Roche, Propeck-Zimmermann, and Mericskay 2013) for 

reviews. Crowdsourcing can be understood as the leveraging of information technologies 

for individual participation in collective processes (Howe 2008) such as crowdfunding, 

mapping applications like Waze, and citizen science data collection efforts –e.g., 

Christmas Bird Count (Society 2018) and Geo-Wiki (Perger et al. 2014). Internet 

platforms like Waze, Airbnb, and Ushahidi’s crisis mapping applications aggregate 

individual action and knowledge with computational tools that enable individuals to 

address ongoing social problems. A significant new set of tools in the hands of 

computational social scientists are micro-tasking sites, such as Amazon Mechanical Turk, 

that provide a virtual environment for social science experiments. 

Experimentation is the primary means for establishing causal relationships, and 

the cyber world is providing new opportunities (and challenges) for researchers to 

conduct large-scale experiments (Kittur et al. 2008). On the one hand, the “field” of the 

experiments, i.e., the Internet, narrows down the scope of the interventions only to those 

applicable in the cyber world, and it limits the ways subjects can be tracked. On the other 

hand, the increasing variety and prevalence of web applications in daily social life allow 

experiments with larger and more diverse subject pools in a shorter period of time and 

with greater participation. Researchers from different fields have conducted both field- 

and lab-like experiments in cyberspace to test the effects of controlled or natural 

interventions using various social computing platforms –for a recent survey of online 
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field experiments see (Chen and Konstan 2015), and for lab-like experiments see (Peer et 

al. 2015). These platforms include 

x micro-tasking sites such as Amazon Mechanical Turk (Berinsky, Huber, and Lenz 

2012) 

x question and answer sites such as Stack Overflow (Oktay, Taylor, and Jensen 2010) 

x collaborative encyclopedias such as Wikipedia (Cosley et al. 2007) 

x social networking sites such as Facebook (Bond et al. 2012) 

x e-commerce sites such as eBay (Ayres, Banaji, and Jolls 2015) 

x massive open online courses such as Coursera (Anderson et al. 2014) 

x sharing economy sites such as AirBnB (Fradkin et al. 2015) 

x dating sites such as OkCupid (Rudder 2014) 

x massively multiplayer online games such as World of Warcraft (Richter and Lechner 

2009), and 

x other platforms over which experimenters can exert greater control such as their own 

sites (Salganik, Dodds, and Watts 2006). 

Mao (2015) presented examples of how experimental approaches in studying 

social computing systems can improve the design of such systems and advance our 

understanding of human behavior in crowd-tasking activities during crisis mapping. 

Technologies used for interventions in these experiments include emails with different 

contents (Zhang et al. 2016), websites with different looks (Bakshy et al. 2012), bots with 

different strategies (server-side scripts) (Cosley et al. 2007), and browser extensions with 

different pop-up behaviors (client-side scripts) (Munson, Lee, and Resnick 2013). Other 
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design issues in online experimentation include recruitment of subjects (by natural 

selection or by sampling), random assignment, experiment ethics (informed consent and 

institutional review boards (IRB)), tracking of subjects (identification and 

authentication), and control conditions (placebo) (Chen and Konstan 2015). 

This section briefly reviewed the computational methods used and developed to 

support social science inquiries and discussed how CSS provides open-source data, new 

theories of decision-making, social processes of aggregated behavior, complex adaptive 

systems, and spatial and network structure, and new experimental methods in online field 

experiments and social simulations. I now shift our focus to crisis informatics, an area 

where computational methods intersect collective stress research and practice, but do not 

necessarily address social scientific research questions (but rather focus on design). 

2.4 Crisis Informatics 

The application of new computational methods to traditional fields of science has 

spawned numerous computational branches, such as digital anthropology, computational 

linguistics, and biometrics. As its name suggests, crisis informatics is a subfield of 

informatics, in particular, of social informatics, and I define it as the study of the design, 

uses, and consequences of information and communication technologies in times of 

crisis. As ICTs, IoT, and social media pervade every aspect of our lives, crisis 

informatics has increasingly become a critical tool in disaster preparedness, response, and 

recovery (Soden and Palen 2018). What is more, information management problems and 

ineffective use of these technologies have been cited as major factors for failures in 

disaster management (Hagar 2010). 
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The theoretical foundations of crisis informatics can be found in social 

informatics, and even earlier in socio-technical systems (Hughes and Tapia 2015). Social 

informatics goes back to the 1980s, when research interests were primarily focused on the 

impact of computerization on the quality of work (Fichman and Rosenbaum 2014; Kling 

2007). Social informatics itself is a subfield of socio-technical systems and concerned 

with the relations between social and technical systems (Trist 1981). The field of socio-

technical systems originated in 1950s from interest in optimizing the productivity of 

postwar industries and at a time when organizations started to be seen not only as social 

systems but also technical (Trist 1981). We can say that crisis informatics is a study of 

socio-technical systems that are designed to be used in times of disasters. 

When we look at the definitions in the literature, we see that the focus of crisis 

informatics has been on the design and development of ICTs. Crisis informatics: 

• “includes empirical study as well as socially and behaviorally conscious ICT 

development and deployment” (Palen et al. 2007), 

• “strives for socially and behaviorally informed development of ICT for crisis 

situations” (Hagar 2010), 

• “investigat[es] socio-technical interactions that occur during times of extreme crisis 

with an eye towards developing ways to support the mitigation of suffering” 

(Hourcade and Nathan 2013), and 

• “is dedicated to finding methods for sharing the right information in a timely fashion 

during [significant crises]” (Summarization 2015) –emphases are mine in all of the 

items quoted. 
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Crisis informatics researchers develop new technology capabilities as information 

and communication technologies advance and needs in disaster preparation and response 

practices emerge. ICT for disasters can be developed for use by digital volunteers (on- 

and off-site citizens, see Section 2.3.1) to allow them to crowdsource (i.e., micro-task) 

productively, as well as by disaster managers (formal response agencies) to provide them 

with contextual information to improve decision-making. This aspect of crisis informatics 

also enables effective coordination and collaboration between emergency responders and 

digital volunteers (Hughes and Tapia 2015; Meier 2015). For example, the lack of 

existing road information prior to the 2010 earthquake in Haiti complicated the disaster 

response, but it also motivated citizen volunteers to use crowd-sourcing applications to 

share and update road information as it was encountered on the ground. The large number 

of citizen volunteers resulted in Haiti becoming one of the best mapped road networks 

(Crooks and Wise 2013). To fully assess and realize the potential of these technologies in 

times of disasters, Hughes and Tapia (2015) comment that crisis informatics researchers 

must first understand the ways individuals and organizations “collect, organize, manage, 

access, share, coordinate and disseminate information within communities during crisis 

situations” (Hughes and Tapia 2015). Understanding how victims, managers, and 

volunteers obtain and use information constitutes a significant part of crisis informatics. 

For a recent review of the field, see (Palen et al. 2020). 

In the early days of crisis informatics research, many studies employed qualitative 

methods for both data collection and processing. Researchers manually monitored the 

social media (and other ICTs), and manually curated and classified the information. 
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These studies could be considered mostly descriptive and used formative and 

interpretivist forms of inquiry (e.g., Liu et al. 2008; Palen et al. 2007; Vieweg et al. 

2010). Recent advancements in computational and mobile technologies, the open-source 

culture, adoption of open data policies by companies and governments (e.g., Roy 2014), 

and the popularity of social media platforms have made the computational and data 

analytics aspects of crisis informatics both possible and necessary. 

Studies in crisis informatics have been both qualitative and quantitative, but the 

more recent studies of crisis informatics have been computational (e.g., Castillo 2016; 

Imran et al. 2015; Qadir et al. 2016). Palen et al. (2007) completed an ethnographic study 

of a human-induced crisis to understand what aspects of ICT were used, when, and how 

in the days following the 2011 Virginia Tech shooting event. In that study, researchers 

conducted 56 on-site, one-on-one, face-to-face interviews and manually monitored online 

activities of interviewees on social media sites including Facebook, Wikipedia and Flickr. 

As a subset of the study, several Facebook groups as well as Wikipedia editors 

participated in an online, collective problem-solving task to build the list of victims 

before Virginia Tech officially released the names. The study found that no single, online 

community group was able to come up with a complete list of victim names. 

Additionally, none of the online lists had false positives –i.e., people incorrectly listed as 

victims (Palen et al. 2007). Another research effort (Liu et al. 2008) completed a 

qualitative longitudinal analysis of six disasters as documented by Flickr postings, which 

was the most popular photo sharing platform at the time of the study. Among the findings 

was norm development through finding group purpose or tagging nomenclatures as 
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features of photographic contents are compared, categorized, and discussed. Vieweg et 

al. (2010) identified information features generated during emergencies. They manually 

curated the tweets with a geo-location (city, county, highway, place name, address), 

location-referencing (x miles from y), and situational updates (evacuation info, weather, 

and damage/injury reports). They further described and quantified the findings to inform 

the design of information extraction modules in software systems under development for 

crisis management. Similarly, Panteras et al. (2015) used place names paired with geo-

location information in tweets and Flickr to delineate the extent of a wildfire. 

Recent studies of crisis informatics are much more likely to employ 

computational methods. In the last few years several publications in the form of books 

and literature review papers discuss these methods. Castillo’s (2016) book “Big Crisis 

Data” focuses on methods for processing social media messages under time-critical 

constraints. While Castillo (2016) focused on computational methods, Meier’s (2015) 

book, “Digital Humanitarians: How Big Data Is Changing the Face of Humanitarian 

Response”, discussed crowdsourcing, the interplay between human curators (of satellite 

and aerial imagery, social media, and text messages), ICT, and the use of artificial 

intelligence in times of disasters. Imran et al. (2015) also reviewed computational 

methods and applications for social media data retrieval and processing in the crisis 

informatics literature. Others (e.g., Qadir et al. 2016) have discussed the history and 

future of crisis informatics and provided a taxonomy of crisis analytics. Of course, these 

new methods and new big data have not been immune to criticism. Spence et al. (2016) 

addressed the challenges of social media use for collecting data related to a disaster event 
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and the drawing of conclusive inferences from user generated content. The growing 

number of studies and reviews reflect an increasing interest in the application of crisis 

informatics to disaster events, particularly in preparedness and emergency response 

(Palen and Anderson 2016). 

Interest in integrating crisis informatics with the implementation and use of 

decision support systems in times of crisis is reinvigorating the application of decision 

support system research to the disaster field. This is due not only to the growth of data 

availability and its near real-time nature, but also advancements in decision support 

systems that increasingly allow the application of knowledge management tools for 

tactical, operational, and strategic decision-making (Arnott and Pervan 2016). Such 

systems have a long history in urban planning and disaster management (for reviews, see 

Brail 2008; Magiswary, Raman, and Kaliannan 2013). For example, systems have been 

built to aid decision-making during cyclones (Zerger and Smith 2003), floods (Shim, 

Fontane, and Labadie 2002), earthquakes (Fiedrich, Gehbauer, and Rickers 2000), 

evacuations (de Silva and Eglese 2000), disaster relief (Zhang, Zhou, and Nunamaker Jr. 

2002), and distribution (Fikar, Gronalt, and Hirsch 2016; Hadiguna et al. 2014) more 

generally. Advances in these areas of data collection and analysis linked to decision 

support science provide practitioners in the field of disaster and emergency management 

with not only basic real-time information, but also actionable tactical, operational, and 

strategic knowledge for improved planning and response. 

In crisis informatics the emphasis is on technology, computational methodologies, 

and data applications rather than explanation and theory. While the field has provided a 
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wealth of new data and analysis to the study of disasters and applications in disaster 

preparedness and emergency management, it has not put these advantages to use in the 

advancement of disaster theory. I will now discuss how a new field of CSSD can close 

the gaps between the social sciences of disaster and the computational fields of CSS and 

crisis informatics. 

2.5 Computational Social Science of Disasters 

Empirical and theoretic understandings of disasters can be found at the 

intersection of social science, computational social science, and crisis informatics 

research in a combination of theories of social processes, complex adaptive systems, and 

the information and application of socio-technical systems, as is shown in Figure 5 and 

discussed in the previous sections. As a subset of computational social science, CSSD 

brings these domains together in the study of social and behavioral aspects of disasters 

and related phenomena via computational means. We can now formally define CSSD as 

the systematic study of the social behavioral dynamics of disasters utilizing 

computational methods. Computational social scientists and researchers in crisis 

informatics who are interested in disaster research should draw from and build upon the 

large body of work in sociology (Drabek 1986) and the other social sciences discussed 

earlier. As has been argued (e.g., Quarantelli 2005; Tierney et al. 2001), there is a need 

for more evidence to support the social science findings from past quantitative studies of 

disasters. Through the lens of CSSD, disaster researchers can integrate new 

computational techniques, methodologies, and theory, which can then be used to test 

current understandings, develop new theories, and update policy recommendations with 
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respect to disasters. In the remainder of this section, I sketch out how CSSD appears in 

practice and offer recommendations for paths forward. 

The social science of disasters, CSS, and crisis informatics, as demonstrated in 

this review (earlier sections), have no distinctive ontologies, but each has a set of 

preferred methodologies to address their discipline’s research questions or goals. These 

methods are designed to bound each discipline’s research questions into tractable 

hypotheses for testing. However, these practices also isolate the disciplines into silos that 

are no longer able to address and test the interdependent, nonlinear processes that cross 

disciplinary domains. The social science of disasters remains largely dedicated to 

qualitative research and is thus unable to manage the wealth of new data in ICTs and big 

data or to quantitatively test the complex, nonlinear social processes evident in disaster 

events. Theories and techniques of CSS and crisis informatics provide data and tools for 

explaining underlying processes and predicting the outcomes of disaster events utilizing 

advances in ICTs; however, I would argue their work often provides only a superficial 

theoretical underpinning (or is disconnected) compared to that found in the traditional 

social sciences of disasters. In this respect, Palen and Anderson  (2016) find the 

marginalization of social science fields within the data science community as troubling. 

The marginalization of the social sciences is one of the key reasons I feel the need to 

define CSSD and highlight its potential for advancing disaster research. Unified around a 

common goal to understand disasters and provide knowledge and information for 

improved policy decision-making, the three fields contribute unique strengths to the study 

of disasters. The social science of disasters provides a deep background of theory and 
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explanation for behaviors in disasters, CSS brings theories of complexity and tools for 

studying complex phenomena, and crisis informatics contributes new forms of data 

collection and analysis. 

With the integration of these fields, we can fully implement our conceptualization 

of CSSD (depicted in Figure 6). As a data-driven, theoretically informed paradigm, 

CSSD leverages qualitative and quantitative approaches for gathering and analyzing data 

and developing and testing social theory throughout the stages of disasters, as shown in 

Figure 6. From the social sciences, theories and conceptual models should guide data 

collection and analysis and computer modeling and simulation. Computational techniques 

in CSS and crisis informatics such as digital tracing, online crowdsourcing, and aerial 

imagery provide the means for gathering data –e.g., crowdsourcing, Volunteered 

Geographic Information (VGI) (Goodchild 2011), social media, and online field 

experiments– using information communication technologies and smart mobile devices. 

These techniques also provide artificial intelligence algorithms and visualization tools in 

social network analysis (SNA), GIS, machine learning, and deep learning to analyze the 

data and retrieve evidence to develop, support, or update social theory. Data from ICTs 

make up the observational components of CSSD that lead to new hypotheses for online 

experimentation and validation of computational models such as ABMs. 

Data collection feeds data analysis, social theories, and computational models, all 

of which together form the main elements of CSSD. In the context of CSSD, these 

elements operate in continuous interactions, informing each other in cycles of discovery 

and explanation. Social theory and models provide us with the conceptual understandings 
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of the processes in disaster, thus they can guide data collection. Data should also inform 

the models and theories, because the data provide the patterns of disasters (e.g., 

population displacement, extent of property loss, etc.). Digital data containing various 

kinds of information (e.g., “big crisis data”) are collected from online sources such as 

news reports and social media platforms and are integrated with more traditional 

qualitative and quantitative data. Workplace ICT during crisis times can also be 

considered as a “big crisis data” source. These new forms of data guide the formation of 

hypotheses, which are built upon the findings of social science disaster research. These 

hypotheses are then operationalized by identifying relevant information in the data and by 

finding ways to represent and integrate them into the models. The quantitative or 

computational models are then calibrated and run in simulations. To complete the 

process, the limitations, generalizability, and implications of the work are examined and 

inform the next cycle of data collection, theory formulation, modeling, analysis, and 

testing. This continuous loop of data collection and model refinement is necessary for 

understanding the processes and phases of disasters and their evolving nature. Next, I 

outline the challenges and opportunities arising from CSSD. 
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Figure 6. Interactions of data analysis, computational models, and social theory in computational social science 
of disasters in particular, and collective stress situations in general. 

 

2.6 Challenges and Opportunities 

The field of CSSD encompasses a cycle of interactions in data analysis, 

computational models, and social theories in the scientific process, and as discussed 

above, we see examples of this in the literature. In reviewing the work of these areas, I 

hope it has become clear to the reader that, while each element of CSSD is present, the 

full conceptualization of CSSD has not been achieved. In particular, there is no 

significant published disaster research that completes a full cycle of interactions in data 

analysis, computational models, and social theories. Future work needs to close these 

gaps to take the advantage of the opportunities and address the challenges in this new 

field of study. 
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As with any emerging field, there are many challenges ranging across a wide 

spectrum of topical, technical, methodological, and ethical issues. Topically, we see an 

overreliance on case-study analysis in agent-based models, the disaster sciences, and 

crisis informatics research, caused in part by the context-dependent nature of disasters 

and the challenge of sharing data and models. Open science practices can support open 

exchange of research and allow for generalization to larger theory and replication with 

platforms sharing data –e.g., Dataverse project (King 2007)– and models –e.g., CoMSES 

(Janssen et al. 2008) and GitHub. The nature of most new sources of data collected (e.g., 

public polls and social media) has been short-term and post-event, and they contribute to 

understanding the processes of preparedness and response in disaster. CSSD needs to 

develop strategies also for obtaining longitudinal sources of data for the long-term 

processes evident in mitigation and recovery stages of disaster. 

 Challenges in achieving this, from a technical and methodological perspective 

include data collection and analysis bias. Algorithmic responsibility has both scientific 

and policy implications –as discussed in Section 2.3.1 and also in (Hargittai 2015; Lepri 

et al. 2018). Verification and validation are also problematic. For example, deep learning 

algorithms suffer from a lack of human interpretability because their machine learning 

processes operate in a black box and do not have intermediate measures to verify whether 

they are performing as intended. Validation (demonstrating that results align with real-

world outcomes) in this area also suffers from a number of issues, including a lack of 

high-quality, real-world datasets for comparison to model outputs. The complex subject 

matter of collective stress situations presents a challenge with the requirement of 
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analyzing heterogeneous variables and multiple interacting processes that prevent the 

isolation and evaluation of specific actors and processes. 

The greatest opportunity in CSSD is the wealth of data sources now available to 

researchers. Big data and ICT are providing new data sources in the forms of online data 

collection, social media, and VGI. These sources enable the quick mapping of roads and 

geographic terrain of disaster event areas, individual reports of events on the ground, and 

more sophisticated online data collection applications and organizations, such as 

Ushahidi, Missing Maps, and Humanitarian OpenStreetMap Team, that can now be 

implemented during disaster events. These data opportunities can be expanded with 

decision support science for improved decision-making in agent-based models such those 

used for wildfire training, incident command, and community outreach (Guerin and 

Carrera 2010). For instance, SimTable was used in the 2016 Sand Fire in California. Not 

only are these platforms being used to inform policy decision-making on aid, but they 

also provide easier post-event data collection using the footprints of digital activities. 

Because the collection of disaster information can be undertaken post-event and far from 

the event’s location, researchers can help address a major limitation in disaster research, 

“unobservability” (Wallace 1956). ICT has also opened up a new frontier in social 

science experimentation through the use of Internet platforms for online field 

experimentation; examples include Volunteer Science (Radford et al. 2016) and Amazon 

Mechanical Turk. Due to the inherent unpredictability of disasters’ effects, crisis 

informatics and other disaster studies are often vulnerable to an overreliance on post-

event data. Pre-event data is necessary to establish baselines of social phenomena and 
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event causation. VGI and ICT could be leveraged to gather these data with less cost and 

conduct digital tracing backwards from the time of any event. Workplace ICT also allows 

examining (i) workforce behavior during times of crisis, and (ii) organizational stress –

the latter is a “chronic” collective stress situation, unlike disasters, which can be 

considered as “acute” collective stress situations. Beyond ICT, there are opportunities in 

the use of new data analysis tools and packages widely available to data scientists that 

have made problems subject to multivariable causation and complex nonlinear processes 

both tractable and feasible on individual computer platforms. Use of observational big 

social data in CSS varies by researchers’ interests and approaches they prefer. These uses 

include identification of characteristics or patterns by quantitative and qualitative 

descriptions of individuals or groups, development of macro-level mathematical models 

of dynamics in data aggregates, identification of statistical relationships between 

variables and outcomes, examining the emergent patterns on the aggregate level, 

calibration of parameters in computational simulations, inference of social events, and 

forecasting social phenomena (Jungherr 2015). Machine learning can now be used to 

create knowledge and have moved beyond the domain of computer scientists into that of 

social scientists. It is being used by social scientists to extract new features from data, 

characterize population heterogeneity, improve causal inference, and aid policy decisions 

by offering predictions (Molina and Garip 2019). 

Finally, the data science community at large has yet to develop ethical standards 

for the collection and the handling of human subject data. Current work leverages 

existing standards in the social sciences, but there are risks and consequences of 
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aggregating this information into big data (Lepri et al. 2018). Privacy issues arise when 

analysis from data collected through ICT and social media –e.g., (Ali et al. 2018)– reveal 

more than what was intentionally provided, such as the identification of vulnerable 

individuals from the aggregated information. The level of detail available in big data 

increases the risk of de-identification to human subjects and requires mitigation with 

privacy and security controls in the use and protection of the data (Sarah Elwood and 

Leszczynski 2011; Waber 2018). 

2.7 Summary and Conclusion 

In this chapter, I explore three research domains that contribute to the modern 

understanding of disasters—the social sciences of disasters, computational social science, 

and crisis informatics. Social science lines of inquiry contribute to our fundamental 

understanding of the social processes and interactions at work in disasters (Section 2.2). 

However, disciplinary structures in academic research have prevented analysis of the 

complex social processes that cross traditional boundaries, such as scaling, long-range 

interactions, and tipping points. In addition, they have not been able to fully take 

advantage of the increasingly available sources of new data generated by the proliferation 

of Internet technologies and mobile devices (e.g., social media, volunteered geographical 

information, digital news, open data, etc.). I introduce CSS (Section 2.3), the exploration 

of social science questions through advanced computational techniques, to show how 

new forms of data analysis and computational models are providing a new lens with 

which to study the world around us. Moreover, CSS provides new theoretical 

underpinnings to explore the complexities and the interacting processes seen within 
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disaster studies. I do this because my goal is to close the gap between crisis informatics 

(Section 2.4) and the social sciences of disasters. The idea of CSSD is introduced to 

merge traditional social science research with the advances in CSS and crisis informatics 

(Section 2.5), and I discuss the opportunities and challenges of this new avenue of 

disaster research there. CSSD provides a trans-disciplinary approach to the study and 

management of disasters and moves beyond simply looking at disasters from a technical 

or social disciplinary perspective.  

Closing the gaps separating the social science of disasters, CSS, and crisis 

informatics, CSSD’s foundation in data collection, processing, simulation, and analysis 

provides new knowledge at a deeper level with new forms of data and longitudinal 

evidence. It is important to integrate these lines of inquiry. Techniques such as 

computational modeling allow us to explore the patterns of and responses to the various 

phases of disaster, especially in the era of big data, but they do not enable us to explain 

the processes behind them. The social sciences of disaster contribute theory and 

explanation for the complex social and environmental processes involved in the 

construction, mitigation, response, and recovery from disasters, but they do not have the 

data tools to collect, compute, and analyze the immense volume and potential interactions 

in disaster data. Together, these lines of inquiry allow for more thorough investigations of 

the interactions among the development of social theory, data collection and analysis, and 

computational modeling of disasters. Through CSSD, we are able to leverage advantages 

from these domains, go beyond disciplinary boundaries, and gain a deeper understanding 

of the social and behavioral aspects of disasters in a digitally connected world. 
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CHAPTER 3 ATTRIBUTION OF BLAME AND RESPONSIBILITY IN A MAN-
MADE DISASTER #FLINTWATERCRISIS7 

Attribution of responsibility and blame are important topics in political science 

especially as individuals tend to think of political issues in terms of questions of 

responsibility, and as blame carries far more weight in voting behavior than that of credit. 

However, surprisingly, there is a paucity of studies on the attribution of responsibility and 

blame in the field of disaster research. 

In this work, I investigate the attribution of responsibility and blame through 

social media in the case of Flint water crisis. I form hypotheses based on social scientific 

theories in collective stress research and then operationalize them on public responses 

available on social media. In particular, I investigate the source for blame, the partisan 

predisposition, the concerned geographies, and the contagion of complaining by testing 

the hypotheses on data collected from Twitter. 

The results demonstrate the utility of social media data in testing those 

hypotheses, which are rooted in sociology of disasters. The findings are not only aligned 

with the official reports listing the responsible officials for the source blame, but also 

reveal a partisan predisposition in regard to Democratic and Republican stances. The 

findings also confirm that closer geographies are more concerned in collective situations 

 
7 This chapter is based on two publications, one conference paper (Oz and Bisgin 2016) and one journal 
paper (Oz, Havens, and Bisgin 2018). 
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happening nearby, and that complaining about collective stress situations seems 

contagious in social media conversations. 

This chapter adds to the collective stress research by exploiting a new, rarely used 

data source (the social web), and by employing new computational methods –such as 

sentiment analysis and retrospective cohort study design. In this regard, this work can be 

seen as the first step toward drawing more challenging inferences on collective stress in 

the digital age. 

3.1 Introduction 

In the last decade of disaster research, there has been a proliferation of studies 

exploiting information and communication technologies (ICT) and computational 

methods for advancing emergency response. These same means can be used to address 

social scientific inquiries of collective stress research. In this regard, instead of trying to 

solve a software engineering or a disaster management problem, here I study the 

sociology of disasters from a CSS perspective. 

This study is an empirical one and the data is collected from a popular 

microblogging platform called Twitter. The reason it is called microblogging is that 

Twitter limits the length of the messages its users can send to 140 characters long, these 

short messages on Twitter are called “tweets” (after November 2017 Twitter increased 

maximum post length to 280 characters). By examining microblog posts on the Flint 

water crisis, my goal is to understand how citizens respond to a man-made disaster and to 

a governmental failure online. In particular I am interested in responses regarding 

attribution of blame and responsibility, which usually takes place in the recovery phase 
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of disasters. To study it, I first constructed theoretical hypotheses on top of existing social 

theories, and then operationalized them on unobtrusive, observational social media data 

via computational methods. 

Attribution of responsibility is a key issue in political decision making as blame 

carries far more weight in voting behavior than that of credit (Lau 1985). Moreover, 

“individuals tend to simplify political issues by reducing them to questions of 

responsibility and their issue opinions flow from their answers to these questions” 

(Iyengar 1994). Besides, attributions formed during states of national emergencies are of 

particular importance, especially because these attributions become shared memories of 

the entire nation and are long used as concrete examples of severity of consequences of 

wrong policy decisions. Although about thirty years ago Neal (1984) found it surprising 

that the process of blame was a neglected topic in disaster research, tracing over the 

citations that his paper has received to date and still not seeing any article particularly 

discussing blame, made me even more worrisome. In this paper, I contribute to this 

neglected field by testing theories of attribution of blame and responsibility on the Flint 

water crisis using new forms of data (the social web) and methods. In particular, I add to 

the collective stress research by addressing the issues of: i) sources for blame regarding a 

disaster, ii) partisan predispositions in the blaming behavior, iii) geographies that shows 

interest in the crisis the most, and iv) the contagion of complaining (homophily, peer or 

network effect, and selective exposure). 

Section 3.2 provides some background information about the Flint water crisis. 

Following it, Section 3.3 lays out my hypotheses along with the theories behind them. 
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While Section 3.4 describes the data and discuss the operationalization of the hypotheses, 

Section 3.5 reports on the findings. After discussing the related work in Section 3.6, I 

finally conclude the study by discussing its implications in Section 3.7. 

3.2 Background 

On Saturday, January 16, 2016, President Obama declared a federal state of 

emergency for an area in Michigan affected by contaminated water and authorized the 

Department of Homeland Security, Federal Emergency Management Agency (FEMA) to 

“coordinate all disaster relief efforts” (The White House 2016). When he later visited 

Flint, the most adversely affected city in Genesee County, he described the water crisis as 

“a man-made disaster” that was “avoidable” and “preventable” (Shear and Bosman 

2016), while not naming who in particular were responsible. 

For decades, Flint, MI used Detroit’s treated sources for tap water. However, 

Detroit’s double digit price increases every year have eventually made it the most 

expensive option (Longley 2011), and on March 25, 2014 Flint city council approved 

buying water from Karegnondi Water Authority (KWA) when it was to become active. 

Upon this decision, the “water war” started according to Detroit Water and Sewerage 

Department (DWSD), and DSDW gave a notice that it would terminate its contract with 

Flint in one year (Fonger 2013; Wright 2013). Flint had to find a temporary primary 

water source until KWA became effective, and by late April 2014, they decided to switch 

to Flint River temporarily. Reportedly the complaints about the tap water started right 

after this change (Force 2016). 
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According to Flint Water Advisory Task Force (FWATF) (Force 2016), the 

following seven entities are responsible for the Flint water crisis at various levels: 

Michigan Department of Environmental Quality (MDEQ), Michigan Department of 

Health and Human Services, Michigan Governor’s Office, State-appointed emergency 

managers (EMs), City of Flint, Genesee County Health Department’s, and U.S. 

Environmental Protection Agency (EPA). 

3.3 Hypotheses 

In “An Inventory of Sociological Findings”, Drabek (1986) discussed “blame 

assignation processes” at the community-level in the disaster reconstruction phase of his 

typology, in which he listed hypotheses on three topics: (i) when blame occurs, (ii) 

purposes of blaming and how they work out, and (iii) who those blamers are. Here, I 

build our hypotheses on top of this existing sociology of disasters research. Drabek also 

notes the scarcity of studies on blame assignment behavior in disaster research, by 

forming and testing hypotheses I hope my research helps reduce this gap of knowledge in 

the field. 

3.3.1 Source for Blame 

Animated by a desire for prevention of future occurrences, blame occurs 

especially when (i) conventional explanations fail, (ii) when the responsible agents are 

perceived to be unwilling to take action to remedy the situation, and (iii) when they 

violate moral standards (Bucher 1957). All of the conditions are present in the case of the 

Flint water crisis in the sense that (i) there is no conventional explanation for this man-

made disaster, (ii) almost all of the agents of responsibility were reluctant to respond in 
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time, and (iii) the public was deprived of a basic human right, the right to safe water. Yet, 

per condition (ii), every primarily responsible officer in the state “somehow payed the 

price” by leaving their posts, but Governor Snyder8 (Force 2016). Moreover, both 

Democratic presidential candidates demanded the governor to resign. Therefore, my first 

hypothesis goes: 

H1. The amount of blame directed toward Governor Snyder exceeds any other 

agent. 

3.3.2 Partisan Predisposition 

 Blaming an entire party or an ideology upon a particular crisis predisposes that 

person against that party/ideology. In disasters, sometimes blame is not seen as “a 

function of the immediate crisis, but that reflect pre-existing conflicts and hostilities”, and 

when biased or irrational factors play a role in the process of blaming, it is called 

“scapegoating” (Singer 1982) –cited in (Drabek 1986). One can relate this to the social 

identity theory (Tajfel 2010), which suggests that if someone is guilty then (s)he must be 

among the out-group (Simon and Klandermans 2001). Theories on partisan bias project 

this socio-psychological bias onto the political plane, suggesting that partisanship has an 

important influence on attitudes toward political elements (Bartels 2002). Accordingly, I 

expect people blaming a particular party/ideology to express more negative sentiments 

toward the figures associated with that party. In this case, some of these representatives 

 
8 They either resigned (e.g. EPA officials and emergency managers), were fired (e.g. the head of MDEQ’s 
drinking water unit), or their effective terms ended (e.g. the mayor). 
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are Democrat while others are Republican9, and for some, Flint poisoning is primarily a 

partisan issue –e.g. (Krugman 2016). Hence, my second hypothesis is: 

H2a. Individuals who assign responsibility to the Republican party or ideology 

show greater negative feeling toward the Governor (R) than those who blame 

Democratic party or ideology. 

H2b. Individuals who assign responsibility to the Republican party or ideology 

express less negative sentiment toward the Mayor (D) than those who blame Democratic 

party or ideology. 

3.3.3 Concerned Geographies 

Tobler’s (1970) first law of geography says “everything is related to everything 

else, but near things are more related than distant things”. In the case of Flint water 

crisis, this also relates to environmental vulnerability, suggesting that individuals who are 

at greater risk are more likely to express their concerns. Flint residents are under the 

highest threat, followed by the Genesee residents, followed by Michiganders. Therefore, I 

expect: 

H3. Expression of concern per capita is to be the highest for the city of Flint, 

followed by other cities in the Genesee county, followed by other cities and counties in 

Michigan. 

3.3.4 Contagion of Complaining 

Twitter is not only used as a social network but also as a news media (Kwak et al. 

2010). In the former case, individuals befriend with similar others (homophily) and 
 

9 The city council was made up of Democrats, the state of Michigan was ruled by a Republican governor, 
the Congress was controlled by Republicans, and the President was a Democrat. 
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influence each other (McPherson, Smith-Lovin, and Cook 2001). When Twitter serves as 

a news media, I expect ideological similarity between the user and who he follows as 

selective exposure suggests (Sears and Freedman 1967). Besides, one who hears a 

complaint is more likely to start complaining (positive feedback), and Kowalski offers 

three explanations for this in times of disasters (Kowalski 1996). Accordingly: 

H4. Individuals who express negative emotions on the Flint water crisis have 

friends more negative than that of individuals who talk more positively about the crisis. 

3.4 Data and Methodology 

One of the major advantages of social media research is that we are not bounded 

with a specific space and time for data collection. This helped overcoming a major 

limitation in disaster research, unobservability, as discussed in Chapters 1 and 2. Palen et 

al. (2007) also emphasized the advantages of crisis informatics in quick response 

research. On the other hand, availability of big data may also obscure the most relevant 

piece of information needed for an accurate conclusion (Spence et al. 2016). To this 

extent, in order to have most possible amount of data, this study did not restrict itself to 

tweets with geocoded information or to that contain a particular hashtag only, instead 

using TweetTracker (Kumar et al. 2011) it collected tweets that mention the keywords 

Flint and #FlintWaterCrisis. 
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Figure 7. Flint Water Crisis related events and tweets following federal state of emergency 

 

The data collection started on the day before the U.S. President declared a state of 

emergency for Flint. From Jan. 15 to Jun. 29, 2016 (163 days10), 664,775 tweets by 

281,535 unique users were obtained. Figure 7 illustrates the activity on Twitter by 

highlighting some of the major events that drew public’s attention11. These highlights 

include 

x The declaration of the federal state of emergency (January) 

x Governor Snyder hold a news conference (January) 

x First hearing in the Congress (February) 

x The Democratic party presidential debate in Flint (March) 

x Michigan primaries for both political parties (March) 

x Governor Snyder’s testimony before Congress (March) 

x Then President Obama’s visit to Flint (May) 

It appears that the public interest in the Flint water crisis has been limited and 

peaked at times of major political events. In this regard, the only day we hit the 50,000 
 

10 Data for the following days are missing due to collection issues: 01:23,24; 02:14,17-19; 04:28-30; 05:1-
3,7,13-25 
11 Since there is no major political event taking place after the President’s visit on May 4th, I truncated the 
figure for the sake of better visualization 
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daily tweet collection limit of TweetTracker was the day of the Democratic presidential 

debate that was held in Flint on March 6, 2016. I calculated sentiments of the tweets in 

our dataset using NLTK implementation of VADER because it was particularly designed 

for sentiment analysis for social media text12 (Bird, Klein, and Loper 2009; Hutto and 

Gilbert 2014). After collecting the tweets, four hypotheses were tested. Each of which 

required particular data collection and processing steps (manual labeling of the agents 

blamed; collecting bio information and geocoding location information; collecting friends 

and identifying their Flint related posts; calculating sentiment scores of posts) as depicted 

in Figure 8. In the rest of this section, I discuss how I operationalize the theoretical 

hypotheses put forward in the previous section. 

 

 
12 VADER’s sentiment lexicon includes emoticons, common slang words, and accounts for punctuation and 
capitalization. 
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Figure 8 Steps of operationalization 

 

3.4.1 Source for Blame 

My first hypothesis questions whether most of the blames are directed towards 

Governor Snyder. To learn if a tweet, or a phrase in a tweet, attributes blame or 

responsibility to any specific person or a group, I employed manual curation. First, based 

on the roles of government entities in the Flint water crisis listed in the background 

section and from our preliminary observation of our dataset I came up with eight 

candidates that are likely to be blamed. Then, I randomly selected five chunks of 200 

tweets from our original dataset and asked voluntary coders13 to label every tweet in a 

chunk with at least one of these predefined labels (candidates). If there is no blame 

 
13 Three of the coders were 2016 Summer interns in the Department of Computational and Data Sciences at 
George Mason University, and the other two were graduate students elsewhere. 
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attributed to any specific person or a group in a tweet, then it is labeled no blame. If a 

person or group is blamed but happens not to be in the candidates list, then those tweets 

are labeled as other. Multiple labeling was allowed in case a tweet assigns blame to 

several persons or groups. Curators were instructed not to label a tweet if they are unsure 

of the person blamed, and to indicate so. Distribution of these eleven cases is captured in 

Figure 9. To measure inter-rater reliability, each of the samples is created with 

approximately 10% overlap with any other sample (𝜎 = 19.1, 𝜇 = 2.5) 14. Then, to 

operationalize our first hypothesis I simply evaluate the number of tweets coded per 

category by the curators, for which I calculate a Fleiss’ kappa statistic for every possible 

coder pair. As visualized in the heatmap in Figure 9, most of the rater pairs are in the 

0.41–0.60 kappa range, which is interpreted as moderate agreement15 (Landis and Koch 

1977). 

 

 
14 Therefore, instead of 1000 tweets I ended up with 892 unique tweets labeled in total. 
15 That is, (52 = 10 pairs calculated. A perfect agreement would equate to a kappa of 1, and a chance 
agreement would equate to 0. 
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Figure 9. The bar graph shows the number of tweets attributing blame and/or responsibility to individuals or 
institutions. Some tweets are curated by multiple raters, the inset depicts the inter-rater agreement. 

 

3.4.2 Partisan Predisposition 

Is one’s decision who to blame purely a function of the immediate crisis, or does 

it also reflect pre-existing conflicts and hostilities (Bartels 2002)? To address this 

question, I examined relationship between explicitly blamed parties or ideologies and the 

sentiments expressed toward their representatives at administrative positions. I expect 

users who blame the Republican (Democratic) party or ideology to have a more negative 

sentiment towards the Republican governor (Democratic mayor) than those who blame 

the Democratic (Republican) party or ideology. In the manually coded tweets sample 

(Figure 9) two of the labels indicate tweets explicitly blaming parties or ideologies. A 

total of 62 (24) of the 892 labeled tweets found to be blaming Republicans (Democrats) 

for the crisis. After identifying these tweets, the individuals (Twitter accounts) who 
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(re)tweeted at least one of those tweets were examined. In total, 165 such users are 

identified in our main dataset, 136 of which blamed the Republicans, and 29 blamed the 

Democrats. 

To identify the tweets mentioning the governor of Michigan (G), the mayor of 

Flint (M), and the emergency managers (EM)16, I used keyword filtering and selected 

tweets exclusively mentioning the mayor or the governor as such:  

Let 𝑀 := 𝑀\(𝐺 ∪ 𝐸𝑀) represent the set of tweets that has only mayor-related 

tweets. Similarly, 𝐺 := 𝐺\(𝑀 ∪ 𝐸𝑀) gives the exclusively governor-related tweets. 

Within each of those sets, I looked at the sentiments of individuals blaming Republicans 

(R) and Democrats (D) separately. To measure statistical difference between those who 

blame R and D in their sentiments expressed toward G and M, I performed Kolmogorov-

Smirnov test, which is a non-parametric test that does not rely on any probability 

distribution. 

3.4.3 Concerned Geographies 

To identify the location of users I made use of the location field in Twitter user 

profiles, from which I managed to get geographic coordinates using regular expressions; 

and, to measure cities’ level of interest in the Flint water crisis, I normalized the total 

number of tweets originated at each city by its population. For counties, I normalize total 

tweet counts originated from cities in a county with the square root of sum of city 

 
16 Tweets labeled for G (97577), M (11609) and E (6028) using keyword sets “governor, Snyder, 
onethoughnerd”, “mayor, Dayne, Walling”, and “mgr, manager, Kurtz, Earley, 
Darnell”, respectively. 
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populations. I then did square root transformation to account for larger standard 

deviations at county level17. 

3.4.4 Contagion of Complaining 

Some Flinters have posted positive messages about the crisis (cohort), while most 

others have expressed negative sentiments (control). I expect that friends of a user in any 

of these two groups reflect sentiments similar to the user. To test this hypothesis (H4), I 

designed a retrospective cohort study in which I compared the sentiments of the 

friends of the cohort group on the Flint water crisis to that of the control group. To rule 

out the geographic effect, I form both of the groups only by Flinters (people from Flint) 

who have at least three but no more than 20 tweets in the dataset 18. A total of 223 such 

Flinters were found in the dataset (115 of who had a negative and 101 of who had a 

positive sentiment on average on the Flint water crisis)19. I then performed two-sample 

Kolmogorov-Smirnov statistical test that rejects the null hypothesis if the two samples 

(the average sentiments of the friends of each group) were drawn from the same 

distribution. 

3.5 Results 

In this section I discuss the findings in favor of or against the hypotheses listed. A 

meta result, we may say, is the low ratio (30%) of tweets labeled as “no blame”. That 

 
17 This is due to our normalization factor. In normalizing Flint-related tweets per county, instead of using 
true population of counties I simply use sum of population of cities from which at least three tweets 
originated and available in our dataset. 
18 Location field in the Twitter user profile is used to detect the Flinters. 
19 Following Twitter’s convention, I use the term friends to refer to the users who someone follows. 
These Flinters in total follow 122,953 unique accounts, and 8,339 of those happen to be in the dataset. 
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means of all the tweets mentioning Flint or #FlintWaterCrisis are actually about blaming, 

which highlights the prevalence of blaming on social media among other discourses. 

Source for Blame. As shown in Figure 9, the Governor of Michigan is blamed 

3.5 times more than the second most blamed agent. Our first hypothesis expected him to 

be the most blamed, and thus it is proved to be true.  

Partisan Predisposition. In hypothesis H2, I examined if those who blame the 

Democratic party or ideology (D) is any different from those who blame the Republican 

party or ideology (R) in their sentimental expressions toward the governor, and the 

mayor20. Figure 10 shows that individuals blaming Republican ideology have more 

negative sentiment (than those individuals who blame Democratic ideology) toward the 

Republican governor. The null hypothesis that the two samples (blaming-R and blaming-

D) are from the same distribution is rejected for the governor by the two-sample 

Kolmogorov-Smirnov test (for 𝛼 = 0.001, 𝐷 = 0.36, p-𝑣𝑎𝑙𝑢𝑒 = 3.5e − 6). Similarly, 

Figure 10 shows that individuals blaming Republican ideology have less negative 

sentiment toward the mayor than those individuals who blame Democratic ideology. 

However, due to small sample size, we cannot statistically claim any effect of partisan 

predisposition on the sentiments expressed about the mayor. Thus, the statistical tests 

support H2a but not H2b. 

 

 
20 When I examined the expressions toward the mayor and the governor without separating the parties 
blamed, I found out that average sentiment scores are negative for both officials, though at different levels 
(-0.12, -0.31).  
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Figure 10. Of those who blame Republican (Democratic) party, their sentiments (expressed in tweets) toward the 
Governor and Mayor. 
 

Concerned Geographies. I expected that the cities that were most likely to 

express interest in the Flint water crisis to be from the county of Genesee and from the 

state of Michigan. Four of the ten most concerned cities happen to be from the county of 

Genesee, and six of the ten counties are from Michigan (Table 1). 

 

Table 1. Places most expressive on Flint Water Crisis. The asterisks denote that the city is in the county of 
Genesee 
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Contagion of Complaining. The friends of the Flinters who have expressed 

negative sentiments on the Flint water crisis (cohort’s friends) are expected to be more 

negative than the friends of those Flinters who talk positively (control’s friends). Figure 

11 illustrates that the mean sentiments of the tweets of the cohort’s friends are more 

negative than that of control’s friends. Furthermore, the Kolmogorov-Smirnov test 

statistically shows that the distributions of the sentiment scores of tweets of the two 

groups’ friends are significantly different from each other with 95% confidence level (p-

𝑣𝑎𝑙𝑢𝑒 = 0.017). This discrepancy supports hypothesis H4. 

 

 
Figure 11. Friends of the negative group have lower sentiment scores than that of the positive one 
 

3.6 Related Work 

Complaint is defined as “an expression of dissatisfaction for the purpose of 

drawing attention to a perceived misconduct by an organization and for achieving 

personal or collective goals” (Einwiller and Steilen 2015). These goals could be personal 

like “anxiety reduction, vengeance, advice seeking, self-enhancement” or they could be 

collective such as “helping others and the organization”. While Einwiller and Stein 
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(2015) examined how large companies (“the blamed”) handle complaints on their social 

media pages, here I am interested in the ways citizens (“the blamers”) raise their voice 

against the agents in the government as a response to the violation of a basic human right, 

access to clean city water. Rather than studying marketing or public relations aspects of 

the blame process, I look at the other side of the coin, how the sociology of disasters 

works in this process. 

By studying various kinds of crises, Oltenau et al. (2015) categorized information 

types shared on social media during these events. Following their topology, Flint water 

crisis was an instantaneous human-induced accidental hazard diffused over a county. It 

was a man-made disaster that might have started as an accident but evolved into “a story 

of government failure, intransigence, unpreparedness, delay, inaction, and environmental 

injustice” (Force 2016); and it was an instantaneous crisis because no notices were given 

before it happened. Reviewing the earlier work in the literature, (Olteanu et al. 2015) 

identified six broad categories for information communicated over Twitter during 

disasters. These information categories are i) affected individuals, ii) infrastructure and 

utilities, iii) donations and volunteers, iv) caution and advice, v) sympathy and emotional 

support, and vi) other useful information. Oltenau et al. (2015) did not consider 

attribution of responsibility and blame as a distinct category; “updates about the 

investigation and suspects” is the most related phenomenon mentioned, which was 

addressed in the “other useful information” category (expressed vis-à-vis shooting and 

bombing events). Other researchers (Houston et al. 2015) however identified fifteen 

functions of disaster social media, and one of which is that in the post-event phase of 
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disasters, individuals “[d]iscuss socio-political and scientific causes and implications of 

and responsibility for events”.  

Lin and Margolin (2014) and Wen and Lin (2016) examined community-level and 

individual-level expressions right after terrorist attacks respectively. Both of the studies 

employed dictionary based tools –SentiSense (de Albornoz, Plaza, and Gervás 2012) and 

LIWC (Tausczik and Pennebaker 2010)– to measure the emotions in the tweets. Lin and 

Margolin (2014) found that the extent to which residents of a city visit the directly 

affected city (Boston in their case) has the most predictive power for the level of fear, 

solidarity and sympathy expression in that city. Similarly, analysis of Wen and Lin 

(2016) showed that a greater level of anxiety was associated with locations closer to the 

attack site. One of the major differences of my research is the phase of disaster being 

studied. Instead of studying emotions right after a terrorist attack (i.e. during the response 

phase), this study focuses on political responsibility attribution later in the recovery 

phase. 

Regarding the methodology, Lin and Margolin (2014) made use of two hashtags 

(#prayforboston and #bostonstrong) as proxies for empathic concern and solidarity, to 

measure social support. They also adapted keyword matching methods to detect fear and 

joy in the tweets, two of the fourteen sentiments defined in the SentiSense lexicon (de 

Albornoz et al. 2012). Similarly, Wen and Lin (2016) measured anxiety, sadness, and 

anger using LIWC lexicon in French (Tausczik and Pennebaker 2010). Here, I measured 

sentiments of tweets using VADER sentiment analysis tool (Hutto and Gilbert 2014). 
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Although altruistic behaviors are common in times of disasters (Glasgow et al. 

2016), in the recovery phase, when the community is pressed by difficult living 

conditions and when there is a lack of short-term improvement, public increase their 

criticism of administrators, and attribute blame to whom they perceive as the agents of 

responsibility. Among other psychological and social reasons discussed in the hypotheses 

section, a political explanation for this act is that in democracies the public acts as a 

watchdog and actively participates in discussions to control and influence the decision 

makers. To this end, use of Twitter hashtags in citizen protests has already become a 

common apparatus the public leverages to grab attention to their concerns (Feenstra and 

Casero-Ripollés 2014). This online activism, sometimes called “slacktivism”, is defined 

as “as low-risk, low-cost activity via social media, whose purpose is to raise awareness, 

produce change, or grant satisfaction to the person engaged in the activity” (Rotman et 

al. 2011). Rather than examining how social media are used in physical protests or how 

social support is expressed online, this study developed and tested hypotheses about 

theories of attribution of responsibility and blame in the recovery phase of a crisis using 

observational data from social media. 

3.7 Conclusion 

In this study I formed several theoretical hypotheses on attribution of 

responsibility and blame, building on the existing research in sociology of disasters. 

These hypotheses were then operationalized on unobtrusive, observational social media 

data via computational methods. The findings support all of the hypotheses. However, I 

should note that the theories on which the hypotheses were formed were not conflicting 
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in the first place, and the findings do not challenge the literature but support them. 

Besides, the nature of the hypotheses also did not require complex or multivariate 

analysis. Yet, as acknowledged by the researchers in the field, there is a paucity of studies 

on the attribution of responsibility and blame in disaster research and a need for empirical 

support. This chapters adds to a few number of studies on this topic. It contributes to the 

collective stress research by exploiting a new, rarely used data source (the social web), 

and employing new computational methods (e.g. sentiment analysis and retrospective 

cohort study design) on this new form of data 21. In this regard, this work should be seen 

as the first step toward drawing more challenging inferences on collective stress in the 

digital age. 

 
21 Source code and data available at github.com/oztalha/Flint. 

https://github.com/oztalha/Flint
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CHAPTER 4 DIGITAL TRAILS OF WORK STRESSORS22 

Collective stress situations can be examined in three dimensions: the scope of the 

system primarily affected, the speed and duration of the effect, and the degree of 

institutional preparation (Barton 1963). In this regard, this chapter is about collective 

stress of the workforce within a particular organization, and the stressors in an 

organization can both be short or long term and preparedness to stressful situations vary 

across organizations. This chapter proposes a novel strategy to identify work stressors 

using metadata from most available workplace technologies such as e-mail and calendar. 

Stressor measurement has predominantly been done by self-reported questionnaires; yet it 

has proven imperfect due to selectivity and response biases. By addressing the questions 

of What work stressors can be diagnosed by digital exhaust without violating employee 

privacy? How to model such stressors and make use of the model most effectively? This 

dissertation makes scientific as well as practical contributions to organizational design. 

The proposed strategy allows continuous monitoring of stressor levels and making quick 

data-driven decisions throughout an organization. It guides interventions by enabling 

benchmarking, experimentation, retrospective cohort analysis, and trend analysis of 

stressors. Besides, it can inform survey design by help determining what questions to ask 

and to whom, and response interpretation by identifying stressors on which different 

 
22 This work has been accepted to a full-paper peer-review conference (Oz 2020). 
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measurement methods converge or diverge. Thus, with the proposed strategy, stressor 

measurement becomes less disruptive and more cost effective. 

4.1 Introduction 

A positive employee experience not only boosts performance and productivity 

(Morgan 2017), but lack thereof has very serious individual (Johnson, Robertson, and 

Cooper 2018a), organizational (Johnson, Robertson, and Cooper 2018b), and societal 

effects  (Hassard et al. 2018). For example, researchers have found that the negative 

health effects of stressors are as large as that of secondhand tobacco smoke exposure 

which has led to much policy discussions and regulatory interventions. Total annual cost 

of work-related stress to the society is estimated to be around €620 billion per year in 

European Union countries (Matrix 2013). About 80% of these costs are found to be due 

to lower productivity (i.e., absenteeism, presenteeism, and lost output) and 20% are due 

to healthcare and social welfare costs. In a recent survey (American Psychological 

Association 2018), 77% of Gen-Z adults (18-21 years old) and 64% of adults (21+) 

reported that they see work as a source of significant stress. Hence, an important 

responsibility of executives and Human Resources (HR) managers is to make sure that 

exposure to stressors, i.e. to stressful work conditions, is limited for their employees. 

Before starting my discussion about stress, I should note that stress is an 

overloaded term (Parker and DeCotiis 1983), and occupational stress researchers use it (i) 

for the external conditions impinging upon the employee, (ii) for employees’ perceptions, 

and also (iii) for their reactions and adjustments (Bliese et al. 2017; Cummings and 

Cooper 1979). For the sake of clarity, I use the term “stressor” for the work-related 
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environmental risk factors (conditions), the term “perceived stress” for their initial 

appraisal in human mind, and “stress response” and “strain” for their psychological, 

physiological, or behavioral effects on the person. 

There are two intervention strategies to improve the psychological well-being of 

employees. The primary method is mitigating organizational stressors (this usually 

requires organizational change), and the secondary one is increasing individual resilience 

(e.g. by stress management and wellness programs) (Johnson, Robertson, and Cooper 

2018c). While the former strategy is proactive and preventive, the latter approach is often 

reactive and recuperative. Therefore, healthy organizations that have preventive measures 

in place not only benefit from the removal of adversarial effects of stressors in the first 

place, but also mitigate the need for and costs of secondary (such as resilience training) 

and tertiary (e.g. counseling services) interventions (Cooper and Cartwright 1997). 

From measurement perspective, secondary initiatives are individual-directed and 

related to employee’s perceptions and personality traits, therefore they work well with 

subjective measures. The primary strategies, however, are directed at the organization 

and work design, not towards intra-individual cognitive and emotional processes. Even 

though stressors cannot explain the variances in individual reactions, we can still 

conceptualize an average person’s cognitive and emotional processing and thus develop 

an objective concept of stressor (Frese 1988). Perceptions are mediators in the stress 

process and one can rely on them to change the individuals’ concept of stress in 

secondary interventions. However, to develop a work environment that does not cause 

psychological damage to most employees in the first place, we need objective measures 
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of work characteristics. Since “it only makes sense to redesign jobs when strains can be 

attributed to objective stressors—and not primarily to appraisal processes” (Sonnentag 

and Frese 2012), organizational psychologists have identified several methods to measure 

stressors. For example, surveys in which participants are asked to rate the characteristics 

of their jobs without interpretation is the dominant method for measuring stressors. 

The main advantage of surveying is the possibility of depth and breadth of 

information one can obtain about stressors. Achieving that, however, is unlikely and 

costly: since participating in surveys take time and effort of employees, increasing 

sampling frequency reduces participation rate and thus increases selectivity bias. Besides, 

there is the well-known response bias issues of surveys such as transient mood effect, 

personality trait effect, social desirability, memory weakness, and many other effects of 

survey-item characteristics and contexts distort the reality of work (Podsakoff et al. 

2003). Aggregating employees’ job ratings (at some level) may cancel out some of these 

biases. Yet, aggregation of self-reports might reflect “a shared perception of job 

characteristics, rather than any ‘objective’ reality” because of social information 

processing and convergence in trait affect in work groups (Daniels 2006; George 1990; 

Salancik and Pfeffer 1978). Also, some complex constructs (for example those that 

depend on social networks) do not lend themselves to aggregation because of their 

emergent nature (think of a workplace where social cohesion is high in general but with a 

few individuals excluded) (Rugulies 2012). 

Another self-reporting technique to identify stressors is making employees record 

their activities in diaries (e.g., Jones and Fletcher 1996). Since employees’ recording and 
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others’ reviewing is too costly, this method appears not scalable and hence inapplicable 

beyond research. 

Since trained and experienced observers can rate work characteristics more 

objectively than the job incumbents, observer-based measures of job stressors have also 

been developed (Ganster 2008; Hurrell Jr. et al. 1998). Yet, this other-human-observers 

solution has its own issues (Semmer et al. 2004; Tomaschek et al. 2018) including 

observability problems in both organizational coverage (observers cannot see important 

aspects of the work of many employees) and temporal coverage aspects (it would be very 

costly to hire independent observers for long periods). 

Stressors are also studied at a macro level by analyzing employee handbooks, job 

descriptions, and national job databases. To locate the “location” of stressors within an 

organization in “time” however, a better unit of analysis (such as enacted job 

characteristics that are more proximal to the individual’s experience of strain) is needed 

(Daniels 2006).  

In this chapter, I propose a third way to measure job stressors, which if used in 

combination with self-report and expert-observer methods will improve the accuracy and 

speed of stressor identification, and hence enable more informed interventions, more 

rapidly. It is an unobtrusive observational strategy that employs the new technologies in 

the workplace, including: common work software suite such as e-mail, calendar and 

workplace messaging apps (metadata, no content); wearables such as Sociometric Badges 

(Kim et al. 2012) and other technologies that can detect face-to-face interactions; and 
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environmental sensors such as those measure air quality, noise level, and room 

occupancy. 

My goal in this chapter is not to explain the stressor-response relationship, or to 

discuss objective measures of stress response with computational techniques (Sharma 

and Gedeon 2012); instead, my research questions are: “What work stressors can be 

identified by organizational communication and collaboration technologies without 

violating employee privacy, and how?” and “how can the findings be used and what is the 

scope of this strategy?” To the best of my knowledge, this is the first study that addresses 

these questions. 

Section 4.2 briefly introduces people analytics (or organizational data science) as 

a parent field of this study. Following it, in Section 4.3 I go over a dozen of stressors that 

I find addressable by communication and collaboration metadata and suggest ways for 

measuring those stressors. Section 4.4 describes the forms of data that can be exploited, 

and methods of analysis and intervention that can be employed to identify and alleviate 

the work stressors. It is the Section 4.5 in which I describe how to model particular work 

stressors. Finally, in Section 4.6 I discuss the contributions of this chapter and how the 

proposed stressor measurements can be used effectively, and discuss the limitations and 

implications of my work. 

4.2 People Analytics 

Big data from workplace and from societies in which they are embedded in, along 

with methods of computational and data sciences bring new opportunities as well as 

challenges for organizational psychology (Rotolo et al. 2018; Tonidandel, King, and 
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Cortina 2018). Workforce data has been studied in academic research, but it also has 

actively been operationalized by people analytics vendors and in-house HR analytics 

departments to help organizations make more informed workforce decisions in their own 

particularities (Tursunbayeva, Di Lauro, and Pagliari 2018). Many of these innovative 

ways of collecting and analyzing new kinds of workplace data can help us measure 

organizational stressors as well. In this section I review these computational social 

scientific approaches to organizational behavior, then in the following sections I discuss 

the ways in which we can use these approaches to measure organizational stressors. 

Technologies such as Bluetooth, wi-fi, and RFID (Radio-frequency identification) 

can be used to detect physical activity (Wu and Solmaz 2016), face-to-face proximity 

(Sapiezynski et al. 2017), and space occupancy monitoring (Akkaya et al. 2015), yet 

without microphones it is not easy to detect whether people are actually communicating. 

One of the most innovative solutions for measuring organizational behaviors in this 

regard is Sociometric Badges (Olguín et al. 2009; Olguín-Olguín and Pentland 2010). In 

such studies the authors developed a wearable device equipped with multiple sensors to 

solve the problem of measuring moment-to-moment face-to-face interaction (interaction 

data collection at the granularity akin to that of digital communications). Its Bluetooth 

sensor allows measuring localization (one’s approximate location in the workplace and 

physical proximity to others), the microphone allows measuring speech (its pitch and 

volume but no content), and the accelerometer is used to detect body posture and 

movement. The general findings from the sociometric badge studies include that face-to-

face communications (combined with that of online) predict productivity and job 
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satisfaction; and face-to-face and e-mail communications are negatively correlated for 

people who work in close proximity, but uncorrelated for the rest (Waber et al. 2011). 

More recent badge research also showed some differences in interaction behaviors by 

gender (Onnela et al. 2014) and by office space types (cubicles versus open area) 

(Bernstein and Turban 2018). These studies used the badges to measure some work 

characteristics in different contexts. In this work I discuss the ways in which they can be 

used for measuring organizational stressors. 

Sociometric Badges are used in some stress response studies as well. In an 

attempt to examine the effects of employees’ stress levels on social interactions in the 

workplace, (Watanabe et al. 2011) looked at the correlation between employees’ own 

stress levels as measured by a questionnaire and that of (average of) their direct contacts 

as detected by the badges, and they found a negative correlation between them (though 

most of the case results were statistically insignificant). In another badge study, utilizing 

the microphones on the badges, (Taylor et al. 2016) measured the deviation in 

fundamental voice frequency to compare that against a physiological stress response 

(change in cortisol levels) during two common workplace social stressors (ex vivo). 

Subjects that exhibited physiological stress response (more cortisol in post-task saliva 

samples) found to have a higher deviation from their normal voice pitch during the task. 

In another controlled experiment, (Mozos et al. 2016) trained a binary classifier using 

speech and body movement features extracted from the badges that they claim to predict 

stressful tasks with high accuracy and precision. However, since they used the same 

controlled tasks for both training and testing their models, they might very well be 
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predicting the particular tasks instead of predicting general stress response. Unlike these 

studies, in this dissertation I examine the ways in which the badges can be used to 

measure organizational stressors within the environment, not the stress response within 

the person. 

There are many organizational behavior studies that have used data from 

communication technologies. Most of these studies only use metadata while some 

privileged others have tapped into the content as well. For example, measuring new 

employees’ cultural fit by the similarity of the language they used in e-mail 

communications and comparing it to that of their interlocutors, (Srivastava et al. 2017) 

found that those who had high (low) cultural fit were more likely to get promoted (fired). 

They also found that among the employees who managed to fit early on, those who later 

diverged were the ones that quitted voluntarily soon after. Although their findings are 

important, most companies would be unwilling to share their e-mail content with external 

parties due to commercial and privacy concerns. Hashing the content was proposed as a 

solution to this problem (Reynolds, Van Alstyne, and Aral 2009), however it does not 

give itself to semantic analysis, and therefore does not allow studies like (Srivastava et al. 

2017) –in which the authors used the LIWC dictionary (Tausczik and Pennebaker 2010) 

that groups words into some psychologically meaningful categories. Sharing only the 

metadata (hashed sender-id, receiver-id, and timestamp) on the other hand frees both the 

companies from commercial and privacy concerns (since no content involved) as well as 

the researchers from the scientific concerns of reproducibility and generalizability of their 

work. As researchers (Lazer et al. 2009) warned against the risk of computational social 
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science papers that cannot be critiqued or replicated due to the inaccessibility of private 

data (by other researchers), I favor research only using the metadata (not the content) in 

this regard. Therefore, in this chapter I primarily discuss the ways in which organizations 

can utilize only the metadata in identifying work stressors. Chapter 5 adapts the strategy 

proposed here to measure COVID-19 related behavior change. 

4.3 Work Stressors and Their Digital Trails 

Today, almost all organizations use online communication and collaboration 

technologies, most common of which are e-mail, calendar, and workplace messaging 

applications (such as Skype, Slack, and Microsoft Team). The metadata of such 

technologies allow organizations to understand the ways in which employees interact, 

organize their time, and use their workspace. Executives and managers have already 

started gaining actionable insights and improving their company performance by making 

use of such data (Leonardi and Contractor 2018; Waber 2013, 2018). Integration of such 

technologies into our work environments can also help identify potential causes of 

occupational stress. 

Work stressors are conditions, demands, characteristics, or exposures that have 

the potential to trigger worker reactions and impact the psychological well-being of 

employees (Landy, Quick, and Kasl 1994). About forty years ago Cooper (1983; 1976) 

identified six major sources of stress (factors intrinsic to the job, role in the organization, 

career development, relationships at work, organizational structure and climate, and 

home-work interface) and a common adoption of this categorization (with slight variants) 

is seen in the literature (e.g., Chandra and Sharma 2010; Danna and Griffin 1999; Parker 
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and DeCotiis 1983). For example Sonnentag and Frese (2012) categorized work stressors 

into physical stressors (poor physical working conditions), task-related job stressors (high 

time pressure, high task complexity, monotonous work, and interruptions), role stressors 

(unclear or conflicting role expectations, too much or too complicated work, and facing 

illegitimate tasks), social stressors (relationship problems with coworkers, supervisors, 

and customers), work-schedule-related stressors (overtime and night-shift work), career-

related stressors (job insecurity, underemployment, and poor career opportunities), 

traumatic events (major accidents), and stressful change processes (mergers, downsizing, 

and adapting to new technologies). I acknowledge that not all of these work stressors are 

identifiable by digital trails of workplace technologies, but many of them are.  

4.4 Data & Method 

To come up with a list of stressors identifiable by the digital exhaust of work 

tools, I first review the fields (metadata) provided by their Application Programming 

Interfaces (APIs). A single metadata record represents an enacted event (e.g. a message 

sent, a file edited, or a meeting setup) and it is the atomic unit on which I model the 

stressors –see Figure 12. 

 



119 
 

 
Figure 12. Collecting workplace communication and collaboration data from various ICTs, forming 
organizational networks, and measuring work stressors  

 

From a calendar system, for a meeting, we learn its date (start and end times), its 

location, its organizer, list of invitees and their responses (accept, reject, tentative), 

timings of the invitation and responses, meeting recurrence frequency (if it is repeating), 

and when it is updated or canceled. From e-mail and other messaging platforms, for a 

message, we get its timestamp, sender, receivers, and thread-id (if it is a forwarding or a 

response message) from which we can calculate response time. File sharing platforms 

provides us with the information of which file edit when by whom, and thus we can infer 

collaborations. From employee badges, we can infer an individual’s physical location 

(e.g. at desk, meeting room, cafeteria, or elsewhere), and face-to-face (pairwise) 

interaction time and duration. In the next subsection I explain the ways in which stressors 

can be modeled using these fields. 

A stressor model in this strategy describes how to synthesize such metadata to 

measure the intensity of that stressor. Provided the events (metadata) an employee 

experiences for a particular time interval (at least one week), the model returns a single 
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numeric value representing the intensity of the stressor impinging upon the employee. 

Simply checking the stressor measurements against some acceptable ranges (normative 

values) allows us to classify an individual’s condition as safe or critical. Beyond the 

individual, reviewing a stressor’s aggregated scores for groups (of teams, job functions, 

countries, etc.) help identify collective behavior and processes fueling the stressors. 

Beyond merely identifying the presence of certain types of stressors —unlike 

most of the traditional job-stressor instruments (Hurrell Jr. et al. 1998) — the strategy 

proposed here also allows measuring stressors’ frequency, duration, and severity. 

Because, once the algorithms for the proposed metrics are implemented, they can be 

continually computed and assessed. One kind of analysis, for example, would simply be 

checking the stressor measurements against the thresholds. If a metric, or worse, multiple 

such metrics exceed some certain threshold, an intervention is probably needed. Another 

analysis might be examining the trends of the metrics. An early detection of a steady 

increase in some stressor levels provides executives with the opportunity to act before the 

problem gets more serious. Cross-team comparison and benchmarking is another kind of 

analysis through which managers can gain a better relational perspective of their 

organization and can see the bigger picture with more clarity. It has been shown that 

conveying descriptive social norms, i.e. benchmarking in a sense, is an effective strategy 

in changing one’s behavior (Agerström et al. 2016). The analyses suggested so far would 

serve as a health monitor for the organization and thus enable preemptive solutions. 

Another way of using the stressor metrics is to run real experiments that will 

allow causal inferences; for example, executives can conduct A/B tests to measure the 
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effectiveness of two competing policies, or any hypotheses for that matter. Similarly, 

organizations can conduct retrospective cohort analysis (Song and Chung 2010) in which 

the test cohort is made up of those who left the organization (due to distress), and the 

control group is made up of that still working (without distress). Executives can thus 

discover which stressors contribute to what extent in their employees’ decisions to leave. 

Hence, they can work more effectively in reducing the turnover rates. 

Identification of stressor unobtrusively allows targeted surveying, thus reduces the 

costs. Results of the proposed strategy (measured stressor values) informs what questions 

to ask to which segment of an organization.  

4.5 Stressors with Trails 

4.5.1 Overload and work-life imbalance 

Governments require companies to objectively measure work hours to prevent 

overwork –e.g. Japan (Kyodo 2019) and EU (The Associated Press 2019); yet, as work 

can easily spill over via information and communication technologies, simply monitoring 

building check-in and check-out times is not effective. In this regard, by surveying 

employees and analyzing their email metadata, researchers found that the share of emails 

responded outside work hours is the most predictive email feature of work-life imbalance 

(Watts 2016). Sheer number of meetings and emails also found to be associated with 

increase feelings of overload and low job satisfaction (Dabbish and Kraut 2006; Luong 

and Rogelberg 2005; Merten and Gloor 2010). 

Work-life stressors can be measured by calculating the time allocated for work 

after hours and on the weekends (just by looking at the timestamps retrieved from file 
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sharing platforms, communication tools, and calendar APIs). Comparing the 

measurements by such a model to responses to “my workload is manageable” survey 

item, I found them to be highly correlated (r=.78, p ≤ 0.05; N=264 and survey responses 

were aggregated to eight business areas). Beyond time, identifying the parties driving 

those interactions (whether managers, coworkers, or customers) allows more targeted 

interventions. For overload, we can measure the sheer number of incoming messages and 

meeting invites during work hours, and also from calendar we can see double booked and 

partially overlapping time slots. Accordingly, analyzing workplace messaging apps and 

email metadata, Chapter 5 shows for two companies that after information workers 

transitioned from on-site work to work from home (WFH) during COVID-19 crisis, they 

started to communicate more outside regular business hours. 

4.5.2 Undesired meeting characteristics 

Employees are stressed about meetings when they are too lengthy, start late, get 

cancelled or postponed, when there is short notice and a lack of participation (Romano 

and Nunamaker Jr. 2001). Lateness to meetings is another problem: it correlates with low 

job satisfaction for the perpetrator, but also causes stress on other meeting attendees as 

they feel frustrated, concerned, and distracted (Allen, Lehmann‐Willenbrock, and 

Rogelberg 2018; Rogelberg et al. 2014).  

We know when a calendar event is created (invitations sent) and meeting start 

time, from which we can infer if it was a short notice. We can count meetings postponed 

or cancelled as well, thus can measure uncertainty stressors. Combining with sensor data, 

we can identify meetings that not started/ended on time and that took shorter/longer than 
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what was planned. Thus, scheduling reliability stressor can be measured. Beyond 

measurement, a nudge can be sent in advance to habitually late joiners before meetings. 

4.5.3 Late or no response 

Under time pressure and deadline, waiting for a response for prolonged periods 

can elevate stress. Indeed, email response time between the manager and direct reports is 

found to be the most predictive email feature in satisfaction with the manager (Watts 

2016). Similarly, not getting response evokes the emotions of frustration, powerlessness, 

hopelessness and inadequacy (Olofsson, Bengtsson, and Brink 2003). 

To address this stressor, I recommend organizations to calculate response time 

between all pairs of individuals. Then, by aggregating and analyzing it across various 

combination pairs of roles, job functions, managerial hierarchy, country, etc. they can 

identify which, if any, groups are responding too slowly to each other, and thus can focus 

on those particular groups to find out the reasons for lack of timely responsiveness. 

4.5.4 Interruptions 

Fragmentation (a.k.a. self-interruption), i.e. frequently switching attention 

between tasks, throughout the day reduces performance and job satisfaction (Mark et al. 

2015, 2016). Each switch requires a readjustment time to get to the full speed again. For 

this reason, many companies have policies for email batching and having meetings back 

to back so that employees can allocate themselves for longer blocks of focus time. 

Interruptions by others –be it in the same or different context– causes stress and 

frustration (Baethge and Rigotti 2013; Mark, Gudith, and Klocke 2008), and they 

consume 28% of a knowledge worker’s day, and this translates into a loss of $588 billion 
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per annum in the United States alone (Spira and Feintuch 2005). In addition to self-

interruptions and interruptions by others, there is another kind of interruptions, i.e. 

technological interruptions. These are “distinct from traditional oral interruptions 

because of their timing, frequency, cues, finite intrusion space, and culture surrounding 

them” (Galluch, Grover, and Thatcher 2015). 

For self-interruptions, the burstiness of emails and clusteredness of meetings can 

be measured through time series analysis. Individuals whose emails and meetings are too 

scattered then can be targeted for training for better time management. To measure 

physical interruptions by others, from sensor data, we can detect how often others come 

to an employee’s desk and interact. For technological interruptions, individuals who 

succumb to temptations of push notifications and email pop-ups can be identified. In 

many cases email or chat message read time is not available, but in some cases, it is. In 

those cases, it is easy to identify the individuals who are distracted: the delta between the 

message delivery and message read time tells us who give in to these notifications. If this 

delta is consistently low for a person then he or she might be trained on better technology 

use and time management 

4.5.5 Lack of social support 

Social support has both a moderating effect (Cohen and Wills 1985) and buffering 

effect (Glaser et al. 1999) on stress response, negative effect on turnover intention (Kim 

and Stoner 2008), and a positive effect on productivity and job satisfaction (Waber 2011). 

Supervisor support in addition to group cohesion is also shown to be related to lower 

levels of stress (Steinhardt et al. 2003). Diversity and Inclusion (D&I) also brings 
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challenges organizations need to address (Roberge et al. 2011). If not handled well, D&I 

stressor can cause lower self-esteem, depression, and anxiety especially for minorities 

and disadvantaged groups (Barak 2008). Although scholars have observed less D&I 

issues in online communication than offline, it has been shown that these issues do not 

fully go away (Johnson, Kovacs, and Vicsek 2012). 

Long periods of low embeddedness of employees in their social network signals a 

lack of social support. Identifying them allows proper intervention. Employers can also 

check for inequalities in time managers spent with their direct reports. Thus, they can 

mitigate supervisory exclusion stressor. Communication bias between different 

demographics can be measured by calculating attribute assortativity coefficient within 

teams and across the organization (e.g. amount of emailing or formal/informal meeting 

between same versus different genders) (Newman 2003). This attribute could be gender, 

race, religion, or anything that can be discriminated against. This enables interventions on 

the fault lines. 

4.5.6 Major changes 

Major changes such as mergers and acquisitions and downsizing also elevate 

employee stress (Marks and Mirvis 1997; Shah 2000). Post-merger stressors can be 

related to group processes, social integration, and communication aspects of post‐

acquisition integration process (Gomes et al. 2013; Vasilaki and O’Regan 2008). 

Measuring communication styles before and after the change allows observing the 

evolution of communication network, whether groups are getting closer to each other and 
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closing the gaps, or they are creating silos instead. In case of the latter, new processes 

should be put in place to bridge the groups. 

4.5.7 Spatial (dis)organization 

It has been shown that spatial organization, architectonic details, ambient 

conditions, resources, location and amenities, and view of the workspace can elevate 

stress —see (Al Horr et al. 2016; Mitchell McCoy and Evans 2005) for detailed reviews. 

While four out of five professionals reported that quality of the work environment is very 

important for job satisfaction (Wheeler and Almeida 2006), about three out of five said 

that they thought their office had not been designed to support their work. Ambient noise, 

interruptions, unavailability of resources, barriers to impromptu interaction, and crowding 

in particular are perceived as stressful.  

Office layout may cause employees to have a sense of lack of privacy (e.g. in 

open areas), lack of informal social interactions (e.g. no space for mingling), and a sense 

of crowd (e.g. insufficient meeting rooms). Each of these conditions elevate stress. Using 

Sociometric Badges, researchers showed in a case study that redesigning office space 

improved collaboration and that increased the sales by 11% (Humanyze 2017). In another 

badge study (Waber 2011), the researcher showed that larger lunch tables forced different 

groups to sit together and that increased the likelihood of interaction with each other later 

in the day by 36%, and that they were also found to be significantly more resistant to 

stressors such as layoffs (Waber 2013). 

The job of employers in general and facility managers in particular is to provide 

onsite workers an environment where they can happily and productively work. They 
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invest millions of dollars into the real estate accordingly with a plan on how it would or 

should be used. Are the campuses, buildings, floors, neighborhoods, areas, and rooms 

being used as intended? To help answer this question, employee badges can be used for 

detecting (i) the location of employees, and (ii) places in which employees interact. 

Employers and facility managers can use this “objective” data to make more informed 

real estate decisions. It can help them identify which teams and spaces fit poorly, i.e. 

groups using the space afar from what the designers originally intended. Facility 

managers want to know room usages for further occupancy planning. If a meeting room 

is not used that much but the kitchen area gets often crowded, then they might decide to 

destruct the meeting room to extend the kitchen to mitigate the stressors. 

When an employee is seated far away from his or her top collaborators (despite 

they are being in the same campus, building, or floor), and reaching them out is not easy, 

this might cause stress. Accompanying badge data with calendar and other digital 

communication metadata, employers can create organizational communication and 

collaboration network, thus know who collaborates with who other how often. From this 

network data, they can try to solve a spatial seating optimization problem. They can 

answer the question of “given the physical constraints of an office, building, or campus, 

what is the ideal seating configuration?” Organizations often “restack” their employees. 

A campus is get shrunk or shut down and they get to decide who to move where? Let’s 

say there are ten teams in a building and one of them needs to be moved out. By doing a 

network analysis, employers can identify the one most isolated, i.e. the one least 

dependent to the rest of the teams in the building is better go. 
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4.6 Conclusion 

This chapter proposed a strategy for identifying work stressors using the digital 

exhaust in the workplace. To ensure deployment of this strategy is ethical and effective, 

several steps need to be taken (see Waber (2018) for a detailed discussion). It needs to be 

opt-in and both the participants and non-participants need to be protected by aggregating 

the results at group level (instead of providing each individual’s values, a behavior should 

be reported as a distribution over a group). Individuals can be grouped by their teams, 

offices, roles, or job functions and then benchmarked against each other. Thus, by 

conveying the local norms, i.e. benchmarking stressor measurements, at risk groups can 

be effectively incentivized to change their behaviors (Agerström et al. 2016). Of course, 

decision makers should interpret metrics in context, along with other information, and not 

follow the numbers blindly. 

The strategy introduced in this position paper has several limitations. First of all, 

it is not inclusive of all work stressors. For example, some career-related (e.g. job 

insecurity) and role-related (e.g. facing illegitimate tasks) stressors are unobservable to 

the metadata. Content analysis could solve this problem to some extent, but for ethical 

and privacy reasons I limited our scope to stressors that can be measured solely from the 

metadata. Given the limitations of this strategy and others, organizations that want to 

measure work stressors cannot solely rely on one particular strategy, instead they should 

combine multiple methods of measurements. 

While in Chapter 4 in general and in Section 4.5 in particular proposed strategies 

and methods for measuring common work stressors using workplace technologies 
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metadata, in the following chapter (Chapter 5) I employ this strategy in the case of 

COVID-19 pandemic to understand the changes in behavior after employees of a 

company forced to work from home. 
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CHAPTER 5 MANDATORY REMOTE WORK23 

During the early months of the COVID-19 pandemic, millions of people had to 

work from home. In this chapter, I examined the ways in which COVID-19 affected 

organizational communication by analyzing five months of calendar and messaging 

metadata from a technology company. I found that: (i) cross-level communication 

increased more than that of same-level, (ii) while within-team messaging increased 

considerably, meetings stayed the same, (iii) off-hours messaging became much more 

frequent, and that this effect was stronger for women; (iv) employees respond to non-

managers faster than managers; finally, (v) the number of short meetings increased while 

long meetings decreased. These findings contribute to theories on organizational 

communication, remote work, management, and flexibility stigma. Besides, this study 

exemplifies a strategy to measure organizational health using an objective (not self-report 

based) method. To the best of our knowledge, this is the first study using workplace 

communication metadata to examine the heterogeneous effects of mandatory remote 

work. 

5.1 Introduction 

Since the day employees started sheltering in place for safety reasons due to 

COVD-19 pandemic, they no more share the same physical space, (i.e., the office), with 

 
23 This work (Oz and Crooks 2020) was presented at SBP-BRIMS 2020 Special Track on COVID-19. 
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their co-workers. Thus, they cannot have formal meetings in the meeting room, have 

informal face-to-face communications in the office, and observe the work happening 

around them silently (maybe subconsciously) at their desks and learn from each other. In 

addition to these issues, when employees’ main communication medium (i.e., physical 

space) and mode (i.e., face-to-face) is no more available, they cannot bond socially and 

emotionally: no lunch/coffee together, no chit-chat with affective gestures or social cues, 

and no “touchy” feeling of being in this together (Nardi and Whittaker 2002). Employees 

who do not adapt well to these new conditions can be exposed to information 

undersupply (which leads to role ambiguity) as well as professional and social isolation  

(Beauregard et al. 2019; Sinclair et al. 2020).  

Employee stress is negatively associated with organizational financial success, 

team productivity, and employee engagement (Morgan and Goldsmith 2017). To mitigate 

such effects, employers try to identify work stressors (i.e. conditions causing stress in 

their organization). Identification of work stressors has traditionally been through 

surveys; however, I (2020, Chapter 4) argued that digital trails of commonplace 

workplace technologies can be exploited for this purpose and that this strategy has many 

advantages over the self-report based method. In this chapter, I extend that strategy to 

show the impact of COVID-19 on work practices using data collected from two 

technology companies before and after they transitioned to mandatory work from home. 

This study contributes to various literatures in several unique ways. First, what we 

know of about work practices during COVID-19 is very limited despite more than one 

third of the U.S. workforce, i.e. about fifty million people in the US alone, transitioned to 
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WFH during the pandemic (Brynjolfsson et al. 2020) –and for many of them WFH is here 

to stay (Baert et al. 2020). Yet, empirical studies on the work practices during WFH is 

very rare (DeFilippis et al. 2020; Donnelly and Proctor‐Thomson 2015; Green 2014; 

Ralph et al. 2020). Accordingly, my first contribution is providing insights on a 

phenomenon that has become very prevalent but very less known. 

Second unique contribution of this study is that it employs ICT (information and 

communication technologies) data while most prior studies are self-report based, and 

therefore suffer from well-known survey issues such as selectivity biases, response 

biases, and item-characteristic biases (Podsakoff et al. 2003). The only study that uses 

ICT metadata for analyzing the effect of mandatory WFH is by DeFilippis et al. (2020). 

In that study, researchers do not analyze the heterogeneity effect of WFH, because they 

do not have any participant demographic information other than the information of the 

metropolitan area employees live in. Although external validity of their findings in macro 

work practices is sound, the data they analyzed is not at individual level, team level, even 

organizational level, but metropolitan area level. Therefore, their data did not provide 

much room for theory development and hypothesis testing unlike this chapter. 

Third, the surveys in the aforementioned studies were all conducted after 

employees transitioned to WFH. For example, even though the respondents were asked to 

self-assess their wellbeing for four weeks prior to beginning WFH (Ralph et al. 2020), 

their responses might suffer from memory weaknesses, transient mood effects, and other 

biases. However, that is not the case with ICT data: it gives itself for retrospective data 

collection, and thus solves the unobservability problem in disaster research (Wallace 



133 
 

1956). One of the weaknesses of empirical disaster research has been identified as the 

few number of studies doing pre-/post- comparisons (Quarantelli 2005). With this study, I 

contribute to the limited number of such longitudinal studies using ICT data (e.g., Budak 

and Watts 2015; Lin and Margolin 2014).  

Fourth, my focus is on the change in communication and collaboration behavior 

during WFH in this study, and I use enacted events such as message-sent and meeting-

setup in operationalizing my hypotheses. The questions in the prior survey-based studies 

are rather to measure higher level constructs. For example, Ralph et al. (2020) examines 

responses to “My team is continuing to have regular meetings” and “My team is avoiding 

synchronous communication”. Similarly, Donnely and Proctor‐Thomson (2015) asked 

their respondents to rate items such as “WFH lead to loss of professional/social 

interaction” and “WFH enabled me to have more time for myself/my family”. I argue, by 

using atomic enacted events as constructs, the approach in this study can tell more on the 

extent of such behavior in question. Thus, this approach can also help solve some of the 

paradoxes in the telework literature (Boell, Cecez‐Kecmanovic, and Campbell 2016; 

Leonardi, Treem, and Jackson 2010).  

Fifth, I develop hypotheses based on communication theories, in particular the 

theories of mediated communication (Whittaker 2003) and telework (Beauregard et al. 

2019). Mandatory WFH acts as a natural experiment to test them. Thus, this study is not a 

“theory free” big data analysis (Boyd and Crawford 2012), but a “theory centric” 

computational social science study (Cioffi-Revilla 2016a). In this regard, this study is 

different from the articles reporting on the change of ICT usage during COVID-19 both 
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of which lacks theoretical discussions (Arkcoll 2020; DeFilippis et al. 2020; Singer-

Velush, Sherman, and Anderson 2020).  

In the next section (Section 5.2), I provide background information about the 

general impacts of COVID-19 pandemic on the workforce and society and discuss the 

unique aspects of mandatory work from home. Following it (in Section 5.3), I introduce a 

set of theories in the literature and build hypotheses on them. After that, the subjects and 

data are described (Section 5.4). The next section (Section 5.5) is about 

operationalization of the hypotheses and the results. Finally, in Section 5.6 I conclude by 

discussing the implications of the findings. 

5.2 Background 

Disasters and pandemics have immediate effects on organizational behavior 

(Baert et al. 2020; Donnelly and Proctor‐Thomson 2015; Ralph et al. 2020), and research 

shows how early responses to such events long ago effect companies’ behaviors even 

today (Klüppel, Pierce, and Snyder 2018). The rapidly evolving COVID-19 crisis 

challenged millions of employees all around the world to start working from home almost 

overnight, unprepared. More than one third of the U.S. workforce (i.e., about 50 million 

people) that used to commute before March 2020 were sent to their homes to WFH (aka 

telecommute, telework, and virtual/remote/distributed work) until a further notice 

(Brynjolfsson et al. 2020). Accordingly, employers have been actively looking for WFH 

policies which promote effective WFH and limit the impact of the pandemic. In order to 

do this, they need to identify mandatory WFH related conditions that could be causing 

strain on their employees and ask how does WFH affect their employees’ communication 



135 
 

and collaboration behavior? Without having good answers to this question, I would argue 

that hundreds of millions of employees’ health and organizations’ productivity are at 

great risk. My rationale for this argument is that now the workforce has to deal not only 

with the traditional stressors of WFH, but also with the pandemic, which might be 

considered as the most extreme global stressor of our generation (Sinclair et al. 2020). 

WFH during “normal times”, aka “business as usual” (BAU) in business 

continuity planning, is different from mandatory WFH in several ways. Employees who 

willingly choose to WFH can choose to do so but can also go to the office and have face-

to-face interaction with their co-workers when they want to. Yet, during the early months 

of the pandemic, teleworking was not voluntary but rather mandatory, nobody was 

prepared for it, the entire workforce switched to it altogether, and it was 100% intensive 

(i.e., no office to visit). During this mandatory WFH period, it was not only their locked 

down offices that employees worried about but also the closures of restaurants and fitness 

facilities made meeting others very difficult and promoted social isolation especially for 

single and childless workers  (Carnevale and Hatak 2020). Furthermore, for employees 

with children, school and childcare shutdowns increased family demands for parents 

(Sinclair et al. 2020). Besides WFH and closure of businesses and social institutions, 

governments also issued shelter-in-place orders, travel restrictions, and bans on social 

gatherings, made life even more difficult than normal. Such unique conditions have rarely 

happened in the past, and to the best of my knowledge there is no study using workplace 

technologies metadata that compares employees’ work practices in-office vs WFH, 

neither in “normal” nor pandemic times. In the next section (Section 5.3), while building 
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hypotheses on work practices related to WFH, I discuss related work on telework. 

Implications of the findings on work practices for employee wellbeing is discussed in the 

discussion section (Section 5.6). For a recent review on people analytics and work 

stressors, readers can consult (Oz 2020) (Chapter 4). 

5.3 Hypothesis Development 

What do we expect to change in the work practices of employees who transitioned 

to mandatory WFH during the COVID-19 pandemic? Arguably the most salient change is 

that as employees start to WFH they need to compensate for the lost opportunity of face-

to-face communication with whom they used to share the same office. During BAU, how 

much face-to-face communication happen in an office and in what forms? We can group 

face-to-face communication types into two: informal/impromptu/unplanned and 

formal/scheduled meetings. Various studies have found that employees sharing the same 

space communicate formally (in planned meetings) about 25% - 80% of their work time 

(Romano and Nunamaker Jr. 2001), and informally (mostly for purposeful information 

exchange and sometimes for socializing) about 25% - 70% of the time (Waber 2011; 

Whittaker, Frohlich, and Daly-Jones 1994). 

What happens to face-to-face communications when the physical space is no 

more shared? Some of them cease to happen, and others move to available channels (i.e. 

to computer mediated communication (CMC)), most common of which are virtual 

meetings (i.e., teleconference), email, and workplace messaging apps (WMA) such as 

Slack and Microsoft Teams. Communications for coordinating social activities in a 

shared space such as having a lunch or coffee together are no more relevant and hence 
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cease. For most informal face-to-face communication however, I expect them to move to 

WMA because many functions of WMA are similar to (or even better than) face-to-face: 

these allow (i) negotiating availability (gives more control to recipient and solves the 

convenience asymmetry problem of face-to-face interruptions), (ii) maintaining social 

connection and conversational context (with emojis and persistent chat history), (iii) 

context-rich interactions (with mechanisms such as topic-based groups and message-

threads), (iv) quick questions and clarifications (instant messaging is faster than dialing 

in) as well as (v) coordination and scheduling (with dyadic/multi-party direct messages 

and integrated apps/bots) (Nardi, Whittaker, and Bradner 2000; Whittaker et al. 1994). 

Therefore, I expect WMA chat communication to increase between previously co-located 

people. 

How communication, in particular, WMA-chat volume, is expected to change 

between people who used to work at different offices previously? During BAU, the cost 

of communication (of initiation and maintenance) with a remote-site worker is higher 

than a common-site worker due to face-to-face opportunity. But when everybody works 

from home, the communication cost gap between previously co-located and previously 

not co-located is closed (to some extent), and hence one can expect that some of the face-

to-face communication with a (previously) co-located to be replaced by a WMA chat 

with a (previously) not co-located. Yet, the cost gap is not necessarily (totally) closed 

because: (i) established relationships takes the cost of computer mediated communication 

down for the previously co-located employees (Nardi and Whittaker 2002), and also (ii) 

when the two sites (hence the homes of the employees) are at different time zones, the 



138 
 

friction due to temporal distances increase the cost of synchronous communication 

(Chauvin, Choudhury, and Fang 2020). Nevertheless, since the cost of connection 

between previously co-located employees increases, the relative cost of connection 

between previously different-siters decreases. Therefore, I expect the communication 

between employees previously at different sites to stay the same or increase slightly, that 

is, much less than that of previously co-located employees. 

H1: After transitioning to WFH, the amount of WMA chat communication 

increases between employees who used to be co-located. 

H2: Compared to employees sharing a common office, the increase in WMA chat 

communication is less between employees who used to work at different sites. 

Does the transition to WFH effect all the ties in the observed organizational 

communication network in the same direction and size? With whom does an employee 

has more/less WMA-chat (and formal meetings) when WFH? It is expected that 

individuals that had the most face-to-face communication during BAU to have a higher 

increase in computer mediated communication. I expect employees whose work is more 

interdependent (i.e., same team members) to have more face-to-face informal 

communication than others, and therefore expect within team chat communication to 

increase more. Besides, research on the effects of reorganization on tie decay suggests 

that employees are more likely to choose to retain ties to valuable contacts, reciprocated 

ties, and socially embedded ties (Kleinbaum 2017). I argue, by enforcing everyone to 

WFH (removing the physical propinquity effect), COVID-19 altered the underlying 

“opportunity structure” in the organization, and thus, to a limited extent, acted as a 
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reorganization. Accordingly, I expect amount of communication in chat (WMA) to 

increase more within-teams than that of between-teams.  

H3: After transitioning to WFH, within team chat (WMA) communication 

increases more than that of between teams. 

From a Machiavellian perspective, managers are definitely among the most 

valuable contacts with whom to retain ties (Kleinbaum 2017). More importantly, 

supervisors should support their employees because perceived supervisor support is 

positively related to job satisfaction (Bentley et al. 2016), particular when employees are 

WFH (Fonner and Roloff 2010). Another benefit of greater leader-member information 

exchange is that subordinates who talk to their managers more often show more helping 

behavior to their coworkers (Lautsch, Kossek, and Eaton 2009).  

H4: After transitioning to WFH, cross-level chat (WMA) communication 

increases more than that of same-level. That is, managers increase chatting with non-

managers more than they increase it with other managers; and similarly, non-managers 

increase chatting with managers more than they increase it with other non-managers. 

WFH provides flexibility and autonomy, and this is highly appreciated by 

employees teleworking during disasters and pandemic (Donnelly and Proctor‐Thomson 

2015; Ralph et al. 2020). Due to the closures of facilities and schools, family role 

demands and interference with work has greatly increased during the early months of 

COVID-19. Thus, work has become more fragmented and sporadic throughout the day 

and often spills over to after hours. Unless there is a strong policy in place, I expect 

employees to work more and communicate more asynchronously (via emails and/or 
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WMA chat) outside regular business hours. Whereas, in BAU, I expect after-hour 

communication to be minimal. Compared to this base condition, therefore, I hypothesize 

that employees communicate asynchronously more off-hours. 

It has often been noted that household labor is not shared equally in most families. 

For example, working mothers assume a much greater responsibility for household 

management and child adjustment (~22h vs ~10h per week for fathers) (Ramey and 

Ramey 2009), and in a recent study, the majority of married mothers of upper-middle 

class backgrounds with dependent children at home reported that “they alone assumed 

responsibility for household routines involving organizing schedules for the family and 

maintaining order in the home” (Ciciolla and Luthar 2019). Since many schools and 

childcare facilities were closed during the early months of the pandemic, and women 

often take on more household and child responsibilities during the day, their work might 

be more sporadic than that of men. Besides, women are more likely to suffer from the 

stigma against flexible workers (Chung 2018), and therefore I expect them to be more 

willing to signal that they are working in the after-hours as an attempt to prevent that 

discrimination. 

H5: Off-hours asynchronous communication is greater for WFH than BAU. 

H6: The effect in H5 is stronger for women. 

Work telepressure, the urge to respond to asynchronous work messages quickly, 

is found to be associated with the amount of work performed at home (Barber and 

Santuzzi 2015). Since employees WFH all the time during COVID-19, I expect a greater 

level of telepressure and hence quicker message turnaround. Besides, there is a flexibility 
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stigma against those who work flexibly being not as productive or as committed as those 

in the workplace (Chung 2018). In order to overcome the stigma while WFH, I expect 

employees to respond to messages quicker than before, especially to their colleagues who 

used to share the same office. 

H7: Employees respond to their peers’ messages faster during WFH. 

H8: This effect is stronger among same-office workers. 

Media richness theory (MRT) proposes that the “richness” of information should 

fit to that of medium (Daft and Lengel 1986). According to the theory, a richer medium is 

the one that has a higher capacity for giving immediate feedback and transferring 

social/cognitive cues; and, a richer information is the one that requires longer time to 

understand. When rich information is not delivered in rich media, ambiguities arise. 

Therefore, when face-to-face is not available, complicated information needs to be 

communicated in the richest medium available, which, during the COVID-19 (mandatory 

WFH), is video calls (virtual meetings). Often such communication happens in recurrent 

meetings, but also quick short meetings are setup for this purpose. For example, Nardi et 

al. (2000) observed that instant messaging (IM) users switch media when the topic 

discussed is complicated, when some information gets misunderstood, and when 

communicating it requires too much typing (which is a slow process). Accordingly, I 

expect these calls to be short and dyadic most of the time. 

Too much interruption due to increased meetings and WMA chat load causes 

difficulties for employees to find time to focus and do the actual work. Accordingly, I 

argue that employees will cut long meetings. My justification for this is, first, researchers 
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have observed that compared to informal face-to-face interruptions, employees are 

annoyed much more when they are interrupted by meetings (Nardi and Whittaker 2002); 

and, secondly, interruptions by WMA chat is much less disruptive than meetings because 

the recipient has more control over the situation (i.e., less convenience asymmetry) – for 

example, the norms are different (social costs associated with not responding in face-to-

face is much higher), the recipient can peek at a message to get a sense of its urgency and 

then decide when to respond (“plausible deniability”, which is not possible in face-to-

face or calls) (Nardi et al. 2000). Third, meetings being “too lengthy” is one of the top 

reported meeting problems (Romano and Nunamaker Jr. 2001); and, fourth, attending 

virtual meetings for a long period of time is worse than that of physical meetings ( “Zoom 

fatigue”) – connection issues, lagging, camera/microphone issues, staring at the screen 

and seeing many eyes fixed on you in the grid, low audio/video quality, etc. all lead to 

emotional and cognitive strain (Tarafdar et al. 2019; Thompson 2020). 

H9: After transitioning to WFH, the number of short meetings increases. 

H10: After transitioning to WFH, the number of long meetings decreases. 

H11: After transitioning to WFH, cross-level meeting communication increases 

more than that of same-level. That is, managers increase their meeting time with non-

managers more than they increase it with other managers; and similarly, non-managers 

increase their meeting time with managers more than they increase it with other non-

managers. 
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5.4 Data 

This study is based on data emitted from available commonplace workplace 

technologies. Most organizations use calendar and email systems –such as Microsoft 

Exchange/Outlook and Google Calendar/Gmail– and workplace messaging apps (WMA) 

–such as Microsoft Teams and Slack– to communicate and collaborate within their 

organizations. Calendar, email and WMA systems store metadata for each event. These 

events include meetings setup, emails sent, and instant messages (IMs) sent. From such 

metadata, we can create snapshots of communication networks for each communication 

medium (meeting, email, and chat).24  

Each event contributes to a directed weighted communication network (adjacency 

matrix) through a concept called “attention time” (Kim, Bradbury, and Olguin 2020). 

Each event generates one or more directed weighted links that can be represented as a 3-

tuple of (attention giver, attention receiver, attention minutes). For example, when A 

sends a message to B through WMA or email, then the tie (A, B, estimated message 

writing time) is created but no tie is created from B to A. When A sends a message to N 

recipients, a tie is created between A and each recipient (i.e., N ties in total), each with a 

weight of “estimated message writing time” divided to N. I estimated message writing 

time rather than using pure message counts in this analysis because people have different 

styles of using these systems. Especially in instant messaging, employee A might prefer 

 
24 These systems usually provide configurable export features that allow metadata extraction, and IT 
departments should be able to do it. There also are open source projects for easily extracting such data such 
as <https://singer.io>. In this study I obtained my data from Humanyze, a GDPR compliant People 
Analytics company that has a proprietary system that extracts such information using the providers’ APIs, 
encrypt the data on their clients’ servers and then transfer over to their own servers –see the patent 
application for details (Kim, Bradbury, and Olguin 2020). 
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“hitting enter” more often and creating a separate message event for each sentence (or 

even for each word!), while employee B might choose sending less messages with longer 

content. If a person sends multiple messages quickly one after another, I cap the writing 

time of the subsequent messages by the previous message-sent, otherwise I cap message 

writing time at 5 minutes25. Beyond the attention minute concept discussed, for email and 

WMA chat, there also is the concept of “reply message” from which response times are 

calculated. 

 Calls and meetings (synchronous communication channels) do not have a sender-

receiver concept (unlike email and chat messages), they only have co-attendees, therefore 

attention is considered bi-directional. When A has a 30 minute one-on-one meeting with 

participant B, both ties of (A,B,30) and (B,A,30) are created; similarly, a 30 minute 

meeting of three participants (A,B,C) creates six links (the six permutations of a three-

element set) each with 15 minute weights (attention times) – i.e., the ties (A,B,15), 

(A,C,15), (B,A,15), (B,C,15), (C,A,15), (C,B,15).  

Combining ties created through calendar events (meetings) and WMA (chat), I 

created communication networks and analyzed them in this study for a technology 

company (N=40), “the Company” hereafter, for the time period starting from 2020-01-06 

(Monday) to 2020-05-31 (Sunday). Besides the communication metadata, I (through 

Humanyze) obtained the following participant demographics for the company as well: 

office location and time zone, primary-team and division, is-manager, tenure, and gender. 

 
25 I selected 5 minutes message writing time empirically by collecting self-reported WMA usage time data 
from employees working in different job functions and regressing it on the message counts they sent. 
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In extracting and transferring data all personal identifiers, i.e. sender and receiver 

IDs, are hashed on clients’ servers. As for email and chat (WMA) metadata, in addition to 

the user IDs, timestamp and thread-/channel-ID fields are collected. As for calendar 

events (formal meeting metadata), in addition to attendee IDs, meeting time and duration 

fields are collected. 

The company’s headquarters (HQ) is located in the Eastern time zone (in which 

26 employees work during BAU), it has an office in Pacific time zone (N=9), and also 

has three satellite offices –N=5 (2+2+1), one in Pacific Asia, one in West Europe, and 

one in Central time zone. The company transitioned to WFH fully on 2020-03-16 with its 

HQ and satellite offices, while the office in the Pacific time zone started WFH one week 

earlier. Chats (WMA) and meetings (calendar events) before and after these dates are 

designated as pre (BAU) and post (WFH) phase –the company does not use email for 

internal communication practically, therefore, I excluded it in this analysis.  

5.5 Method and Results 

In H1 and H2, I hypothesized that there would be an increase in chat (WMA) 

communication between people who used to share the same office, and that it would be 

much greater than the increase in chat communication with other office workers. To 

operationalize hypotheses H1 and H2, I collected office location information and weekly 

directed weighted dyads (calculated based on message writing times and number of 

recipients) of employees in C2. There were 10 weeks of BAU (pre) and 11 weeks of 

WFH (post) condition for most employees (employees in HQ), but the ratio was 9/12 

(instead of 10/11) for employees in the other office. I excluded participants in small 
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satellite offices (hence two offices left) and dyads less than 1 minute/week on average. 

For each employee, I then grouped the receivers of the communication into two as same-

office and other-office co-workers. As a baseline, during BAU, I observe that 80.5% of 

communication happens within the office. After transitioning to WFH, as seen in Table 2 

and Figure 13, the increase in WMA communication minutes with same office coworkers 

is much greater –i.e., 13.6x of different office (49/3.6). Besides, while the increase for the 

same office is statistically significant (p<0.001), it is not the case for different offices. 

These findings support the hypotheses H1 and H2. 

 

Table 2. Change in WMA communication with same and different office coworkers (weekly averages). 
 BAU minutes WFH minutes Change minutes Change ratio 

Same office 208.19 257.48 +49.28 +23.67% 

Different office 50.37 53.93 +3.56 +7.07% 

 

 
Figure 13. Amount of chat communications going to same office and other office employees. 
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In H3, I hypothesized that chat (WMA) communication within teams increase 

more than that of between teams. In testing H3, I followed the very same approach in 

operationalizing H1 and H2, this time grouping by “same division” instead of “same 

office”. In BAU, we observe that most (67.7%) of the communication happens within 

teams. After transitioning to WFH, the increase, in raw minutes, for same-team 

communication is ~6x that of other-team (48.2/5.8) –see Table 3 and Figure 14. Also, 

Figure 15 shows the change in average group member chat communication in minutes 

(from BAU to WFH). The diagonal being darker means that within team change is 

greater than cross-team change. These findings support hypothesis H3.  

 

Table 3. Change in WMA communication with same and different team coworkers (weekly averages). 
 BAU minutes WFH minutes Change minutes Change ratio 

Same team 197.57 245.78 +48.21 +24.40% 

Other team 94.28 100.09 +5.81 +6.17% 
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Figure 14. Individual communication distributions in Pre (BAU) and Post (WFH) phases with same team and 
other team members. 

 

 
Figure 15. The breakdown of within and cross group communications. 
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In H4, I hypothesized that cross-level chat (WMA) communication increases 

more than same-level communication. I grouped communicators (both senders and 

receivers) into managers and non-managers. The increase found to be higher among cross 

level communication (31.69%), and lower for same level communication (10.91%) as 

seen in Table 4 –and further broke down in Table 5. These findings support hypotheses 

H4. 

 

Table 4. Same-level and cross-level chat communication during BAU and WFH (weekly averages). 

 pre post change ratio 
Cross-level 106.69 140.51 33.81 31.69% 
Same-level 185.15 205.36 20.21 10.91% 

 
 

Table 5. Same-level and cross-level chat communication breakdown during BAU and WFH (weekly averages). 
From (is 
manager?) 

To (is 
manager?) 

Pre (BAU) 
(minute) 

Post (WFH) 
(minute) 

Change 
(minute) 

Change 
(Ratio) 

N N 153.93 179.76 25.83 16.78% 
N Y 88.02 114.25 26.23 29.80% 
Y N 136.04 181.77 45.73 33.61% 
Y Y 234.22 245.60 11.37 4.86% 
 

 

In H5 & H6, I hypothesized that off-hours asynchronous communication would 

be greater for WFH than BAU, and that this increase is greater for women. To 

operationalize them, I calculated number of WMA chat minutes outside business hours 

(9am-5pm employee’s local time) for each workday. I then averaged off-hours chat time 

within individual for both BAU and WFH phases as shown in Figure 16. Finally, I 
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grouped them by gender and calculated the change for typical (median) male and female 

employee (Table 6) –mean values were similar to median. I found that women had about 

the same (even a little less) amount of chat in BAU, but they tripled in WFH (hence 

surpassed men), while men also almost doubled –women’s increase is 2.26x of men 

(21.17/9.37). These findings support hypotheses H5 and H6. 

 

 
Figure 16. Distribution of off-hours chat for men and women in BAU and WFH. 

 

Table 6. Change in off-hours chat for men and women from BAU to WFH (weekly averages).  
Gender Pre (BAU) 

(minutes) 
Post (WFH) 
(minutes) 

Change 
(minutes) 

Ratio (%) 

Female 10.17 31.34 +21.17 208.26% 
Male 11.66 21.04 +9.37 80.38% 

 

In H7 and H8, I hypothesized that employees respond to their peers’ messages 

faster when WFH and that this effect is stronger for same office workers. To 

operationalize these hypotheses, for each reply message, I calculated message response 

time (delta). I included responses sent within 8 hours of original message and excluded 
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others. First, I observe that most (~75%) of the replies are posted by employees sharing 

the same office with the original poster. Overall, I found that the median response time 

dropped by 18.65%, supporting H7. However, when we break it down, we see that while 

employees’ response speed to same office workers increased by 23.45%, their responses 

to other office workers slowed down by 16.88% (Table 7). 

 

Table 7. Chat message response time statistics  
Pre reply 
msg count 

Post reply 
msg count 

Pre (BAU) 
response 
time (min) 

Post (WFH) 
response 
time (min) 

Change 
(min) 

Ratio (%) 

Overall 6438 7882 18.63 15.16 -3.47 -18.65% 
Other office 1757 1713 23.80 27.82 4.02 +16.88% 
Same office 4681 6169 17.20 13.17 -4.03 -23.45% 
 

 

In H9 and H10, I hypothesized that after transitioning to WFH, the number of 

short meetings would increase while number of long meetings would decrease. To test 

these hypotheses, I grouped meetings into seven different buckets and counted the 

number of meetings on each employee’s calendar each week per bucket. I then averaged 

them (within individual) over the two time periods of BAU (10 weeks) and WFH (11 

weeks). Finally, I averaged over individuals for both periods and created Table 8. My 

first observation is that, for C2, most of the meetings were already short in the pre (BAU) 

condition, and there were only a few long meetings per person-week. But despite that, in 

WFH condition we see even more short meetings and less long meetings. the change is 
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evident in the ratio column of Table 8 and clearly depicted in Figure 17. Therefore, I find 

strong evidence in favor of H9 and H10. 

 

Table 8. Meeting counts per duration category (weekly averages).  
Pre (BAU) Post (WFH) Change Ratio (%) 

<30 mins 4.64 5.83 1.19 25.53% 
30 mins 12.70 17.31 4.62 36.35% 
31-45 mins 1.11 1.76 0.64 58.01% 
46-60 mins 9.76 15.44 5.67 58.11% 
1-1.5 hours 1.49 1.26 -0.23 -15.21% 
1.5-2 hours 0.53 0.32 -0.21 -40.23% 
2-24 hours 1.85 0.76 -1.09 -59.02% 
 

 

 
Figure 17. Percentage change of meetings in WFH per meeting length 

 

In H11 I hypothesized that cross-level meetings would increase more after 

transitioning to WFH. In particular, while I hypothesized that an average manager 
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increases their meetings with non-managers more than they increase their meetings with 

other managers; in a similar vein, I expected a non-manager to increase their meetings 

with managers more than they increase their meetings with other non-managers. To test 

these hypotheses, I aggregated number of minutes each employee pair spend in meetings 

(recorded in their calendar) per week. Then per pair, I calculated the averages for BAU 

and WFH periods (i.e., co-attended meeting minutes/week). Finally, I grouped them by 

managerial type and averaged to get how much an average manager spend time with non-

managers and other managers, and how much an average non-manager spend time with 

managers and other non-managers. The results are populated in Table 9.  

 

Table 9. Focus group meeting with other groups statistics (weekly averages). 
Focus group 
(is-manager) 

Meeting with 
(is-manager) 

Pre (BAU) 
(min) 

Post (WFH) 
(min) 

Change 
(min) 

Ratio (%) 

N N 117.39 131.03 13.64 11.62% 
N Y 122.23 145.33 23.11 18.91% 
Y N 110.27 187.19 76.92 69.76% 
Y Y 184.91 239.10 54.19 29.31% 

 

During BAU, we see that most of the meetings happening among managers (an 

average manager spends ~3 hours/week meeting with other managers). This continues in 

WFH. However, managers also start to have more meetings with non-managers so much 

so that an average manager’s meeting time surpasses all other categories (by jumping 

from 110 minutes/week to 187 minutes/week). While managers increase their meetings 

with non-managers more than they do with other managers (69.76% > 29.31%), similarly 
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non-mangers increase their meetings with managers more than they do with other non-

managers (18.91% > 11.62%). These findings support H11. 

5.6 Discussion and Conclusion 

Although some companies have been working with most (or all) employees 

remote for many years (Ozimek 2020), traditionally many big tech firms such as AT&T, 

HP, and Yahoo! were against it (Lautsch et al. 2009). Yet, after shortly experiencing 

WFH due to COVID-19, many big tech firms including Facebook and Twitter announced 

in the early months of COVID-19 that they are transitioning into being “remote-first” 

companies (Levy 2020). What value does face-to-face communication offer that is not 

available in mediated communication? And what risks does lack of it bring? 

Opportunities of sharing the same space has both informational and social 

aspects; but mainly, it provides opportunities for sustaining social relationships (through 

touching, eating/drinking, and informal interactions), which is a precondition for 

effective communication, and secondly, it eases communication (e.g. by referencing to 

items, using pronouns, and using physical items in collaboration) , and seamless 

(observational and maybe even subconscious) learning (Nardi and Whittaker 2002; 

Whittaker 2003). When WFH however, out of sight, out of mind attitude might win over, 

and hence social isolation and disengagement might increase (Beauregard et al. 2019). 

Most of the hypotheses tested in this chapter in this regard are actually about behavioral 

changes to prevent such complications. Besides, personal health and family demands 

increase during disasters and pandemics (a serious risk especially for women), and these 

increased demands add cognitive and emotional burden on employees. What is more, 
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there are some aspects of virtual meetings less desirable than the physical one. Due to 

technostress and “zoom fatigue”, employees attending virtual meetings for a long period 

of time reported being more exhausted (Tarafdar et al. 2019; Thompson 2020). Given 

that both too much or too little of virtual meetings can cause stress, employees should be 

careful about when they are adding extra meetings and removing them. In addition, 

organizations can monitor the number of messages an individual or a group sends and 

receives. If it is too low, the individual/group is at risk of isolation, and if is too high, they 

might be unnecessarily overloading others and causing stress. Similarly, weak ties allow 

better organizational alignment and increases innovation and creativity. After controlling 

for perceived trustworthiness of relations, weak ties are shown to contribute to project 

outcomes even more than strong ties, because they provide access to non-redundant 

information (Levin and Cross 2004). It is easy to create weak ties in the office as it 

provides natural opportunities for spontaneous and unplanned interactions. Since these 

opportunities are missing when WFH, costs of initiation and maintenance of weak ties are 

higher unless there is a strong policy in place. Thus, monitoring organizational health 

becomes more important during hard times. 

Using the strategy adopted in this study, employees’ communication and 

collaboration data can be analyzed to check if the patterns and behaviors are in a normal 

or critical range. The agents in a company who are responsible for the health of the 

employees and their organizations can set a normative range acceptable to them 

(min/max threshold values), and continuously (weekly or monthly) monitor the change. 

What is more, they can setup a system that can send nudges to groups who are at risk. 
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Thus, for example, groups at risk of zoom-fatigue and information-undersupply can be 

reminded to adjust their meeting frequency and lengths. Appropriate policies can thus be 

adopted by the management to mitigate the stress of WFH. Thus, success of introduced 

policies can be monitored in the same way. If some groups highly adopt it and others not, 

then managers can further investigate the causes of the variation. 

The strategy proposed in Chapter 4 and exemplified in this study enables 

managers to measure their organizational health cost effectively, and it has many benefits 

that is not present in the most common stressor measurement method, i.e. surveys. First, 

surveys are good but not perfect because of selectivity biases, response biases, and 

survey-item characteristic biases (Podsakoff et al. 2003). One way to reduce these biases 

is to complement surveys with other methods. Convergence or divergence of multiple 

measurement methods on the results (presence or severity of a stressor) enables more 

informed interventions. Another way to improve survey effectiveness is to make them 

targeted. Sending the same blanket stressors questionnaire to all employees periodically, 

could be improved if we knew which groups signal what risks. 

Frequent measurement (continuous monitoring) enables early detection of issues 

and allows intervention in a shorter turnaround, and this arguably is even a greater 

benefit. Besides trend analysis, this strategy guides interventions by enabling 

benchmarking, experimentation, and retrospective cohort analysis stressors as shown in 

this study. COVID-19 acted as a natural experiment allowed us to compare employees’ 

work practices before and after they transitioned to WFH. Some of the analyses examine 

within group behavior changes (in pre and post conditions) while others look into across 
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groups changes (e.g., women’s work hours vs men), and others benchmarked multiple 

groups (e.g., change in communication broken down into teams). More of such methods 

are discussed in Section 4.4. 

Finally, one of the expected effects of the COVID-19 pandemic on the workforce 

is that WFH is going to become more pervasive. Now that almost everyone including the 

managers experienced WFH, I expect that the old adoption resistance will diminish 

because it has been shown that positive experiences of WFH is underestimated and the 

negative ones are overestimated prior to its adoption (Sinclair et al. 2020). Maybe that’s 

why, 85% of the respondents in a recent survey think that WFH is here to stay 

(Beauregard et al. 2019). Since many organizations moving into uncharted territories by 

embracing WFH to this extent for the first time, they need to measure how well are they 

adapting it, and this study helps managers ask the right questions and find solutions to 

their problems and needs.  
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CHAPTER 6 CONCLUSION 

This dissertation is a collection of four studies on collective stress in the digital 

age. It adopts computational methods, particularly from data science and network 

science, and analyzes social and behavioral data collected from various information and 

communication and technologies, to better understand and theorize about social 

behaviors during collective stress situations, and to help policy makers make more 

informed decisions.  

Each of the preceding five chapters addressed different aspects of the collective 

stress in the digital age research. Chapter 1 described collective stress in the digital age, 

discussed the importance of the practical and research problems, and the ways in which 

CSS can offer solutions, and my motivation for this dissertation. Chapter 2 is a literature 

review and a position paper. It laid the foundation for the following chapters, first 

reviewing the questions, methods, and findings of various disciplines on collective stress 

situations, and in particular disasters, and in detail describing how CSS of collective 

stress (in the digital age) relates to them and how it contributes to the field. Chapter 3 

examined various theories of attribution of blame and responsibility in a man-made 

disaster using data collected from social media (Twitter). Chapter 4 turned the readers’ 

attention to a common collective stress situation: occupational stress; and it proposed 

strategies that exploit workplace ICT data (email, calendar, workplace messaging apps, 
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etc.) to measure work stressors. Chapter 5 examined the change in work practices during 

the COVID-19 pandemic by analyzing five months of workplace communication and 

collaboration data (2.5 months before and 2.5 month after starting WFH) and discussed 

the changes in work practices from a collective stress perspective. 

6.1 Discussion and Limitations 

I discussed the implications and limitations of particular studies separately in the 

chapters they belong to. Here, I would like to address of what is common among all and 

also of what is unique to particular studies. 

First of all, this dissertation did not propose a grand theory of collective stress but 

addressed stressors and stress responses rather independently. Although Wheaton (2013) 

argues that “one stressor at a time” approach might lead to misunderstandings, since I 

discussed these theories in Chapter 1, I do not think these grand theories need to be 

rediscussed again and again in the following chapters. In the following chapters, I rather 

focused on the more specific theories of stress including blame, work stressors, telework, 

and others. 

Other than all particular studies being related to collective stress, the two main 

common research design elements in these studies are (i) that the data collected is 

communication data, and (ii) that the methods of analyses are computational. That being 

said, both the data features and methods employed are also very different. The two 

communication data sources are (i) social media posts and user profiles, and (ii) 

workplace collaboration technologies metadata (no content). Arguably the biggest 

difference between the two is their representativeness. For the workplace studies 
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(Chapters 4 and 5), I assumed all the communication metadata for the entire population. 

However, the social media (Twitter) data is only a sample. Even if it was not a sample, 

neither the Twitter users represent the nation, nor the online discourse fully represent all 

the discourses in all media. That being said, the research questions of the Flint study 

(Chapter 3) (political predisposition, homophily, and concerned places) do not 

necessarily require a perfect representation. However, effective measurements of work 

stressors (Chapter 4) requires a much more complete data. Similarly, measuring the 

heterogeneous effects of COVID-19 on work patterns requires having employee 

demographic information along with the communication data. 

In Chapter 2, I reviewed traditional social scientific studies of collective stress, 

crisis informatics, and computational social science, to close the gaps between them and 

to identify opportunities awaiting. In the next section I close this dissertation by 

discussing the future work of collective stress in the digital age. 

6.2 Future Work 

This dissertation combined behavioral data (e.g. attribution of blame on social 

media and collaboration at work), social theories, and computational models to improve 

our understanding of collective stress in the digital age. These components can interact in 

many different ways and thus uncover many previously unknown aspects of collective 

stress. Building on this dissertation and in particular the discussions in Chapter 2, here I 

discuss these possible interactions as suggestions for future work. 
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6.2.1 Data for New Theory Formation and Rich Explanations 

One kind of logical reasoning is abduction –i.e., inference to the best explanation. 

There are limited examples of this reasoning with collective stress researchers gathering 

data in the interest of forming new theories, giving rich explanations, and producing 

meta-analytic results. One such example of this disconnect is that of Olteanau et al. 

(2015), who used crowdsourcing to label 1000 tweets from 26 different crisis situations 

that took place between 2012 and 2013. Their findings identified six broad categories for 

information communicated over Twitter during disasters (affected individuals, 

infrastructure and utilities, donation and volunteers, caution and advice, sympathy and 

emotional support, and other useful information). The observational data were used both 

to inform the kind of computational analysis performed on experimental datasets and to 

explore what types of crises elicit specific Twitter user behaviors. This work 

demonstrates the potential of how data could be used to form new theories of human 

behavior in collective stress situations in the digital age. Another example to exploratory 

analysis is Glasgow et al. (2016). Researchers compared the expressions of gratitude for 

social support received after 2011 Alabama tornado and 2012 Sandy Hook school 

shooting (Newtown, CT), and their findings were “not always anticipated by theory” and 

the study “suggests that additional social and psychological factors should be considered 

in theorizing about social support and disaster response”. 

6.2.2 Data for Computational Model Building 

Computational modeling allows us to play collective stress scenarios with various 

parameters. Data have been used less frequently to develop computational models for 
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social experimentation in simulation of collective stress situations (Kavak 2019). For 

example, in Jumadi et al. (2018), evacuation data were used to improve the social 

simulation of populations escaping from volcanic eruptions. The data performed multiple 

functions in the research—calibrating the model, verifying model dynamics, and 

validating the final model build. As a result of the data used in the modeling process, the 

researchers were able to refine the model and improve the prediction of the locations 

where people would evacuate to. Likewise, Crooks and Wise (2013) demonstrated how 

VGI data can provide similar functions. Through data analysis of crowd contributed 

information, they studied the response of populations to variations in aid distribution and 

subsequently used social simulations to explore how rumors relating to aid availability 

propagated through the population. 

6.2.3 Data for Theory Testing 

Similar to data informing theory, the published literature showing how theories of 

collective stress inform the collection of new forms of data (e.g., social media, workplace 

ICT, VGI) for analysis is relatively scarce; however, some examples can be found (e.g., 

Chapter 3 and Chapter 5). The data I collected in these studies are used to test existing 

theories in the literatures of blame attribution and mediated communication during 

collective stress situations, respectively. Similarly, Lin and Margolin (2014) and Wen and 

Lin (2016) collected data (during the 2013 Boston bombings and before-after the 2015 

Paris terror attacks) to examine collective stress theories on inter-communal emotions 

and expressions. Beyond observational data, experiments have been conducted and 

experimental data collected in this domain. For example, Mao et al. (2016) developed an 
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online experiment to test the relationship between team size and productivity in a realistic 

crisis mapping task. Similarly, in Chapter 4, I listed experimentation (A/B testing) as a 

provision of computational social scientific approach to work stress. When which of 

multiple policies (theories) would be more effective in a collective stress situation is 

uncertain, then each can be applied to a different part of the organization, and their 

effectiveness can be measured afterwards. 

6.2.4 Computational Models for Testing Theories and Policies 

Computational models are often built to test specific social science theories. In an 

agent-based model of conflict in Sierra Leone, Pires and Crooks (2016) tested Le Billon’s 

(2001) theory that the spatial dispersion of a resource (in this case, diamonds) leads to 

warlordism, secession, and mass rebellion. The theory dictated the selection of data 

collection from a variety of spatial data sources, including OpenStreetMap. Their model 

subsequently provided confirmation of the theory using basic bottom-up processes 

operationalized in the model. Traditional social science models often simplify the 

complex interactions of socio-economic dynamics with linear representations, e.g., 

increasing education and employment will improve the quality of life in a community. 

Although there is ample confirmation of these theories, real-world data paint a more 

complex picture of confounding relationships, such as global economic trade or group 

unrest. Exploration of these complex interactions and nonlinear relationships has been 

done in another agent-based model (Pires and Crooks 2017) that uses identity and social 

influence theory (Tajfel 2010) to inform data collection and exploration of the emergence 
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of riots. Last but not least, Kniveton et al. (2011) modeled migration flows by applying 

the theory of planned behavior (Ajzen 1991).  

6.2.5 Emergence and Complexity in the Digital Age 

In the collective stress literature, we find studies addressing the complexity of 

collective stress situations verbally, mathematically, as well as by designing computer 

simulations. The emergent phenomenon of convergence of individuals and groups at the 

disaster scene has been discussed in the literature from different perspectives as 

therapeutic community, synthetic community, mass assault, altruistic community, the 

utopian community, emergence, and emergent behavior (Drabek and McEntire 2003). 

Building upon the old typology of organized behaviors in disasters (Quarantelli 1966) 

(established or non-established groups under taking regular or non-regular tasks), 

Quarantelli (1995) characterized and classified the following emergent behaviors: quasi-

emergence in group structure and/or behavior, structural emergence, task emergence, and 

group emergence. In exposing factors involved in emergence he identified the sufficient 

conditions for emergence as “supportive social climate, relevant pre-crisis social 

relationships, and specific but necessary resources” (Quarantelli 1995). Similarly, from a 

complex adaptive systems perspective, Comfort (1994) examined the self-organizing 

processes in collective stress situations by which communities act in their own interest to 

mitigate and reduce risk. We need new studies of self-organization because in the digital 

age they happen differently, and these studies can be studied under these categories: (i) 

persons as sensors, (ii) coordination and convergence in online interaction, (iii) collective 
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intelligence and distributed problem-solving, and (iv) digitally-organized relief (Palen et 

al. 2020). 

In social science research, other than simulations, social networks are invoked as 

descriptive and analytical concepts, as well as formal measurement and computational 

systems (Jones and Faas 2017). Accordingly, approaches to collective stress related 

network research can be classified into as socio-centric (mostly about inter-organizations) 

and ego-centric (mostly about groups within organization) – Chapter 4 and Chapter 5 

examined the latter.  

One major topic in collective stress research is mobilization for social support, the 

process through which people decide to whom in their network to turn when they need 

help (material, informational, or emotional) (Faas and Jones 2017; Small and Sukhu 

2016). In this regard, some studies have differentiated the types of support provided by 

kin and non-kin in different disaster contexts; e.g., (Casagrande, McIlvaine-Newsad, and 

Jones 2015; Hurlbert, Haines, and Beggs 2000; Shavit, Fischer, and Koresh 1994). For 

example, it has been argued that while the kin provided immediate aid in life threatening 

situations and in long-term recovery, the non-kin provided emotional support during 

preparedness and short-term recovery (Casagrande et al. 2015). Risk perception is 

another disaster related topic that social networks play an important role. While some 

researchers have examined networks of emergency organizations during disasters (e.g. 

Kapucu 2006), others focused on networks of victims (e.g. Small and Sukhu 2016). 

Kapucu (2006) studied inter-agency communication networks during emergencies. 
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Burger et al. (2017) embedded individuals into multiplex social networks (e.g. with 

family ties, school ties, and work ties). 

Although a few researchers have done a great deal of work in laying the 

groundwork by characterizing and hypothesizing about the emergent behaviors in 

collective stress situations, still much work is needed for advancing and testing these 

hypotheses. As Quarantelli (1995) noted, current findings are broad and not precise. 

Since complexity and network analysis possess important theories and methods regarding 

emergent phenomena in general (Vespignani 2010), collective stress situations therefore 

make a very suitable domain. 

6.2.6 Computational Models for New Theory Formation 

Turning from complexity theory to computational modeling, traditionally, models 

were built to test a specific theory. However, with advancements in computation, models 

are now also used to develop theory, changing the relationship between theory and 

modeling (Axelrod 1997; Crooks et al. 2008). This is specifically evident in the 

utilization of agent-based models. Agent-based models have been shown to be suitable 

for capturing the heterogeneity and the complex interactions between agents and their 

environments and have made progress in the development and study of theories of 

complexity in collective stress situations. Perhaps the most well-studied area of agent-

based models of complex human behavior in collective stress situations is that of 

evacuation during disasters: fires (e.g. (Wise 2014)), earthquakes (e.g., (Torrens 2014)), 

tsunamis (e.g., (Wang et al. 2016)), hurricanes (e.g., (Chen, Meaker, and Zhan 2006)), 

volcanic eruptions (e.g., (Jumadi et al. 2018)), and floods (e.g.,(Dawson, Peppe, and 
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Wang 2011)). At a finer level of spatial resolution in predicting human behavior, Helbing 

et al. (2000) modeled escape panic in the spirit of self-driven many-particle systems 

while Torrens (2018) focused on more behavioral rich agents that lead to collective 

egress in evacuations. These and other agent-based modeling frameworks (see (Ren, 

Yang, and Jin 2009) for a review) have informed the development of theory on 

evacuation dynamics in emergencies and disaster. More current work builds on these 

efforts with further explorations of the complex dynamics in evacuation relating to 

second-order relationships. Wang et al. (2016) simulated evacuation for a near-field 

tsunami in an ABM, investigating the impacts of decision-time, modes of transportation, 

and the availability of evacuation paths on mortality rates.  

Similar to Section 6.2.1, reasoning style and research approach discussed here is 

abductive. Beyond evacuation related behavior, by incorporating newly available data 

into models (Kavak et al. 2018) or following new paradigms in modeling (Orr et al. 

2018), new theories of collective stress behavior can be developed. 

6.2.7 Computational Models for Data Analysis and Synthesis 

Just as models inform theory, models can also inform data exploration and 

synthesis. Social simulations in the form of computational models have used data from 

ICTs and created simulated data for exploration, not necessarily for theory formation or 

testing. Dawson et al. (2011) developed an agent-based model and simulated data to 

analyze the risks of flooding in different scenarios and provide new insights about flood 

incident management. Wise’s (2014) agent-based model of wildfire evacuation 

demonstrates how, when given a set of parameters for specific scenarios, social 
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simulations in computational models can be used to create data for analysis, predict 

human behavior, and provide data for policymakers. To assess the longer-term welfare 

impacts of urban disasters, Grinberger et al. (2016; 2015) made several simulations 

spanning the three years after an earthquake. They simulated the urban dynamics 

(residential and non-residential capital stock and population dynamics) using both 

bottom-up (locational choice for workplace, residence, and daily activities) and top-down 

(land use and housing price) protocols and analyzed the resulting data to find that low-

income groups lose both housing and embedded social support systems. 

Realistic population synthesis is another important aspect of social simulations of 

disaster response. Burger et al. (2017) proposed a model to synthesize agents using public 

open data sources such as the U.S. Census Bureau’s demographic profile dataset, 

business patterns dataset, and workflow (LODES) dataset. In this case, the model informs 

the creation of a synthetic population from census data in social simulation. Most 

recently, researchers also showed the ways in which simulations can mitigate the impact 

of COVID-19 pandemic by guiding various kinds of policies (Currie et al. 2020). 

6.2.8 Summary 

This review of the interactions among components of collective stress research 

identified some gaps in the current practice to be addressed by future work, and this 

dissertation laid the foundations to such work. Thus, beyond what has been contributed to 

the collective stress domain in the earlier chapters of this dissertation, as depicted in 

Figure 6, I hope that this discussion of future work allows researchers find new ways to 

make the cogs of social theories, computational models, and data sources work together 
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to reveal and better understand the social processes and human behavior during collective 

stress in the digital age. 
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