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Introduction to Dissertation

1 Preface

Powerful digital technology is becoming increasingly available and accessible, driving the
ongoing digital transformation of work (Brunker et al., 2023; Rossi et al., 2020; Zimmer et al.,
2023). Although digital technology has been ubiquitous in our lives for decades (Yoo, 2010),
recent years have seen unprecedented changes in the sociotechnical configuration of humans
and technology in the workplace (Briinker et al., 2023; Chamakiotis et al., 2024; Lyytinen et
al., 2021; Weritz et al., 2022).

Information and communication technologies (ICTs), such as video conferencing systems and
virtual collaboration tools, drive the virtualization of work by digitally supplementing or
replacing collocated collaboration (Briinker et al., 2023; Hacker et al., 2020; Ologeanu-Taddei
et al., 2023; Waizenegger et al., 2020). This renders geographically fixed workplaces less
important and gives rise to virtual work arrangements that are partly or fully external to
organizations (Asatiani & Norstrom, 2023; Petani & Mengis, 2023; Petriglieri et al., 2019).
Hybrid work arrangements are a particularly prominent and widely-adopted form of
increasingly virtual, technology-enabled work that only partly takes place collocated in shared
organizational locations (Chamakiotis et al., 2024; Petani & Mengis, 2023). In hybrid work,
workers change between collocated on-site work and dispersed remote work (Cousins et al.,
2007; Halford, 2005; Sewell & Taskin, 2015; Weritz et al., 2022). Digital technology is
indispensable for this work mode and is more deeply interwoven in daily work practices than it
is the case in most traditional on-site work arrangements (Chamakiotis et al., 2024; Petani &
Mengis, 2023). Another prevalent virtual work arrangement is crowd work. In crowd work,
workers conduct their tasks completely remotely and without being members of certain
organizations (Deng et al., 2016; Ihl et al., 2020; Petriglieri et al., 2019). These work
arrangements are even more technology-dependent, since workers not only work via digital
tools but also receive their tasks via online labor platforms (OLPSs) and are often even managed
by technology in the form of algorithmic management (Méhlmann et al., 2021; Wiener et al.,
2023).

Besides the increasing virtualization of work driven by digital ICTs, Artificial Intelligence (Al)
is a major driver of the digital transformation of work (Bankins et al., 2024; Baptista et al.,
2020; Lyytinen et al., 2021; Schuetz & Venkatesh, 2020). Al is able to augment human
problem-solving at work (Dennis et al., 2023; Jia et al., 2024), shifting the division of labor
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between technology and humans (Choudhary et al., 2023; Jarrahi, 2018; Jia et al., 2024). Thus,
work in many fields is fundamentally transformed (Bankins et al., 2024; Dennis et al., 2023;
Strich et al., 2021). This transformation includes academia, where Al is changing the way
scholars make sense of phenomena (Berente et al., 2019; Lindberg, 2020; Shrestha et al., 2021).

Overall, the aforementioned digital transformation trends impact work along multiple
dimensions (Baptista et al., 2020) including the way work is conducted (Briinker et al., 2023;
Ologeanu-Taddei et al., 2023), how work is experienced by individuals (Brawley & Pury, 2016;
Meske & Junglas, 2021), the context in which work is conducted, e.g., the organizations in
which work takes place (Noesgard et al., 2023; Wessel et al., 2021), and the ways work is
researched (Berente et al., 2019; Burton-Jones et al., 2021; Lindberg, 2020; Shrestha et al.,
2021). In this dissertation, I investigate these impacts through four studies in the context of the
digitally transformed work settings outlined above, namely in organizations, in the context of
work via platforms, and in an academic context. All these studies are connected by an
overarching sociotechnical understanding of contemporary work arrangements that considers

both social and technological aspects to make sense of digitally transformed work.

The first study investigates how the growing virtualization of work and the corresponding rise
in the significance of digital communication in hybrid work environments (Chamakiotis et al.,
2024) transform work practices and how these changes, in turn, alter the context in which these
practices are implemented, i.e., a hybrid working organization. The study examines changes
within both the social and technical subsystems as a consequence of these shifts in work
practices. Considering the increasing prevalence of hybrid work (Chamakiotis et al., 2024;
Fayard et al., 2021; Haas, 2022), understanding the changes this work mode causes in work
practices and the subsequent transformations in organizations is of great importance for

research and organizational practice.

The second study examines the work experience of individuals who perform microtasks via
OLPs. Detached from professional social connections and the structuring influences of
organizational structures (Ihl et al., 2020), work experience on OLPs is decisively determined
by interaction with technology in task fulfillment (M6éhlmann et al., 2021). This high degree of
virtualization and individualization of workers as a result of the digital transformation of work
substantially differentiates crowd work from work within an organizational context (Durward
et al.,, 2020). Understanding the work experiences of individuals in such work settings is
important in order to better comprehend potential problems and challenges, thus providing a

foundation for improving the work experiences on OLPs.



The third and fourth studies explore how the advancing capabilities of Al applications are
transforming the methods researchers use to investigate phenomena. In the realm of
Computationally Intensive Theory Development (CTD), powerful Machine Learning (ML)
methods are used to identify patterns within data that form the foundation for new theoretical
developments (Abbasi et al., 2023; Berente et al., 2019; Lindberg, 2020; Miranda et al., 2022;
Shrestha et al., 2021). The task of pattern recognition, once predominantly a human domain, is
largely managed by technology in CTD (Lindberg, 2020). Consequently, the sociotechnical
configuration in theory development is shifting towards a greater reliance on technological
components. This shift not only alters the nature of researchers’ work but also paves new
pathways for enhancing our understanding of sociotechnical phenomena in the context of

work’s digital transformation.

In the subsequent section, | will provide individual summaries of the four studies, outlining
their specific research questions, the methodologies employed to address these questions, as
well as the key findings and contributions of each study.

2 Summary

Study one is titled “Sociotechnical Transformation as Consequence of Newcomer Socialization
in Hybrid Working Organizations”. This study focuses on changing work practices in hybrid
work and the resulting organizational transformation. Specifically, we concentrate on
newcomer socialization practices, as these practices are particularly challenged by the decrease
in direct personal contact in favor of increasing digital communication and collaboration
(Fayard et al., 2021; Kane et al., 2021). At the same time, newcomer socialization practices are
decisive in shaping the organizational gestalt (Bauer et al., 2021) - that is, the nature of the
interplay between the social and technical components of an organization. We investigated the
research question: “How do hybrid work and newcomer socialization practices jointly
transform the sociotechnical gestalt of organizations and what roles do top-down and bottom-

up interventions fulfill in this context?”

To answer this question, we® conducted a qualitative case study with a medium-sized 1T
organization from Germany. In our case organization, we conducted 30 interviews with

individuals from various departments and at different career stages. Among them were (HR)

5 All studies were conducted together with co-authors. For this reason, the pronoun “we” is used from here on

when referring directly to the authors of a study.



managers, workgroup leaders, and experienced employees responsible for the socialization of
newcomers, as well as newcomers themselves. We analyzed the data using an interpretive
approach (Eisenhardt, 1989; Walsham, 1995), employing an Organizational Discontinuity
Theory (ODT) lens. The ODT focuses on boundaries for work practices in highly virtual work
settings. In particular, it is used to examine how challenging discontinuities - consequences of
collaborating across boundaries - arise, and how they are managed by introducing continuities,
which are measures to handle these challenging discontinuities (Asatiani et al., 2021; Asatiani
& Penttinen, 2019; Chudoba et al., 2005; Crowston et al., 2015; Watson-Manheim et al., 2002,
2012). According to the ODT, there are planned continuities introduced to prevent
discontinuities and reactive continuities to handle discontinuities that have already emerged and
been perceived by organizational members (Asatiani & Penttinen, 2019; Watson-Manheim et
al., 2012). Continuities can be introduced top-down or bottom-up (Asatiani & Penttinen, 2019;
Watson-Manheim et al., 2012).

On the basis of our data and the theoretical lens, we developed a model illustrating how the
interplay of planned and reactive top-down continuities, reactive bottom-up continuities, and
the failure of introduced continuities can simultaneously have a destabilizing and a stabilizing
impact on the organizational gestalt. Top-down continuities favor a stabilizing impact, which
manifests in the organizational gestalt as successful socialization of newcomers (i.e.,
newcomers become an integral part of the workforce) and as the controlled transformation of
the IT nexus® - the entirety of non-physical Information Technology as part of the technical
subsystem. In contrast, bottom-up continuities and the failure of continuities favor a
destabilizing impact, which manifest as the limited socialization of newcomers and a
complexification of the organizational IT nexus. We delineate the mechanism underlying our

model and discuss the implications for research literature and for practice.

Study two is titled “Antecedents of Frustration in Crowd Work and the Moderating Role of
Autonomy” and focuses on the work experiences of workers who conduct microtasks via OLPs.
In particular, we examine the frustration perceived by many workers in such digital work
arrangements (Taylor & Joshi, 2019) that lack traditional social and organizational integration
(Ihl et al., 2020). We asked: “Which factors shape micro-task crowd workers’ experienced

frustration and to what extent do these antecedents affect frustration? ”’

® This term is inspired by Baskerville et al.’s (2022) IS nexus. However, it does not align with their concept, nor

does it fully correspond with their conceptualisation of IT systems. Therefore, we have chosen to term it differently.
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To answer this research question, we employed a mixed-method approach. Initially, we
developed hypotheses based on qualitative data, which were then tested using an independent
survey study (Venkatesh et al., 2013, 2016). The qualitative study consisted of 96 narratives
from active microtask crowd workers from several platforms. From this basis, we identified
frustration as a relevant work experience, as well as the antecedents of frustration in these work
arrangements. Subsequently, using a quantitative survey study involving another sample of 181
active workers in the same context, we tested the previously developed research model on the
impact of these antecedents on frustration using moderated linear ordinary least squares

regression.

Through our qualitative study, we identified technical problems in conducting tasks, platform
competition, and the inability to disconnect from work as antecedents of frustration in microtask
crowd work. Additionally, we identified autonomy as a potential moderator. Besides the
potential moderating effect, our qualitative study suggested that autonomy also has a direct
negative effect on frustration, i.e., when high autonomy is perceived in crowd work, frustration
is reduced. Intesting the relevant hypotheses for this model, all antecedents, as well as the direct
effect of autonomy proved to be statistically significant, with all three antecedents exhibiting a
positive relationship with frustration. Further, we demonstrated that autonomy actually
moderates two of the three relationships. When crowd workers perceive high autonomy in this
work arrangement, the frustrating impact of technical problems in conducting tasks is lessened.
In contrast, the frustrating effect of the inability to disconnect from work is even exacerbated
by autonomy. The hypothesized moderation of the effect of platform competition, however,
was not significant. We discuss our insights in light of research literature and crowd work

practice.

The third study is titled “Opening the Black-Box of Al: Challenging Pattern Robustness and
Improving Theorizing through Explainable AI Methods”. In this study, we examine the use of
Al, particularly ML, for CTD. We specifically investigate how explainable Al (XAIl) can be
used to uncover patterns learned by black-box ML approaches, thereby aiding in theory
development. Our focus is on assessing the robustness of these patterns to provide

recommendations for effectively integrating XAl into theory development.

For this investigation, we analyzed two publicly available real-world datasets using seven ML
approaches, for instance, Artificial Neural Networks (Hassoun, 1995) and Random Forests
(Breiman, 2001), to generate predictive models for predefined variables. Subsequently, we
employed two different XAl methods, Partial Dependence Plots (PDP) (Kamath & Liu, 2021)
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and Shapley Additive Explanation Values (SHAP) (Lundberg & Lee, 2017), to approximately
reveal and compare the patterns learned by the ML approaches in order to assess the patterns’

robustness.

Upon comparing the patterns obtained from the different ML approaches, we observed that
some approaches constructed models based on different variables yet achieved comparably
effective prediction outcomes - a phenomenon known as the Rashomon effect (Fisher et al.,
2019; Rudin, 2019). Our finding highlights the significance of this phenomenon in using ML
for theory development and establishes a foundation for addressing this issue. Confronting
ambiguous patterns can pose challenges, particularly when these patterns are to be utilized in
theory development. Consequently, we derived recommendations for employing XAl in CTD

and for managing non-robust or contrasting patterns within the context of theory development.

The fourth study is titled “Usefulness of Explainable Artificial Intelligence Tools for Theorizing
Information Systems Phenomena: The Case of SHAP”. This study, like study three, explores
theory development in the age of Al, i.e., humans collaborating with Al to craft innovative
theories. In particular, we address CTD, a method of developing theory using computational
methods, such as ML, to detect patterns as a crucial step (Berente et al., 2019; Lindberg, 2020;
Miranda et al., 2022; Shrestha et al., 2021). However, many ML approaches are black-boxes,
complicating their use in theory development (Shrestha et al., 2021). XAl methods can assist
in addressing the opacity of black-box approaches (Barredo Arrieta et al., 2020), thus enabling
their application in theorizing. The focus of this study is to examine how and to what extent
XA, specifically SHAP, can be useful in this regard, asking: “Can XAI, and particularly SHAP,
uncover patterns to accurately represent phenomena and is it useful for computationally

intensive theory development?”

We addressed this research question through two sub-studies. In the first sub-study, we
generated 1,000 synthetic datasets using a Monte Carlo simulation approach. We designed the
ground truths for our synthetic phenomena based on eight ground truth functions (GTFs),
incorporating two different types of error terms. These GTFs were modeled based on functions
from contemporary studies to ensure comparability with real-world phenomena. The aim of this
initial study was to generally assess how well SHAP can capture patterns from black-box ML
approaches. We analyzed the synthetic data using six ML approaches and then depicted the
learned patterns using SHAP. As we defined the actual patterns in the data through our GTFs,
we could precisely evaluate under which circumstances and for which relationships SHAP

provides good results. In the second sub-study, we analyzed a real dataset using the same ML
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approaches as before, again applying SHAP. Utilizing the results from this analysis, we
demonstrated our approach to incorporating the identified patterns into the theorizing process.

Based on the two sub-studies, we demonstrate the conditions in which SHAP provides valuable
insights into patterns and illustrate how SHAP can be applied in theory development. We
translate these insights into recommendations for using SHAP in CTD and discuss the overall
usefulness of this methodology in theory development. Thus, we contribute to the
methodological toolkit of Information Systems research and related disciplines, which is crucial
for understanding contemporary phenomena, especially in the context of the increasing digital

transformation of work.
3 Conclusion

The findings of this dissertation reveal that digital transformation in the workplace accelerates
ongoing changes in work practices, leading to transformations in organizations on both social
and technological levels (study one). A key challenge identified in our case from study one is
that highly virtual and digital work environments can undermine the integration of new
employees and weaken organizational cohesion, resulting in more isolated work that tends to
occur either individually or in small groups. In completely detached work settings (study two),
our findings emphasize the prevalence of negative work experiences - frustration in our case —
and the central role of both social and technical antecedents. Work settings devoid of any
organizational framework, such as microtask crowd work, show an even greater detachment
from shared values and structures compared to study one, posing significant challenges for the
workers involved. These challenging conditions for individuals and organizations highlight the
necessity for further research and the development of innovative theories to better comprehend
these dynamics, and to devise strategies to manage these challenges effectively. Studies three
and four build on this premise. In these studies, within the context of the digital transformation
of academic work, we demonstrated how ML combined with XAl applications can be employed

in theory development.
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Abstract

This study examines how hybrid work and newcomer socialization practices jointly transform
organizations. As hybrid work arrangements become increasingly prevalent, understanding
their implications for organizations becomes crucial. The development of hybrid work
remarkably impacts practices related to socializing newcomers, which traditionally relies
heavily on direct personal interactions. In a single-case study and using an organizational
discontinuity theory lens, we analyze data from an organization operating with a hybrid model.
Thereby, we focus on the newcomer socialization practices and the consequent sociotechnical
transformation. Our findings suggest that hybrid work causes multiple communication and
collaboration boundaries which frequently result in discontinuities in newcomer socialization
practices. To address the discontinuities, the organization introduces top-down continuities and
workgroups introduce different bottom-up continuities. Both these kinds of continuity transform
social interaction and technology use in newcomer socialization, thereby stabilizing and
destabilizing the organization’s social and technical subsystems. Destabilization, driven by
continuities, causes limited socialization and an uncontrolled complexification of the IT nexus.
This study contributes to the literature on digital and sociotechnical transformation, illustrating
how bottom-up and top-down continuities’ interplay transforms newcomer socialization
practices and eventually also organizations. Further, it contributes to the organizational

discontinuity theory by shedding light on the potentially destabilizing impact of continuities.

13



1 Introduction

Hybrid work has been widely introduced for knowledge workers across countries, industries,
and organizations, to the extent that it has become established as the dominant work mode in
many organizations and as the new normal for many workers (Chamakiotis et al., 2024; Fayard
et al., 2021; Haas, 2022). In hybrid work, workers flexibly change between organizational and
remote workplaces (Cousins et al., 2007; Halford, 2005; Sewell & Taskin, 2015; Weritz et al.,
2022). This makes Information and Communication Technology (ICT) more important than
before for workers to communicate and collaborate to fulfill their work tasks. Such a digitality
shift acts as a transformative force for work practices regarding social interaction and
technology use (Chamakiotis et al., 2024; Keating et al., 2024; Watson-Manheim et al., 2002,
2012). In particular, work practices requiring close human interaction and intensive information
exchange are challenged, since in hybrid work these practices show substantial differences in
comparison to previously dominant work arrangements that were either collocated or fully
remote (Fiol & O’Connor, 2005; Keating et al., 2024). For this reason, newcomer socialization
practices are especially affected by hybrid work (Fayard et al., 2021; Kane et al., 2021).
Newcomer socialization practices comprise all the activities intended to transform newcomers
from organizational outsiders to organizational insiders. These practices shape newcomers’
behavioral patterns, including their ICT use, as well as their norms, skills, and values (Bauer &
Erdogan, 2014; Korte & Lin, 2013). The reciprocity of newcomer socialization ensures that the
involved incumbent workers and eventually also the organization as a whole are influenced
(Bauer et al., 2021). The transformative nature of newcomer socialization practices and the
digital shift associated with hybrid work impact these practices, which makes newcomer
socialization in hybrid work a fertile space for organizational transformation. Understanding
the joint impact of these phenomena on an organization’s sociotechnical gestalt, i.e., on how
the interplay between the social and technical components is configured, promises valuable
insights for Information Systems (IS) research on sociotechnical and digital transformation in

complex transformation environments.

Two predominant perspectives lead in the digital transformation literature to explain how
transformation proceeds. The “top-down-first” perspectives place organizational agents at the
forefront of transformation, where their roles of managing external and organizational pressures
(Wessel et al., 2021) are pivotal in transforming practices, workplaces, or entire organizations
(Kaganer et al., 2023; Zimmer et al., 2023). A technology imperative (Markus & Robey, 1988)

characterizes this approach, positioning technology at the heart of investigations and
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prioritizing technological changes ahead of behavioral adjustments. In contrast, the “bottom-
up-first” perspectives emphasize the proactive changes individuals make in an organization
(Bartelheimer et al., 2023; Briinker et al., 2023; Morton et al., 2020; Ologeanu-Taddei et al.,
2023). This view supports the idea that individuals can initiate transformation through proactive
process innovation and workarounds, thereby transforming workplaces or an entire
organization from the grassroots level (Bartelheimer et al., 2023; Brinker et al., 2023;
Malaurent & Karanasios, 2020). Guided by this organizational imperative (Markus & Robey,
1988), the analyses based on bottom-up approaches center on humans, advocating for human

behavioral change as a precursor to technological adaptation.

However, IS literature calls for more holistic theoretical views on digital transformation
(Baptista et al., 2020; Brunker et al., 2023; Wessel et al., 2021). According to Baptista et al.
(2020), considerations of transformation should take into account technology and people, with
neither being prioritized over the other. Also, the different orders of transformation, i.e.,
changes in practices, the nature of work, and organizations as a whole, should be incorporated.
At the same time, the context, e.g., the type of organization and the organizational phenomenon
under investigation, should be considered to account for the multifaceted nature of digital
transformation (Brunker et al., 2023; Wessel et al., 2021). Following this call, we focus on the
sociotechnical interplay between humans and technology, considering changes in and
transformative effects of work practices and the nature of these practices — the socialization of
newcomers —to ultimately understand how the sociotechnical gestalt of an organization changes

in a given transformative context, i.e., in hybrid work. Our research question is:

How do hybrid work and newcomer socialization practices jointly transform the
sociotechnical gestalt of organizations and what roles do top-down and bottom-up

interventions fulfill in this context?

Our study is built on changing work practices as a transformative force in organizations,
focusing on newcomer socialization practices (Bartelheimer et al., 2023; Briinker et al., 2023;
Giddens, 1984; Malaurent & Karanasios, 2020). We employ the organizational discontinuity
theory (ODT) (Asatiani, Hamaldinen, et al., 2021; Asatiani & Penttinen, 2019; Chudoba et al.,
2005; Crowston et al., 2015; Watson-Manheim et al., 2002, 2012) as a lens to understand the
changes in practices and, ultimately, in the sociotechnical gestalt that occur within highly virtual
work settings, such as hybrid work. According to the ODT, highly virtual work settings are
confronted with various boundaries across which collaboration and communication flows have

to be conducted (Watson-Manheim et al., 2002, 2012). The consequences of crossing such
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boundaries have been conceptualized as discontinuities (Asatiani, Haméléinen, et al., 2021,
Asatiani & Penttinen, 2019; Chudoba et al., 2005; Crowston et al., 2015; Watson-Manheim et
al., 2002, 2012). Discontinuities are defined as “created at a boundary when an individual
perceives a change in information and communication flows that requires conscious effort and
attention to handle” (Watson-Manheim et al., 2012, p. 36). The ODT posits top-down and
bottom-up continuities that can be introduced preventively or reactively to handle
discontinuities that challenge work practices (Asatiani & Penttinen, 2019; Watson-Manheim et
al., 2012). This is a critical perspective, as it assigns equal value to the transformative effects
of hybrid work environments and newcomer socialization practices in the sociotechnical
transformation of organizations. It sheds light on how these transformative forces jointly
contribute to reshaping the organizational gestalt, offering a holistic view that considers top-
down and bottom-up effects alike and thereby enriches our understanding of sociotechnical

transformation in the digital era.

We conducted an interpretive single-case study, comprising 30 interviews with newcomers,
incumbents, and organizational agents from an organization in the IT sector. This approach
delivered rich insights into the joint impact of newcomer socialization and hybrid work on the
sociotechnical gestalt of the investigated organization. We found that the construction of
continuities for newcomer socialization, aiming to handle discontinuities from hybrid work,
was the main driver for changing newcomer socialization practices. Most importantly, however,
we found that bottom-up continuities introduced by workgroups in reaction to discontinuities
they had perceived caused substantial disparities in these practices between different
workgroups. These disparities were evident both in terms of ICT use and social interaction.
This mechanism had a destabilizing impact on the organization’s sociotechnical gestalt by
causing limited socialization, in that some newcomers who were socialized into their
workgroup were not socialized into the organization, and by increasing the complexity of the
organizational IT nexus, e.g., by introducing additional ICTs as continuities on a workgroup
level. In cases where the organization anticipated problematic discontinuities or reacted to ones
the organization identified after workgroups had introduced continuities, the continuities could
make a stabilizing impact. This became possible by the introduction of uniform top-down
continuities that harmonized newcomer socialization practices between the various
workgroups. Additionally, we found that in cases where continuities did not work as intended,
workgroups and the organization tended to completely reject hybrid practices for newcomer

socialization, trying to return to fully on-site solutions instead.
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This study contributes to the IS literature on digital and sociotechnical transformation (Baptista
et al., 2020; Bartelheimer et al., 2023; Brinker et al., 2023; Rinta-Kahila et al., 2023; Rossi et
al., 2020; Zimmer et al., 2023), as well as to the literature on boundaries, discontinuities, and
continuities in virtualized work (Asatiani & Norstrom, 2023; Asatiani & Penttinen, 2019;
Watson-Manheim et al., 2002, 2012). Our model demonstrates how newcomer socialization
practices in an organization with hybrid work as the dominant mode influence this
organization’s sociotechnical gestalt. Specifically, our contribution sheds light on the various
transformative effects through integrated consideration of top-down and bottom-up approaches,
and of unintended changes arising from unsuccessful continuities. Both destabilizing and
stabilizing forces, stemming from simultaneously addressing top-down and bottom-up
discontinuities and their failures, have a dynamic impact on both the social and technical
subsystems. Beyond the desired outcomes, such as successful organizational socialization, the
continuities also have unintended consequences, which include the IT nexus becoming more

complex and the newcomers being only limitedly socialized (Asatiani & Norstrom, 2023).
2 Theoretical background

2.1 Transforming an organization’s sociotechnical gestalt through work practices

Organizations are sociotechnical work systems, where technology serves to enable the efficient
attainment of human-defined goals through collaborative efforts (Alter, 2008, 2013; Asatiani,
Malo, et al., 2021; Bostrom & Heinen, 1977; Fischer & Herrmann, 2011; Henfridsson &
Bygstad, 2013; Rinta-Kahila et al., 2023; Sarker et al., 2019; Vaast & Walsham, 2009). In these
systems, people and technology are deeply connected in how they significantly influence each
other, and one cannot function without the other (Robey et al., 2013; Sarker et al., 2019; Strong
et al., 2014). Despite such inherent interconnection, for analytical purposes, it can be beneficial
to emphasize the social or technological elements distinctly (Baskerville et al., 2022).
Following this analytical emphasis, we classify the social components of such a system as a
social subsystem, and the technical components as a technical subsystem. People, groups of
people, their interactions and relationships, shared norms and values, as well as social
hierarchies, are assigned to the social subsystem (Baskerville et al., 2022), while the technical
subsystem comprises individual physical and non-physical technologies, interfaces between
and systems of these technologies (Alter, 2008; Zimmer et al., 2023). In contemporary highly
digital organizations, non-physical Information Technology (IT), or ICT, plays a particularly

significant role in the technical subsystem by enabling social interaction and the performance
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of tasks to achieve organizational goals (Bartelheimer et al., 2023; Fischer & Herrmann, 2011,
Sarker et al., 2019). We conceptualize the entirety of these artifacts, including their

interdependencies, as a subset of the technical subsystem, terming it the IT nexus’.

The sociotechnical gestalt of an organization reflects how the interplay between the social and
technological components is configured, showing the pivotal role human behavior plays in
defining this gestalt (Giddens, 1984; Orlikowski, 2000). We understand the sociotechnical
transformation of the gestalt most effectively through the lens of work practices (Azad & King,
2012; Bartelheimer et al., 2023; Briinker et al., 2023; Malaurent & Karanasios, 2020; Rossi et
al., 2020), since work practices consolidate social interactions and technology use as they
genuinely occur in an organization, beyond the organization’s intentionally designed business
processes (Alter & Recker, 2017; Bartelheimer et al., 2023; Baxter & Berente, 2010; Rossi et
al., 2020). Changing work practices reconfigure the social subsystem and the IT nexus®, for
instance by reshaping interpersonal dynamics and hierarchies or by integrating new ICTs,
which ultimately transform the overall organizational gestalt (Alter, 2013; Strong et al., 2014).

Newcomer socialization practices are particularly transformative regarding an organization’s
sociotechnical gestalt since they critically impact the workforce’s norms, values, skills, and
general behavior (Bauer et al., 2021; Van Maanen & Schein, 1978), including their use of ICT

in an organization.
2.2 Newcomer socialization practices as sociotechnical transformation drivers

Newcomer socialization is a process in which newcomers acquire the knowledge, skills, norms,
and values necessary for successfully transforming them into socially integrated and effectively
contributing organizational members (Bauer et al., 2021; Leidner et al., 2018; Van Maanen,
1978; Van Maanen & Schein, 1978). The process is shaped by newcomers interacting with
incumbents (Ashforth et al., 2007; Boekhorst et al., 2024; Oshri et al., 2007; Zhang et al., 2023),
such as experienced co-workers and mentors (Allen et al., 2017; Boekhorst et al., 2024; Fang
et al., 2011, 2017; Li et al., 2011), or organizational agents such as (HR) managers (Dufour et
al., 2021; Ellis et al., 2017; Korte et al., 2015; Nifadkar, 2020). ICT is an indispensable part of

7 This term is inspired by Baskerville et al.’s (2022) IS nexus. However, it does not align with their concept, nor
does it fully correspond with their conceptualization of IT systems. Therefore, we have chosen to term it differently.

8 Importantly, not all parts of the technical subsystem are equally malleable (Rossi et al., 2020). Whereas human
behavior alone is able to change the IT nexus, physical technological artifacts are mostly more durable and harder

to transform in gestalt terms.
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this interaction (Leidner et al., 2018; Oshri et al., 2007). It enables and shapes social and
professional exchanges (Hacker et al., 2020), serving as a foundation for the development of
skills and shared values (Ahuja & Galvin, 2003; Asatiani, Himélainen, et al., 2021).

Newcomer socialization practices are performative, in that they are actions and activities that
take place in newcomer-incumbent interaction (Bartelheimer et al., 2023; Feldman & Pentland,
2003; Pentland & Feldman, 2008). These practices regularly differ from the ostensive
newcomer socialization tactics, which are idealized formulations of organizations’ intended
newcomer socialization (Feldman & Pentland, 2003; Pentland & Feldman, 2008; Rossi et al.,
2020). Tactics are designed and frequently redesigned to establish guardrails for socialization
practices. They aim to indirectly impact socialization outcomes by aligning practices top-down
with the organizational intentions (Zimmer et al., 2023). For this purpose, organizational agents
develop tactics to specify which values and skills they want to convey, how formally newcomer
instructions will be taught, which responsibilities to assign, whether the approach should be
individualized or group-based, and which ICT resources should be used (Batisti¢, 2018; Jones,
1986; Peltokorpi et al., 2022). The performative nature of newcomer socialization practices
directly determines newcomer socialization outcomes (Van Maanen & Schein, 1978). The
organizational gestalt becomes manifest in the way newcomers and incumbents interact
(Giddens, 1984) and in socialization outcomes (Bauer et al., 2021). This shapes the social

subsystem as well as the IT nexus.

From a social subsystem perspective, newcomer socialization practices drive sociotechnical
transformation through two mechanisms. First, these practices determine the success of
newcomer socialization. Such success refers to the extent to which newcomers achieve
organizational goals, which can include organizational commitment, cultural fit, low turnover
intentions, willingness and ability to perform (Bauer & Erdogan, 2014), embeddedness of
newcomers (Dinger et al., 2022), or organizational identification (Ashforth et al., 2007; Zhu et
al., 2017). As newcomers integrate into the existing workforce, their embodiment of these
variables reshapes the collective manifestation of these organizationally intended attributes
within the workforce. For example, if through unsuccessful socialization, newcomers become
incumbents with a low sense of loyalty to the organization, the overall cohesion within a

workforce and the affiliation of its members is weakened (Leidner et al., 2018).

Second, through newcomer socialization practices, the newcomers’ behavioral patterns are
shaped beyond the newcomer socialization context. The reciprocal nature of newcomer

socialization determines that, simultaneous to achieving organizational goals, the incumbents’
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behaviors are influenced (Bauer et al., 2021; Dufour et al., 2021; Li et al., 2011). Through
explicitly communicated rules, cultural norms, and values (Bailey & Barley, 2011; Bauer et al.,
2007) and through vicarious learning (Liu et al., 2020; Myers, 2018), newcomers learn how to
interact and behave socially in the context of their organization. However, this is not simply a
one-way transformation of outsiders into insiders; it also impacts the behavioral patterns of
incumbents (Bauer et al., 2021). Newcomers bring external impulses in the form of their own
norms and values, which influence how incumbents behave. Again, this happens through social
learning or proactive newcomer behavior (Dufour et al., 2021; Fang et al., 2011). These changes
in behavioral patterns can spread across the organization horizontally, i.e., to other incumbents
or workgroups. Also, they can spread vertically, i.e., to organizational agents, prompting them
to change tactics, and to realign practices and tactics (Bartelheimer et al., 2023), e.g., through
capturing behavioral guidelines in organizational culture handbooks (Asatiani, Himal&inen, et
al., 2021). Thereby, organizations influence the behavioral patterns of social interaction
organization-wide. Overall, newcomer socialization practices transform the social subsystem
by shaping new behavioral social interaction patterns, as well as the distribution of distinct
attributes, such as identification, in the workforce. In addition to influencing the social

subsystem, newcomer socialization practices also affect the IT nexus in a transformative way.

A multitude of ICTs found in the organizational IT nexus are regularly used in newcomer
socialization practices. The organization provides them to shape newcomer practices in
accordance with organizational intentions. That is, ostensive aspects are inscribed into ICT
usage patterns (Pentland & Feldman, 2008; Rossi et al., 2020) in newcomer socialization, either
through guidelines or in their design. For communication support and joint task processing,
ICTs provided by the organization include email programs, chat applications, and video
conferencing systems (Hacker et al., 2020; Oshri et al., 2007; Waizenegger et al., 2020; Xu et
al., 2010) such as Zoom, groupware like Slack (Ahuja & Galvin, 2003; Eckhardt et al., 2019;
Saldanha et al., 2020), and enterprise social media (Ali-Hassan et al., 2015; Cai et al., 2020;
Leidner et al., 2010, 2018; Zheng et al., 2023). These ICTs and systems aim to enable vicarious
learning by allowing newcomers to observe incumbents at work (Leonardi, 2014). They also
foster informal contact and a sense of connectedness through quick informal exchanges and by
forming personal networks (Hacker et al., 2020; Leidner et al., 2018), and they support work-
related knowledge sharing when workers process tasks jointly (Forsgren & Bystrom, 2018).
Therefore, these tools can significantly influence the quality and intensity of the communication
of social norms and values, as well as the degree of expertise-related knowledge sharing. In

addition to ICTs that support communication, organizations provide technologies that support
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newcomers’ independent information-seeking and learning efforts. These technologies include
digital on-demand repositories (Subramani et al., 2021), wikis (Majchrzak et al., 2013;
Saldanha et al., 2020), e-learning platforms (Song et al., 2023), and Artificial Intelligence (Al)
based systems, such as chatbots (Majumder & Mondal, 2021; Ritz et al., 2023). These ICTs
should facilitate the acquisition of codified knowledge about the organization and the job-
related tasks to be learned, which is crucial for the individual’s capability development
(Subramani et al., 2021) and eventually for successful newcomer socialization in accordance

with organizational goals.

It is likely that newcomers and incumbents might not perceive the ostensive aspects inscribed
in these ICTs exactly as the organization had intended (Rossi et al., 2020). Also, the
requirements for newcomers and incumbents to use the ICTs might not fit what the ICTs
provide (Ejnefjall & Agerfalk, 2019; Robey et al., 2013; Volkoff & Strong, 2013). Therefore,
newcomers and incumbents could resort to workarounds in ICT use (Bartelheimer et al., 2023;
Briinker et al., 2023; Ejnefjall & Agerfalk, 2019; Malaurent & Karanasios, 2020) or could
altogether resist using certain ICTs (Lin et al., 2018), rather favoring external ICTs (e.g., private
messaging applications or publicly available online learning platforms) or legacy systems
(Rinta-Kahila et al., 2023) (e.g., fragmented data repositories in workgroups for knowledge
management instead of organization-wide e-learning platforms). Such patterns of divergent ICT
use among newcomers and incumbents can prompt organizational agents to implement top-
down interventions (Bartelheimer et al., 2023), either by introducing alternative ICT solutions
to replace existing systems (Rinta-Kahila et al., 2023; Zimmer et al., 2023), or by imposing
additional user guidelines and rules. Such measures aim to reinforce the intended practices by

emphasizing their ostensive aspects (Robey et al., 2013; Rossi et al., 2020; Wessel et al., 2021).

The bottom-up and top-down mechanisms are not exclusive to newcomer socialization
practices. However, for several reasons, newcomer socialization is especially prone to such
mechanisms. Since newcomers come in as outsiders with distinct values, norms, and skills
(Bauer & Erdogan, 2014; Korte & Lin, 2013) a poor fit with existing ICTs is likely, thus these
circumstances promote workarounds in the form of deviant usage patterns or resistance to ICT
use (Bartelheimer et al., 2023; Ejnefjall & Agerfalk, 2019; Lin et al., 2018; Robey et al., 2013;
Strong & Volkoff, 2010). The reciprocal nature of newcomer socialization practices (Bauer et
al., 2021; Li et al., 2011) causes such workarounds to spread horizontally across the
organization, since incumbents adopt them as well. Further, workarounds often inspire vertical

top-down interventions (Brinker et al., 2023; Malaurent & Karanasios, 2020; Rossi et al.,
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2020), so that their frequent occurrence in the newcomer socialization context impacts the
ostensive aspect of tactics and ICT as part of these tactics as well (Bartelheimer et al., 2023;
Robey et al., 2013; Rossi et al., 2020). By promoting the spread of changed ICT usage patterns,
newcomer socialization practices thus contribute to transforming the IT nexus, in that
technology is added to or subtracted from the nexus, used differently, or used with varying
intensity.

Considering the reviewed literature on digital and sociotechnical transformation and newcomer
socialization, the transformative effect of newcomer socialization practices results from the
ostensive-performative interplay (Feldman & Pentland, 2003; Pentland & Feldman, 2008)
between bottom-up and top-down activities and the reciprocal influence of organizational
outsiders and insiders. To broaden this perspective so that we include the impact of the
transformative ubiquitous virtualization of work (Yoo, 2010), we extend our study by using an
ODT lens (Watson-Manheim et al., 2002).

2.3 An ODT perspective on hybrid work as a catalyst of sociotechnical transformation

The ODT offers a theoretical framework for understanding changing organizational practices
in the context of increasingly virtualized work (Asatiani, Hamaldinen, et al., 2021; Asatiani &
Penttinen, 2019; Chudoba et al., 2005; Crowston et al., 2015; Watson-Manheim et al., 2002,
2012). This framework relies on perceptions of boundary-crossing communication and
collaboration which results in actions of individuals, groups of individuals, or organizational
agents, seen as triggers for changing practices and structures (Watson-Manheim et al., 2002,
2012). The theory’s focus on work with high virtuality and work practices complements our
quest for understanding the changes in organizations’ sociotechnical gestalt through

investigating newcomer socialization in hybrid work.

According to the ODT, the virtualization of work creates communicative and collaborative
boundaries in organizations (Chudoba et al., 2005; Crowston et al., 2015; Watson-Manheim et
al., 2002). The disruptive effects these boundaries have on existing work practices - the
discontinuities - are perceived differently by different individuals, workgroups, departments, or
organizations (Asatiani & Penttinen, 2019; Crowston et al., 2015; Watson-Manheim et al.,
2012). Besides considering discontinuities that have already occurred, the ODT also addresses
anticipated discontinuities resulting from boundaries expected to occur in the foreseeable future
and to be disruptive regarding work practices (Asatiani & Penttinen, 2019; Watson-Manheim
et al., 2012). Depending on the perceived nature of these discontinuities or the expected nature
of possible future discontinuities, organizational actors intervene to deal with such
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discontinuities, especially if they are perceived as problematic, to ensure effective work
practices are restored (Asatiani, Hdmaldinen, et al., 2021; Asatiani & Norstrom, 2023). These
actors also handle current "bumpy rides" (Asatiani, Hamaldinen, et al., 2021, p. 63) by
introducing reactive continuities or future ones by introducing planned continuities. These
actions — the continuities — can comprise various kinds of primarily social, primarily technical,
or primarily complex sociotechnical adaptations in the form of, e.g., respectively, adapting the
social hierarchies, introducing new ICTs, or shifting social exchange to virtual channels
(Asatiani & Penttinen, 2019).

Various actors can introduce continuities, either as organizational agents (top-down
continuities) or as individuals and workgroups (bottom-up continuities) (Asatiani & Penttinen,
2019; Crowston et al., 2015). Top-down continuities, such as the introduction of new ICTs as
reactive measures or in replacement of legacy systems as planned continuities (Rinta-Kahila et
al., 2023; Zimmer et al., 2023), aim to stabilize practices based on how organizational agents
perceive discontinuities. They introduce the continuities in the interest of organizational goals
and to maintain or specifically reshape the organizational gestalt accordingly. In contrast,
bottom-up continuities — comparable to bottom-up workarounds (Bartelheimer et al., 2023) —
primarily address the immediate challenges to practices in which individuals or workgroups
perceive discontinuities for themselves. Still, these continuities can spread across organizations
(Asatiani & Penttinen, 2019; Bartelheimer et al., 2023).

From an ODT perspective, if incumbents and newcomers in hybrid work continuously change
their work location (Chamakiotis et al., 2024; Cousins et al., 2007; Halford, 2005; Weritz et al.,
2022) discontinuities multiply through regular newcomer-incumbent communication and
collaboration across spatial and technical boundaries (Chamakiotis et al., 2024; Watson-
Manheim et al., 2012). The consequences of such discontinuities, i.e., handling them on an
individual, workgroup or organizational level through continuities (Asatiani & Penttinen, 2019;
Chudoba et al., 2005; Crowston et al., 2015), promote changes in newcomer socialization
practices on both a social and technological level, thus affecting the social subsystem and the

IT nexus, which, in turn, transforms the organizational gestalt as a whole.

Since in hybrid work newcomers and incumbents continuously move between work locations
(Halford, 2005), various different constellations determine the communication and
collaboration practices of newcomer socialization. For example, a newcomer can be in the
office while her key contact persons are working remotely, or a newcomer can work remotely

while his key contact persons are in the office, or newcomers and incumbents can be in the
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office together, or working remotely at the same time. Through an ODT lens, this constitutes
multiple boundaries of a spatial and technical nature, related to the different locations and ICTs
used in collaboration and communication (Chudoba et al., 2005; Watson-Manheim et al., 2002).

In turn, this increases the likelihood of discontinuities for newcomers and incumbents.

Importantly, regardless of working in hybrid mode, newcomers are confronted with boundaries
such as the organizational culture or technical boundaries due to ICTs unknown to them
(Asatiani, Hamalainen, et al., 2021; Asatiani & Penttinen, 2019; Van Maanen & Schein, 1978).
These boundaries interact with those created by newcomers’ and incumbents’ hybrid work
(Watson-Manheim et al., 2012). Therefore, newcomer socialization practices in hybrid work
encounter multiple discontinuities. With this, a large number of continuities are successively
and rapidly introduced, which can drive the changing newcomer socialization practices
(Watson-Manheim, 2019) and thus also the transformation of the organizational gestalt.

The most notable changes that hybrid work brings to newcomer socialization practices concern
aspects which are highly dependent on active exchange between newcomers and incumbents
(Zaza et al., 2023), such as vicarious learning (Ahuja & Galvin, 2003; Myers, 2018). This
includes, for example, the way in which organizational culture is conveyed (Schutte & Asatiani,
2023; Zaza et al., 2023), as in addressing the reduced face-to-face contact (Fiol & O’Connor,
2005) and the associated restriction of learning cultural norms and values vicariously by using
artifacts such as digital onboarding manuals more extensively (Asatiani, Hamaldinen, et al.,
2021). Another example is in socialization practices being spatiotemporally reconfigured, as in
introducing collocated weeks before newcomers are allowed to work remotely (Asatiani &
Penttinen, 2019; Crowston et al., 2015) or in comprehensively shifting social exchange to
location-independent videoconferencing systems (Hacker et al., 2020; Waizenegger et al.,
2020), as in the form of workgroup-internal virtual coffee breaks. However, how these and
other concrete changes in newcomer socialization practices affect the social subsystem, the IT

nexus, and eventually the organization’s gestalt, has not yet been investigated.

3 Methodology

We chose an interpretive single-case research approach (Eisenhardt, 1989) to answer our
research question. Single-case studies allow researchers to delve deeply into various aspects of
a phenomenon, gaining an in-depth understanding of the case at hand (Eisenhardt, 1989;
Eisenhardt & Graebner, 2007). This approach allows us to comprehensively explore the

contexts, experiences, and perspectives of the participants involved in our case (Walsham,
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1995). As a first step, we did a thorough literature review which indicated hybrid work to be a
contemporary phenomenon that concerns scholars and practitioners alike. Next, we asked
ourselves which organization would be best suited to answer our questions and concluded that
an organization in the IT sector (Zaza et al., 2021, 2023) would be most promising to give us
crucial insight into sociotechnical transformation, as it has already gained extensive experience
with hybrid work. IT organizations often have intangible goods and services as primary output,
with such output produced by knowledge workers who can easily work flexibly from different
locations. Therefore, work with a high degree of virtuality, such as hybrid work, is not novel
for them, even if the extent to which an organization uses these work modes could be new to
them. How do this organization and our informants deal with the fact that all employees can
now work in hybrid mode? How has this changed employees’ work practices, i.e., the way they

conduct their daily tasks? How have these changes influenced the organization as a whole?
3.1 Case description

ITCM® is an IT consultancy organization with a focus on manufacturing companies. Established
in 2005, ITCM s a service provider with a predominantly regional focus. The organization
employs over 100 people and recently expanded by two new branches. ITCM had already been
offering hybrid work for several years. Senior employees were allowed to work a remote day
per week. Newcomers were required to be on-site full-time. At the time of data collection,
employees were given the option of freely choosing their work location with the suggestion of
working two days per week on-site. Before selecting our case organization, we formulated the
basic elements that are important in a single-case study as (1) theoretical relevance: the case is
selected based on its potential to contribute to the development of the emerging theory; (2)
variation and diversity (Eisenhardt, 1989): the sampling aims to capture a wide range of
perspectives and experiences related to the research focus on hybrid work and newcomer
socialization in our case organization; and (3) theoretical saturation: as many interviews are
included as are required to reach theoretical saturation, i.e., the point at which no new insights

on the phenomenon are observed.

Following our research objectives, we identified two criteria as the basis for our case selection.
First, the case organization had to be in the IT sector because we needed an organization with
no fundamental barriers to implementing hybrid work. As the main business is intangible the

work can be carried out from any location. Second, the case organization had to enable hybrid

® This is a pseudonym to maintain confidentiality.
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work for their employees. A particular feature in ITCM, although not an inclusion criterion,
was that the employees primarily worked in workgroups, as is common among IT professionals

(Dinger et al., 2022) who formed a substantial component of our interviewees.
3.2 Data collection

We collected data using semi-structured interviews, an approach which allows interviewees to
elaborate in answering open-ended questions. We visited ITCM before collecting data to get to
know the organization from the inside and see what working there looks like. We could spend
time on-site and got a good impression of how ITCM pursues hybrid work and work in general.
This was an important step in finalizing our interview guide (Darke et al., 1998) (Appendix A
on pages 53 and 54). Our data collection started in December 2021, focusing on hybrid work,
the role of ICT in hybrid work, the changes to work practices and the organization, and the
challenges related to hybrid work and ICT use in hybrid work. We then coded the first
interviews and found that newcomer socialization practices were an issue raised in almost all

of them without it being the interview focus.

1 think it’s difficult for newcomers [...] to familiarize themselves with the work and the daily
workflow via [our virtual communication tool], because [...] the newcomer hardly knows
how to use our computer systems. Thus, it is more helpful if you sit with the newcomer in

front of the laptop and show them how to do it [than doing it digitally]. (IP2)

This led to us expanding our initial research question on how hybrid work changes work
practices and the organization as a whole, to include newcomer socialization. With that new
knowledge, we decided to adapt our interview guide and include newcomer socialization in our
interviews, asking questions about participants’ newcomer socialization experience in the
organization and about the challenges they noticed regarding the socialization practices.
Further, we asked them to give us their general perception of newcomer socialization in hybrid
work and the role of ICT. When we interviewed organizational agents such as HR managers,

we put the focus on questions about changes they had noticed at the organizational level.

After this initial data collection, we analyzed the interviews through open coding, identifying
concepts, categories, and patterns. Our earlier observation that workgroups were important in
our case organization was confirmed so that we could attribute even greater significance to it
than we did initially. We wanted to investigate this finding further by conducting additional

interviews.
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With this ongoing iterative process between data analysis and collecting additional data, we
reached theoretical saturation since no new information emerged with the inclusion of the last
interviews (Eisenhardt, 1989; Keutel et al., 2014; Stake, 2005). We were able to identify this as
follows: The challenges hybrid work posed for newcomer socialization practices recurred in the
last interviews. We were able to verify and confirm the mechanisms of action and reaction from
the workgroup level to the organizational level. Therefore, we concluded our data collection in
January 2022 with a total of 30 interviews. To ensure validity in our sample, we chose numerous
and highly knowledgeable interviewees who occupy different positions situated at different
hierarchical levels. This gave us diverse perspectives on our phenomenon (Eisenhardt &
Graebner, 2007). We transcribed every interview verbatim. Since the interviews were not
conducted in English, we translated the quotes we used in the manuscript using the software
DeepL and consulted a professional copy editor. Appendix B on page 55 provides an overview

of our informants, including their professional roles and tenure.
3.3 Data analysis

We followed an iterative data collection and coding process. Therefore, data collection and data
analysis partly overlapped, enabling us to benefit from the flexibility advantages of the case
study method (Eisenhardt, 1989). We followed the three phases of qualitative analysis (Miles

& Hubermann, 1994), which helped us to uncover recurrent patterns in our data.
Phase 1: Understanding newcomer socialization in hybrid work

With the first analysis, we aimed to understand the newcomer socialization practices in our case
organization, asking how newcomers are socialized, what role ICT plays in newcomer
socialization practices, whether there is a consistent process, what common socialization
practices are used, and how newcomer socialization is hybridized? This phase gave us a detailed
picture of how our case organization conducted newcomer socialization and what challenges
hybrid work entailed. This analysis was conducted after each interview and was updated at the
end of data collection as we reviewed the descriptions after the last interview, thus based on our

latest understanding.
Phase 2: Open coding

In the second phase, we analyzed the data using an open coding approach. Initially, we created
first-order codes, which represent an early summary of the open coding (see Table 1 below).
Further, we combined these codes into second-order codes using axial coding. The resulting

codes could be collated into superordinate categories.
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Phase 3: Finalizing

In the third phase, we examined our results with a within-case analysis, again sharpening and

supplementing our found codes. Thus, we were able to finalize our coding.

Statement Codes

Of course, it’s different when you don’t get to know your Poor networking, no cross-

colleagues. That definitely has its disadvantages, because you workgroup socializing

don’t know who you can ask about which topics.

I talk to my mentor all the time and he says who | could ask. Good relationship to mentor,

Obviously, that ties up an enormous amount of work capacity. takes a lot of the mentor’s work-
time, poor network

We are currently working on further e-learning materials that Training for all newcomers, a-

will cover even more of the company’s history. Then there will | synchronous learning

also be e-learning materials that can be completed before the

Welcome Day.

The main issue is that there are simply too many different tools Many different IT tools in use,

resulting in an information overload. IT nexus getting more complex

Table 1: Open coding examples.
4 Findings

In organizations where all knowledge workers operate in hybrid work arrangements, boundaries
are multiplied and people frequently do their work across these boundaries. Our respondents
reported having to deal with challenging boundaries in newcomer socialization practices,
frequently mentioning spatial and technical boundaries. Hybrid work offers a mix of different
workplace settings from which employees can choose in deciding where and how to work.
Workers frequently mentioned spatial separation as a boundary for newcomer socialization

practices:

In my team, we are very dispersed [...]. We are geographically separated and have to use

digital means for coordination and to work together. (IP1)

With less shared time in the same location, communication and collaboration between
newcomers and incumbents now depend on digital tools. This digitization shift was described

as a technical boundary present in newcomer socialization:

1 think it’s difficult for newcomers [ ...] to familiarize themselves with the work and the daily
workflow via [our virtual communication tool], because [...] the newcomer hardly knows
how to use our computer systems. Thus, it is more helpful if you sit with the newcomer in

front of the laptop and show them how to do it [than doing it digitally]. (IP2)
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Socializing newcomers across these boundaries resulted in perceptions of discontinuities in
socialization practices, challenging these practices from the incumbents’ and the newcomers’

perspectives alike:

It’s always difficult when you're in a position where you have [...] to teach people. You
simply have much less access to the newcomers. [In collocated work] it's often the case that
you walk past the office, see that they are puzzled and look dissatisfied, so you can just sit
down next to them and ask: "Hey, what’s actually going on?”. [...] you get no personal
connection to them at all [in hybrid work]. (1IP14)

Being in training in [a hybrid work mode] is more difficult because you have more questions
and stuff. (IP25)

The discontinuities were perceived differently by different workgroups. This can be illustrated
by statements interviewees from different workgroups made in which some perceived a
boundary as problematic, while others found the same boundary manageable, as the following
statement on a discontinuity at a technical boundary illustrates:

We now use [a virtual collaboration tool] as a communication medium, meaning we chat,
make calls, or hold conferences. For questions, the inhibition threshold via [this virtual tool]

is perhaps greater for some people compared to when sitting in the same office. (IP15)

It was actually the case that the appointments, which we normally would do together in a
room, worked out when we did them via email or [our virtual collaboration tool]. Maybe it
wasn’t always as quick, or as easy, but it worked almost as well. Surprisingly well, to be
honest, so I don’t think that much has changed. (IP5)

Further, organizational agents identified challenging discontinuities or ones that they expected
would emerge in the future. This gives a basis for organization-wide interventions to handle or
prevent discontinuities and to support newcomer socialization practices uniformly. To
illustrate, an organizational agent expecting discontinuities arising from ongoing digitalization

of work, explained possible needs for future interventions:

In the future, we’ll perhaps also need augmented reality and embedding the whole thing
more in a virtual experience. Using 3D glasses [...] | can look at the people directly and see
this reality more strongly embedded in my VR glasses [...] this form of interaction is of
course better. (IP21)

Overall, we identified four situations of handling the discontinuities for newcomer socialization

practices. The various continuities that were introduced differed according to whether they were
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expected by organizational agents, actually perceived at the workgroup level, or identified by
organizational agents after being perceived by workgroups. These four situations were; (1)
planned continuities implemented top-down throughout the organization, (2) reactive bottom-
up continuities implemented in workgroups after discontinuities had been perceived, (3)
reactive continuities implemented top-down throughout the organization after they identified
the perception of discontinuities at the workgroup level, and (4) unsuccessful continuities,
where the continuity implementation failed in terms of what had been intended top-down or
bottom-up. Continuities’ success or failure turned out to be the actual change mechanisms in
our cases; by changing practices they simultaneously effected a stabilizing and destabilizing
impact on the organizational gestalt. While the stabilizing impact promotes successful
newcomer socialization and controlled transformation of the IT nexus, the destabilizing impact
leads to limited newcomer socialization and to complexifying the organizational IT nexus. In
the following section, we elaborate our findings on the four handling situation types and
illustrate how they impacted the organizational gestalt.

4.1 Planned top-down continuities stabilizing the social subsystem and the IT nexus

The introduction of planned top-down continuities prevents discontinuities for newcomer
socialization practices in terms of social interaction and ICT use. Thereby, continuities have a
stabilizing impact on the organizational gestalt, favoring successful newcomer socialization and

a controlled IT nexus transformation.

We derived these insights from interviewees’ accounts indicating that even before hybrid work
was comprehensively introduced for all employees, organizational agents introduced
organization-wide measures to prevent issues with newcomer socialization in hybrid work.

Interviewees described the planned top-down introduction of continuities, saying:

We needed [a tool] to communicate. Our IT is always keen to ensure that we improve. [Our
virtual collaboration tool] was already planned before the [introduction of hybrid work].
(1P9)

Additionally, one informant shared that a digital handbook, which is uniformly accessible
across the organization and was introduced to prevent issues with newcomer socialization in

hybrid work, helped him with his socialization:

| think that, as far as the tools are concerned, or the most important files, or whatever, which
are crucial can be found in our employee handbook, which is great, it basically contains

everything a new employee needs and | was of course always able to use it as a guide. (IP10)
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Such planned top-down continuities helped to uniformly prevent some challenging
discontinuities, keeping newcomer socialization practices comparable across workgroups. This
uniform handling process has a stabilizing impact; it leads to a controlled transformation of the
organizational IT nexus, indicated by accounts like the following on an ICT tool. Here, by
uniformly introducing a centralized repository for all kinds of information, all newcomers were
allowed to access the required information independently of their work location or workgroup
affiliation. Further, it helped to prevent dispersed repositories from being set up for single
workgroups:

We use [our virtual collaboration tool] to the full, we store all our data there. [ ...] You have

access to all the data, which has definitely improved the work. (IP18)

Another planned continuity for newcomer socialization is the introduction of a uniform training

platform to secure conveying comparable knowledge across the workgroups.

There are all kinds of projects that are currently being initiated internally. [...] These include
our training platform, which has been set up in the meantime. (IP9)

Uniformly handling the process also helps to integrate newcomers successfully in hybrid work
and can even lead to improved results in socialization and strengthening bonds in the workforce.
This is illustrated by statements stressing how the uniform introduction of a virtual

collaboration tool helped to improve newcomer socialization:

My onboarding®® back then also went well, but what’s better now, is that it’s much easier to
hold meetings via [our virtual collaboration tool]. | share my screen and the newcomer can
take screenshots, take notes, it’s easier to document these topics that you 're learning about.
| sat there with a piece of paper and pen and tried to follow my mentor. So, | think the way

[newcomer socialization] works now is an improvement. (IP18)
4.2 Reactive bottom-up continuities destabilizing the social subsystem and the I'T nexus

The introduction of reactive bottom-up continuities is determined by various workgroups’
perceptions of the discontinuities emerging in newcomer socialization practices in hybrid work.

Since these perceptions often vary, the introduced continuities also vary across workgroups,

10 In our interviews — and sometimes also in the literature (Becker & Bish, 2021; Solinger et al., 2013) —
“onboarding” and “newcomer socialization” are used interchangeably, notwithstanding their distinct meanings
(Klein et al., 2015). Crucially, our inquiry, reflected in the interviewees’ responses, investigated a long-term
perspective focusing on transforming newcomers from outsiders to insiders, emphasizing a process of

organizational integration, i.e., newcomer socialization (Batisti¢, 2018; Becker & Bish, 2021; Klein et al., 2015).
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leading to diverging practices. The resulting disparities in newcomer socialization practices in
terms of social interaction and ICT use between the workgroups are destabilizing, leading to
limited socialization of newcomers and substantial complexification of the organizational 1T

nexus.

Our informants illustrated this by explaining that different continuities were introduced in the
different workgroups even if they were confronted with the same boundaries. Here, the
workgroups perceived impaired social exchange as related to the spatial dispersion of hybrid
work. However, how they handled this issue differed. In one workgroup the respondent felt:

[...] the mentor was always there for me and | was completely socialized via [our virtual

collaboration tool], which helped me to keep in touch with the colleagues. (IP16)
In contrast, another reported that:

One of the [experienced] employees went to the office to give the new colleague a better
start. [...] He was not expected to work from home from the beginning, because we do not
know the new person and do not know how he works. (IP7)

One informant summarized the workgroups’ different approaches as follows:

[...J] it would make sense to find a good way of mixing [virtual] and on-site collaboration.
That is a matter for the team. It’s hard to define that for the whole company. There are
certainly people for whom it is best to be in the company’s workspace for five days and there

are others for whom it is best to be in the home office for five days. (1P21)

These approaches helped to handle the discontinuities perceived on the workgroup level. IP27’s
workgroup introduced regular virtual meetings to handle the spatial dispersion; still, he
emphasized that “/t/here were different approaches, which [ ...] worked with us in the team”.
The differences in continuities contributed to increasingly different newcomer socialization

practices in the workgroups:

| know that colleagues of mine started in a different team and worked from home a lot. |

honestly don’t know why the other teams don’t do [newcomer socialization] the way we do.

(IP20)

Due to the increasingly different newcomer socialization practices, some newcomers were only
limitedly socialized into the overall workforce, although they still became part of the
workgroups. While for the workgroups, the perceived issues with newcomer socialization in

hybrid work were apparently handled well, for the whole organization the social bonds in the
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workforce were weakened. Asked about issues with socialization that could emerge through
hybrid work, one informant responded:

Not within our team, but it’s true that you hear very little from other teams. We have regular
exchanges within the team. I’'ve been with the company for just under two years now. [...] It
is difficult to get to know people and to know what they are doing in the company. Anything
outside of the team is difficult. (IP19)

Additionally, changes in the ICT use for newcomer socialization and introduction of new ICTs
through the workgroups transformed the IT nexus, making it more complex and more difficult
to manage. Perceptions of being confronted with too many ICT tools being in use and
challenging to manage were explained:

I have to say, it’s too much for me, it’s too digital and the number of ways you can be
contacted has increased dramatically. It used to be just by e-mail or phone, now we have
[our virtual collaboration tool] and there are 23 more ways you can be contacted. A lot of
information is completely lost. (IP26)

4.3 Reactive top-down continuities stabilizing the social subsystem and the I'T nexus

The introduction of reactive top-down continuities is determined by discontinuities
organizational agents can identify as impacting newcomer socialization in hybrid work. Such
reactive continuities aim not only to handle discontinuities but also to reunify disparate
newcomer socialization practices. Similar to planned top-down continuities, this has a
stabilizing impact by promoting successful newcomer socialization as well as a controlled

transformation of the IT nexus.

Acknowledging that bottom-up continuities could drive newcomer socialization practices apart
and that newcomer socialization “/...J varies completely from team to team” (IP16), 1P21
emphasized that, since “/...J it is not done identically in every team [...] ” they have discussed
the “/...] need for structured onboarding with online platforms, learning platforms, etc.” on an
organizational level to reunify newcomer socialization practices. One informant mentioned the
difficulties associated with the plethora of repositories that workgroups introduced to handle
knowledge sharing in hybrid work. He referred to how they were solved by introducing a

uniform tool which improved newcomers’ access to the same information:

[Our virtual collaboration tool] became really embedded in our company. We had
previously used various other tools, but it became so much more intensive so that we

[uniformly] switched to this tool. | use different channels for projects where | can store files
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together, work in them, [...] and collect information centrally and not somewhere local. In
this way everyone else can access it. (IP9)

In some cases, the top-down continuities were inspired by previously introduced bottom-up
continuities. 1P15 reported that his workgroup “introduced a new tool [that has] now [been]

taken over” and introduced in other workgroups as well.

Overall, by unifying the newcomer socialization practices, for instance through introducing
uniform ICT tools, successful newcomer socialization and a controlled transformation of the IT

nexus were supported, as illustrated above with planned top-down continuities.

4.4 Unsuccessful continuities impacting newcomer socialization and the organization’s

degree of virtuality

If introducing continuities does not have the intended effect, discontinuities impacting
newcomer socialization practices remain unhandled, thus causing an ongoing struggle with
newcomer socialization in hybrid work. This has a destabilizing impact on the social subsystem
by inhibiting successful newcomer socialization. Further, ineffective continuities impact the IT
nexus by encouraging workgroup efforts to abandon hybrid newcomer socialization in favor of

full on-site practices.

The implementation of a top-down or bottom-up continuity can fail due to not functioning as
organizationally intended, not being adopted by workgroups, or just not resolving the

problematic aspect of a discontinuity.

We’re working on a learning platform system, but it’s still not completely rolled out, not all
departments are in it yet, and so we still don’t have a unified onboarding process that allows
us to say: “Okay, here’s a new employee, here’s where you register, and here’s a complete
set of guidelines which you can work through in the next few weeks or months.” [...] [The
onboarding process] is not unified at this point, so something definitely has to be done.
(IP13)

This causes an ongoing struggle with newcomer socialization in hybrid work. Such an ongoing
struggle impacts the social subsystem by promoting poor newcomer socialization outcomes,
i.e., newcomers are only limitedly socialized and poorly professionally integrated into the
organization’s workforce. In this context, our informants shared their impression that the
newcomers “[...] have some deficits in terms of what they have learnt in the socialization
phase” (IP4), or that they “/...] haven’t built a close bond with their work or with their

colleagues” (IP14). Overall, in cases with no effective continuities in place it seemed that the
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overall cohesion in the workforce was weakened since incumbents did not perceive newcomers

as part of this workforce:

You don’t get to know your new colleagues at all [...] someone walked past and | thought to
myself, who is that? (IP12)

We welcomed a new colleague five months ago, who has meanwhile left the company. [...] |
find it very difficult to integrate newcomers [in hybrid work] professionally as well as
socially into the team. [...] I find it hard to figure out how to [socialize them] in a better way,

or how to prevent new employees from leaving the company because they don’t feel welcome.

(IP16)

Within the technical subsystem, unsuccessful continuities manifest as the rejection of either
hybrid work itself for newcomer socialization or the tools introduced to support newcomer
socialization in this work mode. This leads to an unintendedly limited degree of organizational
virtuality. In many workgroups, informants explained that newcomer socialization was no
longer conducted in a hybrid work mode using ICTs to communicate and collaborate; rather,

newcomers worked fully on-site again:

Of course, it’s better on-site than having to do it online [...] especially in our department,

it’s better to be on-site if you really have to train someone from scratch. (IP28)

For a newcomer, | would definitely say they should go to the office - that makes more sense

[for newcomer socialization]. (IP4)

| can talk about our team: When a new employee arrives, there is a mentoring program for
the initial phase of six months or so [during which] the mentor and the new employee are in
the office. (IP12)
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5 Discussion

Considering our research question, we found that in our case organization, with hybrid work as
the dominant work form, top-down and bottom-up continuities are triggered, which change
newcomer socialization practices. This mechanism impacts the sociotechnical gestalt in two
ways: first, by stabilizing it, i.e., causing controlled change of the organizational IT nexus,
which benefits organizational socialization, and second, by destabilizing it, i.e., limiting
newcomer socialization as well as causing uncontrolled transformation and IT nexus
complexification. Our study contributes to research on digital and sociotechnical transformation
(Bartelheimer et al., 2023; Brinker et al., 2023; Rinta-Kahila et al., 2023; Wessel et al., 2021,
Zimmer et al, 2023) by providing an integrated view of top-down and bottom-up
transformation in the context of newcomer socialization in hybrid work. Further, we contribute
to research on the virtualization of work through an ODT lens (Asatiani, Himélainen, et al.,
2021; Asatiani & Penttinen, 2019; Watson-Manheim et al., 2002, 2012) by deepening the
understanding of different continuities’ transformative impact on newcomer socialization
practices and on organizations’ sociotechnical gestalt. Also, we offer practical implications,

discuss the limitations of our study, and provide future research opportunities.

5.1 How newcomer socialization in hybrid work impacts an organization’s

sociotechnical gestalt

Hybrid work as a trigger, causes boundaries for communication and collaboration, which in

turn promotes the perception of discontinuities in newcomer socialization practices.

These discontinuities are then addressed by introducing continuities, either top-down by
organizations or bottom-up by workgroups. Through these continuities changes in practices
become manifest, thus impacting the organizational gestalt, i.e., in our case, the continuities
represent a transformative mechanism. Importantly, the impact of these different kinds of

continuity differs substantially.

Planned top-down continuities prevent discontinuities by changing practices uniformly
according to an organization’s intention, strengthening the ostensive elements in newcomer
socialization practices. Reactive top-down continuities also strengthen the ostensive elements
in newcomer socialization practices; however, since they are only introduced after
discontinuities have emerged and, in many cases, have also been addressed by workgroups they
could be inspired by the workgroups’ bottom-up continuities. Still, since the continuities are

introduced top-down to all workgroups alike, they serve to reunify newcomer socialization
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practices, thus stabilizing the organizational gestalt by changing the practices uniformly and in
line with organizational intentions. Importantly, both kinds of top-down continuity only serve
this goal if they actually help to handle a discontinuity as the workgroups perceive it. In contrast,
reactive bottom-up continuities have a destabilizing impact if they are introduced at a high
frequency and differ substantially across workgroups. Differences between continuities are
based on the workgroup-specific perceptions of discontinuities and can weaken shared
ostensive elements that are uniform across workgroups. However, since different continuities
differ in how they cause deviations from shared ostensive elements they manifest in substantial
differences between newcomer socialization practices across workgroups. Eventually, since
perceived discontinuities are not addressed satisfactorily, we find that unsuccessfully
introduced continuities — top-down or bottom-up — have a destabilizing effect because they
cause an ongoing struggle to establish hybrid work patterns and continued insecurity in

newcomer socialization.

The stabilizing impact of top-down continuities is reflected in the social and technical
subsystems. In the social subsystem, the stabilizing impact is noted in the organizational
socialization being completed, i.e., in newcomers’ successful transition to effective
organizational members feeling as a part of the organization. This results from comparable
organization-wide newcomer socialization practices, which are only transformed to a degree
that is in line with organizational intentions. In the technical subsystem, the stabilizing impact
manifests as controlled transformation of the IT nexus, i.e., which and how ICT is used in
newcomer socialization is comparable across workgroups and the organization controls

changes to this nexus, as when it introduces a new ICT.

The destabilizing impact of bottom-up continuities and the unsuccessful introduction of
continuities is also reflected in both subsystems. In the social subsystem, the destabilizing
impact manifests as limited socialization. That is, due to the ongoing struggle with hybrid work
and substantial differences in newcomer socialization practices across workgroups, newcomers
are mostly poorly socialized or socialized only into their own workgroup but not into the
organization as a whole. In the technical subsystem, the destabilizing impact is reflected in the
uncontrolled transformation and complexification of the organizational IT nexus. In deviating
from organizationally intended use and introducing ICTs bottom-up on the workgroup level,
different workgroups use organizational ICTs differently or even use different ICTs in
newcomer socialization. Due to these bottom-up changes, the organizational IT nexus becomes

more complex and more difficult for the organization to handle. Further, the level of
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virtualization between workgroups differs, since some reject hybrid work for newcomer

socialization and revert to on-site socialization instead.
5.2 Theoretical implications

First, we contribute a perspective on sociotechnical transformation that bridges the gap between
previously disconnected and even seemingly incompatible strands of IS research on digital
(workplace) transformation, sociotechnical transformation, workarounds, and the ODT.

Contrary to views in the extant literature, we contend that sociotechnical transformation in our
context is not predominantly driven by either top-down strategic plans and actions (Kaganer et
al., 2023; Zimmer et al., 2023) nor by bottom-up workplace innovation regarding ICT use and
social interaction practices (Brinker et al., 2023; Ologeanu-Taddei et al., 2023). Perspectives
emphasizing top-down activities as main transformation drivers typically assume powerful
organizational change agents which realize organizational transformation according to
organizational goals (Wessel et al., 2021) by introducing or replacing ICT (Rinta-Kabhila et al.,
2023; Zimmer et al., 2023) and adapting business processes to guide employee behavior in line
with their strategic plans (Eden et al., 2019; Rinta-Kahila et al., 2023). The alternative
perspectives focus on proactive bottom-up workplace and process innovation as the main
transformation driver (Brinker et al., 2023; Morton et al., 2020). Although most of these studies
acknowledge both top-down and bottom-up dynamics in transformation, they tend to prioritize
one over the other. While each perspective is valuable and, in some cases, perhaps preferable

to the other, we do not consider them to be mutually exclusive.

Our study emphasizes the coexistence and parallel influence of transformative top-down as well
as bottom-up measures (continuities), not only on work practices (Rossi et al., 2020) but also
on organizations’ sociotechnical gestalt (Baptista et al., 2020). Our findings and our model
illustrate that targeted sociotechnical transformation through planned top-down adaptions to
newcomer socialization practices and bottom-up adjustments to handle emerging issues in
newcomer socialization occur concurrently, while each impacts the organizational
sociotechnical gestalt in a different way. In addition to their parallel impact on the
organizational gestalt, top-down and bottom-up adaptations can also influence each other
directly. Comparable to how workarounds previously introduced at the individual or workgroup
level are distributed, aligning organizational process adaptations with workarounds can shape
new practices (Bartelheimer et al., 2023; Malaurent & Karanasios, 2020; Rossi et al., 2020). In
our study bottom-up continuities have in some cases influenced reactive top-down continuities
that were introduced to transform practices.
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Also, our study underscores that sociotechnical transformation is not enacted by “heroic change
agents” that precisely accomplish individual or organizational goals (Wessel et al., 2021, p.
121). Rather, this is often a messy process (Rahrovani, 2020), significantly influenced by failed
attempts at shaping practices and the organizational gestalt in a way the organization intended.
In our study, instabilities in newcomer socialization practices arising from failed continuities
caused some workgroups to abandon hybrid work (Chamakiotis et al., 2024), at least for
newcomer socialization. Contrary to the organizational vision and the vision of most employees
that embraced hybrid work, the failed continuities influenced the degree of virtualization
accepted in these workgroups.

Overall, our study illustrates that sociotechnical transformation is multifaceted (Briinker et al.,
2023; Rahrovani, 2020; Rossi et al., 2020) and driven by a nexus of planned and reactive top-
down, bottom-up, as well as non-intentional mechanisms. Thereby, we enrich IS research on
sociotechnical transformation in hybrid work environments that are confronted with multiple
boundaries impacting newcomer socialization. The ODT and its rich conceptual and contextual
framework offer an invaluable contribution to our understanding by positioning boundaries -
their perception (discontinuities) and the approaches to navigating them (continuities) - at the
heart of transforming newcomer socialization practices and thereby also the organization’s

gestalt.

Second, we contribute to the literature on boundaries, discontinuities, and continuities in
virtualized work by showing how constructing continuities is not necessarily a measure for
minimizing negative effects or for actualizing positive effects of virtualized work, nor for
shaping organizations in a desired way. Complementing Watson-Manheim et al.‘s (2002, 2012)
foundational work on the ODT, as well as leading scholars’ work on top-down continuities as
manifestation of organizational handling strategies for discontinuities (see Asatiani &
Penttinen, 2019; Asatiani, Hamalainen, et al., 2021; Asatiani & Norstrom, 2023), we emphasize

the destabilizing potential of bottom-up continuities.

Our study demonstrates that, when functioning as intended, continuities can mitigate the effects
discontinuities have on communication and collaboration caused by boundaries in hybrid work
(Asatiani, Hamaldinen, et al., 2021; Asatiani & Norstrom, 2023; Chamakiotis et al., 2024;
Watson-Manheim et al., 2002, 2012). Simultaneously, continuities enable organizational agents
to shape their organizations (Asatiani & Penttinen, 2019). However, it is only the top-down
continuities that have this stabilizing effect. The varying perceptions of issues related to

newcomer socialization, arising from collaboration and communication across boundaries
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(Watson-Manheim et al., 2002, 2012), promote distinct continuities in different workgroups. In
turn, the differences in ways of handling discontinuities have a destabilizing effect, with
unintended consequences for organizations. In the case of work practices that form an
inextricable network of social and technical elements, such as newcomer socialization practices,

these consequences affect both the social and technical subsystems.

In the social subsystem, this impact manifests as the separation of workgroup socialization and
organizational socialization, leading to limited socialization. This contrasts with the literature
on the inherent connection between workgroup and organizational socialization (Dinger et al.,
2022). Through diverse practices that arise from varying continuities, newcomers acquire the
skills, norms, and values their workgroups require, which facilitates their secure integration into
these groups. However, these diverse practices limit the acquisition of skills, norms, and values
essential for the broader organization. This limitation inhibits their integration into the

organization and contributes to weakening organizational ties.

In the technical subsystem, this impact manifests as a complexification of the IT nexus arising
from the decentralized introduction of new ICTs and the adjustment of usage patterns based on
the continuities the workgroups introduced. This complexification challenges the IT nexus’s
manageability. When workgroups integrate new ICTs into newcomer socialization practices
without organizational control and controlled incorporation into the IT nexus, this not only
increases the number of tools (Henfridsson & Bygstad, 2013; Zimmer et al., 2023) used for
socialization in the organization but also the interfaces between the various tools used in the
organization. In turn, such increases challenge cybersecurity, potentially escalating data
protection issues, complicating adherence to compliance regulations or resulting in data storage

inconsistencies.

Overall, depending on the nature of a continuity, its impact on practices and, in turn, on the
organization’s gestalt can vary substantially. Similarly, the beneficial effects (Asatiani,
Hamalainen, et al., 2021; Asatiani & Norstrdm, 2023; Asatiani & Penttinen, 2019), as well as

detrimental ones, can vary.
5.3 Implications for practice

For business practices, our study suggests a balanced approach that includes both digital trace
data analysis and enhanced multidirectional communication. Trace data can significantly aid an
improved understanding of actual newcomer socialization practices, particularly in identifying
ICT usage patterns (Grisold et al., 2024; Nyman et al., 2023) and detecting deviations from

standard practices. However, we should note that newcomer socialization does not happen
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solely through ICT use, meaning not all aspects of these practices can be traced digitally.
Moreover, early recognition of deviant practices and workarounds which could be beneficial,
does not guarantee the effectiveness of uniformly applied top-down measures. Such measures
are susceptible to being bypassed by bottom-up initiatives (Bartelheimer et al., 2023; Malaurent
& Karanasios, 2020) or not being adopted as intended, which can potentially lead to their failure

and, consequently, to undesirable transformative effects, as this study has demonstrated.

To mitigate these issues, we advocate integrating digital trace data analysis with direct, personal
interaction between organizational agents, such as HR managers, as well as establishing forums
for inter-group exchange. This approach not only facilitates a clearer understanding of the non-
digital facets of newcomer socialization practices but also enhances the likelihood of top-down
initiatives being broadly accepted. By considering the input and experiences of multiple
workgroups, these measures are more likely to be adopted, which would support an effective

and inclusive transformation process and ensure more favorable socialization outcomes overall.
5.4 Limitations and future research

Our interviews were conducted during the Covid-19 pandemic. Despite our efforts to
distinguish clearly between the impacts of hybrid work in regular conditions and that associated
primarily with the pandemic, we acknowledge that subtle influences of the Covid context may
persist (Prommegger et al., 2020). Investigating newcomer socialization in hybrid work
environments, along with the joint transformative impact of these phenomena on the
sociotechnical gestalt of organizations, now faces fewer challenges as the disruptions
previously stemming from the pandemic have subsided. Thus, additional studies in our research
context could provide a fruitful path forward. Such studies might help further disentangle the
impacts of challenging conditions for newcomer socialization, which arise from social
boundaries caused by the pandemic, and spatial and technical boundaries inherent in hybrid

work, all of which might be interwoven in our study.

Our case organization had strong workgroup ties, which is a common trait among IT
professionals and a characteristic of the IT sector (Dinger et al., 2022). This became evident in
the interviewees’ frequent references to their workgroups, especially when they described
measures taken (continuities) to handle issues of newcomer socialization in hybrid work.
Therefore, this most likely influenced our findings. Future research could investigate newcomer
socialization effects in organizations with less emphasis on workgroups, particularly in hybrid
work environments. In such settings, individual workarounds and bottom-up measures might
play a more significant role, potentially leading to complete socialization failure instead of just
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limited socialization. Without workgroups to provide a cohesive frame of reference and unified
practices, we might find a more pronounced separation of newcomer socialization practices and

ICT use, which could descend to individual-level differences.

Finally, our analysis focused on a very specific type of work practice, which is crucial.
Admittedly, not all work practices inherently have the transformative impact attributed to
newcomer socialization, thus our theoretical insights are not directly applicable to other
practices and their effects on organizations. This limitation opens an avenue for future research,
which could examine the extent to which other work practices in the context of hybrid or
entirely remote work environments influence organizations’ sociotechnical gestalt, also

considering how these influences differ from our findings.
6 Conclusion

In this study, we aimed to examine how newcomer socialization practices embedded in a hybrid
work context influence the sociotechnical gestalt of organizations. Through a single-case study
with 30 interviews, we found that hybrid work environments create numerous boundaries for
newcomer socialization, which in turn trigger perceptions of discontinuity in newcomer
socialization practices. The discontinuities are then addressed either bottom-up by workgroups
or top-down by organizational agents. The planned and reactive top-down introduction of
continuities can have a stabilizing effect on an organization’s social and technical subsystems
if they work as intended and are accepted by the workgroups. Bottom-up continuities have a
destabilizing impact if they occur frequently, as happens with a multiplication of boundaries in
hybrid work. Such continuities differ between the workgroups. In case introducing particular
continuities fails, ongoing struggles with newcomer socialization also destabilize the
organizational gestalt. Further, and simultaneously, these mechanisms affect an organization,
in some cases favoring successful newcomer socialization and controlled transformation of the
IT nexus, while in other instances, limiting the newcomer socialization to the workgroup level
only and leading to a more complex IT nexus that is harder to manage. These findings suggest
that sociotechnical transformation in our research context is a complex mix of top-down and
bottom-up activities, as well as failed attempts to manage changes in digitally transformed
work. Rather than a single, generalizable manifestation of change in the sociotechnical gestalt,
various transformative forces dynamically and continuously impact organizations that socialize

newcomers in a hybrid manner.
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8 Appendix (Study 1)

Questions to interviewees

Please briefly introduce yourself and your role at the company:

How long have you been with the company and which position do you occupy?

How did you join the company or start your job in the company?

What responsibilities do you currently have? Do you hold a leadership position?

What do you associate with hybrid work?

What advantages/disadvantages have you identified?

What do you appreciate about remote work? What do you appreciate about in-office work?

What has changed in your daily work due to the introduction of hybrid work?

How did you perceive the support from your employer for you as an employee?

How do you evaluate the current regulation regarding hybrid work in the company?

How do you envision the future arrangements?

What is particularly important for you to be able to perform well in a hybrid work
environment?

How important is trust in this regard?

In your view, does hybrid work create hurdles in your daily work? Which ones? Why?

Has the relationship with colleagues (and managers or customers) changed in hybrid
working?

Has the collaboration with your colleagues changed? If yes, how?

How do you think hybrid work affects workgroup collaboration?

How would you evaluate the knowledge exchange with colleagues in hybrid work?

If a leader, how have you adjusted your leadership behavior? How do you lead properly in a
hybrid work environment?

If an employee, what do you expect from your manager in hybrid leadership? Where do you
see a need for action in this regard?

How has the corporate culture changed as a result of hybrid work?

How has communication with your colleagues changed?

How do you evaluate virtual collaboration? How does it differ from face-to-face
collaboration?

What constitutes a hybrid work environment for you? What is needed to work well in hybrid
work?

What is your opinion about hybrid meetings?

Has hybrid working changed the way you use ICT? If so, how?

What IT tools have been most important to you in the transition to hybrid work, and why?

How have these tools changed the way you collaborate in the office?

How does collaboration differ across workgroups working from home compared to the
office?

From your perspective, how does ICT help overcome hurdles with hybrid working?

How can ICT tools help improve collaboration?

4.

How has newcomer onboarding changed through hybrid work?

For managers:

What challenges do you see in integrating workgroup members into a hybrid workgroup?

How can you support members with these challenges? Have you adjusted your leadership
style to address them?

Do you think the efficiency in your workgroup has changed? How would you rate employee
productivity in a hybrid setting?

What options do you have for monitoring work results to ensure efficiency in your
workgroup?

Are there specific tasks that can only be done in the office? Does this create inefficiencies or
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social conflict? If so, how can you resolve these issues?

How do you try to retain employees?

Do you think that the intention to leave the company has generally increased with the
introduction of hybrid work?

For employees:

To what extent can you identify with the company? Has hybrid work complicated identification?

Do you think that the intention to leave the company has generally increased with the
introduction of hybrid work?

How well integrated do you feel in the hybrid workgroup?

What challenges did you face with workgroup integration in a hybrid work model?

How did your employer help you overcome these challenges?

In your perception, has the introduction of hybrid work meant that your achievements are
recognized less or more?

How do you see your opportunities for career advancement in a hybrid workgroup? Has it
changed because of hybrid work?

Questions for HR

How has the onboarding of new employees changed as a result of introducing hybrid work?
How do you manage the integration of new employees into the company and into hybrid
workgroups?

5.

Would you like to add anything or do you miss a topic you would like to add to this discussion?

Table 2: Appendix A - Interview guide.
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IP {Job Role Tenure (years)/Age
1 |IT Consultant for Finance and Controlling Senior 6,5 30
2 |IT Consultant for Logistics and Supply Chain |Senior 7 N/A
3 [Software Developer Junior 2 25
4 |IT Consultant for Logistics and Supply Chain [Senior 4,5 29
5  [IT Specialist for System Integration Trainee 2 19
6 |IT Specialist for Product Development Workgroup Leader 3 42
7 |IT Consultant for Logistics and Supply Chain  \Workgroup Leader 8 32
8  [Software Developer for IT Architecture Workgroup Leader 5 N/A
9 |IT Customer Support Junior 2 24
10 |IT Consultant for Cloud Solutions Junior 2 25
11 |IT Consultant for Logistics and Supply Chain [Junior 2 29
12 |IT Consultant for Finance and Controlling Senior 3 29
13 |Software Developer for IT Architecture Senior 2 37
14 |IT Specialist for Product Development Senior 4 29
15 |Software Developer Senior 3 25
16 |IT Consultant for Business Intelligence Junior 3 25
17 |Software Developer Workgroup Leader 10 N/A
18 |IT Consultant for Finance and Controlling Junior 0,5 27
19 |IT Consultant for Finance and Controlling /Associate Partner & |16 N/A
Workgroup Leader
20 [IT Specialist for Product Development Senior 0,5 28
21 (IT Consultant for Logistics and Supply Chain  {Junior 1 27
22 Software Developer Senior 4 29
23 Software Developer Senior 5 N/A
24 IT Consultant for Finance and Controlling Senior 3, 30
25 [IT Specialist for System Integration Junior 0, 24
26 |IT Consultant Human Resources Junior 1 27
27 |IT Consultant for Logistics and Supply Chain |Senior 7 26
28 |Marketing Specialist Senior 3 29
29 (Office Manager Trainee 3 23
30 [Management Assistant Junior 15 28

Table 3: Appendix B - Informant profiles.
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Abstract

This paper identifies antecedents to frustration arising in micro-task crowd work (MTCW) and
measures their impact on a frustrating work experience. Surprisingly, research to date has said
little on frustration in MTCW, despite it being a central challenge to working persistently in
these increasingly important sociotechnical work environments. Guided by an experiential
computing perspective, we applied a mixed-method approach to reveal how the interplay
between platforms and other workers’ behavior shapes frustration experienced in MTCW. We
present qualitative and quantitative findings on frustration in virtual MTCW. Based on 96
narratives, we qualitatively identify three dominant antecedents to frustration: technical
problems in conducting tasks, platform competition, and the inability to disconnect from work.
We subsequently conducted a quantitative two-wave survey (N=181) to test the factors’ impacts
on MTCW frustration. The results confirm the three factors and additionally reveal that
autonomy largely reduces frustration. However, autonomy also reinforced frustration arising
from the inability to disconnect from work. Thus, workers’ inability to disconnect from work
can drive excessive availability that lures them into taking on additional tasks. Thereby,
workers experience additional frustration and underutilize the benefits of autonomy in crowd
work. Our manuscript offers three central contributions: First, we identify frustration
as pivotal in the experience of MTCW and its antecedents. Second, we shed light on the
heterogenous role of autonomy in relation to MTCW frustration. Finally, we link the findings

on frustrating MTCW experience to experiential computing.
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1 Introduction

Online labor platforms increasingly contribute a considerable share to labor markets and
organizations (Durward et al., 2020; Huws et al., 2016; Riedl et al., 2020). The platforms attract
an international population comprising an estimated 70 million registered workers. Also, their
rapid growth shows in revenues increasing by up to 43% annually (World Economic Forum,
2020). Crowd work platforms attract a heterogeneous group of workers often relying on
platforms as an additional income source, with a majority of workers holding academic degrees
but reporting low income (Berg et al., 2018; Deng et al., 2016). With recent reports indicating
that a significant share of the working population in various countries already participated in a
type of crowd work (Berg et al., 2018; Huws et al., 2016) and the number of platforms and
workers steadily rising all over the world (Durward et al., 2020; Ké&ssi & Lehdonvirta, 2018)
online labor platforms increasingly shape the future of work (Brynjolfsson & Mitchell, 2017;
Mohlmann et al., 2021).

A frequently occurring type of online labor is micro-task crowd work (MTCW), which is
characterized by complex jobs being broken down into tasks that are distributed via virtual
platforms posting open calls to a large crowd (Durward et al., 2020; Ihl et al., 2020; Kost et al.,
2018). The platforms provide a technology-enabled working environment in which requesters
offer tasks, which are chosen and completed by the crowd workers (Kittur et al., 2013; Saxton
et al., 2013). Organizing work in such a manner promises companies increased flexibility,
speed, and efficiency (Deng et al., 2016; Deng & Joshi, 2016; Kost et al., 2018). Crowd workers
in return benefit from high flexibility (Durward et al., 2016), easy access to work (Deng et al.,
2016; Zyskowski et al., 2015), independence (Deng & Joshi, 2016; Kaufmann et al., 2011), and
particularly unprecedented autonomy regarding when, where, and whether to work (Deng et al.,
2016; Deng & Joshi, 2016).

Despite the promising benefits to workers, a rising number of news articles and reports criticize
its challenging conditions including strong pressure for extensive availability (Gaskell, 2020;
Kapoor, 2021; S. O’Connor, 2020) and negligent task setup (Berg et al., 2018; Lane, 2017).
Research also increasingly indicates that MTCW carries substantial work frustration (Deng et
al., 2016; Kost et al., 2018; Taylor & Joshi, 2019). Workers report experiences of
marginalization, exploitation, and insufficient protection platforms offer (Deng et al., 2016;
Durward et al., 2016; Kittur et al., 2013). Consequently, for some workers, MTCW spurs
frustration and compromises the positive characteristics online labor could present (Deng &

Joshi, 2016; Gray et al., 2016; Petriglieri et al., 2019).
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A growing body of literature addresses MTCW design for improving work experiences (Bush
& Balven, 2021; Durward et al., 2020; Jabagi et al., 2019; Schroeder et al., 2021; Wang et al.,
2008); yet despite providing initial hints, work frustration in MTCW has not been explicitly
addressed. However, this is central as work frustration distinctly impacts affective and
behavioral reactions at work, increasing job dissatisfaction (Chen & Spector, 1992; Fox &
Spector, 1999), reducing performance (Harold et al., 2016), and increasing turnover intentions
(Fox & Spector, 1999). Frustration in MTCW particularly challenges those considering crowd
work as a serious career alternative in which they want to engage dedicatedly (Ashford et al.,
2018; Petriglieri et al., 2019; Taylor & Joshi, 2019). Thus, overcoming frustration should
concern requesters and platforms, bringing them to improve worker retention and performance,
and to offer a central parameter for improving work experience. Yet, we lack a systematic
analysis and explanation for the distinct antecedents driving crowd work frustration.

Accordingly, we ask:

Which factors shape micro-task crowd workers’ experienced frustration and to what extent

do these antecedents affect frustration?

Answering this research question is necessary and essential to provide an important starting
point for tackling salient negative elements in platform work. Such analysis can offer insights
for theory and practice, showing how to theorize and enhance platform work from a worker’s
perspective. It also offers future avenues for addressing central challenges to workers’ well-
being and productivity. We take an experiential computing perspective emphasizing the lived
crowd workers’ experiences (Yoo, 2010) and accounting for the increasing embeddedness of
Information Technology (IT) in everyday human life (Baskerville et al., 2020; Bagdker, 2017
Badker et al., 2014; Jarrahi et al., 2017). Originating in sociotechnical systems research,
experiential computing explains technology perceptions and experiences that are shaped by IT-
artifacts and the aggregated behavior of users, focusing particularly on the individual
experience in this context (Baskerville et al., 2020; Bgdker, 2017; Yoo, 2010). Using the
experiential computing approach, building on a sociotechnical perspective, enables us to
understand work frustration from a system perspective, rather than emphasizing the technical
component of MTCW separately (Geiger & Schader, 2014; Zhao & Zhu, 2014). It enables us
to systematically reveal frustrating elements from an inclusive perspective, focusing not only
on predefined elements of, e.g., the tasks or the technology, but rather emphasizing the workers’

individual experience. By providing a distinct reflection of the crowd workers’ experiences in
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the sociotechnical platform environment, we contribute to a holistic understanding of crowd

work frustration.

First, we set out to identify the dominantly perceived antecedents to frustration in MTCW from
a worker’s perspective. Subsequently, we investigate the extent to which these identified
antecedents affect MTCW frustration. Our qualitative study reveals that technical problems in
conducting tasks, platform competition, and the inability to disconnect from work are
antecedents that shape frustrating experiences in MTCW. In our quantitative study, we test
these factors with a two-wave survey and find that they significantly impact MTCW frustration.
We also test for the influence of autonomy, which is the most often mentioned MTCW benefit.
Our study, not unexpectedly, reveals that autonomy, as the dominant characteristic of MTCW
(Deng & Joshi, 2016; Kittur et al., 2013), directly reduces frustration and eases coping with
technical problems. However, autonomy also has a partially detrimental moderating effect as it

reinforces frustration experienced by workers unable to disconnect from crowd work.

The remainder of this paper is organized as follows: First, we introduce the concept of
frustration and MTCW, the research context, and the theoretical perspective. Then we report
on a qualitative study, identifying salient factors that spur frustration. Subsequently, we test our
findings in a second, and separately sampled, two-wave quantitative study. Finally, we describe
and elaborate on the findings and discuss the study’s contribution to understanding experienced

frustration in MTCW.
2 Contextual and theoretical background

2.1. Frustration as negative work experience

Work frustration is defined as a negative state of aversion and arousal (Fox & Spector, 1999;
Spector, 1978) that results when an individual’s effective performance is disturbed and thus the
achievement of the desired work outcome is prevented (Fox & Spector, 1999; Peters &
O’Connor, 1980). Frustration arises in workers who, despite being able and willing to work,
are hindered from effectively using their abilities (Peters et al., 1982; Peters & O’Connor,
1980). Frustrating work environments are considered ones that are not necessarily ideal for
executing tasks and that impose challenges on workers beyond their control (E. J. O’Connor et
al., 1982).

In organizational contexts, factors driving frustration are, for example, inaccurate job-related
information, faulty tools, equipment, materials, and supplies, as well as insufficient budgetary

support and time availability (Peters & O’Connor, 1980). The constraining conditions challenge
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worker performance by “lowering the ceiling” for outcomes and by impacting their affective
reactions by decreasing job satisfaction and increasing frustration (E. J. O’Connor et al., 1982,
1984; Peters et al., 1980; Pindek & Spector, 2016; Villanova & Roman, 1993). Yet, not all
factors are ubiquitous, which requires researchers to identify the dominant variables that reflect
the salient environmental factors (E. J. O’Connor et al., 1984; Steel & Mento, 1986). Therefore,
to understand work frustration, it is important to identify the major factors in a work
environment that workers perceive as constraining and dissonant with achieving their desired
outcomes (Spector, 1997; Wolk, 1976).

2.2. Experiencing frustration in micro-task crowd work

In MTCW platforms do not provide complex tasks to distinct individuals; rather, they put out
digital “piecework” (Kittur et al., 2013, p. 1301). Complex assignments are split into small tasks
that are then redistributed to a large crowd of workers (lhl et al., 2020; Kittur et al., 2013; Kost
et al., 2018). This characterizes MTCW as constituting a triadic relationship. Platforms such as
MTurk, Clickworker, and Microworkers act as technology-enabled intermediaries that attract
workers, allow requesters to set up tasks, and provide the infrastructure for workers to self-
select tasks and manage the payment process (Kost et al., 2018; Saxton et al., 2013). Typically,
tasks involve classifying images, correcting or writing short texts, and short transcription.
Workers select tasks voluntarily and are paid by the requester for satisfactory completion (1hl
et al., 2020; Kittur et al., 2013). As intermediaries, the platforms thereby usually receive about

30% of the revenue for their services.

Crowd workers are a highly heterogeneous and globally distributed population of individuals
(Durward et al., 2016; Fieseler et al., 2019; Zyskowski et al., 2015). On average workers earn
about USD 8 per hour and have a platform tenure of 12 months (Durward et al., 2020). Gender
is mostly evenly distributed among male and female workers and they typically have an above
average education, with 58% holding an academic degree (Deng et al., 2016; Durward et al.,
2020; Huws et al., 2016). MTCW frequently provides an additional income source for low-
income workers (Berg et al., 2018), as 58% of our respondents report an average annual
household income below USD 50,000 and engage in MTCW on daily or weekly basis (Deng et
al., 2016).

Research highlights the key role online labor platforms take in shaping the working conditions
in MTCW (Kost et al., 2018). The platforms provide a uniform technology-enabled working
environment that affords independent (Deng & Joshi, 2016; Gray et al., 2016), easily accessible,
and flexible work (Durward et al., 2016; Kittur et al., 2013; Wood et al., 2019). At the same

60



time, the literature highlights that crowd workers also experience marginalization and
exploitation (Deng & Joshi, 2016; Kost et al., 2018; Wood et al., 2019), a commaodification of
labor, and overall precarious working conditions (Deng & Joshi, 2016; Fieseler et al., 2019;
Kost et al., 2018; Wood et al., 2019). These experiences have been linked to dissatisfaction
(Deng & Joshi, 2016), negative affect, and poor work attitudes (Ashford et al., 2018). Further,
studies hint that this ambivalent working environment creates many frustrating experiences and
thereby essentially challenges crowd workers (Deng et al., 2016; Kost et al., 2018; Taylor &
Joshi, 2019), who have to overcome the demanding conditions to sustain themselves and thrive
in MTCW (Ashford et al., 2018; Petriglieri et al., 2019).

Frustration is especially important in MTCW, as overcoming it is key to pursuing new job
opportunities and attending to self-development rather than becoming disheartened and
withdrawing from the work (Ashford et al., 2018). Effectively managing challenging and
unfortunate experiences can transform frustration into “fuel for ongoing work” (Petriglieri et
al., 2019, p. 154). Managing work frustration becomes particularly crucial in the loose MTCW
work arrangements because independent workers do not have supportive organizational and
social structures for overcoming such frustration (Ashford et al., 2018). Particular press articles
and reports offer anecdotal evidence criticizing worker frustration and calling for systematic
changes (Berg et al., 2018; Gaskell, 2020; Kapoor, 2021; Lane, 2017). Yet, despite this central
importance of frustration, it has received little systematic attention in research, and to the best
of our knowledge, no previous study has explicitly examined the antecedents and their impact

on experienced worker frustration in MTCW.

However, without a clear understanding of the antecedents to frustration in MTCW, we lack
the insight needed to advance platforms and improve the working experience. Doing so could
particularly reduce worker withdrawal and improve worker performance, and thus benefit well-
being in these work settings. We find this a major shortcoming in research and a lost opportunity

for improving MTCW.
2.3. An experiential computing perspective to crowd work frustration

Reviewing the literature, we considered several theories as starting points for understanding
frustrating work experiences in MTCW. For example, work design theory, which has been
applied to online platform work experiences (Bush & Balven, 2021; Durward et al., 2020;
Jabagi et al., 2019; Schroeder et al., 2021), suggests motivating workers through advancing task
characteristics such as task variety and autonomy (Deng & Joshi, 2016; Jabagi et al., 2019), as
well as incorporating social characteristics (Durward et al., 2020). Further, as MTCW
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frustration occurs in a technology-mediated work environment, we considered theories of
technostress, which explain the negative psychological consequences of IT usage (Fuglseth &
Serebg, 2014; Mazmanian et al., 2013; Tarafdar et al., 2019). These theories define technostress
as stress and strain experienced when interacting with IT ineffectively or in an unhealthy
manner (Brod, 1984). This theoretical approach can offer valuable insights into how the use of
IT, such as MTCW platforms, can create negative user experiences (Wang et al., 2008).
Additionally, we considered the task technology fit (TTF) model, which postulates that an
effective fit between task requirements, technological functionalities, and user abilities eases
task completion, while a misfit prevents effective completion (Goodhue & Thompson, 1995).
TTF shapes IS-related behavior impacting individual performance (Goodhue & Thompson,
1995; Wu & Chen, 2017) and experiences; impacting for example user satisfaction (Erskine et
al., 2019; Goodhue & Thompson, 1995). In relation to MTCW, this theory can offer insight

into how low TFF can create negative experiences.

While each of the three former theories can offer valuable insights for understanding experience
in a technology-enabled work setting like MTCW, we used Yoo’s (2010) experiential
computing perspective to assess crowd work holistically, emphasizing the individual lived
experience. Experiential computing highlights the increasingly blurring boundaries between
computing and lived experiences, resulting in IT being embedded in everyday human life
(Baskerville et al., 2020; Badker, 2017; Bagdker et al., 2014; Jarrahi et al., 2017; Yoo, 2010).
Experiential computing conceptually builds on a sociotechnical systems approach to
understanding IS phenomena, which consists of a technical subsystem incorporating
technological characteristics, functionalities, and features, as well as a social subsystem shaped
by users’ behavior in the system (Bostrom & Heinen, 1977; Sarker et al., 2019). The two
subsystems are closely interwoven (Geiger & Schader, 2014; Zhao & Zhu, 2014). Lived human
experiences within IS environments cannot be understood by solely focusing on one of the
subsystems; it must also consider the individual experience within (Mumford, 2006; Winter et
al., 2014; Yoo, 2010).

In MTCW platforms, the blurring boundaries are particularly visible in the characteristics of
the possibility to work anywhere at any time (Deng & Joshi, 2016; Jarrahi et al., 2017; Park et
al., 2020) via a technology-mediated virtual environment. This then substantially shapes the
everyday experience of working (Baskerville et al., 2020; Bedker et al., 2014; Jarrahi et al.,
2017; Yoo, 2010). However, as crowd work activities are individualized and highly adaptable,

understanding work experiences through consistent technical (e.g., platform) features or social
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(e.g., other workers’ behavior) subsystems, might fall short in accounting for the individual
lived experience (Jarrahi et al., 2017; Yoo, 2010). Experiential computing particularly
emphasizes the individual while simultaneously incorporating social and technical factors, thus
affording a user-centered yet holistic perspective of individual users’ experiences in a
technology-mediated environment (Yoo, 2010). In order to understand MTCW frustration,
experiential computing affords us a holistic perspective of the experience, thereby heightening
awareness of technology, social actors, and the individual, toward identifying potential
antecedents to frustration.

Building on this experiential perspective, and in the light of limited previous research, we
adopted a sequential mixed-method research approach with a developmental focus, combining
both qualitative and quantitative methodologies (Tashakkori & Teddlie, 1998; Venkatesh et al.,
2016). First, in our qualitative study, we subscribed to an inductive paradigm by identifying
themes through interpretation (Gioia et al., 2013). Second, during the quantitative phase, we
followed a deductive approach by testing hypotheses derived from our qualitative findings.
Consequently, from an epistemological perspective, our research employs a mixed-methods
multistrand approach (Venkatesh et al., 2016) with an equivalent-status research design
(Tashakkori & Teddlie, 1998). Mixed-methods research is particularly valuable in the IS field
with frequent context changes (Wunderlich et al., 2019), because mixed-methods benefit

stronger inferences and complex theorizing (Venkatesh et al., 2013).
3 Qualitative study

Initially, we set out to gain a deeper understanding of crowd workers’ experiences. We asked
active crowd workers for their prominent working experiences and their reasons for engaging
in MTCW by posting a questionnaire as a task on Clickworker, a Germany-based MTCW
platform!!. To avoid imposing our focus or eliciting biased answers, and to allow for emergent
topics (Gioia et al., 2013), the questions covered MTCW experiences in general, not only

explicit platform features (see Appendix A on page 102).

11 'We compensated respondents for taking part. As “fair” compensation to crowd workers, Deng et al. (2016)
suggest a rate of at least USD 15 per hour, to which we adhered. The average we paid per respondent in the

qualitative study, amounted to compensation of USD 18.97 (or equivalent) per hour.
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3.1 Sample and procedure

We requested the respondents to indicate which platforms they used, and we analyzed this
information to double-check whether their activities incorporated virtual, platform-mediated
tasks that could be completed independently and thus matched our intended sample. The
respondents provided 96 short narratives? on work spanning multiple micro-task platforms and
covering MTCW more generally. More than 60% of the sample indicated working on multiple
MTCW platforms; in all, respondents named more than 30 different platforms covering a wide
range of MTCW, which included transcription, translation, website testing, surveying, and
evaluating visual content. The respondents represented 11 different countries. Of the
participants, 57.1% were female (42.9% male), and participants’ ages ranged from 18 to 73
(mean of 36.4 years, SD = 10.9). Moreover, 84.7% of the respondents attend or attended
college, and 60% held an academic degree. Regarding income, 34.3% reported earning less
than USD 20,000 per year, and 45.7% reported earning between USD 20,000 and USD 50,000
(see Appendix A, on page 102, for detailed information on demographics).

We analyzed the responses independently in an iterative three-stage coding process following
Gioia et al. (2013). We ensured that responses did not refer to distinctly different sourcing
models or substantially different task designs (Deng et al., 2016; Kaganer et al., 2013). Initially,
two researchers coded the narratives independently by paraphrasing and summarizing without
theoretically labeling the statements. To illustrate this procedure, consider the following

quotation:

A while back I submitted a bunch of tasks on [Platform C], and due to a system failure or
something, the employer did not receive files I uploaded as proofs. I wasn’t able to make

them re-review my tasks and | even got an official warning. (Female, 27)

This statement was coded into two 1%-order concepts, referring first to the experienced error, a
presumably unexpected system failure, and additionally to the inability to revise the submission.
We then analyzed the assigned codes to identify overarching emergent terms, aggregating these
1%-order concepts under the 2"-order theme of technical problems in conducting tasks. During

the coding procedure, we further engaged in iterative coding steps and consulted the literature.

12 Respondents had the opportunity to enter their answers into a text field without a requirement to meet a minimum
length or any content prescriptions. Some answers included only single words (“none”) or an abbreviation (“N/A”).
As these answers provided no deeper insights for qualitatively analyzing platform mechanisms, we did not consider

them in the coding. This resulted in 96 viable answers from 105 respondents.
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While we widely agreed on the coding after discussing the differences between coders and
adapted the emerging themes, when necessary, we also contrasted these themes with
respondents’ initial statements to ensure a diligent and fitting interpretation (Gioia et al., 2013).
We presented and discussed our findings with the other authors and three additional researchers
not part of the author team. All these researchers had expertise in the areas of organizational
behavior and IS research. We used their feedback to revise the coding once more. Subsequently,
the two coding researchers assessed the overlap in our revised coding, to ensure that passages
in the narratives were interpreted similarly and coded into the same barriers. We did so by using
Microsoft Excel and assigning different colors to the identified barriers. Having reached an
agreement of 80.7%, we again presented and discussed the revised work with the other authors
and external researchers. Thereby, we reached our final coding, which showed that structuring
tasks requesting the provision of services via platforms and that enable autonomous work, can
also carry technical problems in conducting tasks, preventing effective work. We also showed
how this work arrangement can create the effect of increasing competition among workers, and

hindering disconnection from work (see Figure 1).

1st Order Concepts 2nd Order Themes Aggregate Dimension

. Faulty task design - -
. Unexpected system failures Technical problems in
. No revisions possible in case of conducting tasks

errors

. High competition for scarce .. .
tasks Platform competition }7 Constraining factors in

. Opportunistic task evaluations micro-task crowd work
. Settling for dull tasks

. Platforms exaggerated work

available

. Qualification tests lure with 4{ Inability to disconnect
better tasks

. Pressure experienced at home

Figure 1: Data structure.

Crowd workers commented on regularly experiencing frustrating challenges they perceived as
unnecessarily hindering in MTCW. While a few studies provide initial hints that crowd workers
extensively experience frustration (Deng et al., 2016; Kost et al., 2018; Taylor & Joshi, 2019),

we did not find any that explicitly analyzed and theorized crowd work frustration.
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3.2 Results of qualitative study: frustrating incidents as a frequent challenge to crowd

workers

Respondents generally reported the experience that being successful in MTCW is unnecessarily
challenging and frustrating. Following these reports, we scanned the extant literature and found

no consistent investigation and explanation of the phenomenon.

To address this void, we engaged in detailed coding to identify the antecedents of MTCW
frustration. The insights gained from the coding became the basis for the later quantitative
analysis. To ensure the plausibility of our findings, we discussed the themes we identified with
three IS researchers who had not been engaged in the coding process. We found that crowd
workers experience three factors as especially frustrating in their work, which we introduce one

by one.
3.2.1 Technical problems in conducting tasks

Many respondents reported various technical problems related to the platform, either within the
tasks or ascribed to additional software and tools. The problems arise not only from the tasks
themselves but also from having to combine online labor platforms with different systems and

websites necessary for completing a task.

Crowd workers selecting tasks on a platform usually receive instructions on how to complete
the task. These instructions often include the task content as well as technical requirements such
as the maximum size of files, pictures, or videos. However, the given instructions are not

necessarily feasible. As one respondent explained:

| had to do work that included shooting some videos about simple actions. 1 tried very hard
in that job, but when | was about to complete it, the platform told me that my videos were

too big, but it was not true. (Female, 48)

Although this worker followed the instructions and the information on the platform, the
restrictions on file size apparently varied. Technical task problems can prevent workers from
submitting already completed work by either imposing restrictions not previously shared as task

requirements or by introducing insufficiently reliable software.

| wrote a text with a total length of about 1000 words. When | tried to save it, it was suddenly

gone. (Female, 45)

Failing a task because of being unable to submit the developed results is a frustrating

experience. A few crowd workers explicitly reported such problems:
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I had an online survey that basically lasted for 20-30minutes, but at the end of the survey

[...] the system spontaneously stopped functioning... mind you, I was disheartened. (Male,
22)

Sometimes you do work and then the system goes down, as in one of the recent tasks. | was
so furious | almost cried. (Female, 41)

Further, workers found their inability to collect the promised payment highly frustrating
because technical problems typically occurred after they had completed the actual task. Some
errors would interrupt payment, but not before partially or fully completed tasks had been
submitted. In such cases, the workers were particularly upset. The respondents characterized
these experiences as particularly frustrating because technical problems were attributed to the
workers and influenced their performance records, even when they clearly arose from the task
setup. Thereby crowd workers essentially shared that unrewarded work was unnecessarily time-

and effort consuming.

MTCW platforms mainly distribute and coordinate tasks, but they are not necessarily completed
on the platform. That increases the chances of technical problems because errors accumulate if
multiple systems are necessarily used in completing the tasks. The platforms seem to pay little
attention to verifying the technological feasibility of tasks; yet such problems can then be
wrongfully attributed, thus causing high frustration because the requester’s acceptance is
essential for payment to proceed. Crowd workers fear that low acceptance rates and warnings
can eventually lead to fewer jobs or even exclusion from an MTCW platform. This fear of being
blamed for technical problems and subsequently excluded from profitable tasks through
increased rejection rates reinforced workers’ frustration arising from technical issues. Through
the ratings, crowd workers feared that poor performance would harm their longer-term income,
not only payment for the individual task that went wrong. The requesters’ rating mechanism
could amplify the effect of technical problems; therefore, workers reported them as

extraordinarily discouraging.

Reflecting on these findings in the light of extant research, it supports linking problematic task
design to frustration. Previous studies found faulty equipment to be a central constraining factor
(Peters et al., 1982; Peters & O’Connor, 1980; Spector & Jex, 1998) that hinders effective work
by slowing the work pace and raising the workload due to additional efforts being required
(Pindek & Spector, 2016). The respondents revealed that not the immediate work equipment
(e.g., a personal computer) but the underlying task setup or platform system inhibits effective
working. This parallels reports on faulty equipment described as constraining in organizational
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work settings (Peters & O’Connor, 1980). Workers mention encountering a wide range of
technical flaws beyond their personal control, which complicates their work. With these
features, the platform environment hinders task completion in some cases, often requiring
longer engagement time in a larger number of different tasks to achieve the expected payment.
Thus, technical problems in conducting tasks drive frustration by increasing the workload and
delaying the work pace. Therefore, we hypothesize:

H1: Technical problems in conducting tasks increase frustration with micro-task crowd

work.
3.2.2 Platform competition

Online labor platforms provide on-demand labor through a vast pool of workers. The
respondents repeatedly emphasized that the registered platform workers far outhnumber the
available tasks, which causes high competition.

Also, the number of people that are online; yet there are not many jobs to go around. These
people need to stop hiring so many people when there isn’t even enough work to go around

for the people who have been working for the company for quite some time. (Female, 49)

Crowd workers perceived platforms to be unbalanced in recruiting workers, providing
comparatively few high-quality assignments to an excessive number of workers. This concerns
workers because it means more competition for them, obliging them to engage on multiple
platforms to find sufficient work. In line with this narrative, many respondents felt the platform
should attend more to developing workers with longer tenure while focusing less on recruiting

and attracting new workers.

Since platforms are designed to attract a large number of workers competing for tasks,
requesters can easily choose between different workers for their tasks. Also, often various
workers are selected to work on the same task and to submit their results, with only the best
being compensated, without justification or explanation. The workers experience this as highly
frustrating, finding it an opportunistic and non-transparent way of evaluating their work. This
is reinforced by the fact that the platforms do not incentivize requesters to offer feedback on

rejection or to support workers who feel they were treated unfairly or unreasonably.

Most of the time, tasks are not very clear, the guidelines are unclear and when you perform
the quiz mode you get expelled. That is so frustrating. That makes me feel like I'm useless.

The system does not help you. [Even when] you performed the task exactly as the guidelines
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said, you get expelled. You can see wrong corrections, and you get expelled after that. [It]
is very frustrating, because no one cares. (Male, 35)

| did a massive number of tasks for a requester and did it as well as I could. When they got
to review, the majority were rejected, due to some criteria that was never shared with the
workers. [The platform] support didn't take any sides. So, the requester got the work done
without paying, and drove down the quality [rating] level of most of the people involved. |
stopped my working on [that platform] there. (Male, 38)

Typically, when working toward a deadline, the workers only have one chance to perform the
tasks successfully. In the competitive environment, once there have been enough submissions,
no second chance is given to repeat a task or correct the results. One worker mentioned being
given the opportunity to repeat a given task in a few cases, but typically no requester sends

corrections nor offers a second chance.

| believe that two or three times a requester made a correction to my information, and | was

able to perform the task again; but 98% of the time, no one cares. (Male, 35)

Receiving payment for only a part of the correctly submitted work additionally pressures crowd

workers, obliging them to take up more work in order to meet their income target.

To find and successfully complete a sufficient number of tasks, the respondents described
taking on tasks that did not adequately meet their personal and financial expectations. Crowd
workers begin to settle for incrementally remunerated tasks. One respondent illustrated this

very clearly:

Being way under-paid for my perfect work, not having enough work and having to settle for
penny hits'® — it’s really demoralizing. If there was another job for me, I certainly would be

doing something else in a heartbeat! (Female, 50)

To harness the power of the many crowd workers, MTCW platforms break work up into such
small tasks that even without specific knowledge or expertise, anyone can complete them. Thus,
platforms are not dependent on especially knowledgeable crowd workers, which fosters
competition among them. Also, these workers encounter a scarcity of profitable jobs and
experience frustration because the excessive competition means they cannot profit from their
skills or competences and feel exposed to unjustified rejections. Respondents described

platforms’ low emphasis on workers’ expectations and needs, e.g., for a reliably consistent task

13 The term “hit” refers to a task provided in crowd work, derived as an acronym from “human intelligence task.”
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supply, as “precarious” or “demoralizing.” In sum, platform competition is a major limiting

factor that workers perceive as frustrating.

In line with extant literature, competition is an important characteristic of platform work, where
workers directly face the market to generate an income (Deng & Joshi, 2016; Petriglieri et al.,
2019). Extant studies on organizational settings provide little insight into competition between
workers; however, some have identified interpersonal conflict (Jex et al., 2003; Spector & Jex,
1998) or a competitive working environment (Penney et al., 2011) as limiting. Experiencing an
inconsiderate, competitive work environment has been linked to increased frustration at work
(Fox & Spector, 1999; Penney et al., 2011). Similarly, our respondents described how the
environment insufficiently considers previous efforts. Instead, every task depends solely on
them competing on the platform. This partially parallels the organizational literature in that the
platform creates a challenging setting without cooperative support, which can spur frustration
(Penney et al., 2011). Additionally, because not every submitted solution is rewarded, the
competition exacerbates frustration by directly increasing individuals’ workload (Pindek &
Spector, 2016). Correspondingly, we argue that the lack of support and the increased workload
stemming from the MTCW platforms’ competitive design, spur frustration; thus, we

hypothesize:
H2: Platform competition increases frustration in micro-task crowd work.
3.2.3 Inability to disconnect from work

MTCW grants workers considerable freedom in terms of when, where, and whether to work;
yet, this freedom hinders workers from disconnecting from their work. The respondents
reported that the inability to disconnect arises from exaggerated expectations regarding the
work the platform can make available. They described how platforms widely suggest that better
tasks will be accessible to workers after they have completed unpaid assignments that
supposedly qualify them. Additionally, because the tasks are often completed at home on
personal computers or mobile devices, the experienced frustration literally hits close to home

and inhibits the ability to disconnect from work.

Because crowd workers are responsible for finding their own work, they spend a substantial
amount of time at home searching for tasks. Respondents reported a scarcity of available
assignments on single platforms. They shared narratives of searching across multiple platforms
to find sufficient work. However, the narratives confirmed that the number of tasks varies, and

extraordinarily well-paying tasks are rare. Workers mentioned feeling responsible for finding
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enough work and thus having to be available the very minute tasks are set up, rather than
working according to their own schedule.

Twice, in more than a year | have been doing this type of work, | was able to make over USD
100 in a day. Those type of tasks are rarely seen, where the pay is fair, there is plenty to go

around for everyone, and it’s easy to complete, without the task being broken. (Female, 47)

Further, platforms claim more potential jobs on offer than they actually have available. Either
by raising expectations of additional tasks or by implementing inadequate feedback on
availability, platforms gave an exaggerated impression of work availability:

It is frustrating when [the platform] states that there are a certain number of jobs available

but when you go into them, it says no tasks available. (Female, 56)

Once [Platform A'*] informed us of very well-paid jobs for the whole year 2017 — but
obviously, they couldn't keep their promise. (Female, 45)

Platforms can intentionally create the impression of greater earning opportunities ahead while
at the moment they provide only one unprofitable task. This strategy gives the impression that
MTCW will become more profitable if the worker is constantly available. The respondents
indicated that they regularly spent remarkable amounts of time just looking for suitable tasks,
and still, work remained scarce. In addition to job searching, crowd workers often face

qualification checks before being eligible to sign up for a task:

After the test, I could perform one well-paid job. After that, | never heard from them again.
(Female, 45)

Thus, workers felt they were wasting their time if they were not allocated preselected tasks or
task suggestions but instead had to search for tasks themselves and continuously complete

further tests.

If workers’ job seeking continues over weeks without the platform actually providing favorable
and profitable tasks, the respondents concluded that the platform was intentionally misleading
them. They felt the platform lures workers into completing uninspiring piecework by creating
the impression that the next good task is waiting just around the corner. Thus, MTCW creates

a tempting environment that deceives crowd workers about their potential earning prospects:

14 platform names altered to ensure anonymity.
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Their 'qualification’ jobs seem to be stuff that nobody else can or will do with pay of a small
fraction of a cent per job, with the lure of much better jobs being displayed if you complete
enough jobs at a higher success rate. (Male, 71)

Additionally, frustrating and unfavorable experiences in the job-seeking process enter the home
life directly due to the lack of physical distance from the workspace. Therefore, it is
extraordinarily difficult to let go of work matters while at home. Working remotely and isolated
at home can increase the strain associated with lacking help, advice, and emotional support in
dealing with rejections.

You stay at home, looking at the computer without knowing what you did wrong, or what
you could do [differently]. (Male, 35)

To a question on how often they look for new tasks, over 56% of the respondents indicated they
do so several times per day and another 25% indicated doing so on a daily basis. The ease with
which one can screen platforms for new jobs tempts the worker to check platforms “just once
more” and to do so frequently. The fact that platforms do not delegate work directly but require
workers to actively search for tasks themselves, causes additional pressure, which becomes

frustrating when the expectations of available jobs are constantly disappointed.

With access constantly available, the proximity of personal free time on the computer to crowd
work becomes problematic. Rather than logging on to platforms in consciously dedicated work
time, crowd workers frequently find themselves searching for favorable and exceptional tasks
at any given time. The proclaimed autonomy in MTCW relies on the assumption of sufficient
favorable work availability, which would allow crowd workers to work only when they want
to. Many respondents mentioned that there was indeed sufficient work available across
platforms; however, tasks that are fun, engaging, flawless, and well-paid are rare. Such sought-
after tasks encourage crowd workers additionally to start working not only when they want to

but actually whenever they can.

Crowd workers found the continuity between spare time and work time and the possibility of
missing good jobs when offline to be vexing. MTCW becomes part of private life because
access is so easy and increased availability is so tempting. These conditions make disengaging
from MTCW remarkably difficult. Especially in a technology-mediated context, constant
connectivity has been identified as a major challenge (Barley et al., 2011; Mazmanian et al.,
2013). Thereby, frustrating work experiences spill over, hindering the pursuit of satisfying non-
work activities (Greenhaus & Beutell, 1985). This spillover is especially salient when

individuals are not able to disconnect from their work activities (Derks et al., 2014). Therefore,
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MTCW can be experienced as especially frustrating, because workers find it singularly hard to
disconnect from their work activities. Thus, we hypothesize:

H3: The inability to disconnect from micro-task crowd work increases frustration.
3.2.4 Accounting for the distinctive autonomy of micro-task crowd work

While identifying constraining factors of MTCW, respondents also explained their rationale for
working under these conditions. An analysis of respondents’ answers regarding what motivated
their MTCW engagement, disclosed that they favor the autonomy it allows and therefore engage
in MTCW despite its downsides. Specifically, the workers mention that they can work
autonomously in the sense that they can, first, determine their own working hours, and second,
decide which tasks they pursue during their working hours. Respondents repeatedly referred to

the opportunity to work independently and decide when to work and how long to work.

| like to be able to schedule when I want to work [and] to have control how much or little |
want to work. (Female, 43)

They value the opportunity to schedule activities according to their own time preferences and
to choose how much (or how little) they would like to do. Many said they enjoyed working
from home and thus being able to spend their free time productively. Additionally, because this

work format does not impose regular engagement, the individuals’ autonomy is increased.

Trying to be useful even in my spare time; who doesn't like making money sitting on the

couch while browsing through your phone! (Male, 22)

Besides integrating MTCW into their leisure time, some also fill free time slots during their

regular working hours.

It allows me to make some extra money in time breaks at my work; they are easy tasks (in

general) and the tasks can be completed (in general) in a short period of time. (Male, 29)

These respondents either worked during breaks and downtime or explained that they did not
have to be involved in their regular jobs uninterruptedly. Thus, they worked on platforms to
spend the time productively and to generate some additional income. Still, they described their
regular job as being more important. MTCW was especially suitable as it allowed the
respondents to engage briefly in short tasks, thus preventing undue interference with their

regular work.
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Further, respondents mentioned freedom from managerial control that would be telling them
which tasks to do or how much time to spend on a specific task as another important facet of
autonomy in MTCW.

| can work when | want [to, and] I can work from home. | can work on tasks | want to when

they are available, [and] | don't have a boss breathing down my neck. (Female, 50)

Workers valued that if a specific task did not satisfy them, they could look for other tasks to
work on. The diversity of tasks posted on the platform offers them the chance to look for tasks
they prefer. Several respondents reported that they highly valued the autonomy to choose which
tasks to work on without being bound to conduct or finish a predefined set of tasks:

My best experiences are actually finding tasks that | am able to do and complete. (Female,
28)

The job is different every day, you could not get bored. (Female, 52)

Their autonomy is reinforced by not having a supervisor or boss who tells them when to work,
which tasks to work on, and which to complete. Not having to meet external expectations

allowed respondents to complete tasks even while they had other personal responsibilities.

Freedom of schedules. Because I do college and I have a small child; [also, the] freedom to
perform work anywhere with electricity and internet access, and being able to work from

home [with] no boss in attendance. (Male, 31)

Repeatedly, the respondents emphasized that MTCW allowed them to work while taking care
of their children. Some even mentioned this as essential because they were single parents.
Others were working toward a college degree or were self-employed so that being autonomous
helped them to schedule additional work flexibly. Therefore, MTCW provided self-employed
respondents with an opportunity to make up for insufficient contracts in their main job. At
busier times, they were able to reduce the additional MTCW accordingly. Overall, setting their
own schedules without authoritative managerial direction, as well as flexibility regarding
distinct working hours or specific tasks, enables workers to plan their own working activities,

thus supporting their autonomy.

Our respondents consistently emphasized how they experienced and valued the autonomy to
plan their own working activities and to balance these with other activities or commitments.
Autonomy, initially conceptualized as an individual’s freedom in carrying out tasks (Hackman
& Oldham, 1975, 1976), is increasingly distinguished from mere independence (Chirkov et al.,

2003); it now describes authentic action according to one’s interests, values, and desires (Baard
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et al., 2004; Chirkov et al., 2003; Ryan & Deci, 2000). At work, autonomy is often found in
self-reliant work scheduling, work method selection, and control over the means of task
completion (Gajendran & Harrison, 2007; Morgeson & Humphrey, 2006).

Autonomy gives individuals the opportunity to adjust to a challenging situation or to modify
the situation itself (Harold et al., 2016). Workers can, for example, limit their exposure to a
demanding situation by taking longer breaks (Penney et al., 2011). In addition, autonomy
generates a sense of being in control (Mauno et al., 2006). Particularly, in the context of
telework, autonomy is widely conceptualized as choosing work location, work scheduling,
designing and organizing the workplace, even including lighting, clothing, and decorations
(Elsbach, 2003; Gajendran & Harrison, 2007); such extensive autonomous flexibility is
essentially perceived as equal to having control (Gajendran & Harrison, 2007; Wiesenfeld et
al., 2001). This autonomy and the resulting experience of being in control has been shown to
reduce frustration (Ahuja et al., 2007; Fox & Spector, 1999; Harold et al., 2016; C. Liu et al.,
2007). Thus, the extant literature suggests that autonomy decreases frustration. Accordingly,

we hypothesize:
H4: Autonomy decreases frustration with micro-task crowd work.

Because respondents who mentioned experiencing frustration also emphasized this autonomy,
we argue that they perceive the benefits of MTCW as a trade-off for its constraining factors.
Analogous to research in the organizational context, where autonomy is an important coping
resource that attenuates the degree to which limiting factors impact performance (Pindek &
Spector, 2016), we argue that autonomy moderates the experienced frustration. Additionally,
high autonomy decreases the perceived workload (Ahuja et al., 2007) and buffers challenging
situations (Mauno et al., 2006); contrastively, low autonomy settings correlate with stronger

perceptions of frustration (Penney et al., 2011).

In our case, high autonomy allows crowd workers to stop working on flawed tasks. Thus,
workers can take breaks or switch to different tasks when they experience technical task
problems. We argue that the possibility of switching tasks instantly lowers the negative impact
of technical task problems on frustration, as tasks can easily be abandoned. Similarly, we argue
that autonomous work scheduling helps workers to avoid the peak hours in MTCW. Not being
bound by fixed hours eases the pressure strong platform competition imposes on crowd

workers.

Therefore, and in line with previous research, we hypothesize:
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H5: Autonomy negatively moderates the impact technical problems in conducting tasks has
on frustration with micro-task crowd work; thus, autonomy weakens the impact technical

problems in conducting tasks have on frustration.

H6: Autonomy negatively moderates the impact platform competition has on frustration with
micro-task crowd work, thus autonomy weakens the impact platform competition has on

frustration.

Overall, autonomy appears to be beneficial for workers in MTCW. However, while technology-
enabled autonomy can potentially generate positive work experiences (Tarafdar et al., 2019),
providing the opportunity to work anywhere at any time, it can also support conflicting
tendencies toward extended availability (Mazmanian et al., 2013). This makes it particularly
challenging for workers to stick to initially intended working hours (Spreitzer et al., 2017),
thereby hampering the ability to disconnect (Barley et al., 2011), which in turn enhances
pressure and frustration. In organizational contexts, for example, high autonomy can hinder
employees from refreshing themselves by engaging in relaxing activities during breaks
(Trougakos et al., 2014). Additionally, and particularly in MTCW, the autonomy to work
anywhere and at any time can foster feelings of missing out when not working (Mazmanian et
al., 2013). While previous studies highlight that technology essentially transfers social
pressures and expectations (Barley et al., 2011; Mazmanian et al., 2013; Middleton & Cukier,

2006), we find that MTCW also pressures workers even though jobs are completed individually.

MTCW is easily available, with efforts and rewards closely linked, which encourages workers
to keep taking on additional tasks. Our respondents described fear of missing the prime
assignments when they were inactive on platforms. Thus, having wide autonomy in scheduling
and organizing their work also pressures workers to do so effectively. Thereby workers who
internalize this autonomy will find it harder to engage in recreational breaks. Therefore, we
argue that high autonomy reinforces the negative effect of not disconnecting from work, which

brings on frustration. Accordingly, we hypothesize:

H7: Autonomy positively moderates the impact of the inability to disconnect from work on
frustration in micro-task crowd work, thus strengthening the impact of the inability to

disconnect on frustration.

Figure 2 summarizes the qualitative findings and provides an overview of the hypothesized

effects. This figure forms the basis for the following quantitative analysis.
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Figure 2: Hypotheses of the quantitative study.

We expect the three factors of technical problems in conducting tasks, platform competition,
and inability to disconnect to drive frustration in platform work. Additionally, we hypothesize
that autonomy, as a well-established characteristic of platforms in the literature and a repeatedly
reoccurring theme in our qualitative narratives, reduces frustration and moderates the impact of
the antecedents to frustration. In particular, we hypothesize that technical problems and
competition will be perceived as less frustrating under high autonomy, as workers then easily
switch tasks and adapt their working efforts to mitigate time spent with excessive competition
on the platforms. Lastly, we hypothesize that autonomy will moderate the impact of the inability
to disconnect, as workers who perceive a very high degree of autonomy and subsequently
internalize their personal responsibility for working effectively will find it harder to forget about
work. Thus, the challenging condition of being unable to disconnect from work will increase

frustration, particularly when the worker considers autonomy to be high.
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4 Quantitative study

4.1 Data and sample

In order to assess the proposed model, we selected a second sample of crowd workers who had
not taken part in the first, qualitative study® To collect data for this sample, we provided a two-
wave questionnaire to crowd workers by posting it as a task on an MTCW platform.
Respondents were paid for completing each part of the survey™ For the survey, we again chose
Clickworker as it presents a typical MTCW platform. We chose the two-wave design to
measure predictor and outcome variables separately, to reduce common method bias (Podsakoff
et al., 2003). Additionally, separating the measurements enabled us to assess predictors
independently prior to the outcome variable, thereby affording higher confidence in revealing
the cause-effect relationships as the qualitative findings suggest and our model assumes.

As measures, we assessed the technical problems in conducting tasks, inability to disconnect,
platform competition, and autonomy in the first wave, while measuring frustration in the second
wave. The first wave generated 220 completed questionnaires, and respondents were sent an
invitation for the second wave approximately two weeks later. The final sample after the second
survey resulted in 181 completed questionnaires, which equals a response rate of about 82% in
the second wave. To analyze our sample for potential biases due to dropouts, we compared the
demographics and MTCW activities of people who finished only the first part of the survey to
those of people who finished both parts. We did not identify any significant differences in
demographics and MTCW activities. In the sample, 51.9% were female, 47.0% male, and 1.1%
did not indicate their gender. The average age was 36.0 (SD=10.8). Regarding education, 61.9%
of the respondents reported holding an academic degree. Further, 83.4% reported that they
usually invest no more than 20 hours per week in MTCW task activities (average hours per
month: 39.8; SD: 39.7), and generated on average 24.6% of their monthly income through
MTCW. These sample characteristics (see Appendix B on page 103 for more detailed

15 To ensure the independence of the qualitative and the quantitative samples, we requested that workers who
participated in the qualitative survey not be invited to the quantitative two-wave survey. Additionally, we
controlled after the second survey for possible matches across the qualitative and the quantitative samples, looking
out for respondents with shared demographics regarding gender, age, education, and country of origin. With only
a single match across the two samples and considering the 181 quantitative respondents, we are confident that the
samples are independent.

16 Again, we wanted to provide adequate compensation that would exceed the minimum wage for crowd work.

Based on the average response time, the compensation was equivalent to USD 17.97 per hour.
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information) are similar to the demographics in a series of other studies on the crowd worker
population (Behrend et al., 2011; Deng et al., 2016; Deng & Joshi, 2016). This indicates that

our sample represents the overall crowd worker population well.
4.2 Measures

For assessing the proposed model, we relied on validated scales, which we partially adjusted to
match the context of MTCW (see Appendix C on page 104 for detailed information on all
items). All latent item measures relied on a 7-point Likert scale and the answer options for the
items ranged from “I strongly disagree” (1) to “I strongly agree” (7). The scales showed a
high reliability with all Cronbach’s-a values exceeding 0.7, and composite reliability (CR)
above 0.7 for the latent measures (Bagozzi & Yi, 1988).

We used the three-item frustration measure developed by Peters et al. (1980) to assess general
frustration which we adapted to the context to MTCW for one item (Cronbach's-a = 0.886; CR
= 0.930).

To assess the frequency of task problems'’, we asked “How often do you encounter problems
in your crowd work activities?” The answering options for problem frequency ranged from
“Never” (1) to “Always” (7).

Further, we assessed the platform competition with the exclusiveness of tasks and assessed the
excess labor supply with five items that measure competition, which we adapted from Avital
and Singh (2011) (o= 0.705; CR = 0.782).

To measure the inability to disconnect from platform work, we relied on four items suggested
by Kreiner (2006), which showed a high reliability of a = 0.941 (CR = 0.957). Because the
original measure emphasized the ease of disconnecting from work, we recoded the scale

inversely for the analysis to express the difficulty of disconnecting from platform work.

Finally, we assessed autonomy with three items that covered the dimension of autonomous work
scheduling, as suggested by Morgeson and Humphrey (2006). Overall, the autonomy scale
showed good reliability with a Cronbach’s a 0£0.933 (CR =0.912).

" This is a self-developed single-item measure.
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4.3 Controls

We controlled for gender, household income, employment status, and hours invested in MTCW
(self-reported) per month (see Appendix B on page 103 for detailed information). Respondents’
employment status was included as a categorical variable covering three categories: regular
employment, part-time employment, and no regular employment (including being a student or
retired). Because the distribution of hours invested in MTCW was heavily right-skewed
(positively skewed), we logarithmically transformed the variable (natural logarithm) for the

regression.
4.4 Quantitative results

In the data analysis, we conducted multiple ordinary least squares (OLS) analyses. Hierarchical
multiple OLS regression was found to be especially suitable in research settings as it enables
us to assess the explained variance in frustration by our predictor variables (Tonidandel &
LeBreton, 2011). Also, the hierarchical OLS approach enables us to assess the direct effects
and each moderating effect separately, showing their contribution to the explained variance of
the model and incorporating the variables into a full model in the last step, ensuring the
independent relevance of each interaction effect (Henderson & Denison, 1989). Using multiple
regression analysis, we followed an established approach for stepwise developing a model from
our qualitative findings, using established constructs, and providing better estimates when
including more variables and a substantial number of controls (Gefen et al., 2000; Henseler et
al., 2014; Reinartz et al., 2009).

Table 1 shows the means, standard deviations, and bivariate correlations for all predictor
variables and the outcome variable. Because the bivariate correlations across all predictor
variables are below 0.25, we can assert that multicollinearity does not bias the measurement
model. We find significant correlations between the outcome variable of frustration and all
identified predictor variables. Additionally, the variance inflation factors for the latent variable
score below the recommended threshold of 5 (Hair et al., 2011), with the highest value of 1.124,

being for autonomy.
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M SD ) (2 3) 4
(1) Frustration 3.11 1.45
2) /Autonomy 5.09 1.36 | -0.276"
@A) Platiorm 438 | 1.04 |0335" | 0.076
competition
Inability to - -
4) disconnect 2.81 1.42 0.218 -0.247 0.000
Technical
(5) problems in 3.41 1.09 0.350™ |-0.207" | 0.113 0.132
conducting tasks
Note: N=181
*p<0.05.
**p<0.01.

Table 1: Descriptive statistics and correlations.

Further, we assessed the discriminant construct validity of our indicators. All latent constructs
meet the Fornell-Larcker criterion (Fornell & Larcker, 1981), and all items’ cross-loadings are
the strongest for the respective constructs (Chin, 1998). Additionally, the Heterotrait-
Monotrait-Ratios fall below the threshold level of 0.9 (Henseler et al., 2015), indicating that
our factors are discriminant. Building on the established indicators, we argue strongly in favor
of our measures’ quality (for more detailed information, see Appendix D on pages 105 and
106).

Table 2 presents the results of the OLS tests. To ensure the distinct factors’ relevance and
moderating effects for frustration, we compare multiple models to evaluate our findings. Model
1 represents the main effects of platform competition, the inability to disconnect from work,
technical problems in conducting tasks, and autonomy. The model indicates that technical
problems in conducting tasks (b = 0.338; p < 0.01), platform competition (b = 0.447; p < 0.01)
and the inability to disconnect from work (b = 0.143; p < 0.05) increase frustration significantly,
as hypothesized. Autonomy exerts an opposing effect by significantly decreasing frustration (b

=-0.229; p < 0.01). The direct effect model provides support for hypotheses 1, 2, 3, and 4.
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Predictor Variables Model 1 Model 2 Model 3 Model 4 Model 5
Intercept 0.665 0.528 0.666 0.820 0.683
(0.720) (0.708) (0.722) (0.699) (0.690)
Gender (1=female) 0.015 0.056 0.011 0.015 0.052
(0.191) (0.188) (0.191) (0.185) (0.183)
Income 0.041 0.042 0.041 0.042 0.042
(0.067) (0.066) (0.067) (0.065) (0.064)
Hours per month (In) 0.000 0.010 0.006 -0.029 -0.013
(0.084) (0.082) (0.085) (0.082) (0.081)
Employment -0.012 -0.006 -0.012 -0.087 -0.081
(0.113) (0.111) (0.114) (0.112) (0.110)
H1: Technical problems | 0.338** 0.302** 0.340%** 0.348** 0.314**
(0.089) (0.089) (0.090) (0.087) (0.086)
H2: Platform 0.447** 0.442** 0.438** 0.469** 0.452**
competition (0.092) (0.090) (0.094) (0.089) (0.090)
H3: Inability to 0.143* 0.153* 0.144* 0.123 % 0.134*
disconnect (0.070) (0.069) (0.070) (0.068) (0.067)
H4: Autonomy -0.229** -0.200** -0.227** -0.222%* -0.190**
(0.073) (0.072) (0.073) (0.071) (0.071)
H5: Technical problems -0.235** -0.235**
X Autonomy (0.086) (0.083)
H6: Platform 0.040 0.049
ffuT(frf;'rﬂ;” X (0.091) (0.086)
H7: Inability to 0.321** 0.318**
disconnect x Autonomy
(0.094) (0.092)
R2 | 0.286 0.316 0.287 0.332 0.362
Adjusted R? | 0.253 0.280 0.250 0.297 0.321
F | 8.623** 8.791** 7.651** 9.431** 8.732**

Note:

Predicting frustration

unstandardized. Standard errors are provided in parentheses.

Tp<0.1.
*p<0.05.
**p<0.01.

in micro-task crowd work (N=181); The coefficients are

Table 2: OLS regression analyses of MTCW frustration.
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Model 2 tests hypothesis 5, which predicts that increased autonomy will negatively moderate
the relation between technical problems and frustration. The interaction shows a significantly
negative coefficient (b = -0.235; p < 0.01) that provides support for hypothesis 5. Model 3 tests
the interaction effect of autonomy on the platform competition—frustration relation. Because
the effect is insignificant (b = 0.040; p > 0.1), we do not find support for hypothesis 6. Model
4 tests hypothesis 7, which posits that perceived autonomy positively moderates the impact
being unable to disconnect from work has on frustration. The results show a significantly
positive interaction effect (b = 0.321; p < 0.01) that provides support for hypothesis 7. Model 5
incorporates all hypothesized moderating effects simultaneously. The full model (p < 0.01)
supports the significant effects in hypotheses 5 and 7. Throughout our analyses, we did not find
significant coefficients for any of the control variables: income, gender, monthly hours, and
employment status. To further analyze the significant moderations, we plotted the interaction

effects (see Figure 3 and Figure 4).
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Figure 3: Interaction plot for technical problems in conducting tasks x autonomy with

frustration as outcome variable.

83



Frustration

Autonomy
high
[ T T —

7,00

6,00

5,00

3,00 /

2,00

1,00 2,00 3.00 4,00 5,00 6,00

Inability to disconnect

7,00

Figure 4: Interaction plot for inability to disconnect x autonomy with frustration as outcome

variable.

In sum, the quantitative study supports six of our seven hypotheses. Only hypothesis 6,

regarding the moderating effect of autonomy on the impact platform competition has on

frustration, shows insignificant results. Table 3 provides a summary of all hypotheses.

Hypotheses Results
H1: Technical problems in conducting tasks increase frustration with | Supported
micro-task crowd work.
H2: Platform competition increases frustration in micro-task crowd Supported
work.
H3: The inability to disconnect from micro-task crowd work increases | Supported
frustration.

H4: Autonomy decreases frustration with micro-task crowd work. Supported
H5: Autonomy negatively moderates the impact technical problems in | Supported
conducting tasks have on frustration with micro-task crowd work,

thus autonomy weakens the impact of technical problems in
conducting tasks on frustration.
H6: Autonomy negatively moderates the impact platform competition | Not
has on frustration with micro-task crowd work, thus autonomy supported
weakens the impact of platform competition on frustration.
H7: Autonomy positively moderates the impact of the inability to Supported
disconnect from work on frustration in micro-task crowd work,
thus strengthening the impact of the inability to disconnect on
frustration.

Table 3: Summary of hypotheses.

84



5 Discussion

Our research contributes to psychological studies on work experiences in crowd work. We
contribute a comprehensive model for workers’ frustration, offering a central avenue for
understanding and theorizing about the nature and unfavorable elements of MTCW from a
worker’s perspective. By taking a user-centered experiential computing perspective, we have
captured underlying antecedents to MTCW work frustration and the moderating mechanisms
of autonomy. Thereby, we account for the lived individual experience of technical and social
factors in crowd work (Baskerville et al., 2020; Yoo, 2010), affording a holistic, context-
specific analysis of work frustration. Comprehensively understanding frustration — a central
negative psychological state and challenge to crowd workers (Harold et al., 2016; E. J.
O’Connor et al., 1984) —and identifying the dominant antecedents to such frustration provides

fruitful avenues for improving the crowd work environment.
5.1 Theoretical contributions

Our findings offer three central contributions. First, we develop and test a model for explaining
MTCW frustration, so far unexplored in psychological crowd work literature. Second, we
reveal the moderating effect of autonomy; buffering technical task error-related frustration
while reinforcing frustration for workers unable to disconnect from work. In doing so, we
theorize on how frustration is shaped by the interplay between technology-enabled elements of
the work environment, the workers’ lived experience, and personal perceptions — particularly
regarding the inability to disconnect from work. Third, we add to experiential computing by
integrating perceptions of the personal context beyond technical or social factors for capturing

digital work experiences from a psychological perspective.

By revealing, modeling, and testing central antecedences to worker frustration in MTCW, we
provide the first study to address this central challenge for crowd workers. Guided by an
experiential computing perspective (Yoo, 2010), we emphasize the individual experience in a
sociotechnical environment and identify antecedents to frustration arising from the interplay of
the technical system, the platform, the social system, including other workers, and the
individual worker. Our model for work frustration extends recent advances in designing
platforms for a motivating work environment, building, for example, on the Job Characteristics
Model (Bush & Balven, 2021; Durward et al., 2020; Jabagi et al., 2019; Schroeder et al., 2021)
or negative psychological reactions to system usage such as technostress (Fuglseth & Sgrebg,
2014; Mazmanian et al., 2013; Tarafdar et al., 2019).
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We explore the concept of work frustration from a holistic, user-centered experiential
computing perspective, capturing its antecedences from technological factors (technical
problems), social context (competition), and the workers’ self-perceptions (inability to
disconnect). The most prominent constraining factors are the frequent technical problems and
technical errors that workers experience while executing a task. Such problems make crowd
working a frustrating experience by inhibiting effective work or work submission. To use a
system satisfactorily and effectively, it is central that the information system provides effective
means to successfully complete tasks (Brodie et al., 2013; Goodhue & Thompson, 1995)
without a stressful experience (Wang et al., 2008). MTCW is especially frustrating when
workers do not get paid if their work cannot be properly submitted. Thus, platform work can
benefit from critically analyzing the degree to which the platform functionalities effectively
support working. Checking assignments for clarity and feasibility can drastically reduce flawed

tasks and improve the work experience.

The platform competition creates worker frustration related to the social subsystem in MTCW.
However, social interaction can potentially also provide a supportive and cooperative work
environment and thereby increase crowd work engagement (Ihl et al., 2020). Balancing work
supply and demand effectively and reducing discouraging competition, could provide effective
means to harness the generative potential of the social system (Ihl et al., 2020; Kost et al., 2018;
Wong et al., 2020).

Finally, crowd work becomes a frustrating experience due to the easy access and omnipresence
of work, which makes it difficult for some workers to disconnect from their MTCW activities.
Easy work access and omnipresence also easily invade and interfere with workers’ private lives
if workers are unable to disconnect from their work activities. This shows that frustrating factors
do not only arise in the technical or social context but also from the workers themselves.
Overall, we add to the literature in two ways: we provide a comprehensive explanation for
frustration in crowd work, which prior studies hinted at but have not explained yet (Deng et al.,
2016; Fieseler et al., 2019; Kost et al., 2018). Additionally, we identify antecedents that can
improve the understanding of workers’ struggles with engaging in crowd work and sustaining

their effort (Ashford et al., 2018; Petriglieri et al., 2019; Taylor & Joshi, 2019).

Furthermore, we analyzed the effects of autonomy in MTCW, and particularly its moderating
effect on the constraints-frustration relationship. Beyond existing studies that emphasized the
relevance of autonomy for participating in MTCW (Deng et al., 2016; Deng & Joshi, 2016;

Durward et al.,, 2020), our study analyzes its impact on platform work frustration. Our
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respondents mention that they experience extensive high autonomy in organizing their work
activities in the means of which tasks to work on and determine their own schedules (e.g., high
work scheduling autonomy (Deng & Joshi, 2016; Morgeson & Humphrey, 2006; Spreitzer et
al., 2017)). Still, at the same time, workers mentioned in our qualitative study that typically
they have low autonomy in deciding how to complete a specific task - as requirements are often
entirely predefined (e.g., low work methods autonomy (Morgeson & Humphrey, 2006;
Spreitzer et al., 2017)) and workers need to stick to these specific requirements. Interestingly,
our respondents nonetheless reported high autonomy — emphasizing extensive autonomy in
work scheduling and task selection — reduces work frustration, despite work specific task
descriptions and processes leaving little room for additional autonomous behavior regarding

work methods or decision-making.

The direct effect of autonomy decreases frustration and buffers the effect technical problems
exert on frustration. Related to technical problems, workers can make use of their autonomy to
abandon flawed or unprecise tasks and work on different ones. Thus, despite the direct effect
as proposed in the literature (Deng et al., 2016; Deng & Joshi, 2016), we have also revealed
autonomy as a buffering mechanism in the frequent problems related to task completion. We
find that if specific tasks or the related technical infrastructure impedes workers’ successful
task completion, they can rely on their autonomy in deciding which tasks to work on, looking
for different tasks that promise a lower threat regarding technical problems. Thus, this factor
becomes less frustrating for them. Therefore, we find that autonomy in selecting tasks is not
only a central motivating factor (Durward et al., 2020) but also a relevant coping mechanism in

dealing with technical problems.

Additionally, autonomy reinforces the positive effect of the inability to disconnect on
frustration. Individuals experiencing high autonomy suffer distinctly from frustration due to
their inability to disconnect from work. Crowd work does afford workers personal freedom and
independence conceptualized as autonomy to structure work activities (Deng et al., 2016; Deng
& Joshi, 2016; Durward et al., 2020; Zyskowski et al., 2015); yet, it implicitly adds pressure by
adding responsibility for their own success, which creates a feeling of missing opportunities
when not working. This inability to disconnect in some ways resembles addictive behavior in
technology use, as was particularly discovered in relation to technostress (Mazmanian et al.,
2013; Middleton & Cukier, 2006; Tarafdar et al., 2019) and social media use (Banyai et al.,
2017; Brailovskaia et al., 2020; Brailovskaia & Margraf, 2021). Addictive behavior here is

defined as a strong need to be permanently online (Brailovskaia et al., 2020; Brailovskaia &
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Margraf, 2021), and is linked to individuals severely struggling to interrupt or discontinue
technology use (Béanyai et al., 2017). The literature argues that positive previous experiences,
such as entertainment and social interaction, create strong emotional bonds between individuals
and technology (Mazmanian et al., 2013; Middleton & Cukier, 2006), favoring addictive
behavior (Brailovskaia et al., 2020; Brailovskaia & Margraf, 2021). Our findings show that the
platforms in MTCW challenge individuals when they disengage from work. This finding is
particularly striking, as autonomy is broadly seen as a highly characteristic parameter in crowd
work and a major benefit to workers (Deng et al., 2016; Deng & Joshi, 2016; Taylor & Joshi,
2019). However, workers who succeed in disconnecting will experience autonomy
exceptionally positively and as inhibiting frustration. Those unable to disconnect will
experience this as especially burdensome under extensive autonomy. This highlights the
importance of the individual and offers deeper insight into the role of autonomy in crowd work
(Spreitzer et al., 2017). Thereby, offering a digital tool for structuring the individual’s
autonomy, as in self-decided working schedules or time frames, could essentially aid workers

in benefiting more from the extensive MTCW autonomy.

Lastly, we show how understanding MTCW as an individual experience in a sociotechnical
context deepens the understanding of virtual environments (Leonardi & Barley, 2008). In line
with the experiential computing perspective (Badker et al., 2014; Yoo, 2010), we emphasized
the individual lived experience in the technology-mediated platform work environment shaped
by the artifact and other workers (Yoo, 2010). Yet, how autonomy positively moderates the
inability to disconnect indicates that individual factors, which stem from neither the artifact nor
other workers’ behavior, influence MTCW-related frustration. In fact, those influences come
from the individuals themselves. In the highly adaptable MCTW setting, workers are not
confronted with uniform working conditions, and they substantially impact their experience
themselves. Their own decisions and perceptions of personal autonomy, but likely also the
associated responsibilities and requirements, are particularly valuable for understanding the
everyday experiences in technology-shaped environments (Baskerville et al., 2020; Yoo, 2010).
Yoo (2010) and Baskerville et al. (2020) argue that digital technology increasingly shapes our
reality. Additionally, we argue that the workers themselves also shape the experiences in such
technology-shaped environments. How individual workers perceive requirements and self-
assess working behavior are antecedents to frustration in the working experience,
complementing the experiential computing perspective. This facilitates a deeper and more

holistic understanding of the experienced digital environments (Bgdker, 2017; Yoo, 2010).
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Our study also offers central avenues for future research on the psychological research stream
of MTCW and platform work. While research suggests that frustration with an IS discourages
usage intention (Venkatesh et al., 2011) or results in undesired usage patterns (Deng & Chi,
2012), future research can particularly investigate how frustration affects switching platforms
or discontinuing crowd work activities. Understanding such negative experiences and
subsequent reactions can aid our understanding of how workers sustain and advance in their
work activities (Ashford et al., 2018; Taylor & Joshi, 2019). For example, experimental studies
across different platforms, analyzing varying features, e.g., for aiding workers in self-
structuring their activities, could be highly fruitful in improving platform design and the
resulting work experiences. This provides an interesting opportunity for IS research on virtual

work environments beyond the MTCW context.

In our qualitative data, interestingly, we discovered reports about platforms overreporting the
amount of available work in ways highly visible to workers, which led to feelings of deception.
While we cannot sufficiently extrapolate from our qualitative data how systematically and
frequently this occurs, it does highlight a very interesting issue. Previous research has described
worker perceptions of unfairness and exploitation, while the role of the platform is often
described as that of an intermediary, setting the stage and shaping the rules (Brawley & Pury,
2016; Deng & Joshi, 2016; Fieseler et al., 2019). Workers perceived platform unfairness
occurring passively by allowing exploitative tasks to be posted, very low pay, underestimated
time efforts, and apparently unjustified rejections. Research, however, has paid less attention to
the active role the platform plays in exploitative and deceptive practices. In line with reports on
marginalizing workers’ voices (Deng et al., 2016; Irani & Silberman, 2013), ineffectively
countering scammers (Deng et al., 2016; Fieseler et al., 2019; Wood et al., 2019), or our findings
on deceptively portraying the work available, it appears that the platforms might have a more

active role in marginalizing workers. This could provide a fruitful avenue for further research.
5.2 Practical implications

Effectively handling frustration is vital for workers to endure in crowd work and not become
disheartened or even withdraw completely (Ashford et al., 2018; Petriglieri et al., 2019). To
enhance the working experience, crowd workers need support on different levels. First,
minimum standards for task requests would reduce the number of problems in the task setup.
For example, requester ratings or task pre-testing could be introduced. A pretest of tasks in
which experienced workers can participate would, on the one hand, offer requesters quick

results, while on the other hand, potentially giving workers a sense of appreciation (Parker,
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1998). Platform operators could also provide requesters with additional resources, such as
extensive guides, videos, or databases with customizable but predefined task templates. Second,
workers need support in disconnecting from work. By implementing features that set personal
working times or goals, for example, workers could gain a sense of achievement instead of

fearing to miss out if they do not keep working.

Our qualitative findings suggest that workers far outnumber requesters. Platform operators need
to be aware that excessively strong platform competition drives workers’ frustration. As
competition is high and well-paying, interesting premium tasks are scarce, and an imbalance
between the number of tasks and workers competing for them emerges. This imbalance
disincentivizes platform providers from putting effort toward reducing workers’ frustration.
Platforms possibly pursue the logic that worker withdrawal due to frustration is negligible, as
there are plenty of other workers still available to work on tasks. However, this logic is not
convincing considering platforms’ long-term competitiveness and looking beyond a specific
worker or task. Platforms need to be aware that worker frustration is not merely an individual
phenomenon; over time it can become systemic across workers. Frustrating elements such as
technical problems, competition, and the inability to disconnect potentially affect a large share
of their platform workers. Thus, while in the short-run enough workers will compensate for
withdrawal, the platform risks lower work quality while inexperienced workers will replace the
experienced ones. This is critical as offering a broad user base with sufficient motivated workers
for high work quality is crucial for the MTCW platforms’ business model. To ensure their
competitiveness, MTCW platforms need to provide requesters with a large number of engaged
workers who will get their tasks done. While frustration remains underemphasized, platforms
tackling frustration could benefit from retaining experienced workers and providing higher
work quality in the long run. Thus, platform operators should consider investing substantially
more effort into attracting appropriate requesters to the platforms, especially if the labor supply

drastically exceeds the labor demand.

Additionally, platforms could implement a variable wage component to increase wages at times
when, simultaneously, they are requesting many assignments and relatively few workers are
available online. Such a variable wage could ease competition and incentivize workers to allot

their contributions more evenly.!® Attracting and supporting requesters while providing

18 In transport provision, Uber provides a prominent example of such a surge pricing strategy. The company adjusts
ride prices depending on supply and demand (Guda & Subramanian, 2019).
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financial incentives to workers in times of increased labor demand are promising avenues to
ease perceived platform competition among workers. Additionally, platforms could support
workers in overcoming frustration. For example, implementing social features like forums that
address experiences of “loneliness, freedom, and unrelenting direct exposure to the free market”
(Petriglieri et al., 2019, p. 152) could help to reduce the perceived pressure from competition.
However, further research is needed to improve effective governance mechanisms’ design, their

impact on MTCW platform dynamics, and especially crowd working behavior.

To date, platforms have done little to improve their design in response to crowd workers’ needs
and expectations. Platforms are reprogrammable; therefore, providers can relatively easily
change and adapt them (Yoo et al., 2012). The platform setup and the resulting frustration
substantially shape workers’ experiences. However, so far, creating an overall favorable work
experience for crowd workers has not been prioritized. The platforms’ “material properties
result from choices made by particular groups of designers, [which] confront users with real
constraints on and opportunities for conducting their work™ (Leonardi & Barley, 2008, pp. 171
172). Platforms need to increase their effort to create viable worker experiences that will ease

worker frustration and contribute to the future of work.
5.3 Limitations

Similar to other studies using this methodological approach, we have to acknowledge our
study’s limitations. By relying on well-established scales, we carefully assessed the proposed
model. However, finding measures that covered the characteristics of MTCW well proved to
be difficult. Developing specific measures to assess these characteristics’ impact on work
behavior could provide an essential tool to improve future research (Hedman et al., 2019) and
thus add to our knowledge of crowd workers’ perceptions and behavior. Thereby, an
experiential perspective on virtual labor markets could be advanced (Baskerville et al., 2020;
Yoo, 2010).

Our sample covers participants who are active across multiple MTCW platforms. In other forms
of crowd work, such as freelancing, requesters’ interaction with clients is more common and
possibly more important. Because crowd work is highly diverse and multifaceted, considering
other settings, such as virtual freelancing, could provide an interesting avenue for future studies.
This would be particularly important to develop a nuanced understanding of frustration and

worker behavior across different virtual work types and settings.

We are also not able to assess the impact frustration has on performance. We applied post-hoc

tests in our quantitative sample that compare median-split frustration levels for performance
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and tenure criteria; yet indicators such as the number of total tasks completed, account tenure,
and the percentage of successfully completed tasks, could not provide evidence that frustration
reduces performance. We found a significant effect from self-reported weekly hours that
workers spent doing MTCW (p < 0.01). This effect indicates that the group experiencing higher
frustration spends, on average, 14.21 hours doing MTCW, compared to 10.09 hours in the low
frustration group. However, we consider this difference as merely a correlation and not a causal
relation, because it could have resulted from reverse causality. Once an individual reaches a
frustration threshold, withdrawal behavior can result. Additional studies that account for
differences in individuals’ behaviors could identify the effects of frustration in platform-
mediated work. Longitudinal studies could offer valuable insight by showing how affective
behavior unfolds over time and how individuals’ personal characteristics possibly affect their

participation in MTCW.
6 Conclusion

In summary, our findings show that experience in the technology-enabled work setting of
MTCW is frustrating for many workers. Based on our study, we show that this frustration is
fueled by frequently occurring technical problems in conducting tasks, high competition on the
platform due to a scarcity of tasks, and the inability to disconnect from MTCW. Further, we
shed light on the crucial role of autonomy. It reduces frustration directly and weakens the effect
of technical problems on frustration, thus helping individuals cope with this frustrating factor.
However, for individuals struggling to disconnect from the enduring availability and easy
accessibility of MTCW, high autonomy even amplifies frustration. Thus, our study contributes
to our understanding of how work experience in technology-mediated work settings is shaped
by IT-artifacts and other social actors’ influence, which in our study, is illustrated by technical
problems in conducting tasks and competition arising through scarce tasks for many workers.
Still, various influences work differently for different individuals, depending on their individual

contexts, as the heterogeneous influence of autonomy on the inability to disconnect illustrates.

92



7 References (Study 2)

Ahuja, M. K., Chudoba, K. M., Kacmar, C. J., Harrison McKnight, D., & George, J. F. (2007).
It road warriors: Balancing work-family conflict, job autonomy, and work overload to
mitigate turnover intentions. MIS Quarterly, 31(1), 1-17.
https://doi.org/10.2307/25148778

Ashford, S. J., Caza, B. B., & Reid, E. M. (2018). From surviving to thriving in the gig
economy: A research agenda for individuals in the new world of work. Research in
Organizational Behavior, 38, 23-41. https://doi.org/10.1016/j.riob.2018.11.001

Avital, M., & Singh, B. (2011). Collaboration trumps competition in high-tech project teams.
International Journal of Organisational Design and Engineering, 1(4), 292-314.
https://doi.org/10.1504/1JODE.2011.043808

Baard, P. P., Deci, E. L., & Ryan, R. M. (2004). Intrinsic Need Satisfaction: A Motivational
Basis of Performance and Weil-Being in Two Work Settings. Journal of Applied Social
Psychology, 34(10), 2045-2068. https://doi.org/10.1111/j.1559-1816.2004.tb02690.x

Bagozzi, R. P., & Yi, Y. (1988). On the evaluation of structural equation models. Journal of
the Academy of Marketing Science, 16(1), 74-94. https://doi.org/10.1007/BF02723327

Banyai, F., Zsila, A, Kiraly, O., Maraz, A., Elekes, Z., Griffiths, M. D., Andreassen, C. S., &
Demetrovics, Z. (2017). Problematic Social Media Use: Results from a Large-Scale
Nationally Representative Adolescent Sample. PLOS ONE, 12(1), e0169839.
https://doi.org/10.1371/JOURNAL.PONE.0169839

Barley, S. R., Meyerson, D. E., & Grodal, S. (2011). E-mail as a source and symbol of stress.
Organization Science, 22(4), 887—906. https://doi.org/10.1287/orsc.1100.0573

Baskerville, R. L., Myers, M. D., & Yoo, Y. (2020). Digital first: The ontological reversal and
new challenges for information systems research. MIS Quarterly, 44(2), 509-523.
https://doi.org/10.25300/M1SQ/2020/14418

Behrend, T. S., Sharek, D. J., Meade, A. W., & Wiebe, E. N. (2011). The viability of
crowdsourcing for survey research. Behavior Research Methods, 43(3), 800-813.
https://doi.org/10.3758/s13428-011-0081-0

Berg, J., Furrer, M., Harmon, E., Rani, U., & Silberman, M. S. (2018). Digital labour platforms
and the future of work. In International Labor Organization.

Bodker, M. (2017). What else is there...?": reporting meditations in experiential computing.
European Journal of Information Systems, 26(3), 274-286.
https://doi.org/10.1057/s41303-017-0041-6

Badker, M., Gimpel, G., & Hedman, J. (2014). Time-out/time-in: the dynamics of everyday
experiential computing devices. Information Systems Journal, 24(2), 143-166.
https://doi.org/10.1111/isj.12002

Bostrom, R. P., & Heinen, J. S. (1977). MIS Problems and Failures: A Socio-Technical
Perspective.  Part I: The  Causes. MIS  Quarterly, 1(3), 17-32.
https://doi.org/10.2307/248710

Brailovskaia, J., & Margraf, J. (2021). The relationship between burden caused by coronavirus
(Covid-19), addictive social media use, sense of control and anxiety. Computers in Human
Behavior, 119, 106720. https://doi.org/10.1016/J.CHB.2021.106720

Brailovskaia, J., Schillack, H., & Margraf, J. (2020). Tell me why are you using social media
93



(SM)! Relationship between reasons for use of SM, SM flow, daily stress, depression,
anxiety, and addictive SM use — An exploratory investigation of young adults in Germany.
Computers in Human Behavior, 113, 106511.
https://doi.org/10.1016/J.CHB.2020.106511

Brawley, A. M., & Pury, C. L. S. (2016). Work experiences on MTurk: Job satisfaction,
turnover, and information sharing. Computers in Human Behavior, 54, 531-546.
https://doi.org/10.1016/j.chb.2015.08.031

Brod, C. (1984). Technostress: The human cost of the computer revolution. Addison-Wesley.

Brodie, R. J., llic, A., Juric, B., & Hollebeek, L. (2013). Consumer engagement in a virtual
brand community: An exploratory analysis. Journal of Business Research, 66(1), 105—
114. https://doi.org/10.1016/j.jbusres.2011.07.029

Brynjolfsson, E., & Mitchell, T. (2017). What can machine learning do? Workforce
implications. Science, 358(6370), 1530-1534. https://doi.org/10.1126/science.aap8062

Bush, J. T., & Balven, R. M. (2021). Catering to the crowd: An HRM perspective on crowd
worker engagement. Human Resource Management Review, 31(1), 100670.
https://doi.org/10.1016/j.hrmr.2018.10.003

Chen, P. Y., & Spector, P. E. (1992). Relationships of work stressors with aggression,
withdrawal, theft and substance use: An exploratory study. Journal of Occupational and
Organizational ~ Psychology, 65(3), 177-184.  https://doi.org/10.1111/.2044-
8325.1992.tb00495.x

Chin, W. W. (1998). The partial least squares approach for structural equation modeling. In G.
Marcoulides (Ed.), Modern methods for business research (pp. 295-336). Lawrence
Erlbaum Associates Inc.

Chirkov, V., Ryan, R. M., Kim, Y., & Kaplan, U. (2003). Differentiating Autonomy From
Individualism and Independence: A Self-Determination Theory Perspective on
Internalization of Cultural Orientations and Well-Being. Journal of Personality and Social
Psychology, 84(1), 97-110. https://doi.org/10.1037/0022-3514.84.1.97

Deng, X. N., & Chi, L. (2012). Understanding postadoptive behaviors in information systems
use: A longitudinal analysis of system use Problems in the Business Intelligence Context.
Journal of Management Information Systems, 29(3), 291-326.
https://doi.org/10.2753/M1S0742-1222290309

Deng, X. N., & Joshi, K. D. (2016). Why individuals participate in micro-task crowdsourcing
work environment: Revealing crowdworkers’ perceptions. Journal of the Association for
Information Systems, 17(10), 648-673. https://doi.org/10.17705/1jais.00441

Deng, X. N., Joshi, K. D., & Galliers, R. D. (2016). The duality of empowerment and
marginalization in microtask crowdsourcing: Giving voice to the less powerful through
value sensitive design. MIS Quarterly, 40(2), 279-302.
https://doi.org/10.25300/M1SQ/2016/40.2.01

Derks, D., van Mierlo, H., & Schmitz, E. B. (2014). A diary study on work-related smartphone
use, psychological detachment and exhaustion: Examining the role of the perceived
segmentation norm. Journal of Occupational Health Psychology, 19(1), 74-84.
https://doi.org/10.1037/a0035076

Durward, D., Blohm, I., & Leimeister, J. M. (2016). Crowd work. Business and Information
Systems Engineering, 58(4), 281-286. https://doi.org/10.1007/s12599-016-0438-0

Durward, D., Blohm, I., & Leimeister, J. M. (2020). The Nature of Crowd Work and its Effects
94



on Individuals’ Work Perception. Journal of Management Information Systems, 37(1), 66—
95. https://doi.org/10.1080/07421222.2019.1705506

Elsbach, K. D. (2003). Relating physical environment to self-categorizations: Identity threat
and affirmation in a non-territorial office space. Administrative Science Quarterly, 48(4),
622-654. https://doi.org/10.2307/3556639

Erskine, M. A., Khojah, M., & McDaniel, A. E. (2019). Location selection using heat maps:
Relative advantage, task-technology fit, and decision-making performance. Computers in
Human Behavior, 101, 151-162. https://doi.org/10.1016/J.CHB.2019.07.014

Fieseler, C., Bucher, E., & Hoffmann, C. P. (2019). Unfairness by design? The perceived
fairness of digital labor on crowdworking platforms. Journal of Business Ethics, 156(4),
987-1005. https://doi.org/10.1007/s10551-017-3607-2

Fornell, C., & Larcker, D. F. (1981). Structural Equation Models with Unobservable Variables
and Measurement Error: Algebra and Statistics. Journal of Marketing Research, 18(3),
382-388. https://doi.org/10.1177/002224378101800313

Fox, S., & Spector, P. E. (1999). A model of work frustration-aggression. Journal of
Organizational Behavior, 20(6), 915-931. https://doi.org/10.1002/(SICI1)1099-
1379(199911)20:6<915::AID-JOB918>3.0.CO;2-6

Fuglseth, A. M., & Serebg, @. (2014). The effects of technostress within the context of
employee use of ICT. Computers in Human Behavior, 40, 161-170.
https://doi.org/10.1016/j.chb.2014.07.040

Gajendran, R. S., & Harrison, D. A. (2007). The Good, the Bad, and the Unknown About
Telecommuting: Meta-Analysis of Psychological Mediators and Individual
Consequences. Journal of  Applied Psychology, 92(6), 1524-1541.
https://doi.org/10.1037/0021-9010.92.6.1524

Gaskell, A. (2020, February). The Mental Health Challenges Of The Gig Economy. Forbes.

Gefen, D., Straub, D., & Boudreau, M.-C. (2000). Structural Equation Modeling and
Regression: Guidelines for Research Practice. Communications of the Association for
Information Systems, 4. https://doi.org/10.17705/1cais.00407

Geiger, D., & Schader, M. (2014). Personalized task recommendation in crowdsourcing
information systems — Current state of the art. Decision Support Systems, 65, 3-16.
https://doi.org/10.1016/j.dss.2014.05.007

Gioia, D. A., Corley, K. G., & Hamilton, A. L. (2013). Seeking qualitative rigor in inductive
research: Notes on the Gioia methodology. Organizational Research Methods, 16(1), 15—
31. https://doi.org/10.1177/1094428112452151

Goodhue, D. L., & Thompson, R. L. (1995). Task-technology fit and individual performance.
MIS Quarterly, 19(2), 213-236. https://doi.org/10.2307/249689

Gray, M. L., Suri, S., Ali, S. S., & Kulkarni, D. (2016). The crowd is a collaborative network.
Proceedings of the 19th ACM Conference on Computer-Supported Cooperative Work &
Social Computing (CSCW ’16), 134-147. https://doi.org/10.1145/2818048.2819942

Greenhaus, J. H., & Beutell, N. J. (1985). Sources of Conflict between Work and Family Roles.
The Academy of Management Review, 10(1), 76-88.
https://doi.org/10.5465/amr.1985.4277352

Guda, H., & Subramanian, U. (2019). Your Uber is arriving: Managing on-demand workers
through surge pricing, forecast communication, and worker incentives. Management

95



Science, 65(5), 1995-2014. https://doi.org/10.1287/mnsc.2018.3050

Hackman, J. R., & Oldham, G. R. (1975). Development of the Job Diagnostic Survey. Journal
of Applied Psychology, 60(2), 159-170. https://doi.org/doi.org/10.1037/h0076546

Hackman, J. R., & Oldham, G. R. (1976). Motivation through the design of work: test of a
theory. Organizational Behavior and Human Performance, 16(2), 250-279.
https://doi.org/10.1016/0030-5073(76)90016-7

Hair, J. F., Ringle, C. M., & Sarstedt, M. (2011). PLS-SEM: Indeed a silver bullet. The Journal
of Marketing Theory and Practice, 19(2), 139-152. https://doi.org/10.2753/MTP1069-
6679190202

Harold, C. M., Oh, I.-S., Holtz, B. C., Han, S., & Giacalone, R. A. (2016). Fit and frustration
as drivers of targeted counterproductive work behaviors: A multifoci perspective. Journal
of Applied Psychology, 101(11), 1513-1535. https://doi.org/10.1037/apl0000150

Hedman, J., Badker, M., Gimpel, G., & Damsgaard, J. (2019). Translating evolving technology
use into user stories: Technology life narratives of consumer technology use. Information
Systems Journal, 29(6), 1178-1200. https://doi.org/10.1111/isj.12232

Henderson, D. A., & Denison, D. R. (1989). Stepwise Regression in Social and Psychological
Research. Psychological Reports, 64(1), 251-257.
https://doi.org/10.2466/pr0.1989.64.1.251

Henseler, J., Dijkstra, T. K., Sarstedt, M., Ringle, C. M., Diamantopoulos, A., Straub, D. W.,
Ketchen, D. J., Hair, J. F., Hult, G. T. M., & Calantone, R. J. (2014). Common beliefs and
reality about PLS: Comments on Rdnkké and Evermann (2013). Organizational Research
Methods, 17(2), 182-209. https://doi.org/10.1177/1094428114526928

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing discriminant
validity in variance-based structural equation modeling. Journal of the Academy of
Marketing Science, 43, 115-135. https://doi.org/10.1007/s11747-014-0403-8

Huws, U., Spencer, N. H., & Joyce, S. (2016). Crowd work in Europe: Preliminary results from
a survey in the UK, Sweden, Germany, Austria and the Netherlands. Commissioned
Report, Foundation for European Progressive Studies.

Ihl, A., Strunk, K. S., & Fiedler, M. (2020). The mediated effects of social support in
professional online communities on crowdworker engagement in micro-task
crowdworking. Computers in Human Behavior, 113, 106482.
https://doi.org/10.1016/j.chb.2020.106482

Irani, L. C., & Silberman, M. S. (2013). Turkopticon: Interrupting worker invisibility in amazon
mechanical turk. Proceedings of the SIGCHI Conference on Human Factors in Computing
Systems (CHI ’13), 611-620. https://doi.org/10.1145/2470654.2470742

Jabagi, N., Croteau, A. M., Audebrand, L. K., & Marsan, J. (2019). Gig-workers’ motivation:
thinking beyond carrots and sticks. Journal of Managerial Psychology, 34(4), 192-213.
https://doi.org/10.1108/JMP-06-2018-0255

Jarrahi, M. H., Nelson, S. B., & Thomson, L. (2017). Personal Artifact Ecologies in the Context
of Mobile Knowledge Workers. Computers in Human Behavior, 75, 469-483.
https://doi.org/10.1016/j.chb.2017.05.028

Jex, S. M., Adams, G. A., Bachrach, D. G., & Sorenson, S. (2003). The Impact of Situational
Constraints, Role Stressors, and Commitment on Employee Altruism. Journal of
Occupational Health Psychology, 8(3), 171-180. https://doi.org/10.1037/1076-
8998.8.3.171

96



Kaganer, E., Carmel, E., Hirschheim, R., & Olsen, T. (2013). Managing the human cloud. MIT
Sloan Management Review, 54(2), 23-32.

Kapoor, A. (2021, August). The challenge with gig economy - The Economic Times. The
Economic Times.

Késsi, O., & Lehdonvirta, V. (2018). Online labour index: Measuring the online gig economy
for policy and research. Technological Forecasting and Social Change, 137, 241-248.
https://doi.org/10.1016/j.techfore.2018.07.056

Kaufmann, N., Schulze, T., & Veit, D. (2011). More than fun and money. Worker Motivation
in Crowdsourcing-A Study on Mechanical Turk. Proceedings of the 17th Americas
Conference on Information Systems (AMCIS).

Kittur, A., Nickerson, J. V., Bernstein, M., Gerber, E., Shaw, A., Zimmerman, J., Lease, M., &
Horton, J. J. (2013). The future of crowd work. Proceedings of the 2013 Conference on
Computer  Supported Cooperative Work  (CSCW '13), 1301-1317.
https://doi.org/10.1145/2441776.2441923

Kost, D., Fieseler, C., & Wong, S. I. (2018). Finding meaning in a hopeless place? The
construction of meaningfulness in digital microwork. Computers in Human Behavior, 82,
101-110. https://doi.org/10.1016/j.chb.2018.01.002

Kreiner, G. E. (2006). Consequences of work-home segmentation or integration: A person-
environment fit perspective. Journal of Organizational Behavior, 27(4), 485-507.
https://doi.org/10.1002/job.386

Lane, C. M. (2017). Gig work doesn’ t have to be isolating and unstable. Harvard Business
Review.

Leonardi, P. M., & Barley, S. R. (2008). Materiality and change: Challenges to building better
theory about technology and organizing. Information and Organization, 18(3), 159-176.
https://doi.org/10.1016/j.infoandorg.2008.03.001

Liu, C., Spector, P. E., & Shi, L. (2007). Cross-national job stress: A quantitative and qualitative
study. Journal of Organizational Behavior, 28(2), 209-239.
https://doi.org/10.1002/job.435

Mauno, S., Kinnunen, U., & Ruokolainen, M. (2006). Exploring work- and organization-based
resources as moderators between work-family conflict, well-being, and job attitudes. Work
& Stress, 20(3), 210-233. https://doi.org/10.1080/02678370600999969

Mazmanian, M., Orlikowski, W. J., & Yates, J. (2013). The autonomy paradox: The
implications of mobile email devices for knowledge professionals. Organization Science,
24(5), 1337-1357. https://doi.org/10.1287/orsc.1120.0806

Middleton, C. A., & Cukier, W. (2006). Is mobile email functional or dysfunctional? Two
perspectives on mobile email usage. European Journal of Information Systems, 15(3),
252-260. https://doi.org/10.1057/palgrave.ejis.3000614

Mohlmann, M., Zalmanson, L., Henfridsson, O., & Gregory, R. W. (2021). Algorithmic
Management of Work on Online Labor Platforms: When Matching Meets Control. MIS
Quarterly, 45(4), 1999-2022. https://doi.org/10.25300/MI1SQ/2021/15333

Morgeson, F. P., & Humphrey, S. E. (2006). The Work Design Questionnaire (WDQ):
Developing and validating a comprehensive measure for assessing job design and the
nature of work. Journal of Applied Psychology, 91(6), 1321-1339.
https://doi.org/10.1037/0021-9010.91.6.1321

97



Mumford, E. (2006). The story of socio-technical design: reflections on its successes, failures
and potential. Information Systems Journal, 16(4), 317-342.
https://doi.org/10.1111/1.1365-2575.2006.00221.x

O’Connor, E. J., Peters, L. H., Pooyan, A., Weekly, J., Frank, B., & Erenkrantz, B. (1984).
Situational constraint effects on performance, affective reactions, and turnover: A field
replication and extension. Journal of Applied Psychology, 69(4), 663-672.
https://doi.org/10.1037/0021-9010.69.4.663

O’Connor, E. J., Peters, L. H., Rudolf, C. J., & Pooyan, A. (1982). Situational constraints and
employee affective reactions: A partial field replication. Group & Organization Studies,
7(4), 418-428. https://doi.org/10.1177/105960118200700405

O’Connor, S. (2020, November). The gig economy is a symptom of bigger problems. Financial
Times.

Park, Y., Liu, Y., & Headrick, L. (2020). When work is wanted after hours: Testing weekly
stress of information communication technology demands using boundary theory. Journal
of Organizational Behavior, 41(6), 518-534. https://doi.org/10.1002/job.2461

Parker, S. K. (1998). Enhancing role breadth self-efficacy: The roles of job enrichment and
other organizational interventions. Journal of Applied Psychology, 83(6), 835-852.
https://doi.org/10.1037/0021-9010.83.6.835

Penney, L. M., Hunter, E. M., & Perry, S. J. (2011). Personality and counterproductive work
behaviour: Using conservation of resources theory to narrow the profile of deviant
employees. Journal of Occupational and Organizational Psychology, 84(1), 58-77.
https://doi.org/10.1111/j.2044-8325.2010.02007.x

Peters, L. H., Chassie, M. B., Lindholm, H. R., O’Connor, E. J., & Kline, C. R. (1982). The
joint influence of situational constraints and goal setting on performance and affective
outcomes. Journal of Management, 8(2), 7-20.
https://doi.org/10.1177/014920638200800201

Peters, L. H., & O’Connor, E. J. (1980). Situational constraints and work outcomes: The
influences of a frequently overlooked construct. Academy of Management Review, 5(3),
391-397. https://doi.org/10.5465/AMR.1980.4288856

Peters, L. H., O’Connor, E. J., & Rudolf, C. J. (1980). The behavioral and affective
consequences of performance-relevant situational variables. Organizational Behavior and
Human Performance, 25(1), 79-96. https://doi.org/10.1016/0030-5073(80)90026-4

Petriglieri, G., Ashford, S. J., & Wrzesniewski, A. (2019). Agony and Ecstasy in the Gig
Economy: Cultivating Holding Environments for Precarious and Personalized Work
Identities. Administrative Science Quarterly, 64(1), 124-170.
https://doi.org/10.1177/0001839218759646

Pindek, S., & Spector, P. E. (2016). Organizational constraints: a meta-analysis of a major
stressor. Work & Stress, 30(1), 7-25. https://doi.org/10.1080/02678373.2015.1137376

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common method
biases in behavioral research: A critical review of the literature and recommended
remedies. Journal of Applied Psychology, 88(5), 879-903. https://doi.org/10.1037/0021-
9010.88.5.879

Reinartz, W., Haenlein, M., & Henseler, J. (2009). An empirical comparison of the efficacy of
covariance-based and variance-based SEM. International Journal of Research in
Marketing, 26(4), 332-344. https://doi.org/10.1016/J.IJRESMAR.2009.08.001

98



Riedl, M. J., Masullo, G. M., & Whipple, K. N. (2020). The downsides of digital labor:
Exploring the toll incivility takes on online comment moderators. Computers in Human
Behavior, 107, 106262. https://doi.org/10.1016/J.CHB.2020.106262

Ryan, R. M., & Deci, E. L. (2000). Intrinsic and Extrinsic Motivations: Classic Definitions and
New Directions. Contemporary Educational  Psychology, 25(1), 54-67.
https://doi.org/10.1006/ceps.1999.1020

Sarker, S., Chatterjee, S., Xiao, X., & Elbanna, A. (2019). The sociotechnical axis of cohesion
for the IS discipline: Its historical legacy and its continued relevance. MIS Quarterly:
Management Information Systems, 43(3), 695-7109.
https://doi.org/10.25300/M1SQ/2019/13747

Saxton, G. D., Oh, O., & Kishore, R. (2013). Rules of crowdsourcing: Models, issues, and
systems of control. Information  Systems Management, 30(1), 2-20.
https://doi.org/10.1080/10580530.2013.739883

Schroeder, A. N., Bricka, T. M., & Whitaker, J. H. (2021). Work design in a digitized gig
economy. Human Resource Management Review, 31(1).
https://doi.org/10.1016/J.HRMR.2019.100692

Spector, P. E. (1978). Organizational frustration: A model and review of the literature.
Personnel Psychology, 31(4), 815-829. https://doi.org/10.1111/j.1744-
6570.1978.tb02125.x

Spector, P. E. (1997). The role of frustration in antisocial behavior at work. In R. A. Giacalone
& J. Greenberg (Eds.), Antisocial behavior in organizations (pp. 1-17). Sage Publications
Inc.

Spector, P. E., & Jex, S. M. (1998). Development of four self-report measures of job stressors
and strain: Interpersonal Conflict at Work Scale, Organizational Constraints Scale,
Quantitative Workload Inventory, and Physical Symptoms Inventory. Journal of
Occupational Health Psychology, 3(4), 356-367. https://doi.org/10.1037/1076-
8998.3.4.356

Spreitzer, G. M., Cameron, L., & Garrett, L. (2017). Alternative work arrangements: Two
images of the new world of work. Annual Review of Organizational Psychology and
Organizational Behavior, 4, 473-499. https://doi.org/10.1146/annurev-orgpsych-032516-
113332

Steel, R. P., & Mento, A. J. (1986). Impact of situational constraints on subjective and objective
criteria of managerial job performance. Organizational Behavior and Human Decision
Processes, 37(2), 254-265. https://doi.org/10.1016/0749-5978(86)90054-3

Tarafdar, M., Cooper, C. L., & Stich, J. (2019). The technostress trifecta - techno eustress,
techno distress and design: Theoretical directions and an agenda for research. Information
Systems Journal, 29(1), 6-42. https://doi.org/10.1111/isj.12169

Tashakkori, A., & Teddlie, C. B. (1998). Mixed methodology: Combining qualitative and
guantitative approaches. Sage Publications Inc.

Taylor, J., & Joshi, K. D. (2019). Joining the crowd: The career anchors of information
technology workers participating in crowdsourcing. Information Systems Journal, 29(3),
641-673. https://doi.org/10.1111/isj.12225

Tonidandel, S., & LeBreton, J. M. (2011). Relative Importance Analysis: A Useful Supplement
to Regression Analysis. Journal of Business and Psychology, 26(1), 1-9.
https://doi.org/10.1007/S10869-010-9204-3

99



Trougakos, J. P., Hideg, I., Cheng, B. H., & Beal, D. J. (2014). Lunch breaks unpacked: The
role of autonomy as a moderator of recovery during lunch. Academy of Management
Journal, 57(2), 405-421. https://doi.org/10.5465/AMJ.2011.1072

Venkatesh, V., Brown, S. A., & Bala, H. (2013). Bridging the qualitative-quantitative divide:
Guidelines for conducting mixed methods research in information systems. MIS
Quarterly, 37(1), 21-54. https://doi.org/10.25300/M1SQ/2013/37.1.02

Venkatesh, V., Brown, S., & Sullivan, Y. (2016). Guidelines for Conducting Mixed-methods
Research: An Extension and Illustration. Journal of the Association for Information
Systems, 17(7), 435-495. https://doi.org/10.17705/1jais.00433

Venkatesh, V., Thong, J. Y. L., Chan, F. K. Y., Hu, P. J.-H., & Brown, S. A. (2011). Extending
the two-stage information systems continuance model: incorporating UTAUT predictors
and the role of context. Information Systems Journal, 21(6), 527-555.
https://doi.org/10.1111/].1365-2575.2011.00373.x

Villanova, P., & Roman, M. A. (1993). A meta-analytic review of situational constraints and
work-related outcomes: Alternative approaches to conceptualization. Human Resource
Management Review, 3(2), 147-175. https://doi.org/10.1016/1053-4822(93)90021-U

Wang, K., Shu, Q., & Tu, Q. (2008). Technostress under different organizational environments:
An empirical investigation. Computers in Human Behavior, 24(6), 3002-3013.
https://doi.org/10.1016/j.chb.2008.05.007

Wiesenfeld, B. M., Raghuram, S., & Garud, R. (2001). Organizational identification among
virtual workers: The role of need for affiliation and perceived work-based social support.
Journal of Management, 27(2), 213-229. https://doi.org/10.1016/S0149-2063(00)00096-
9

Winter, S., Berente, N., Howison, J., & Butler, B. (2014). Beyond the organizational
‘container’: Conceptualizing 21st century sociotechnical work. Information and
Organization, 24(4), 250-269. https://doi.org/10.1016/j.infoandorg.2014.10.003

Wolk, S. (1976). Situational constraint as a moderator of the locus of control-adjustment
relationship. Journal of Consulting and Clinical Psychology, 44(3), 420-427.
https://doi.org/10.1037/0022-006X.44.3.420

Wong, S. I, Fieseler, C., & Kost, D. (2020). Digital labourers’ proactivity and the venture for
meaningful work: Fruitful or fruitless? Journal of Occupational and Organizational
Psychology, 93(4), 887-911. https://doi.org/10.1111/JO0P.12317

Wood, A. J., Graham, M., Lehdonvirta, V., & Hjorth, 1. (2019). Good gig, bad gig: autonomy
and algorithmic control in the global gig economy. Work, Employment and Society, 33(1),
56-75. https://doi.org/10.1177/0950017018785616

World Economic Forum. (2020). The Promise of Platform Work: Understanding the
Ecosystem.

Wu, B., & Chen, X. (2017). Continuance intention to use MOQOCs: Integrating the technology
acceptance model (TAM) and task technology fit (TTF) model. Computers in Human
Behavior, 67, 221-232. https://doi.org/10.1016/J.CHB.2016.10.028

Wunderlich, P., Veit, D. J., & Sarker, S. (2019). Adoption of Sustainable Technologies: A
Mixed-Methods Study of German Households. MIS Quarterly, 43(2), 673-691.
https://doi.org/10.25300/M1SQ/2019/12112

Y00, Y. (2010). Computing in Everyday Life: A Call for Research on Experiential Computing.
MIS Quarterly, 34(2), 213-231. https://doi.org/10.2307/20721425

100



Yoo, Y., Boland, R. J., Lyytinen, K., & Majchrzak, A. (2012). Organizing for innovation in the
digitized world. Organization Science, 23(5), 1398-1408.
https://doi.org/10.1287/orsc.1120.0771

Zhao, Y., & Zhu, Q. (2014). Evaluation on crowdsourcing research: Current status and future
direction. Information Systems Frontiers, 16(3), 417-434. https://doi.org/10.1007/s10796-
012-9350-4

Zyskowski, K., Morris, M. R., Bigham, J. P., Gray, M. L., & Kane, S. K. (2015). Accessible
crowdwork? Understanding the value in and challenge of microtask employment for
people with disabilities. Proceedings of 18th ACM Conference on Computer Supported
Cooperative Work & Social Computing (CSCW’15), 1682-1693.
https://doi.org/10.1145/2675133.2675158

101



8 Appendix (Study 2)

Figures
Question Response options No0.%
Open Q.
Please provide us with a short | Open question with unrestricted text field.
but detailed explanation about
your best experiences you
have ever made in your crowd
work history.
Please provide us with a short | Open question with unrestricted text field.
but detailed explanation about
your worst experiences you
have ever made in your crowd
work history.
Why do you engage in crowd | Open question with unrestricted text field.
work in the current extent?
What is the highest Less than high school degree 1 1.0%
educational level you have High school deg. or equivalent (e.g., GED, Abitur) | 13 12.4%
completed or the highest Some college but no degree 16 15.2%
degree you have received? Associate degree 10 9.5%
Bachelor degree 34 32.4%
Graduate degree 29 27.6%
Other (text) 2 1.9%
Please indicate your gender. Female 60 57.1%
Male 45 42.9%
Other - -
| do not want to indicate my gender. - -
How old are you? Open question Mean: 36.40
SD: 10.856
Range: 18-73
Which of the following Self-Employed, working 1-39 hours per week 21 20.0%
categories describes your Self-Employed, working 40 or more hours p. week 14 13.3%
employment status best? Employed, working 1-39 hours per week 18 17.1%
Employed, working 40 or more hours per week 14 13.3%
This refers to your regular Not employed, looking for work 17 16.2%
employment besides your Not employed, NOT looking for work 5 4.8%
participation in crowd work Retired 3 2.9%
arrangements. Disabled, not able to work 2 1.9%
Student 10 9.5%
Other (text) 1 1.0%
How much is your household's | Less than $20,000 36 34.3%
total yearly income? $20,000 to $34,999 27 25.7%
$35,000 to $49,999 21 20.0%
$50,000 to $74,999 16 15.2%
$75,000 to $99,999 1 1.0%
$100,000 or more 4 3.8%
How much time do you less than 2 hours 14 13.3%
usually invest in fulfilling more than 2 hours 15 14.3%
crowd work tasks per week? more than 5 hours 28 26.7%
more than 10 hours 19 18.1%
more than 15 hours 10 9.5%
more than 20 hours 10 9.5%
more than 30 hours 9 8.6%

Table 4: Appendix A - Questions and demographics of the qualitative study (N=105)

collected in April 2017.

. Data
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Figures

Question Response options No0.%
Open Q.
How much of your monthly Slider indicating percentage (range 0%-100%) Mean: 24.59
income do you generate SD: 26.787
through crowd work activities? Range: 0-100
How many hours do you Open question with text field restricted to Mean: 39.76
usually spend doing crowd numbers. SD: 39.685
work tasks per month? Range: 1-200
How much time do you usually | less than 2 hours 10 5.5%
invest in fulfilling crowd work | more than 2 hours 43 23.8%
tasks per week? more than 5 hours 42 23.2%
more than 10 hours 33 18.2%
more than 15 hours 23 12.7%
more than 20 hours 18 9.9%
more than 30 hours 12 6.6%
How old are you? Open question Mean: 35.96
SD: 10.78
Range: 18-62
Please indicate your gender. Female 94 51.9%
Male 85 47.0%
Other - -
| do not want to indicate my gender. 2 1.1%
What is the highest educational | Less than high school degree 2 1.1%
level you have completed or the | High school degree or equivalent (e.g., GED. 31 17.1%
highest degree you have Abitur)
received? Some college but no degree 36 19.9%
Associate degree 19 10.5%
Bachelor degree 46 25.4%
Graduate degree 47 26.0%
Which of the following Self-Employed, working 1-39 hours per week 22 12.2%
categories describes your Self-Employed, working 40 or more hours per 41 22.7%
employment status best? week
Employed, working 1-39 hours per week 21 11.6%
This refers to your regular Employed, working 40 or more hours per week 50 27.6%
employment besides your Not employed, looking for work 19 10.5%
participation in crowd work Not employed, NOT looking for work - -
arrangements. Retired 3 1.7%
Disabled, not able to work 3 1.7%
Student 18 9.9%
Other (text) 4 2.2%
How much is your household's | Less than $20,000 53 29.3%
total yearly income? $20,000 to $34,999 51 28.2%
$35,000 to $49,999 30 16.6%
$50,000 to $74,999 27 14.9%
$75,000 to $99,999 11 6.1%
$100,000 or more 9 5.0%

Table 5: Appendix B - Controls and demographics of the quantitative study (N=181). Wave 1

and wave 2 were collected 2 weeks apart. Wave 1 data was collected in late July 2017 and

Wave 2 data was collected in early August 2017.
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Assessed in

conducting tasks is
assessed with one item.

crowd work activities?

Scale origin Items
Wave
Frustration is assessed with 1. Trying to get the job done can be a very 2
three Items adapted from frustrating experience.
Peters et al. (1980). 2. Overall, I think crowd work is frustrating.
(0=10.886; CR =0.930) 3. | experience very much frustration on this
job.
Autonomy is assessed with 1. The job allows me to make my own 1
three items following decisions about how to schedule my
Morgeson and Humphrey work.
(2006). 2. The job allows me to decide on the order
(00 =0.859; CR =0.912) in which things are done on the job.
3. The job allows me to plan how I do my
work.
Inability to disconnect 1. This job lets me forget about work when | 1
from work is measured have leisure time.
with four items from 2. Atthis job, I can keep work matters at
Kreiner™ (2006). work.
(0=10.941; CR =0.957) 3. At this job I am able to prevent work
issues from creeping into my home life
4. At this job I can mentally leave work
behind when | have leisure time.
Platform competition is In crowd work, people... 1
assessed with five items 1. ...prefer working alone.
adapted from Avital and 2. ..compete for resources.
Singh (2011). 3. ...criticize.
(0=10.705; CR =0.782) 4. ...have persistent conflicts.
5. ...focus on self-interests.
Frequency of problems in How often do you encounter problems in your 1

Table 6: Appendix C - Construct measures of the quantitative study. Wave 1 and wave 2 were

collected 2 weeks apart. Wave 1 data was collected in late July 2017 and Wave 2 data was

collected in early August 2017.

19 Because the original measure emphasized the ease of disconnecting from work, we recoded the scale inversely

for the analysis to express the difficulty of disconnecting from MTCW.
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Technical
. Platform Inability to | problems in
AMEEEN] | AU B competition disconnyect Ft):onducting
tasks
Frustration 1 0.880 -0.224 0.343 0.213 0.317
Frustration 2 0.911 -0.257 0.348 0.189 0.303
Frustration 3 0.917 -0.303 0.364 0.195 0.328
Autonomy 1 -0.315 0.931 -0.024 -0.295 -0.163
Autonomy 2 -0.168 0.789 0.089 -0.164 -0.120
Autonomy 3 -0.252 0.918 0.091 -0.211 -0.262
Platform competition 1 0.093 0.133 0.314 -0.258 0.100
Platform competition 2 0.177 0.054 0.606 -0.111 0.143
Platform competition 3 0.361 0.081 0.859 0.191 0.083
Platform competition 4 0.376 -0.039 0.873 0.231 0.076
Platform competition 5 0.100 0.019 0.506 -0.101 -0.018
Inability to disconnect 1 0.174 -0.205 0.066 0.917 0.107
Inability to disconnect 2 0.215 -0.263 0.112 0.934 0.165
Inability to disconnect 3 0.227 -0.304 0.122 0.901 0.120
Inability to disconnect 4 0.185 -0.183 0.153 0.934 0.093
Technical problems in 0.350 0.210 0.111 0.134 1.000
conducting tasks
Table 7: Appendix D.1 - Cross-loadings.
Technical
. Platform | Inability to roblems in
ARSEO | /AT Ee7 competition disconnyect Izonducting
tasks
Frustration 0.903
Autonomy -0.291 0.881
Platform competition 0.390 0.046 0.667
Inability to disconnect 0.220 -0.264 0.124 0.921
Technical problemsin | 5y -0.210 0.111 0.134 1.000
conducting tasks
Table 8: Appendix D.2 - Fornell-Larcker criterion.
Cronbachs' Alpha rho A Composite-Reliability
() = (CR)
Frustration 0.886 0.889 0.930
Autonomy 0.859 0.933 0.912
Platform competition 0.705 0.836 0.782
Inability to disconnect 0.941 0.950 0.957

Table 9: — Appendix D.3 - Reliability measures.
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Technical
: Platform | Inabilit roblems in
Frustration | Autonomy competition disconn)gct:(: Fc):o?ll:()dSct?ng
tasks

Frustration

Autonomy 0.316

Platform competition 0.413 0.153

Inability to

Loy 0.238 0.275 0.326

Technical problems 0.372 0.222 0.148 0.136

in conducting tasks
Table 10: Appendix D.4 - Heterotrait-monotrait matrix.

Component
1 2 3 4

Frustration 1 0,126 0,870 -0,027 0,067
Frustration 2 0,080 0,853 -0,108 0,160
Frustration 3 0,082 0,857 -0,156 0,165
Autonomy 1 -0,206 -0,230 0,826 0,007
Autonomy 2 -0,071 -0,054 0,843 0,011
Autonomy 3 -0,094 -0,196 0,877 0,081
Platform competition 1 -0,334 0,061 0,048 0,513
Platform competition 2 -0,118 0,096 0,011 0,743
Platform competition 3 0,282 0,352 0,263 0,583
Platform competition 4 0,315 0,318 0,109 0,644
Platform competition 5 -0,097 -0,082 -0,106 0,785
Inability to disconnect 1 0,907 0,075 -0,067 -0,092
Inability to disconnect 2 0,902 0,110 -0,135 -0,036
Inability to disconnect 3 0,853 0,112 -0,184 -0,008
Inability to disconnect 4 0,933 0,085 -0,033 -0,024
Technical problems in

con ductingptasks 0,026 0,490 0,175 -0,003

Table 11: Appendix D.5 - Rotated principal component analysis.
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Abstract

Machine Learning (ML) algorithms, as an approach to Artificial Intelligence (Al), show
unprecedented analytical capabilities and tremendous potential for pattern detection in large
datasets. Despite researchers showing great interest in these methodologies, ML remains
largely underutilized because the algorithms are black-boxes, preventing the interpretation of
learned models. Recent research on Explainable Al (XAl) sheds light on these models by
allowing researchers to identify the main determinants of predictions through post-hoc
analyses. Thereby, XAl affords the opportunity to critically reflect on identified patterns,
enhancing decision-making and theorizing based on these patterns. Based on two large and
publicly available datasets, we show that different variables within the same dataset can
generate models with similar predictive accuracy. In exploring this issue, we develop guidelines
and recommendations for the effective use of XAl in research and particularly for theorizing

from identified patterns.
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1 Introduction

Artificial Intelligence (Al) has the potential to impact the way we live and work, whereby it is
important to note that Al comprises various subdomains. Machine Learning (ML) is one such
subdomain. ML approaches using algorithms to discover patterns in complex datasets are
increasingly used to inspire models for explaining real-world phenomena (Brynjolfsson &
Mitchell, 2017; Jordan & Mitchell, 2015; Sturm et al., 2021). ML holds great potential by
offering accurate predictions from vast datasets. For example, it is used to predict cancer in
patients based on X-ray scans (Kourou et al., 2015), or it is applied in current Covid-19 warning
systems based on video footage (Dananjayan & Raj, 2020). Further, ML is used in
organizational contexts by HR management to predict employee performance or turnover
(Yuan et al., 2024) or to analyze user engagement on social media (Shin et al., 2020).

Patterns identified through explorative ML application are increasingly used for
Computationally Intensive Theory Development (CTD) (Berente et al., 2019; Choudhury et al.,
2021; Lindberg, 2020). ML’s ability to discover patterns in large and complex data offers
tremendously powerful support to research and practice (Jacobucci & Grimm, 2020;
Padmanabhan et al., 2022). However, in order to provide the promised opportunities and to
inspire CTD, patterns derived from ML application need to be robust and interpretable. Due to
the black-box nature of many ML algorithms, interpretability is often not given (Fernandez-
Loria et al., 2022; John-Mathews, 2021). Especially for CTD, detailed analyses of patterns are
required to derive understandable, actionable, and generalizable theoretical models (Berente et
al., 2019; John-Mathews, 2021; Lindberg, 2020; Shrestha et al., 2021).

To allow the evaluation and interpretability of detected patterns, recent research developed
Explainable Al (XAIl) methods. XAl tools offer post-hoc analyses to reveal the main
determinants in a pattern (Barredo Arrieta et al., 2020). These tools are gaining attention and
are increasingly used in research (e.g., Choudhury et al., 2021; Fernandez-Loria et al., 2022;
Senoner et al., 2022). A central reason is that XAl allows researchers to uncover learned
patterns that build the basis for black-box ML predictions. Without XAl insights, patterns in
data, derived through black-box ML algorithms, cannot be understood, i.c., variables’ impact
on the predicted outcome remains unclear (Barredo Arrieta et al., 2020). XAl enables
researchers to explore and evaluate complex patterns detected by ML (Barredo Arrieta et al.,
2020; Fernandez-Loria et al., 2022) and eventually to use these patterns to make sense of
phenomena (Sturm et al., 2021), for instance, to develop new theory (Berente et al., 2019;

Lindberg, 2020). Applying XAl and evaluating ML patterns, for instance, in terms of
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robustness, is essential for research to benefit from ML. However, literature on the application
of XAl and the implications for IS research is absent, revealing a striking void in IS research
on ML (Padmanabhan et al., 2022).

To contribute to this gap, we compare seven ML approaches to detect patterns in two publicly
available and widely used datasets. We analyze the resulting patterns with two different XAl
methods, showing that predictions of similar accuracy can in fact originate from different
indicators within the same dataset?®. By exploring this issue and challenging the common
practice of reporting only the best model, we generate additional insights for assessing pattern
robustness, interpretability, and subsequent opportunities for CTD based on ML. We offer two
contributions for applying ML and XAl for CTD. We provide recommendations on rigorous
XAl use to analyze ML-detected patterns (Padmanabhan et al., 2022) and link the insights to
the ongoing discussion on using ML patterns to inspire theory development (Berente et al.,
2019; Lindberg, 2020; Miranda et al., 2022; Shrestha et al., 2021). Thus, we contribute to
understanding when, where, and how ML’s analytical capabilities can effectively benefit

research.
2 Research background

ML is an essential subset of Al and enables the discovery of patterns in vast datasets, which
can hardly be found without such learning algorithms, promising great benefits to research
(Choudhury et al., 2021; Sturm et al., 2021). Especially by discovering complex and often
nonlinear patterns in datasets with large numbers of variables?! and observations (Tonidandel
et al., 2018), ML can help to extend our toolkit for theorizing (Shrestha et al., 2021). ML allows
for approaching the complexity of phenomena in vast datasets, promising to improve our
theorizing and theoretical models. These potentially more accurate models can subsequently be
analyzed by traditional means, enhancing our understanding of real-world phenomena
(Brynjolfsson & Mitchell, 2017; Choudhury et al., 2021; Jordan & Mitchell, 2015; Sturm et al.,
2021).

20 This phenomenon is known as the Rashomon effect (Fisher et al., 2019; Rudin, 2019).

21 The terms variable and feature refer to overlapping concepts. Feature is used in the context of ML and the
selection of predictors, whereas variable is prevalent in research. Depending on the context, we use feature in the

ML methodology and variable when referring to theorizing and interpretation.
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For research to benefit from ML, the derived patterns need to be robust, i.e., reliable across
different ML approaches (Choudhury et al., 2021), and, to some extent, interpretable (John-
Mathews, 2021; Lipton, 2018). Interpretability requires understandability (John-Mathews,
2021; Lipton, 2018), stressing the need for the results, if not the ML algorithm’s internal
structure itself, to be explainable (Barredo Arrieta et al., 2020). Without understandability,
using black-box algorithms will prevent content-related insights. Understandable and robust
ML approaches ensure that the identified patterns potentially deliver interpretable insights
based on more than mere correlation and coincidence. Moving beyond coincidence is, however,

vital for any ML-detected pattern in research for theory building, even in explorative analyses.

Against this background, XAl gains importance in ML research, as XAl offers insights into
how ML predictions and underlying patterns emerged (Hamm et al., 2021). XAl affords the
possibility to evaluate these patterns. The patterns, on which black-box algorithms build their
outcome predictions, can be approximated and subsequently visualized through XAl, offering
a post-hoc explanation. For many black-box ML approaches, comprehending the underlying
patterns learned from the data without XAl - if possible at all - requires substantial time and
computational effort. For illustration, please consider a Random Forest model. This common
black-box ML approach combines a potentially large number of decision trees as the basis for
its outcome prediction (Breiman, 2001). Trying to precisely understand the pattern that
underlies the prediction and which features in a dataset impact the outcome requires analyzing
the entire number of decision trees (e.g., 1,000) manually. XAl offers an automated and

interpretable approximation of the patterns the algorithm identified, making it an essential tool.

Different XAl methods provide such post-hoc explanations, among which two frequently
employed are Shapley Additive Explanation Values (SHAP) (Lundberg & Lee, 2017) and
Partial Dependence Plots (PDP) (Kamath & Liu, 2021). Both SHAP and PDP are model-
agnostic methods, i.e., they are model-independent approaches that can be used to analyze
different ML models. SHAP is a local model-agnostic method (i.e., a method that aims to
explain how individual predictions are made) with a game-theoretic approach, which helps to
explain individual predictions. Unlike other frequently used XAl methods such as the local
interpretable model-agnostic explanations (LIME) (Ribeiro et al., 2016), SHAP offers different
global interpretation methods like feature importance, feature dependence, and summary plots
(Molnar, 2020) for the identification of important model features. As a global model-agnostic
method (i.e., a method explaining how the model as a whole made predictions), PDP visualizes

a feature’s marginal impact on model prediction (Friedman, 2001). By providing these detailed
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post-hoc insights, the different XAl methods aid in understanding patterns discovered by black-
box ML approaches (Barredo Arrieta et al., 2020) and thus support theorizing (Shrestha et al.,
2021).

Literature on ML and XAl application grows rapidly in IS (e.g., Fernandez-Loria et al., 2022)
and management research (e.g., Choudhury et al., 2021; Tidhar & Eisenhardt, 2020). For
example, Choudhury et al. (2021) identified a pattern for employee turnover by using black-
box ML algorithms and analyzed the identified pattern in terms of feature importance to
understand how single features impacted the outcome prediction, using XAl methods (e.g.,
PDP). Yet, the central role of XAl is not explicitly discussed in this manuscript. Also, Tidhar
and Eisenhardt (2020) used several different ML algorithms, exploratory data analysis, and
multi-case theory building. Using qualitative data from semi-structured interviews and other
data sources, they built a theory for optimal revenue models in apps, while also addressing the
benefits of ML for theorizing and acknowledging the importance of robust patterns. However,
as they report robust patterns across the different approaches, they do not extensively discuss
conflicting patterns of comparable predictive power, nor do they address how XAl can help to

uncover this potential issue.

Besides these application-oriented studies, additional research focuses on theory building based
on ML generated patterns (Berente et al., 2019; Lindberg, 2020). Berente et al. (2019) discuss
how ML can be used in what they call Computationally Intensive Theory Development, by
combining qualitative approaches and computational techniques. Lindberg (2020) develops a
framework considering both human and ML pattern recognition as key elements for theory
building. ML, as a tool, can improve our theorizing by revealing patterns in data to complement
human sensemaking. Thereby, both manuscripts discuss the central role the interpretation of
identified patterns plays. However, due to the meta perspective these papers take on, extensively
discussing how researchers can identify and handle ambiguous patterns, supported by XAl, is
out of their scope. Finally, some recent studies explicitly address XAl in IS research
(Ferndndez-Loria et al., 2022; Hamm et al., 2021; John-Mathews, 2021). Hamm et al. (2021)
investigate XAI’s impact on users’ attitudes toward ML. That is, they propose a model on how
XAI’s abilities to make identified patterns more interpretable impact use intention for ML
(Hamm et al., 2021). Additionally, there are some studies with a critical perspective on XAl
(Ferndndez-Loria et al., 2022; John-Mathews, 2021). Thereby, Fernandez-Loria et al. (2022)
show that, under certain conditions, alternative approaches are more suitable to explain data-

driven decisions than common XAl methods like SHAP. Still, the authors stress the importance
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of making underlying patterns in data explainable. Last, building on his preliminary findings,
John-Mathews (2021) stresses that transparent ML models can be more interpretable than post-
hoc explanations of black-box models. Yet, given the imposed limits by using only interpretable
ML approaches, XAl remains crucial for interpreting patterns in data.

To summarize extant research: ML can benefit theorizing and thereby XAl can be vital for
understanding ML patterns by improving their interpretability. However, there are no studies
explicitly showing how XAl can uncover competing ML patterns in data and what this implies
for subsequent theorizing. Thus, we address this gap by giving guidance for effective XAl use
to improve and benefit the use of ML and XAl in research.

3 Data and methods

To demonstrate the divergence in ML patterns, we used two real-world datasets. As the
manuscript’s aim is not to actually build theory empirically from the data, but to illustrate
important aspects one has to consider when using ML and XAl for building theory, we will not

engage in an extensive content discussion regarding the identified patterns.

First, we used data from the European Social Survey Round 8 (ESS Round 8, 2016) which is
publicly available??. We refer to this dataset as ESSD (European Social Survey Data). The
ESSD entails a cross-national survey across European countries using face-to-face interviews
on participants’ individual characteristics (e.g., age, gender, nationality) and their particular
attitudes, beliefs, and behavior patterns (ESS Round 8, 2016). Overall, the ESSD comprises
data from 44,387 individuals across 23 countries. We reduced the number of features on content
and context-related considerations and we conducted feature engineering by aggregating single
items (i.e., questions), which were consistent in content, and calculating the mean value to
construct new features (for an exhaustive list of features, see Appendix A on page 134). This
led to a final 42 features as the basis for the subsequent analysis in which we aimed to predict
an individual’s willingness to vote for leaving the European Union (vteurmmb; O = leave, 1 =
remain - after recoding). Next, we aimed to gain insight on how these predictions came about.
That is, we analyzed the patterns which we identified through the application of ML and XAl,

i.e., we investigated which features impact the willingness to vote for leaving the European

22 The complete dataset as well as detailed descriptions on how the data was obtained (e.g., an exhaustive list of
questions asked) can be freely accessed using the following link: https://ess-search.nsd.no/en/study/f8e11f55-
0c14-4ab3-abde-96d3f14d3c76.
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Union and how they impact this decision. Thereby, the value a feature has (simply put high or
low) can increase the probability of voting for leave (0) or increase the probability of voting for
remain (1). We would like to give the following illustrative example: the participants were
asked how emotionally attached they are to Europe (atcherp). They had to choose a value from
0-10, where 0 meant “not at all emotionally attached”, and 10 meant “very emotionally
attached”. We would logically expect to see that emotional attachment to Europe has an impact
in the given context (i.e., ML/XAI should identify it as an important feature), whereas high
values should increase the probability of voting for remain, and low values increase the

probability of voting for leave.

Second, we used the adult income dataset (AID) available in the UCI Machine Learning
Repository?® (Becker & Kohavi, 1996). The AID is a well-known, frequently used, and publicly
available dataset (e.g., Agrawal et al., 2005; Rosset, 2004) that covers census information
collected by the United States Census Bureau, entailing individual characteristics such as age,
gender, nationality, and income across 48,842 individuals (for an exhaustive list of features, see
Appendix B on page 135). The AID comprises 14 categorical and numerical features, which
we partly adapted through one-hot encoding and min-max normalization. Based on these
features and as a second model for our demonstration, we aimed to predict whether a
respondent’s income is above or below $50,000 (0 equals <= $50,000, 1 equals > $50,000).
Again, we were interested in the prediction patterns and proceeded analogously to the analysis
of the ESSD. For example, the highest level of education reached (education-num) was
collected by the Census Bureau for the people in the dataset. Subsequently, the different
answers were put in a reasonable order, i.e., Bachelor’s Degree < Master’s Degree < Doctorate,
and so on. We would expect to see educational level impacting income, whereas high values
should increase the probability of earning more than $50,000 (1), and low values increase the
probability of earning less than $50,000 (0).

3.1 Selection of ML and XAl approaches

In the data analysis, we compared seven well-established ML approaches (Hastie et al., 2009;
Wau et al., 2007) using two different XAl methods (Kamath & Liu, 2021; Lundberg & Lee,
2017). The seven ML approaches are Artificial Neural Networks (ANN) (Hassoun, 1995),
Random Forests (RF) (Breiman, 2001), Support Vector Machines (SVM) (Cortes & Vapnik,

23 The complete dataset as well as detailed descriptions on the data can be freely accessed using the following link:

https://archive.ics.uci.edu/ml/datasets/adult.
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1995), Extreme Gradient Boosting (XGBoost) (Chen & Guestrin, 2016), Light Gradient
Boosting Machines (LightGBM) (Ke et al., 2017), Decision Trees (DT) (Breiman et al., 1984),
and Logistic Regressions (LG) (Hosmer et al., 2013), of which the first five are black-box model
approaches. Because countless ML models exist (e.g., Fernandez-Delgado et al., 2014) and it
IS not a priori apparent, not even to experienced data scientists, which model provides the best
performance for a given task, a sample of models has to be picked (Choudhury et al., 2021).
We uniformly analyzed the approaches using the model-independent adaptable XAl
implementations SHAP (Lundberg & Lee, 2017) and PDP to analyze and compare the learned
patterns of the models (Kamath & Liu, 2021).

3.2 Data preprocessing, feature selection, and data partitioning

Since we used real-world data, we had to check data quality and prepare it appropriately before
applying the required analytic procedures (Garcia et al., 2015; Kotsiantis et al., 2006). Entries
with some missing information in the features were removed. Categorical features were
transformed using one-hot encoding (Hancock & Khoshgoftaar, 2020). In order not to lose a
significant number of data points and to allow the use of an ordinal scale, we dealt with ESSD
cases in which respondents abstained from answering by replacing this information with the

mean value (Kotsiantis et al., 2006).

In general, there are multiple ways of selecting a final set of features (Garcia et al., 2015; Miao
& Niu, 2016). Since both of our datasets contained nominally and ordinally scaled features, we
used the Mutual Information (M) filtering method (Chakraborty et al., 2019; Shannon, 1948)
to select our final 30 features for each dataset. MI can be used as an effective criterion for
feature selection in classification as well as regression problems (Degeest et al., 2019). Ml is a
quantity from information theory that indicates the strength of the statistical correlation of two
random variables, or in our case, how much information a feature (respectively a set of features)
has about the label. If the variables are completely independent, Ml is equal to zero. In contrast,
a higher value means a higher dependency between the variables (Kraskov et al., 2004).
Therefore, Ml is a non-negative value, which measures the dependency between two variables
and is based on the entropy of the variables (Cover & Thomas, 1991). Formally, this can be
described by the following term (Kraskov et al., 2004): 1(X;Y) = H(X) - H(X]Y). Thus, I(X;Y) is
the mutual information of the variables X and Y, H(X) is the entropy for X, and H(X]Y) is the
conditional entropy for X at Y. However, for real datasets, Ml cannot be computed directly
because it is defined in probability density functions which are unknown if only a limited

sample of data is available (Degeest et al., 2019). Thereby, MI has to be estimated from the
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limited dataset (Degeest et al., 2019), as described for example in Kraskov et al. (2004) and
Ross (2014). Next, we divided data into training and testing data so that training and evaluation
are based on different parts of the initial dataset. For this purpose, we applied a common
train/test split of 80/20% (Ré&cz et al., 2021). Since the features were based on different entities
and differed in range, we applied a min-max normalization to prevent biased results (Nayak et
al., 2014).

Since both datasets had an imbalance of classes, we employed an adaptive synthetic sampling
approach (ADASYN). This approach improves the previously often used synthetic minority
oversampling technique (SMOTE) (He et al., 2008). ADASYN ensures that the classes in both
datasets are balanced evenly. Importantly, we applied this only to the training dataset to prevent

any bias in the test dataset.
3.3 Hyperparameter tuning, model training, and evaluation

Next, we applied hyperparameter tuning to improve the models’ performance (Feurer & Hutter,
2019). Table 1 provides all parameters considered for every model. We tested 25 different sets
of configurations for each model. To validate the results, we applied 10-fold cross-validation
(Berrar, 2019; Hastie et al., 2009). For faster computation time, we took two approaches: first,
we used a randomized grid search to find the best model parameters out of the 25 attempts
(Bergstra & Bengio, 2012). Second, we used a multi-fidelity method with a subset of the set
(with 4,000 data points). While neither method guarantees optimal results, they reduce

computation time and likely improve model performance remarkably (Feurer & Hutter, 2019).

After optimizing the hyperparameters, we could finally define the models and train them based
on the full training dataset. To select the best models, different metrics such as the Accuracy
(Acc), a confusion matrix, recall, precision, the F1-score (which is interpreted as a harmonic
mean of the precision and recall), or the receiver operating characteristics accuracy score (ROC
AUC) can be considered (Choudhury et al., 2021). To provide high transparency, we report the
Acc, the weighted F1-score, and the ROC AUC score. However, since the source data were
unbalanced, we could not use prediction accuracy as a metric for classification, since accuracy
only indicates how well a certain approach assigns data points to given classes. For example, if
we assume that 99% of the data belongs to class A and 1% belongs to class B, an assignment
of all data points to class A would already give a prediction accuracy of 99% (Choudhury et al.,
2021). In order to make a distinct model choice between ROC AUC and F1-score, we chose

ROC AUC score as the appropriate metric here. The ROC AUC curve compares the model’s
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true positive rate with the false positive rate, varying the threshold for discriminating between
classes (Choudhury et al., 2021).

ML algorithm Parameters

Acrtificial Neural Units, hidden layers, activation function, output layer activation function,

Network epochs, batch size, dropout rate

Random Forest Number of estimators, maximum features, maximum depth

Support Vector Machine | Kernel, gamma, penalty of error (C)

Decision Tree Maximum depth, criterion

Logistic Regression Solvers, c-values

XGBoost Gamma,  subsample, colsample  bytree, maximum  depth,
min_child weight

LightGBM Lambda 11, lambda 12, number of leaves, minimum number of data per
leaf

Table 1: Hyperparameters used in model optimization.

Finally, we checked the best models (in terms of ROC AUC scores) for each dataset with the
XAl approaches to gain deeper insight in relation to the learnt correlations. If the performance
of the best models differed only slightly (<1%), we considered multiple models for XAl
analysis. First, we used the SHAP values to analyze the features’ influence in the overall context
and to assess the individual predictions of the models. For this purpose, we defined a subsample
of the dataset, which contained 50 observations. Within these subsamples, each class was
represented by 25 instances. Further, to analyze the three features with the highest impact on

the model prediction according to SHAP values in detail, we used PDP.
4 Results

4.1 Performance Evaluation and model selection for comparison

As is common in ML application, we initially set out to find an accurate predictive model for
our dataset (Choudhury et al., 2021). In both cases, we analyzed the seven well-established ML
approaches summarized in Table 2. In the ESSD, the ANN (74.41%) performed slightly better
than the rest. However, the SVM (74.14%) and LG (74.28%) models performed only slightly
worse, providing comparable ROC AUC scores (<1% difference). The RF (71.37%) and DT
(71.62%) performed noticeably worse. In the AID, the RF (81.28%) and LG (81.69%)

algorithms performed better than those of the other approaches.
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Dataset [Performance |Machine learning algorithm
metric
Artificial  |Random |Support Decision|Logistic XG- Light-
Neural Forest |Vector Tree Regression |Boost |GBM
Network Machine
ESSD |ROC AUC 74.41 71.37  [74.14 71.62 |74.28 68.98  168.35
Acc 72.09 83.74 [72.02 78.93 |72.86 84.08 |84.28
Fl-score 74.86 83.29 [74.78 79.87  |75.47 82.54 182.78
AID ROC AUC 80.66 81.28 |80.09 79.78  [81.69 79.86  |80.09
Acc 77.31 78.97 ]76.19 76.25 |78.00 78.18 |81.29
F1-score 78.86 80.31 |77.87 7791 |79.51 80.02 |81.75

Table 2: Performance overview in percentage [%].

Subsequently, we selected the models with the highest predictive accuracy (in terms of the ROC
AUC), as well as the ones deviating only slightly from these models’ accuracy (ROC AUC
deviating less than 1% compared to the best model) for a detailed comparison. This comparison
delivered the three findings explicated below (4.2 — 4.4)%.

4.2 Finding 1: Model variations within the datasets

For first insight into the models, we use a global interpretation method — the SHAP Summary
Plot (Lundberg et al., 2018; Lundberg & Lee, 2017). Unlike a simple feature importance
indicator, this plot shows the direction of each variable’s influence on the model prediction.
Also, its representation as a scatter plot offers additional insight into a feature’s impact. The
colors of the individual dots indicate the initial relative value of the feature per instance. That
is, if the feature has a large value, it will be colored red; if it has a comparatively small value,
this dot will be colored blue (Lundberg et al., 2018; Lundberg & Lee, 2017). That means it is
possible to determine whether a high or low feature value is indicative of a model prediction of
leaving (= 0) or remaining (= 1) in the EU. This allows for a more fine-grained comparison
across features, as the influence of the features can differ significantly depending on the other

features’ values for each observation.

24 \We would like to emphasize that the selected models are very similar in each performance metric and

therefore have an overall comparable prediction power.
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Figure 1: SHAP summary plots to analyze the ESSD features’ influence and impact.

Regarding the ESSD, the three models shown in Figure 1 offer comparable predictive accuracy.
For all three models, the three features with the largest amplitude on the model prediction are
euftf (European Union: European unification go further or gone too far; 0 = unification already
gone too far, 10 = unification go further), atcherp (how emotionally attached to Europe; 0 =
Not at all emotionally attached, 10 = Very emotionally attached), and trstep (trust in the
European Parliament; 0 = No trust at all, 10 = Complete trust). In detail, the results suggest that
people who think that European Unification has gone too far (euftf) are more likely to vote for
“Leave” (and vice versa), that people who are highly emotionally attached to Europe (atcherp)
are more likely to vote for “Remain” (and vice versa), and that people who have low trust in
the European Parliament (trstep) are more likely to vote for “Leave” (and vice versa). The way

these features influence model prediction is comparable across the different models. The only
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deviation we can see here is in the order of the three most important features, as for the SVM,
trstep is weighted higher than atcherp.

In contrast to the ESSD analysis, our analysis of the AID as represented in Figure 2 did not
provide robust patterns in that across the two models with the highest accuracy in terms of ROC
AUC scores, the most important features varied. For RF, the three most impactful features for
model prediction, according to SHAP, are relationship_Husband (where the term relationship
represents what an individual is relative to others, and relationship_Husband indicates whether
an individual is a husband relative to others; 0 = no husband, 1 = husband), Age (the age of an
individual), and capital-gain (capital gains for an individual). That is, RF results suggest that
married men (relationship_Husband = 1) are more likely to earn over $50,000, that younger
individuals (Age) are more likely to earn less than $50,000, and that individuals with high
capital gains (capital-gain) are more likely to earn over $50,000. LG, however, provided
relationship_Not-in-family (whether an individual is in a family relationship relative to others;
0 = no family relationship, 1 = in family), relationship_Own-child (whether an individual is an
own child relative to others; 0 = no own child, 1 = own child), and relationship_Unmarried
(whether an individual is related by marriage; 0 = no marriage, 1 = marriage) as most influential
features regarding the model prediction. That is, LG results suggest that individuals without an
own family (relationship_Not-in-family = 0) are more likely to earn more than $50,000, that
individuals who are an own child (relationship_Own-child = 1) are more likely to earn less than
$50,000, and that unmarried individuals (relationship_Unmarried = 0) are more likely to earn
more than $50,000.
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Figure 2: SHAP summary plots to analyze the AID features’ influence and impact.

In summary, our analyses suggest that models of similar accuracy (ROC AUC) do not

necessarily build on the same set of features. While the most influential features are widely

consistent in the ESSD prediction, they vary substantially in the AID prediction. In the AID,

only two in the top-five features overlap in the two predictions, indicating that similar accuracy

was achieved by building on different factors. Therefore, the patterns identified in the ESSD

suggest higher consistency than in the AID.

4.3 Finding 2: Single features impact model prediction differently

For further model insights, we compared PDP plots for the most important features according

to our previous analyses. Analyzing PDP plots for features in the ESSD provides intriguing

insight on how features’ impact on predictions differs across ML approaches, as shown in

Figure 3.
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Figure 3: PDP plots of the top three features in ESSD.

In detail, the plots reveal that euftf shows the expected tendency throughout all models (higher
feature values, i.e., indicating unification should go further, lead to an increased probability of
voting “Remain”). However, the course of euftf on the average response on the model output is
quite different. The dependence graphs in the ANN run rather linearly whereas they are not
linear in the SVM and LG. Despite supporting the overall tendency, the indicators suggest that

patterns for the same feature differ across the different approaches.
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Figure 4: PDP plots for Age and relationship_Husband in the AID.

In case of the AID, we chose Age and relationship_Husband for our more detailed analysis, as
shown in Figure 4. As these features are the most important ones in the RF model, but are far
less important in the LG model, they promised to offer particularly interesting insights (of
course, this also applies to the most important features of the LG model, which also could have
been selected for our exemplary analysis). With the AID it is easy to recognize how the two
selected features influence model prediction. As expected, an increase in Age positively impacts
the predicted probability of earning over $50,000. However, the RF approach suggests a clearly

recognizable threshold, which is not evident in the LG model.
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By using XAl approaches for detailed analyses of ML outputs, we illustratively show how
feature impact differs across different ML approaches. For instance, one ML approach shows a
linear pattern for a certain feature, while another approach suggests a curved pattern or a
threshold level for the same feature.

4.4 Finding 3: Opposing feature impact on model prediction between approaches

XAl enabled us to reveal a shift in feature importance and the course of the relationship from
feature to prediction, and showed how different approaches suggested an opposing effect for a
certain feature. This is illustrated in the SHAP summary plot and the PDP plot, which indicated
that one approach (RF) suggests a feature value of 1 of relationship_Husband (part of the AID)
to be positively related to the model outcome (average response over 0.5) and vice versa,
whereas the other approach (LG) suggested the exact opposite, i.e., a feature value of 1 with a
negative relation (average response under 0.5) to the outcome. Thus, these different approaches

suggest completely different interpretations of the features’ impact.

These findings again stress the importance of critically evaluating model selection, since similar
model fits do not necessarily entail uniform patterns. Our findings, therefore, illustrate that
choosing an ML model based solely on best fit (i.e., accuracy), even if the relative advantage is
only incremental, might have a stronger impact than one would assume. This would be
particularly risky if only the single best model is considered in decision-making or explored in

further research, without any alternatives being reported.
5 Discussion

Literature on the application of ML constitutes an important stream in Al research
(Padmanabhan et al., 2022), and the use of XAl to make sense of black-box ML outputs
provides an especially intriguing research avenue. Our recommendations regarding XAl
application, which are based on the illustrative findings of our analyses, contribute to the
growing and promising stream of XAl literature (e.g., Hamm et al., 2021; John-Mathews,
2021). Further, we contribute to the discussion on the benefits ML can offer for theorizing
(Berente et al., 2019; Lindberg, 2020; Miranda et al., 2022; Shrestha et al., 2021), by
demonstrating how XAl discloses potential ambiguities in identified patterns. Revealing these
ambiguities affords the basis for a sophisticated understanding of patterns and thereby benefits
CTD.
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5.1 Recommendations for using XAl

To assess pattern robustness and identify ambiguous predictions, we put forward the following

recommendations for XAl use.
5.1.1 Compare different models

Our findings emphasize that selecting models based merely on predictive accuracy, indicated,
for example, by ROC AUC scores, can be problematic, as we miss information on robustness
of the identified patterns. We therefore recommend that researchers always introduce different
ML approaches and then compare the models the ML application delivers. Results obtained by
using XAl to analyze the different ML approaches’ outputs demonstrated the importance of
comparing different models. In the case of our first dataset (ESSD), the models indicating the
highest accuracy in terms of ROC AUC provided similar patterns. In contrast, comparing the
different models our second dataset (AID) produced, using XAl revealed varying patterns. If
various models derive their predictions from similar or identical patterns, this increases
confidence in these patterns and diminishes the probability that the patterns are based merely
on statistical artifacts or unknown characteristics in our data. Varying patterns, however, need
further analysis to enhance our understanding of potential reasons for the disclosed regularities,
and to determine the extent to which we can rely on the results for further use in research or

practice.
5.1.2 Investigate variations

As shown in our analyses, XAl methods further afford the opportunity to take a closer look at
the models, and given that results vary across models, albeit that prediction accuracy is similar,
these variations need further examination. XAl itself allows us to detect differing patterns as
well as differing impact of variables. However, XAl cannot fully explain why these patterns
differ, as it only provides post-hoc explanations of black-box models, without enabling insight
into how exactly the identified patterns emerged (Barredo Arrieta et al., 2020). Thus, besides
applying XAl, we need to look at potential biases in data and report traditional metrics, for
example multicollinearity, since an undetected high correlation of variables could lead to
mathematically interchangeable variables?®, which in turn would distort the resulting patterns

(Choudhury et al., 2021). Eventually, ambiguity in the disclosed patterns can also come from

%5 As suggested, we checked this alternative explanation by analyzing the correlation matrix (see Figure 5 -
Appendix C on page 135) (Choudhury et al., 2021). We found the average correlation between the different top 5

most important features of the AID was 0.14 and all features’ correlations were below 0.5.
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highly complex relations that characterize the phenomenon at hand. That would call for the
application of measures that go beyond pattern detection through ML, i.e., for human

sensemaking.
5.1.3 Be aware and critical

ML approaches are complex, allowing us to handle vast datasets and complicated phenomena,
but at the same time requiring careful assessment. In the light of our findings, selecting best-fit
models, without critically assessing them, or selecting them based on single or too few
indicators, makes little sense and seems potentially misleading. When working with ML in both
research and practice, awareness of variation detected in patterns prompts us to adapt our ML
practices. A first approach is to report selective indicators, as well as to offer a wider range of
metrics and particularly to consider the somewhat descriptive XAl outputs more extensively.
This affords us an opportunity to critically evaluate the derived patterns. Especially when
working with openly available datasets researchers did not collect themselves, and that
therefore were not guided by the researcher’s preliminary knowledge of the phenomenon under
investigation, alternative patterns should be carefully considered. Considering the far-reaching
consequences that can arise when we derive real-world decisions such as credit approval or
when we explore options for theory development, rigorous and critical ML application is
particularly important. Being aware of equally accurate analytic approaches that give divergent
explanations of variables can in fact inform subsequent theorizing, while lack of such awareness

might limit insight and increase the potential pitfalls of a posteriori theory building.

Considering these recommendations, XAl can improve ML applications in two ways: first, XAl
aids evaluation of the robustness of identified patterns, and it can increase the understandability
of the ML outputs. This benefits the theoretical models derived and theorizing inspired by the
patterns gained via ML. Using XAl to compare multiple ML-generated models with similar
prediction accuracy can deliver two results. Either the different ML approaches learn similar
models, i.e., the most important features and their impact remain consistent across different
approaches, or the learned models differ across different approaches. In the first case, we can
confidently assume that the revealed relations reflect reality. Thus, even if the patterns we
receive from ML are first and foremost correlations (Choudhury et al., 2021; Zhao & Hastie,
2021), reproducing patterns across approaches offers a strong basis for CTD and improves
abductive theory building that originates from these patterns. In the latter case, due to the
ambiguity of non-robust patterns, they present a weaker basis for theorizing without further

effort. Without XAI, we risk overlooking conflicting patterns, especially when different ML
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approaches offer similar prediction accuracy but diverging patterns. Revealing these differing
patterns allows us to further investigate the reasons for their ambiguity and thereby prevents us
from overestimating the reliability that the identified patterns provide. Second, by investigating
variables’ impact on predicted outcomes, we gain detailed insights on single variables’
influence or detect variables that exert ambiguous influence on predictions and thus need further
analysis. This lays the foundation for the understandability of the received patterns and thereby
also for CTD. Consequently, XAl helps to improve theorizing in IS research by offering fine-
grained insights into the roles of single variables in large datasets.

5.2 Implications for research
5.2.1 Improving robustness for detected patterns

Given that research increasingly uses ML due to its potential for pattern detection in complex
datasets (Shrestha et al., 2021; Sturm et al., 2021), we need to increasingly consider the
robustness of ML-detected patterns. We agree that innovative data analysis methods alone do
not promote the understandability of a phenomenon (Berente et al., 2019) and that additional
human reasoning is vital (Berente et al., 2019; Sturm et al., 2021). Thus, we strongly agree that
detected patterns need researchers’ sensemaking and abductive theorizing to transfer ML into
theories (Shrestha et al., 2021). However, as researchers in both our roles, i.e., in authoring
manuscripts using ML algorithms or in reviewing and evaluating such manuscripts, we need to
be confident that the patterns found and reported offer a stable basis for theorizing. This is a
clear requirement for indicating that subsequent models are indeed properly derived and not

merely a posteriori justification for an unstable pattern.

We agree with Shrestha et al. (2021) who illustrate nicely how robust patterns are essential to
theorizing, and how research which employs abductive thinking is essential to theory building.
Nonetheless, being aware of the potential volatility in ML outputs, as researchers, we need to
ask whether we are able to detect such volatility in our own projects or a manuscript presented
to us for review. If presented with a single best-fitting and unquestioned model, we will most
likely not be able to find potential flaws and may thus overestimate the robustness. The XAl
methods we have presented offer additional tools for questioning the robustness of patterns
derived for theorizing. Both in our own work and in reviewing others’ work, with XAl
methodologies we should increasingly expect additional reports in order to strengthen our

confidence in the robustness of disclosed patterns.
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5.2.2 Using XAl for interpretability and theorizing

Critical voices may argue that ML, which essentially builds on computational logic and
numerical operations, appears more familiar to quantitative research (Lindberg, 2020).
Considering criteria for quantitative research, black-box algorithms providing emergent
solutions may fall short in rigorous theory testing. Given the limited adaptability of researchers,
essentially deciding on an algorithm instead of operationalizing constructs and relationships in
accordance with theory (especially when analyzing secondary data) and the emergent character
of solutions, quantitative rigor may not be met. Nevertheless, interpreting this as the limited
usefulness of ML in research neglects the opportunities for qualitative researchers (Grover et
al., 2020; Miranda et al., 2022).

Considering the rapidly growing data accompanying the use of technology, qualitative research
— traditionally relying on manual analysis of interviews and observations — struggles with
excessive amounts of data (Lindberg, 2020). Early in the emergence of qualitative research in
organizational and IS research, Eisenhardt (1989) acknowledged this challenge by stating that
“people are notoriously poor processors of information” (p. 540). This leaves two options for
qualitative research: either limit qualitative research to datasets that are comprehensible by
humans in a reasonable amount of time or expand the qualitative methodological field kit
(Lindberg, 2020; Rizk & Elragal, 2020). ML can contribute greatly to this endeavor (Miranda
et al., 2022; Pentland et al., 2021). ML — like a microscope revealing details too tiny for the
human eye — can detect patterns in data too vast for human analysis (Pentland et al., 2021) and

thereby help researchers in theory building (Grover et al., 2020; Lindberg, 2020).

We argued that ML benefits theory building; but where do XAl methodologies provide
additional benefits? XAl helps to increase the understandability of patterns discovered through
ML by providing post-hoc explanations on the importance and individual influence certain
variables have on predictions. However, we need to acknowledge that this alone does not make
patterns sufficiently interpretable for immediate theory building. As a complex concept,
interpretability requires more than insight into how the patterns emerged (i.e., more than
understandability). In this context, research frequently discusses actionability, which provides
guidelines on how to go ahead with the knowledge gained, as well as generalizability, which
takes us beyond a specific research case (John-Mathews, 2021; Lee & Baskerville, 2003;
Lindberg, 2020). In order to generate a compelling theory, these facets are vital and undisputed.
Thus, we agree that next-generation theorizing is essentially based on new ways of thinking

and cannot be replaced on the basis of technological advancements (e.g., Big Data, Internet of
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Things) alone (Burton-Jones et al., 2021), that would offer some kind of automated theory
building (Grover et al., 2020; Lindberg, 2020; Miranda et al., 2022). Still, we strongly argue in
favor of using XAl supported ML to support and advance theorizing in IS research. Thereby,
and in line with extant research (e.g., Choudhury et al., 2021; Shrestha et al., 2021), we propose
using ML to exploratively detect patterns in complex empirical data, and subsequently using
XA, combined with human sensemaking, to enable interpretability of these patterns, which
eventually lays the foundation for innovative IS theories based on this abductive technology
supported approach. In this context, XAl plays a central role by allowing us to assess identified
patterns for stable or divergent solutions. In qualitative research, triangulation with different
datasets telling the same story, or multi-coder approaches supporting intersubjective
consistency in interpretation, are considered to benefit both rigor and theory building. The
analogous argument holds for XAl methods (Miranda et al., 2022). While any pattern may
inspire a researcher to formulate a theory, assessing pattern stability provides an additional
criterion for theorizing (Grover et al., 2020; Weick, 1989), which should not be neglected. With
qualitative research emphasizing plausibility, researchers are required to provide a plausible
explanation for stable observed patterns. For unstable patterns, researchers should consider
what the XAl methods suggest: potentially competing explanations. As such, researchers need
to explain why an unstable pattern inspiring their theorizing is superior in plausibility to other

patterns and may additionally work with alternative hypotheses in their theorizing.
5.3 Limitations

Despite having conducted our research carefully, we have to acknowledge some limitations.
First, given the divergent feature importance in the SHAP summary plots across models, extant
research has argued that the resulting plots need to be considered with caution. Fernandez-Loria
et al. (2022) demonstrate the limited informative value of SHAP feature importance. They show
that feature importance indicated by SHAP alone is not sufficient to explain model predictions.
However, our focus was not on explaining a specific model’s single predictions; rather, we
wanted to illustrate a descriptive comparison of different models, as well as the influence of
individual features. Since we additionally used a second XAl method to match against our
results and thereby identified comparable feature trends, we argue that the limitations related to
SHAP are not problematic for our study’s results or its contribution. Notably, the PDP plots
assumed that each respective feature is independent of the others (Molnar, 2020). Second, our

analysis incorporated two open and widely used datasets. However, to understand how
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frequently the detected pattern ambiguity arises, future research should extend our analyses to

numerous other datasets.
6 Conclusion

ML techniques, as an approach to Al, offer great promises for analyzing large datasets to
generate new insights, both for research and decision-making in our data-driven world. Yet, we
have to bear the limitations of these approaches in mind when using ML. Through XAl
methods, we illustrate the problem that models of comparable fit can originate from highly
different patterns. Given the potential ambiguity, we question the prevalent practices of
reporting only the best-fitting model without any or with only a few selective indicators in
model assessment. By: 1) using XAl methods for investigating ML models, 2) reporting
alternative models of equal fit, and 3) critically reflecting on the quality and consistency ML
models provide, we contribute to a deeper understanding of ML and its applications in both
practice and theory building.
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8 Appendix (Study 3)

Feature name; Description or question; Scale

GDP16; GDP per Capita PPP per Country 2016; metrical

nwspol; News about politics and current affairs, watching, reading or listening, in minutes; metrical
netustm; Internet use, how much time in a typical day, in minutes; metrical

polintrre; How interested in politics; ordinal (1-not at all, 4-very interested)

iiop; Individual influence on politics; ordinal (1-low, 5-high)

tios; Trust in own state; ordinal (0-low, 10-high)

trstep; Trust in the European Parliament; ordinal (0-no trust at all, 10-complete trust)

trstun; Trust in the United Nations; ordinal (0-no trust at all, 10-complete trust)

vote; Voted last national election; Yes=1, No=2

peng; Political engagement; ordinal 0-8 (0-low, 8-high)

Ir; Placement on left right; ordinal 0-10 (left, right)

stflife; How satisfied with life as a whole; ordinal (0-extremely dissatisfied, 10-extremely satisfied)
scoc; Satisfaction with the condition of the country; ordinal (0-low, 10-high)

euftf; European Union: European unification go further or gone too far; ordinal 0-10 (0-unification
already gone too far, 10-unification go further)

iocbi; Influence on country by immigrants; ordinal (0-negative influence, 10-positve influence)
happy; How happy are you; ordinal 0-10 (0-extremely unhappy, 10-extremely happy)

healthre; Subjective general health; ordinal 1-5 (1-very bad, 5-very good)

atchctr; How emotionally attached to [country]; ordinal (0-not at all emotionally attached, 10-very
emotionally attached)

atcherp; How emotionally attached to Europe; ordinal (0-not at all emotionally attached, 10-very
emotionally attached)

rlgdgr; How religious are you; ordinal (0-not at all religious,10-very religious)

ctzentr; Citizen of country; 1=Yes, 2=No

wieq; Wealth equality important; ordinal (1-strongly disagree, 5-strongly agree)

sbi; Social benefits are important; ordinal (1-strongly disagree, 5-strongly agree)

sbni; Social benefits have negative impacts; ordinal (1-strongly disagree, 5-strongly agree)
eudcnbfre; More decisions made by EU: level of benefits in [country] become higher or lower;
ordinal (1-much lower, 5-much higher)

fico; Financial concerns; ordinal (1-low concerns, 4-high concerns)

hhmmb; Number of people living regularly as member of household; metrical

gndr; Gender; 1=male, 2=female

agea; Age of respondent, calculated; metrical

domicil; Domicile, respondent’s description.; ordinal (1-high level of urbanization, 5-low level of
urb.)

eisced; Highest educ. Ivl., ES — ISCED; ordinal (1-less than lower secondary, 7-higher tertiary educ.)
iiwp; Influence in workplace; ordinal (0-no influence, 10-complete control)

wkhtot; Total hours normally worked per week in main job overtime included; metrical

wrkacém; Paid work in another country, period more than 6 months last 10 years; Yes=1, No=2
uemp5yr; Any period of unemployment and work seeking within last 5 years; Yes=1, No=2
hincsrca; Main source of household income; nominal (9 options)

hinctnta; Total net household income, all sources; ordinal 1-10 (divided into deciles in ascending
order)

values_1; Focus on individual life and improvement; ordinal (1-low, 6-high)

values_2; Focus on others and the environment; ordinal (1-low, 6-high)

values_3; Focus on traditional values like order and safety; ordinal (1-low, 6-high)

vteurmmb; This is the label - Would vote for [country] to remain member (1) of EU, or to leave (0)
Table 3: Appendix A - Overview of the ESSD features.
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Feature name; Description; Scale

Age; The age of an individual; metrical

Workclass; A more general term denoting the employment status of an individual; nominal (8
options)

fnlwgt; This is the number of people the census thinks the entry represents; metrical (> 0)
Education; The highest level of education reached by an individual.; nominal (16 options)
education-num; The highest level of education reached in numerical form; ordinal (> 0)
marital-status; Marital status of an individual; nominal (7 options)

occupation; The overall nature of a person’s employment; nominal (14 options)

relationship; Represents what this particular individual is in relation to others; nominal (6 options)
race; Descriptions of an individual’s race; nominal (5 options)

sex; The biological sex of the person; nominal (Male, Female)

capital-gain; Capital gains for an individual, metrical

capital-loss; Capital loss for an individual; metrical

hours-per-week; The hours that an individual has reported to work per week; metrical

native country; An individual’s country of origin; nominal (41 options)

Income; This represents the label, therefore, whether a person makes an income above or below
$50,000 annually; 0 = <=50K, 1 = >50K

Table 4: Appendix B - Overview of the AID features.
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capital-gain 007 012
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mrelationship_Husband = 031 007 007 024 0o
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Figure 5: Appendix C - Correlation matrix for the top AID features.
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Abstract

This study advances the field of computationally intensive theory development (CTD) by
examining the capabilities and the usefulness of Explainable Al (XAl), in particular SHAP, for
theory development. For this purpose, we leverage a dual-methodological approach. First, to
assess SHAP's capabilities in uncovering patterns that shape a phenomenon, we conduct a
Monte-Carlo simulation study. Second, to illustrate SHAP'’s usefulness for CTD, we apply
SHAP in a use-case using real-world data. Based on these analyses, we derive
recommendations for using SHAP and propose a stepwise approach to build theory using
black-box algorithms together with SHAP. SHAP offers added value by providing a uniform
and comparable approach that can benefit rigorous theory development and increase the
traceability of the theorizing process. With our work, we contribute to the discussion on the use
of XAl tools in research and to the ongoing search for next-generation theorizing methods in

the field of Information Systems.
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1 Introduction

Computationally intensive theory development (CTD) emphasizes the use of predictive
machine learning (ML) algorithms to discover patterns in data as an initial step for theory
development in information systems (IS) research (Abbasi et al., 2023; Berente et al., 2019;
Lindberg, 2020; Lindberg et al., 2022; Miranda, Berente, et al., 2022; Miranda, Wang, et al.,
2022). By incorporating ML, CTD harnesses the creative potential human researchers possess
while simultaneously benefitting from algorithms used in analyzing complex datasets. ML
algorithms promise novel insights by revealing patterns that extend beyond what human
cognition and comprehension can detect, which would otherwise be missed (Lindberg, 2020;
Shrestha et al., 2021; Sturm et al., 2021). This is especially promising in times of increasingly
complex secondary data (Berente et al., 2019; Grisold et al., 2024; Johnson et al., 2019), which
has long been considered incomprehensible and thus inappropriate for theory development
(Lindberg, 2020; Maass et al., 2018). Tidhar and Eisenhardt (2020), for example, use traditional
methods to collect and analyze qualitative data (e.g., manually coding data from interviews),
while also applying different ML algorithms to detect patterns in quantitative data
(demonstrating the importance and dependence of different variables like app design) to
develop a theory on successful mobile app business. In IS, Lindberg et al. (2022) and Miranda,

Wang, et al. (2022) provide recent examples of CTD based on qualitative data.

Effectively using ML for CTD is challenged by the incongruence of explanatory and predictive
power (Hagerty & Srinivasan, 1991; Shmueli, 2010; Shmueli & Koppius, 2011) and by the
black-box nature of many ML algorithms (Barredo Arrieta et al., 2020; Rudin, 2019). Predictive
power — a model’s ability to predict outcomes from a sample based on correlations learned in
training data (Choudhury et al., 2021) — is improved by minimizing the combination of model
bias and sampling variance. Explanatory power — the causal relationships in data explaining a
phenomenon — is improved by minimizing model bias (Shmueli, 2010; Shmueli & Koppius,
2011). These different optimization goals can result in parsimonious predictive models that
outperform more complex explanatory models in terms of predictive power, while not
necessarily mapping true relations in the data better, i.e., provide higher explanatory power
(Hagerty & Srinivasan, 1991; Shmueli, 2010; Shmueli & Koppius, 2011; Smith, 2020; Sturm
etal., 2021). Therefore, selecting ML algorithms for CTD based solely on high predictive power

does not guarantee accurate representations of causal real-world relations.

Nevertheless, models offering high predictive power are potentially valuable for CTD to

uncover causal relations that shape real-world phenomena (Sturm et al., 2021; Zhao & Hastie,
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2021), as has been illustrated, for example, in drug discovery (Jiménez-Luna et al., 2020; Webel
et al., 2020) or price dynamics in online auctions (Jank & Shmueli, 2010). Although predictive
ML algorithms provide imperfect approximations that occasionally leave out relevant relations
to improve predictive power (Shmueli, 2010), analyzing these models promises valuable
insights into real-world phenomena (Shrestha et al., 2021; Zhao & Hastie, 2021). To exploit
these algorithms’ potential, we need models that we can interpret (Rudin, 2019). Black-box
algorithms, i.e., algorithms that build models that are not inherently transparent to users, prevent
such insights. The opacity of these algorithms thus impedes their application in theory
development (Gurbaxani & Mendelson, 1994; Shrestha et al., 2021; Zhao & Hastie, 2021) and
limits CTD to inherently transparent (glass-box) algorithms. Considering that it is not clear a
priori which kind of algorithm, i.e., black-box or glass-box, provides the best-fitting model for
a given task and that different algorithms can provide complementary insights (Choudhury et
al., 2021; Fisher et al., 2019; Rudin, 2019), CTD’s potential is limited from the outset.

Explainable artificial intelligence (XAl) offers a potential remedy for this issue by using post-
hoc analyses to approximatively uncover the patterns black-box ML algorithms have learned
(Gunning et al., 2019; Senoner et al., 2022). Thus, XAl provides interpretable patterns without
ruling out black-box algorithms (Barredo Arrieta et al., 2020), allowing researchers to use glass-
and black-box algorithms together (Tidhar & Eisenhardt, 2020) or to choose which is preferable
depending on a given task. For instance, Chowdhury et al. (2023) illustrate how XAl can be
used to interpret ML predictions on employee turnover. Senoner et al. (2022) use XAl to
unravel nonlinear relations between a set of production parameters and process quality in
manufacturing. Choudhury et al. (2021) show how even complex black-box algorithms can be

used to disclose patterns for management research and practice if analyzed with XAl.

However, the use of XAl to explain patterns identified by black-box algorithms has received
significant criticism, not only on a general level (Gosiewska et al., 2021; Rudin, 2019; Rudin
et al., 2022), but also in the context of CTD, where its capacity to provide accurate and useful
representations of relations in data has been questioned (Shrestha et al., 2021). The literature
emphasizes that the approximations XAl provides can strongly deviate from the original black-
box algorithms’ models, resulting in inaccurate and misleading representations of learned
patterns (Gosiewska et al., 2021; Rudin, 2019; Xie et al., 2023). Further, even in cases where
the explanation model is correct in its approximation of the black-box’s prediction, the XAl
representation can be oversimplified, i.e., it provides too little information to offer useful
insights into patterns in data (Barredo Arrieta et al., 2020; Rudin, 2019; Shrestha et al., 2021).
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Since the popular XAl method, SHAP, is widely discussed (Barredo Arrieta et al., 2020; Bauer
et al., 2023; Gramegna & Giudici, 2021; Xie et al., 2023), investigating it further in-depth is
particularly pertinent. SHAP utilizes a game-theoretic approach to create an explanation model
whose prediction aims to match the black-box algorithm’s prediction while allowing a derived
approximation of the attribution each variable adds to this prediction (Barredo Arrieta et al.,
2020; Lundberg & Lee, 2017; Xie et al., 2023). In line with the general criticism of XAl
(Gosiewska et al., 2021; Rudin, 2019; Rudin et al., 2022), SHAP has been associated with
providing inaccurate and misleading patterns in data (Fernandez-Loria et al., 2022; Xie et al.,
2023). Interaction effects in datasets and high numbers of input variables have been shown to
potentially result in inaccurate and thus misleading SHAP outputs (Fernandez-Loria et al.,
2022). Considering the overall criticism regarding XAl and SHAP's potential limitations, it is
not clear to what extent this method is applicable and useful for CTD.

Despite XAI’s popularity, its promised benefits, and the severity of the criticisms, research has,
surprisingly, hardly highlighted the value of widely used post-hoc XAl approaches, such as
SHAP, for CTD (Shrestha et al., 2021). Therefore, we respond to this gap, seeking to answer

the following research question:

Can XAl, and particularly SHAP, uncover patterns to accurately represent phenomena, and

is it useful for computationally intensive theory development?

In answering, we first simulate datasets for multiple predefined ground truth functions (GTFs)
— the mathematical functions that define observable outcomes. We use datasets of varying
complexity (e.g., comprising different interaction effects and nonlinear relationships) and with
common shortcomings (e.g., error terms) of imperfect real-world data. We analyze SHAP’s
performance to uncover the patterns that underlie the ML algorithms’ outcome predictions
across these datasets. Based on this synthetic data, we determine how well SHAP maps the
variables’ importance and dependence across the respective GTFs. Next, we apply SHAP to

analyze an empirical dataset, showing how SHAP can be used in CTD.

Based on our approaches, we develop prescriptions for using SHAP effectively in CTD and
provide a list of steps as a guideline for theorizing with SHAP. Particularly, we show that
combining ML algorithms with current post-hoc XAl approaches such as SHAP can indeed
provide well-fitting and useful GTF approximations. The insights thus gained make it a valuable
extension in the toolKit that can inspire new theorizing and theory development. Our research
adds to the controversial discussion on the use of algorithms and the applicability of XAl,
particularly of SHAP, in research (Fernandez-Loria et al., 2022; Rudin, 2019; Shrestha et al.,
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2021; Smith, 2020), by offering stepwise recommendations for using SHAP in theorizing.
Further, we contribute to the discussion on CTD in IS research (Berente et al., 2019; Lindberg,
2020; Miranda, Berente, et al., 2022) by shedding light on the role of XAl in next-gen theory
development on IS phenomena (Burton-Jones et al., 2021; Grover & Lyytinen, 2023).

2 Theoretical background

2.1 Theories as comprehensible explanations of phenomena’s ground truths

By theory, we refer to an abstract entity of generalizable and testable explanations for a
phenomenon’s observable gestalt, its ground truth, that form the basis for predictions on the
future gestalt of this phenomenon (Gregor, 2006; Popper, 2002). Although theory is an endemic
feature of all scientific fields, we nevertheless provide the definition of theory underlying our
work, as not all theories uniformly, or equally, incorporate the defined elements. Theories aim
to explain (why and how something exists) and to predict (what exists and what extant things
will become), but they do not necessarily emphasize these aims equally. Further, not all theories
are intended to be testable; rather, some are seen as the final product of a scientific endeavor
(Walsham, 1995). Still, theories pursuing both explanation and prediction, are particularly well
equipped to provide substantial insights into a phenomenon since they provide understanding,
and a basis for actively shaping the phenomenon’s future gestalt (Gregor, 2006). For theories
to offer quantitatively testable explanations and predictions on a phenomenon’s ground truth,
we need to assume that the relations shaping it can be effectively quantified and can be

represented in a mathematical function, the GTF.

To develop theory, we build on the identification of relevant constructs (including the
phenomenon of interest) and the specification of relationships between these constructs, which
can be tested and falsified (Doty & Glick, 1994). In the case of a complex nexus of
environmental factors, social actors, and artifacts, as is characteristic of IS phenomena (Yoo,
2010), identifying all constructs and the relations between these constructs that shape a
phenomenon’s gestalt, is unlikely (Gregor, 2006). The ultimate goal of a theory is to
approximate these connections as closely as possible (Popper, 2002). IS research has a long-
standing tradition of using grounded theory methods (Urquhart et al., 2010) that aim to build
theories based on observations and data on phenomena (Glaser, 1978; Glaser & Strauss, 1967;
Strauss & Corbin, 1990).

Grounded theory in IS research is increasingly complemented with computational data analysis
methods, combining human and computational capabilities effectively in CTD (Berente et al.,
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2019; Lindberg, 2020; Miranda, Berente, et al., 2022). Grounded theory approaches
traditionally harness qualitative data with comparatively small sample sizes (Maass et al., 2018;
Shrestha et al., 2021; Urquhart et al., 2010) collected, for example, through interviews or
ethnographies and analyzed manually based on the human sensemaking capability with its perks
and perils (Lindberg, 2020; Miranda, Berente, et al., 2022). While computational methods,
especially Artificial Intelligence (Al), extend far beyond the limited human cognitive capacity
and thus overcome limits regarding data size and complexity, human capacity prevails, for
instance, in terms of problem definition and triangulation with extant theories and other data
(Berente et al., 2019; Grisold et al., 2024). The latter are important starting points for theory
development.

So far, Al cannot match human intelligence in all tasks necessary to build theories (Lindberg,
2020; Shrestha et al., 2021), which limits the potential of computationally generated theories
on IS phenomena (Berente et al., 2019; Lindberg, 2020). However, Al already performs some
important tasks for theory development well, especially pattern detection in vast datasets
through ML algorithms, and in this regard, it can outperform humans (Choudhury et al., 2021;
Lindberg, 2020; Maass et al., 2018; Shrestha et al., 2021). Using algorithms enables researchers
to analyze (quantitative) datasets with large sample sizes and non-trivial data that exceeds
human cognitive abilities (Lindberg, 2020; Shrestha et al., 2021). Combining human
capabilities in abstracting patterns and relating them to extant knowledge on a phenomenon
(Lindberg, 2020) with machine capabilities of detecting complex patterns in large datasets
rapidly and reproducibly is exceptionally promising for theory development (Berente et al.,
2019; Lindberg, 2020; Miranda, Berente, et al., 2022; Shrestha et al., 2021).

Patterns in data are central to CTD as a link between data and theory (Miranda, Berente, et al.,
2022). Data itself does not constitute theory (Sutton & Staw, 1995), nor do patterns alone since
neither offers explanations for the relations they represent (Miranda, Berente, et al., 2022).
However, patterns in data (i.e., specific associations between variables (Shrestha et al., 2021)),
provide a basis for theory development by ordering and relating data in relation to a given
phenomenon. Only if we know the variables that impact a phenomenon, can we advance toward
understanding the nature of this phenomenon and toward predicting subsequent changes based
on these variables (Gregor, 2006; Shmueli & Koppius, 2011). Therefore, patterns count as the
essence of theories (Urquhart et al., 2010). Consequently, applying computational

methodologies that enable analyzing previously non-manageable datasets to disclose the
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embedded patterns, lays a basis for theory development (Lindberg, 2020; Shmueli & Koppius,
2011; Shrestha et al., 2021).

2.2 ML for detecting patterns in data — computationally approaching a ground truth

The distinction between explanatory and predictive analysis is vital for using ML algorithms in
CTD appropriately. Explanatory analysis aims to test hypotheses about causal relations between
constructs derived from theories. In IS research, these theories are usually built based on
observations of real-world phenomena (Urquhart et al., 2010) and they aim to display causal
relations (Shmueli, 2010). To test the hypotheses and derive conclusions about the real world,
statistical methods for drawing inferences, such as various regression or structural equation
models, are used. These models minimize bias in the search for the most accurate representation
of the underlying theoretical relations and allow for conclusions on the statistical significance
of the theorized relationships, i.e., on whether X leads to Y (Gregor, 2006; Shmueli, 2010;
Shmueli & Koppius, 2011).

Predictive analysis aims to accurately predict new outcomes based on models learned from data
on a phenomenon, instead of models constructed according to theoretical considerations, as is
the case in explanatory analysis (Shmueli, 2010). This approach has been labeled a-theoretical
(Gurbaxani & Mendelson, 1994) and has, thus, been deemed limitedly useful for research
aiming to improve the understanding of phenomena (Parzen, 2001; Smith, 2020). However,
instruments used for predictive analysis, such as ML algorithms (e.g., neural networks), can
potentially uncover patterns that traditional statistical methods often fail to do. Thus, they are
valuable tools for improving our explanatory models and understanding of real-world
phenomena (Shmueli & Koppius, 2011; Shrestha et al., 2021; Sturm et al., 2021; Tidhar &
Eisenhardt, 2020). Notably, predictive analysis methods do not methodologically replace theory
testing methods but can detect patterns to enrich our theories and thus suggest potential causal
relations for further testing in explanatory models (Miranda, Berente, et al., 2022; Zhao &
Hastie, 2021).

Predictive ML algorithms vary the models for complex datasets to find the best fitting model
for predicting an outcome through the entailed variables (Choudhury et al., 2021; Shmueli &
Koppius, 2011; Shrestha et al., 2021). Such models can be displayed as a mathematical
function, e.g., a mathematical model of a neural network, and show how the output variable ()
is calculated by a set of input variables (X), i.e., Y = f(X1, X2, ..., xn) (Shrestha et al., 2021). To
identify the best fitting model for prediction, ML algorithms minimize a loss function that
serves as an error measure of a prediction model (Choudhury et al., 2021). Thereby, ML can
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identify complex patterns in vast datasets that human cognition would miss (Lindberg, 2020;
Tidhar & Eisenhardt, 2020) due to prohibitively high time requirements and finite human

computational capacity (Berente et al., 2019).

Yet, predictive ML patterns remain correlative in nature and do not indicate causality in shaping
a phenomenon’s ground truth (Smith, 2020). However, if patterns are robust and data quality is
sufficient, the patterns can offer additional insight into the data at hand by approximating the
GTF (Zhao & Hastie, 2021). This approximation can inspire human theorizing and thus form
an important building block in theory development (Miranda, Berente, et al., 2022; Shrestha et
al., 2021; Tidhar & Eisenhardt, 2020). ML patterns can embody regularities in data on
phenomena of interest, which (IS) scholars can transform into generalizable higher-level
theories through abductive reasoning (Berente et al., 2019; Johnson et al., 2019; Lindberg,
2020).

To build theory from patterns, understanding what is related and how it is related is not
sufficient. Human abductive capabilities, i.e., abstracting and triangulating, are indispensable
for developing theories (Johnson et al., 2019; Lindberg, 2020), to explain why particular
observed patterns exist. Since abductive reasoning remains a human domain (Shrestha et al.,
2021), CTD that aims to develop theories containing explanations for phenomena (Gregor,
2006), relies on the interaction between Al and human intelligence (Miranda, Berente, et al.,
2022). In CTD, computational power can leverage ML algorithms to reveal patterns of
manageable complexity from overwhelmingly complex data (Lindberg, 2020). Nevertheless,
considering additional information and recombinant knowledge - such as extant literature,
knowledge of idiosyncrasies in data at hand, or qualitative methods, are a vital human step for
abstracting general theoretical relations (Johnson et al., 2019; Lindberg et al., 2022; Tidhar &
Eisenhardt, 2020). To achieve this aim, selecting the algorithms and the emergent pattern(s) to
be considered for abductive reasoning are crucial steps, which are not trivial and barely

achievable ex ante (Choudhury et al., 2021).

For prediction only, measures of predictive power (e.g., F1-Score, Accuracy, Receiver
Operating Characteristic Area Under the Curve (ROC AUC)) can indicate which algorithm is
preferable (Breiman, 2001b). Frequently, prediction power is emphasized more than
understanding the patterns shaping the prediction (Shmueli, 2010; Smith, 2020). While
predictive power measures seem reasonable if the focus is merely a prediction, a more critical
stance on these measures is necessary for abductive reasoning and ultimately CTD. Predictive

power is an imperfect measure to assess how well algorithms capture underlying patterns in
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data, as models with high predictive power do not necessarily offer accurate insights into the
patterns of interest (Shmueli, 2010; Shmueli & Koppius, 2011).

Predictive power is achieved by minimizing the combination of model bias and sampling
variance (Hastie et al., 2009) to provide precise predictions based on empirical data. Thereby,
predictive models sometimes sacrifice theoretical preciseness (higher bias) for higher empirical
preciseness (lower variance) to improve predictive power (Hastie et al., 2009; Shmueli &
Koppius, 2011; Wu et al., 2007). In turn, explanatory power, vital to theory formation, is
improved by minimizing model bias to obtain an optimal representation of the underlying
relations (Shmueli, 2010). The different optimization goals result in a disparity between
predictive and explanatory power, whereas it is possible that models providing higher predictive
power offer less precise representations of the GTF underlying a given dataset (Shmueli, 2010;
Wu et al., 2007).

Nevertheless, predictive power is not meaningless for CTD. High predictive power indicates
that an algorithm has accurately identified correlative patterns to provide precise outcome
predictions (Zhao & Hastie, 2021). Correlative patterns can be meaningless to the actual
phenomenon when based on idiosyncrasies of the data, spurious correlation, or if they stem
from correlations between a non-causally related variable in the data and a variable that has a
causal impact but is not present in the data (Shrestha et al., 2021; Smith, 2020). However, a
causal and accurate depiction of a phenomenon’s gestalt in data could potentially also exhibit
high predictive power (Zhao & Hastie, 2021). Considering its obviously imperfect link to
meaningful patterns in data and the simplicity of measuring it in predictive analysis, predictive
power is an important measure for CTD. This is particularly true if one considers that standard
procedures to validate explanatory power are not immediately useful for ML generated patterns

and subsequent theory development (Miranda, Berente, et al., 2022).

In IS research, scholars gain confidence in causality by using preformulated hypotheses based
on observations and prior theoretical knowledge of a phenomenon (Shmueli, 2010; Urquhart et
al., 2010). To test for explanatory power, explanatory models are hypothesized and tested on
carefully sampled data. However, if able to reveal additional patterns from data, ML algorithms
would enable theorizing on phenomena where data is abundant, yet prior (theoretical)
knowledge is absent or incomplete (Berente et al., 2019). Similar to the microscope revealing
structures invisible to the naked eye, deriving potentially plausible patterns and explanatory
insights through algorithms would offer a strong tool in our toolbox. Yet such patterns need

more than an assessment based on statistical artifacts; extensive analyses for robustness of
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patterns across algorithms and datasets are additionally required (Shrestha et al., 2021; Stoffels
et al., 2022).

Predictive power in this case is the race between different patterns within a dataset for predicting
an outcome; explanatory power is the race between different patterns across datasets and
contexts for accurately depicting and explaining an outcome (Gregor, 2006). Similar to the
microscope revealing tiny structures and micro-organisms in a crowded world, algorithms
could reveal structures in the form of patterns in crowded data spaces, thereby providing a
starting point for human sensemaking, which would otherwise lie beyond our cognition
(Asatiani et al., 2021; Lindberg, 2020; Shrestha et al., 2021).

While black-box algorithms are promising to predict and generate new patterns, understanding
the results and underlying patterns, to date, has been challenging (Barredo Arrieta et al., 2020).
Lacking insights into black-box algorithms obscures patterns and makes these patterns useless
for CTD, limiting our analyses to transparent (glass-box) algorithms (Rudin, 2019; Shrestha et
al., 2021). This represents a missed opportunity to harness black-box algorithms’ capabilities
to find complex and potentially meaningful patterns in data (Zhao & Hastie, 2021). XAl

promises to remedy this issue (Asatiani et al., 2020; Senoner et al., 2022).
2.3 SHAP as a tool in harnessing black-box ML potential for theory development

Interpretability, i.e., the degree to which patterns identified by ML algorithms can be
understood by users, thus offering them value (Dhurandhar et al., 2017; D. Lee et al., 2024), is
a prerequisite for utilizing ML algorithms for pattern detection in CTD (Shmueli & Koppius,
2011; Shrestha et al.,, 2021). In CTD, interpretable patterns are useful if they provide
information on (1) the relevance of input variables for an outcome variable, (2) the direction
and amplitude at which variables impact the outcome variable, and (3) the interaction between
these variables (Shrestha et al., 2021). Both glass-box ML algorithms that specify inherently
interpretable models or a combination of black-box algorithms and XAl can reveal given

patterns.

Using glass-box ML algorithms (e.g., logistic regressions) for pattern detection in CTD is
reasonable because their inherently transparent nature enables understanding of a predictive
model (Guidotti et al., 2018; Gunning et al., 2019; Rudin, 2019) and interpreting the variables,
their impact, and possibly even their interaction effects (Shrestha et al., 2021). Contradicting
the widespread misconception that interpretability is negatively related to accuracy, glass-box
models are generally not inferior to black-box models for complex tasks (Barredo Arrieta et al.,

2020; Rudin, 2019; Rudin et al., 2022). Based on a comprehensive knowledge of the data at
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hand and the phenomenon the data represents, glass-box models can be optimized to provide
models that perform at least as well as those of black-box algorithms (Rudin, 2019). The
inherent interpretability of these algorithms allows for adaptions in the data analysis process,
which ultimately beget accurate predictions (Hand, 2006). Thus, in providing patterns that offer
high predictive power and are interpretable, glass-box algorithms are a valuable tool for
detecting patterns that are useful in developing theories for explanation and prediction
(Lindberg, 2020).

However, glass-boxes are not inherently superior to black-boxes either, potentially providing
insights that might otherwise have been missed (e.g., Jiménez-Luna et al., 2020; Webel et al.,
2020). Black-box algorithms can develop superior models, especially when knowledge of the
data and the phenomena studied is limited (Asatiani et al., 2021). The use of black-box
algorithms requires separate explanation models to approximate the inherently
incomprehensible patterns for interpretation (Barredo Arrieta et al., 2020; Gunning et al., 2019;
Rudin, 2019). Opacity and overwhelming complexity inhibit immediate human interpretation
(Du et al., 2020; Guidotti et al., 2018; Gunning et al., 2019; Rudin, 2019), which, without

further analyses, limits black-box algorithms’ usefulness for pattern detection in CTD.

Various methods have been suggested to reveal the patterns generated by black-box algorithms
post-hoc, with the aim of achieving some degree of interpretability (Barredo Arrieta et al., 2020;
Zhao & Hastie, 2021). These are referred to as (post-hoc) XAl (Barredo Arrieta et al., 2020;
Gunning et al., 2019; Zacharias et al., 2022).

These XAl methods can be classified along different dimensions, depending on the model and
explanation type, the level of explanation, and the method of explanation construction (Barredo
Arrieta et al., 2020; Xie et al., 2023). The resulting explanations can take on various forms
including textual explanations, visual explanations, variable relevance explanations, and
variable attribution explanations (Barredo Arrieta et al., 2020; Senoner et al., 2022). Some
model-specific XAl methods such as the embedded variable importance function of tree-based
models (e.g., XGBoost) (Du et al., 2020), are limited in their applicability to these very models
(Ribeiro et al., 2016). In contrast, model-agnostic approaches (Ribeiro et al., 2016) can be used
independently of model type. That is, it does not matter whether a black-box algorithm specifies
tree-based models, generalized linear models, or any other kind of model (Du et al., 2020).
While global explanations offer insight into the model-level, explaining how the model as a

whole reached its predictions (Barredo Arrieta et al., 2020; Du et al., 2020), local explanations
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provide insight into the instance-level, i.e., they reveal how variables have driven a specific
prediction (Du et al., 2020; Zacharias et al., 2022).

SHAP, one of the most popular post-hoc XAl approaches, has been given considerable research
attention (Bauer et al., 2023; Ferndndez-Loria et al., 2022; Gramegna & Giudici, 2021; Xie et
al., 2023; Zacharias et al., 2022). It is a model-agnostic approach that can offer visual
explanations of variable relevance and attribution for any kind of predictive model (Gramegna
& Giudici, 2021), offering insights on both local and global levels (Lundberg et al., 2020;
Senoner et al., 2022; Zacharias et al., 2022). On a global level, SHAP outputs approximate
which variables are the most important for a prediction model and how these variables impact
the prediction, as we illustrate through a summary plot (Lundberg & Lee, 2017) in Figure 1.
These outputs are uniform for all underlying prediction models and, thus, useful for comparing
patterns identified by different algorithms. Besides showing variable impact rankings and
directions, SHAP can be used to reveal interactions between variables via an interaction plot
(Lundberg et al., 2018; Zacharias et al., 2022) as in Figure 2. Overall, SHAP offers different
insights regarding patterns identified by black-box algorithms, making it potentially useful for
CTD.

SHAP is a variable-additive approach. Feature additive approaches build a linear function g(z’)
of binary variables to provide a prediction that approximatively matches the prediction of the
original model f(x) built by the underlying ML algorithm (Kamath & Liu, 2021; Lundberg et
al., 2018; Lundberg & Lee, 2017; Xie et al., 2023). The explanation model has the form

M
9(z") = ¢y + Zi=1¢izil

with the binary variables z’ € {0,1}" as simplified variables (Molnar, 2020), where M is the
number of input variables used for a prediction, and the contribution of each variable ¢i € R to
the predicted outcome (Gramegna & Giudici, 2021; Lundberg & Lee, 2017; Xie et al., 2023).
Each variable is attributed with an impact ¢i on the predicted outcome value and the sum of
these impacts approximates the outcome value that has been predicted by f(x) (Lundberg & Lee,
2017). The opacity of the black-box model itself persists despite the application of XAl, as
indicated by the disparity between the functions f(x) and g(z') (Xie et al., 2023). Additionally,
g(z) itself does not inherently contribute to our understanding of the patterns identified by ML.
The crucial information we receive from additive explanations is the marginal impact of a

variable ¢i, a Shapley value in our case.
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Shapley values (Shapley, 1953) were originally developed for coalitional game theory and aim
to find a fair distribution of payouts for each player based on their respective contribution to
the overall payout (Shapley, 1953; Zacharias et al., 2022). Transferred to predictive ML,
Shapley values indicate the contribution (fair payouts), of variables (players), to a specific
predicted value (overall payout). Calculating Shapley values exactly is not a trivial operation;
it becomes almost impossible for a high number of variables due to exponential computation
costs. Thus, Lundberg and Lee (2017) developed SHAP values as an approximation offering

similar insights.

To exemplify the interpretation of SHAP values, consider the following binary classification
situation: A black-box algorithm predicted the turnover of IT-professionals (0 = no turnover, 1
= turnover) based on multiple variables (e.g., salary, organizational tenure, etc.). A SHAP value
can be computed for each of the variables, for instance, a monthly salary of USD 5,000 was
assigned a SHAP value of 0.3 for a certain IT-professional. This value of the variable drives
the prediction toward turnover by 0.3, i.e., it makes a turnover prediction for this specific
instance more likely than not. To trace the final prediction, the SHAP values for the other
variables in this instance are needed. If positive SHAP values outweighed negative ones, the

model predicted turnover (1), otherwise no turnover was predicted (0).

For CTD, however, these local insights are barely useful, and need to be transformed into global
insights — the aggregated SHAP values of a variable across multiple instances Z?’=1 |¢i(j) |

(Lundberg et al., 2018; Senoner et al., 2022; Zacharias et al., 2022). Figure 1 shows the most
important variables for a prediction, ordered by their aggregated SHAP values, as well as the
direction of their impact on the prediction (Kamath & Liu, 2021; Lundberg et al., 2018). Dots,
representing SHAP values, are plotted horizontally and are stacked if certain SHAP values
occur multiple times (for all or a subset of instances) for the same variable. The dots are colored
according to the original variable values. High variable values are colored red, low variable
values are colored blue (Lundberg et al., 2018). This indicates whether the magnitude of the
variable (color) leads to the prediction of a high SHAP value (positioning on the horizontal
axis) or a low SHAP value. For example, if a variable is listed at the top of the plot and if many
red dots are positioned far to the right, i.e., they have a high SHAP value, and if many blue dots
are positioned on the left side, i.e., they have a low SHAP and variable value, it indicates that
this variable is highly relevant for and positively related to the (prediction of the) outcome

variable (see Figure 1 below for a general example).
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Figure 1: Exemplary SHAP summary plot based on a prediction of a black-box ML algorithm
for 9 variables. The order of the variables on the left side indicates their relevance (importance
ranking), the color indicates the values variables had for certain instances (colored dots), and
the horizontal position of the dots indicates the SHAP value of the respective instance.

Returning to the above example, we assume that salary is a highly relevant variable in predicting
turnover and that the overall impact of the variable salary is negatively related to turnover (see,
e.g., Zaza et al., 2023). Additionally, we assume that USD 5,000 is a rather low monthly salary
for a sample of IT-professionals. Based on these assumptions, the summary plot should indicate
the salary at one of the top positions in the plot, indicating that the variable is highly relevant.
On the right side, there should mainly be blue dots, indicating that low salary is linked to

turnover (as turnover = 1) and red dots should mainly be on the left side.

Further, dependence plots indicate the functional form of the relation between variables and the
outcome prediction and can indicate interactions between variables in their impact (Lundberg
et al.,, 2018). For this purpose, the SHAP values of a variable can be plotted against the
variable’s values for the respective instances, indicating the functional form. Extending the plot
by the course of the variable dependent on the value of another variable indicates interaction

effects (see Figure 2 below for an example of both kinds of dependence plots).
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Figure 2: Exemplary SHAP dependence plots based on a prediction of a black-box ML
algorithm for multiple variables. Interaction plots (left plot) indicate whether the impact of a
certain variable (x6) depends on another variable (x7) (moderation effect). Dependence plots
can also be used to analyze the functional form of relations (right plot). The exemplary plot

here shows an odd relation.

Despite SHAP’s versatility in providing a broad range of insights into ML-derived patterns, it
has been criticized and its capabilities in supporting the interpretability of ML-derived patterns
have been questioned in general (Fernandez-Loria et al., 2022; Xie et al., 2023). This raises
questions about the use of SHAP for CTD and especially relates to the aspects of accuracy and
usefulness (Fisher et al., 2019). Accuracy here refers to the quality of the outputs SHAP
provides in representing the (true) patterns in data (not predictive power). Usefulness refers to
the added value for CTD, gained from the insights SHAP provides. The usefulness of SHAP

cannot be traced solely in terms of its accuracy; however, the two aspects are related.

XAl is generally criticized for the inaccuracy of its separate explanation models that are
generated to approximate the original prediction models of the underlying ML algorithms. This
criticism has also been applied to SHAP (Fernandez-Loria et al., 2022; Gosiewska et al., 2021;
Shrestha et al., 2021; Xie et al., 2023). All prediction models generated by ML algorithms are
“wrong” (Fisher et al., 2019) in that they are imperfect representations of the actual patterns
that shape data or phenomena (Shmueli, 2010; Shmueli & Koppius, 2011; Smith, 2020). Even
models with high predictive power across different datasets on a phenomenon represent only
parts of the true relations shaping the phenomenon and can contain spurious patterns (Grisold
et al., 2024; Smith, 2020) or exclude relevant relations to optimize predictive power (Shmueli,
2010). Further, the explanation models built by SHAP and other XAl methods do not represent
these prediction models perfectly (Gosiewska et al., 2021; Rudin, 2019; Xie et al., 2023). They

match their predictions to the original ones and try to approximate patterns that explain these
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predictions (Xie et al., 2023). To allow for interpretability, these patterns are presented in a
simplified way, e.g., through lists or visualizations of low dimensionality (Barredo Arrieta et
al., 2020). This carries the risk of these patterns being oversimplified, which further lowers the
fidelity of an XAl method to the original prediction model (Gosiewska et al., 2021).

For SHAP in particular, Fernandez-Loria et al. (2022) show that interaction effects between
variables and a high number of variables included in an analysis can cause this XAl method to
convey an inaccurate image of the patterns. Arguing that XAl methods are potentially
oversimplified and generally “wrong” representations (Gosiewska et al., 2021) of “wrong”
original models (Fisher et al., 2019; Rudin, 2019; Rudin et al., 2022), some have rejected XAl
for CTD in general (Shrestha et al., 2021).

However, besides its accuracy, SHAP’s usefulness also requires consideration. Inaccurate
patterns are not necessarily useless for enhancing our understanding of the world (Fisher et al.,
2019) as long as the models provide incomplete, yet meaningful insights into the phenomenon
represented in that data (Grisold et al., 2024; Shrestha et al., 2021). In fact, considering the
complexity of real-world phenomena, it is highly unlikely that data on a phenomenon would
provide a “complete” and perfect model of it (Gregor, 2006; Grisold et al., 2024). Even if we
had perfect models, many phenomena, due to a prohibitively high number of involved variables
and relations between them, could very well be too complicated for us to properly understand
(Rudin, 2019). To approach “true” patterns, we need theories as simplified representations of

(snippets of) the complex reality (Gregor, 2006).

To build theory, we need data and methods that inspire us, based on the reasonable assumption
that the insights we gain through their use, potentially hint at relevant real-world patterns
(Lindberg, 2020; Miranda, Berente, et al., 2022). Therefore, if a method allows us to make
sense of data by identifying patterns that we can trust, which are plausible and conveyed to us
in a form that supports our goal, here CTD, the method is a useful tool. To evaluate whether
this is true for SHAP we have generated datasets by defining GTFs. Based on these datasets,
we investigated how well SHAP could map these GTFs as a validity test. Subsequently, based
on real-world data, we also illustratively applied SHAP in this context, showing how patterns

uncovered by SHAP can be a useful extension to our CTD toolkit.
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3 Simulation analysis to validate SHAP outputs for I1S-like GTFs

3.1 Methods

In real-world data, GTFs remain (partially) unknown (Grisold et al., 2024), limiting the
assessment of ML and XAl methods (Shrestha et al., 2021). Therefore, we generated the ground
truth as a self-defined mathematical function, to evaluate the mapping accuracy of ML and
SHAP. To resemble the varying complexity and imperfection of real-world datasets, we
implemented GTFs of different complexity which we defined based on theoretical models
analyzed in different recent IS studies. Further, we manipulated our data with some common
shortcomings, including error terms and non-relevant variables (Choudhury et al., 2021;
Shrestha et al., 2021). Using a Monte-Carlo simulation approach (Chin et al., 2003; Kock &
Hadaya, 2018; Peng et al., 2023; Thies et al., 2018) we generated 1,000 datasets as the basis for
our assessment of the mapping accuracy which SHAP reaches for each GTF and each setting.
For these datasets, we used and combined eight GTFs, two error term settings, and six ML

algorithms, resulting in 96,000 trained models as the basis for the SHAP analysis.

Table 1 outlines our 4-step approach to determine the mapping accuracy of SHAP for the
different GTFs.

Action

Implementation of IS-like GTFs with different
kinds of complexity, including individual noise
and error term.

Steps
Step 1: Development and deployment of GTFs

Step 2: Set up of a Monte-Carlo simulation and
generation of 1,000 random datasets

Generation of 1,000 random datasets as basis for
a Monte-Carlo approach to evaluate SHAP in
mapping the defined GTF under different
conditions.

Step 3: Selection and training of ML algorithms
and calculation of the SHAP values

Selection of six ML algorithms for pattern
detection. Calculation of the SHAP values based
on the resulting ML models.

Step 4: Evaluation of the ML predictive power
and the explanatory power of SHAP

Analysis of the results regarding (1) ML model
accuracy, (2) ldentification of relevant variables,
(3) identification of dependency direction, (4)
analysis of interactions between the relevant
variables.

Table 1: Our approach to determining the mapping accuracy of SHAP for the GTFs.
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3.1.1 Step 1: Development and deployment of GTFs

To evaluate the mapping accuracy of SHAP, we defined the problem as a binary classification
task and implemented several GTFs that resemble functions known from IS research and related
disciplines. Each instance of the dataset was assigned to a class according to whether the output
of the GTF was above or below a certain threshold value.

Thereby, GTF is a basic linear regression function as baseline; GTF, and GTF3 based on Koay
et al. (2022), represent functions with interaction terms; GTF4 and GTFs include polynomial
terms and are based on Karhade and Dong (2021) and Liang et al. (2022); GTFe represents a
Sigmoid function; and GTF7 and GTFs represent complex functions with multiple interaction
and polynomial terms (based on Chen and Wei (2019) and Gémez et al. (2017)). In the

following, we list our GTFs:

GTF; =Bo+ By * xg+ Bo*x x3+Bs* x5+ Bs* x4+ Ps* x5+ Pe* x6+P7* x7, +
Bg * xg + Bg * Xo+ P1g * Xqg

Formula 1: Baseline (Linear Regression).

GTF, =Bo+ By * x1+ Box X3+ PB3* X3+ Pax* x4+ Ps* X5+ PBg* xg + B7* X4 % X5

+ Bg * X4 * Xg + Bog * X5 * Xg

Formula 2: Moderation — Variant 1.

GTF; =Bo+ By * x1+ Box X3+ PB3* X3+ Pax* x4+ Ps* X5+ PBg* xg + B7* X4 % X5

+Bg * Xg* Xg+ Po* X5* Xg + By * Xy * X5 * Xg

Formula 3: Moderation — Variant 2.

GTF, =By + By * x1 + BZ*x12+B3*x2+B4*x3+BS*x4+B6*xS

Formula 4: Polynomial — Variant 1.

GTFs =B+ By * x1 + Bz*x2+83*x12+B4*xl*x2+85*x%

Formula 5: Polynomial — Variant 2.
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Bo

1 4+ e~ (Bo+ Br* X1+ B2* X2+ B3* X3+Pax X4+ Bs*xs+Pe*Xe+P7+X7+Pg*Xg+Bo*Xg+PB10*X10)

GTF6 =

Formula 6: Sigmoid.

GTF; =Bo+ By * X34 Bo* X+ PBs* Xy x Xy + By * X34+ Ps* x5 + Bg * X1 *x3 + P

* X5 % X1+ Bg* X4+ Bo* x5+ Pro ¥ Xg + P11 * X7+ Brz ¢ g

Formula 7: Moderation & Polynomial — Variant 1.

GTFg =Bo+ By * X34 Bo* xa+Ba* x3+ Py xgx X34 Bs* X3 % x4+ Bo* xF + B

x5+ Bgx XTx Xyt Bgx X3 x Xy

Formula 8: Moderation & Polynomial — Variant 2.

For all GTFs, we chose the values of ;_;, randomly in the range of (-1, 1) uniformly and
sorted them in ascending order, with 8, having the lowest and f;, having the highest absolute
value. This has the advantage that the impact of the variables follows the ranking and thus leads
to improved readability. Additionally, we added individual noise terms for each variable and
an error term to the GTFs (Shanthini et al., 2019; Shrestha et al., 2021). We used a random error
term, changing its value for each instance, and a systematic error term with a fixed offset value.
We defined the error and the individual noise terms to be normally distributed. For the standard
deviation, we implemented a random selection of values between 0.25 and 1.5 for each dataset,
with a mean of 0 as in Shrestha et al. (2021).

GTF =F(x;+6,,) +¢

Formula 9: Extension of GTFs for individual noise and error term, where 6, is the individual
noise term for each variable x; and & the error term.

3.1.2 Step 2: Set up of a Monte-Carlo simulation and generation of 1,000 random datasets

To increase confidence in the results, we generated 1,000 datasets, comparable to the number
of samples used in other IS studies (Chin et al., 2003; Kock & Hadaya, 2018; Peng et al., 2023;
Thies et al., 2018), and assuming a normal distribution for the individual variables, with a mean
of 0 and a standard deviation of 1 (Shrestha et al., 2021). Additionally, we randomly varied the

number of instances of the datasets between 200 and 2,000 instances and randomly added
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between zero and ten non-relevant variables. Based on these input variables we created the
labels or ground truth based on our eight GTFs with two different error terms (systematic and

random), yielding a total set of 16,000 labeled datasets.
3.1.3 Step 3: Selection and training of ML algorithms and calculation of the SHAP values

Even for experienced data scientists, determining the best-fitting ML algorithm a priori is hardly
possible (Choudhury et al., 2021; Tidhar & Eisenhardt, 2020). Thus, we applied a range of
frequently used glass-box and black-box ML algorithms as is common in predictive data
analysis (Choudhury et al., 2021). We incorporated common black-box models such as
Artificial Neural Network (ANN) (Hassoun, 1995), Random Forest (RF) (Breiman, 2001a),
Support Vector Machine (SVM) (Cortes & Vapnik, 1995), as well as common glass-box models
such as Logistic Regression (LR) (Hosmer et al., 2013), Decision Tree (DT) (Breiman et al.,
1984), and K nearest neighbors (KNN) (Kotsiantis et al., 2006).

Due to the synthetic data, there was no need to perform any further data quality checks or data
cleansing. We split the dataset into a test dataset and a training dataset (Choudhury et al., 2021),
using 80% of the data as training data and 20% as test data (Kim et al., 2023; Racz et al., 2021).
After training the six selected ML models, we evaluated the performance using the weighted
F1-score. The F1-score is the harmonic mean of Precision and Recall and a commonly used
performance metric for ML models (Choudhury et al., 2021, Hastie et al., 2009). Higher F1-
scores indicate that an ML model achieves a higher predictive power than an ML model with a
lower F1-score. To give even more transparency, we added the ROC AUC score, as well as the

Accuracy?®.

For the post-hoc analysis of the predictive models, we used SHAP?" due to its popularity,

versatility, and ease of interpreting outputs (as elaborated above) (Gramegna & Giudici, 2021).

%6 The ROC AUC score is a single number that sums up the model performance across all classifications’
thresholds. This is the area under the ROC curve, which is a curve between the true positive and false positive rate.
The accuracy is a percentage number, indicating how many instances are classified correctly (Choudhury et al.,
2021).

27 Besides SHAP there are, for instance, Local Interpretable Model-Agnostic Explanations (LIME) (Ribeiro et al.,
2016), Counterfactual Explanations (Fernandez-Loria et al., 2022), and Partial Dependence Plots (PDP) (Kamath
& Liu, 2021). However, both LIME and Counterfactual Explanations are local explanation methods that can only
be used meaningfully in single instances (Molnar, 2020). Therefore, we would need to analyze each instance

individually and use the results for a reliable comparison to the GTF. PDP is limited to show maximally two
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3.1.4 Step 4: Evaluation of the ML predictive power and the explanatory power of SHAP

We conducted the following sub-analyses: (1) Influences on the accuracy, i.e., how different
settings in the dataset or the selection of ML models influence the predictive power, measured
by F1-score, ROC AUC score and accuracy score; (2) Identification of relevant variables with
the SHAP absolute values, to identify the variables with the highest impact on the prediction;
(3) Identification of dependency direction (e.g., positive or negative correlation between
variable and SHAP values) and shape of dependency (U-shaped or linear); (4) Analysis of

interactions between the relevant variables.
3.2 Findings

In total, we obtained 96,000 ML models based on the datasets, using six ML algorithms, eight

GTFs, and two error term settings.
3.2.1 Finding 1: Predictive power as a result of distinct factors

Figure 3 shows the influence of the ML model choice across all generated results. On average,
across all metrics used (F1-score, accuracy, ROC AUC score), the accuracy of the black-box
models (RF, SVM, ANN) is higher than that of the glass-box models (LR, DT, KNN), where
Random Forest (F1-score: 78.59%) is the best-performing model on average, and KNN is the
worst (F1-score: 69.87%). The performance of the best-performing glass-box model (LR) is in
the midfield at 74.89%.

variables at the same time. SHAP can analyze numerous instances and variables simultaneously, thus this method
seems most appropriate in our case.
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Figure 3: Overview of the reached F1-score, ROC AUC, and accuracy by ML model.

Examining the data in more detail, we find that the type of GTF has a high effect on the general
accuracy, as well as on the distances between the different ML models, as shown in Figure 4.
GTF: and GTF7 show a substantially higher F1-score than the other GTFs. While LR still
performs similarly to or even slightly better than RF in GTFy, GTF4, and GTF, there is a
substantial gap in GTF2, GTFs, GTFs, and GTFs, where RF outperforms LR. While this result
is not surprising for the linear GTF4, as this GTF structure should be easily accessible by an LR
model, we would have initially expected a different result for the more complex GTFsand GTF7.
This can be explained by the fact that in GTF4 and GTF+, linear terms have the highest impact
on the model prediction, as these get a higher g than we find in GTF2, GTF3, GTFs, and GTFs.

In these GTFs, the interaction or polynomial terms get the highest £.
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Figure 4: Impact of GTF on the average F1-score.

As the magnitude of the error term (Figure 5) as well as the number of non-relevant variables
(Figure 6) increased, the F1-score decreased, in line with our expectations. The F1-score
improves as the number of instances grows, and thus more training data is available (Figure 7).
The impact of the error term setting shows that the average F1-score of 67.82% for using

random errors is substantially lower than for systematic errors (82.2%).
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Figure 5: Impact of the SD of the error term on the average F1-score.
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Figure 6: Impact of the number of variables on the average F1-score.
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Figure 7: Impact of count of instances on the average F1-score.
3.2.2 Finding 2: Identification of relevant variables

In the first step, we analyzed the order in the ranking of the variables for all GTFs and examined
the extent to which the order was, on average, illustrated correctly. Because of the way we
designed our GTFs, the variables should generally have appeared in descending order. Notably,
some GTFs had fewer than 10 variables (e.g., GTFs was the shortest and had only two
variables). The interaction terms in GTFe resulted in variables being swapped in their

sequencing order. Table 2 illustrates the full list of the expected variable rankings.

On average, the absolute aggregated SHAP values recognized the correct order of the variables
across all results (Figure 8) except for GTFs. However, for some GTFs, we were able to

determine threshold levels of the F1-score, beyond which a correct sequence could no longer
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be formed on average. For GTFy, this was detected under an F1-score of 57%, for GTFs below
69%, for GTF7 below 60%, and GTFs below 78% (with an additional shift).

Expected ranking after impact on classification
GTF Relevant 10 |9 8 7 6 5 4 3 2 1
Variables
GTF. |10 10 |9 8 7 6 5 4 3 2 1
GTF, |6 6 5 4 3 2 1
GTF: |6 6 5 4 3 2 1
GTFs |5 5 4 3 2 1
GTFs |2 2 1
GTFs | 10 10 [9 |8 7 5 4 3 2 |1
GTF; |8 8 7 6 5 4 3 1 2
GTFs |4 4 2 1 3
Table 2: Expected Variable Ranking for all GTFs. Note: Some rankings are not true for all

conditions as a result of the complex interaction terms.
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Figure 8: Average ranking of top 5 variables by the GTF with the absolute average SHAP

value?®, If the variable number is not in the expected ranking (Table 2), this variable is a non-

relevant variable, which is not used in the GTF; then it exists as a non-relevant variable in the

datasets.

28 Note: Variables can also be sorted by their global impact, i.e., the sum of the absolute SHAP values (Lundberg
et al., 2018).
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Various factors influence the level of the F1-score (such as the size and type of the error terms
shown in Finding 1) and the selection of the ML model, which allows a comparison between
the best-performing black-box and glass-box models. While no deviations were observed in 5
of the 8 GTFs, and both models recognized the correct order on average, there were deviations
between RF and LR for GTF,, GTFs, and GTFg, with LR showing errors in the ranking on
average (Figure 9), while for RF, only a minor swap between variable x, and x4 was observable.
For some GTFs, the F1-scores of LR and RF deviated considerably. However, while we can’t
identify a linear relation between predictive power and explanatory power, we found conditions
in which a lower predictive power led to an on average incorrect variable ranking, at least for
the more complex GTFs, GTF7, and GTFg in general or, in the more fine-grained analysis
between LR and RF in GTF2, GTFs, and GTFs.
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Figure 9: Ranking derivations between best performing black-box model and glass-box model.
3.2.3 Finding 3: Identification of dependency direction and shape

To determine the direction and nature of the dependency between variables and prediction,
various factors must be considered. The direction of a variable is largely dependent on whether
the beta (B) is positive or negative for the corresponding variables. If a variable occurs several

times in a GTF or has a polynomial relation, the picture is even more complex.

In the first step, we considered variable x1, which is isolated in several GTFs and, therefore,
occurs once and is also assigned the lowest beta value; thus, the risk of a false mapping is the
highest. Figure 10 shows the corresponding relationship between the variable value and the
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corresponding SHAP value. These are also broken down by positive or negative beta, so that
we find either a positive correlation or a negative correlation, as expected. Positive beta leads
to higher SHAP values for higher variable values, and negative beta leads to smaller SHAP
values for higher variable values. The scatter, and thus the mapping accuracy, improves when

high F1-scores are considered.

Positive correlation (Beta > 0) Negative correlation (Beta < 0)
Variable ®1 Variable @1

F1 score >
80%

SHAP Value
SHAP Value

Variable Value Variable Value
Variablee 1 Variable @1

F1 score <
80%

SHAP Value
SHAP Value

Variable Value Variable Value

Figure 10: Dependency of variable x; for GTF2, GTF3, and GTFs. The x-axis shows the actual
variable value, and the y-axis is the corresponding SHAP value for each instance over all

calculated results of the variable.

For more complex GTFs (GTF2, GTF3, GTF7, and GTFs), i.e., where interaction effects between
variables are part of the GTFs, we could still observe a clear trend if all betas linked to the
observed variables are positive (Figure 11). As shown in Figure 11, this trend indicates that we
can still, on average, correctly identify the dependency direction, despite the variable having
additional interaction terms. Further, as there are no longer only linear terms of the variables,
the plots show more of an S-shape. Based on this somewhat unclear output, it is hardly possible

to unambiguously assess the complex impact of this variable, consisting of a combination of a

linear term and an interaction term.
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Figure 11: Dependency of variables x3 and x4 for different GTFs.

Also, SHAP allows us to derive the shape of the dependency. We can see differences indicating
linear and polynomial dependencies. The variables in GTFs with polynomial terms exhibit a U-

shape in contrast to the true linear curves visible in Figure 10, which again depend on the

direction of the B value (Figure 12).
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Figure 12: Dependency of variable x; for GTFsand GTFs.

However, when a variable appears in several terms of the GTF with positive as well as negative
betas, the image becomes more diffuse. The trend here is dominated by the magnitude of the

beta, so we can only make statements about the main influence of the variable. The closer and

more contrasting the betas in the different terms for the variable are, or in cases where multiple

interaction terms are in a GTF, the more diffuse the picture becomes, as no dominant trend is

recognizable in such cases.
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3.2.4 Finding 4: Analysis of interactions between the relevant variables

Finally, we looked at the interactions by plotting the bivariate interactions among the most
relevant variables. In the first test, we assessed the interaction of variable xs with variable xs in
GTF2and GTFs, using the result of GTF; as a baseline (Figure 13). Especially with higher F1-
scores, a separation between the values is evident, which suggests there is an interaction.
Therefore, high values of variable xs tend to lead to higher SHAP values for variable xs than
lower ones. In contrast, we do not recognize a similar separation in GTF1. However, the scatter

is quite high.

F1 score > F1 score <
85% 85%

Variable5 engn @ Variable5 engh e

GTF2&3

SHAP Value

Variable Value Variable Value

Variable 5 engn @ Variable5 ohgh @

SHAP Value
SHAP Value

GTF1

Variable Value Variable Value

Figure 13: Interaction of variable x4 with xs. Additionally, the lower/higher value of variable

xs is indicated by the color scheme (dark blue — low, light blue — high).

Model choice impacts the result with some GTFs. This is particularly evident when comparing
LR and RF (Figure 14). As expected, the detection of interactions is limited by the ML model’s
structure. For example, LR is a linear model and can’t reflect interactions, limiting SHAP’s

ability to indicate interactions as well.
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Figure 14: Interaction of variable x4 with xs in comparing RF to LR.
4 Using SHAP for CTD in a real-world case

To demonstrate the use of SHAP for pattern detection based on ML models, and ultimately for
CTD, we used a real-world dataset. We selected the “Airline Passenger Satisfaction” dataset?®
on US airlines’ passengers (Hayadi et al., 2021). Based on 23 input variables (see Appendix A
on page 188) such as satisfaction levels of different services (e.g., online boarding), individual
characteristics (e.g., age), or flight delay, and 123,880 instances, we explain why passengers
are satisfied or not (satisfied = 1; neutral or not satisfied = 0), with a particular focus on the role

of digital service elements.
4.1 Methods

Referring to a real-world dataset, we initially assessed data quality and applied data
transformations when necessary (dealing with missing information, outliers, etc.) (Garcia et al.,
2015; Kotsiantis et al., 2006). In particular, we re-coded nominal variables into dummy

variables (one-hot encoding) and applied min-max scaling to metrical variables to correct for

29 The dataset is publicly available from the following URL: https://www.kaggle.com/datasets/teejmahal20/airline-

passenger-satisfaction
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unnecessarily divergent variable ranges (Hancock & Khoshgoftaar, 2020; Nayak et al., 2014).
Subsequently, the dataset was divided into training and test data, with 80% used as training data
(Récz et al., 2021) for the ML models. We used the same ML algorithms as in our validation
study, i.e., ANN, RF, SVM, LR, DT, and KNN, using the predefined hyperparameters of the
ML models of the scikit-learn library (Pedregosa et al., 2011). We selected the best-performing
model for further analysis with SHAP.

4.2 Theorizing using SHAP

In our approach using SHAP, patterns are not a substitute for theory; they show what is
observed, rather than explaining why something is observed (Sutton & Staw, 1995). Although
data and patterns can serve to build theory, this requires researchers to be explicit about how
they develop theories from the data (Weick, 1995) using computational methods as building
blocks.

Before any theorizing, we defined the focus of our investigation — in this example, airline
passenger satisfaction (henceforth satisfaction). Further, based on our research goal and the
dataset, we chose an appropriate ML approach, which, in our case, led us to a classification
analysis. Next, we used SHAP to uncover the patterns identified by the black-box algorithms.
The outputs we received are at the heart of our approach, forming the foundation of the process
we followed. For an initial overview, we critically examined the variable ranking in the SHAP
summary plot of the best-performing ML algorithm (RF), which reached an F1-score of 96.2%
(see all F1-scores in Appendix C on page 191)%°. The variables shown in Figure 15 all appeared
potentially relevant, which prompted numerous naive, yet seemingly more or less plausible
hypotheses. Thus, we turned to our methodology to look more closely at the data and possibly
draw further conclusions. Following the previously outlined analysis, we wanted to (1) identify
the most important variables with the help of the SHAP summary plot, (2) find indicators for
the direction and shape of relevant variables’ relationships with satisfaction, and (3) identify (if
possible) potential interactions between the input variables. This information appeared
promising enough for us to focus our theorizing on the seemingly most relevant subset of

variables, as well as to harvest further information on the variables’ impact on satisfaction.

%0 This is comparable to the prediction power in other studies using this dataset (Hayadi et al., 2021).
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Figure 15: SHAP summary plot of RF for a real-world example of satisfaction.

First, in analyzing the SHAP summary plot, the variables with the highest impact were inflight
wifi service, type of travel, online boarding, check-in service, and customer type, while other
technology-related variables such as ease of online-booking and inflight entertainment had little
impact on the prediction of satisfaction. For our theorizing, this had two implications: It
revealed a smaller set of variables that would be easier to understand, and it showed that not all
technology variables are equally important. Thus, in our later theorizing, we would need to

consider the plausibility of estimating different amplitudes within the technology variables.

Second, we turned to the dependence plot and used it to have a closer look at the interactions
of SHAP (Lundberg et al., 2018) to gain further insight into the identified patterns. How SHAP
values related to satisfaction could possibly indicate whether a given variable continuously and
systematically impacts satisfaction (e.g., low variable values link to lower satisfaction, while
high variable values link to higher satisfaction) or whether the impact is selective (e.g., only
low variable values link to low satisfaction without any clear link between high variable values).

The five variables showed the following patterns:
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Inflight wifi service continuously and positively impacted satisfaction. Low levels of wifi
service were linked to negative SHAP values for predicting satisfaction, while a better inflight
wifi service was linked to positive SHAP values (Figure 16). However, as shown below, the
relationship between the inflight wifi service and the SHAP values exhibits two additional
peculiarities. On the one hand, only high levels of inflight wifi service displayed positive SHAP
values on average, and on the other, having no inflight wifi service was not associated with
negative SHAP values. Thus, this variable offers a hint to consider passengers’ expectations

and potential disappointment regarding wifi availability in any further theorizing.
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Figure 16: SHAP dependence plot for the variable inflight wifi service.

Online boarding satisfaction again positively impacted satisfaction. Similar to inflight wifi
service, only high levels of online boarding satisfaction resulted in positive SHAP values for
predicting satisfaction (Figure 17). A low score in this variable or the absence of this service
resulted in SHAP values close to nil. Thus, besides online boarding satisfaction being a relevant

predictor, this suggests that threshold levels should be considered for this variable.
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Figure 17: SHAP dependence plot for the variable online boarding.

Check-in service continuously and positively impacted satisfaction, but on a much smaller scale
than the first two variables, as the narrow spread in SHAP values indicated. Thus, the check-in
service is an important predictor, but it might have less influence on satisfaction (Figure 18).
One could speculate that this results from limited service variation across airlines; thus, check-

in might not be an exceptional customer experience.
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Figure 18: SHAP dependence plot for the variable check-in service.

Customer type (disloyal) and travel category (business travel) were both dummy variables

associated with satisfaction, where the business class travel category was associated with
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positive SHAP values, while disloyal customer type was associated with negative SHAP values.
These categories appeared relevant, particularly as control variables, since they describe
seemingly relevant circumstances. However, as categorical variables, they offer little variance
and thus a limited opportunity for deriving explanations. Still, they might offer opportunities

for future and more detailed inquiries.

In the third step, we plotted SHAP dependence plots with interactions. Overall, plotting the
interaction of SHAP values did not provide a very clear picture. However, the plots were
generated for variables showing the highest correlations in SHAP values. For example, the
SHAP values for inflight wifi service correlated with the customers” age (Figure 19). Thus, age
could be a relevant control variable and potential moderator in the impact of wifi service

satisfaction on satisfaction.

:
064 # &0
[ ]
[
L]
]
- . '5':'
__E 0.4 ]
£Z " '
v :
== ] -40 @
gg 0.2 . g\
S E
T o . ' -
Ve g0 i ! i -
|
-
-0.2 I l ' - 20
. : t
0 1 2 3 4 5

Inflight wifi service
Figure 19: SHAP Interaction plot for the variable inflight wifi service with age.

Further, the SHAP values of the personal travel category correlated with inflight wifi service
satisfaction and online boarding (Figure 20). This, to us, hints that the personal travel category
could impact a model in two ways: either by being a relevant moderator or by exacerbating
multicollinearity in the model. Thus, any subsequent analysis should carefully assess this

categorical variable and at least apply a stepwise approach for variable inclusion.
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Figure 20: SHAP Interaction plots for the variables inflight wifi service and online boarding

with personal travel category.

In sum, the patterns in this illustrative example displayed the most relevant variables of the
prediction model and highlighted the non-linear impacts of 1T-based services (inflight wifi

service satisfaction and online boarding satisfaction) on satisfaction.

A naive first assumption we made was related to the idea that technology-based services depend
heavily on customer expectations regarding their impact, particularly when an expected quality
had disappointed. Following discussions and abductive theorizing, we consulted the literature
on human expectations and affective reactions. We considered frustration — defined as
interference with goal attainment or a goal-oriented activity (Spector, 1978) that prevents
achieving an anticipated outcome (Fox & Spector, 1999) — as a relevant construct in explaining
our observation. Considering the ubiquity of technology, it seems plausible that customers
harbor established expectations regarding, for example, wifi-connection quality. Thus, having
wifi per se may not suffice to improve satisfaction, while offering reliable and reasonably fast
wifi services would be important to satisfy customers. A similar argument seemed reasonable
for online-boarding services, as passengers could be familiar with filling out online forms in
other contexts. Thus, to perceive frustration, a divergent expectation needs to be disappointed.
This appears more likely if customers have expectations shaped in contexts other than airline
travel because regular features of flying such as inflight entertainment, where clients expect to
sit close to a tiny screen using headphones, leave little room for disappointment®!. Additionally,
we screened the literature on service satisfaction, particularly focusing on airline service
satisfaction. While in this stream a variety of papers have incorporated measures of technology

experience or proficiency, customer satisfaction related to digital services was particularly

31 Note that this study did not investigate differences across airlines but overall airline passenger satisfaction,

using the existing dataset.
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related to self-service technology (Feng et al., 2019; W. Lee et al., 2012; Makarem et al., 2009).
As an established stream of literature building on marketing, IS, and tourism research exists,
the use case itself appeared to be of some relevance. Yet, to the best of our knowledge, no paper
explicitly addressed frustration related to technology-based services. For the purpose of
demonstration and conciseness, the theorizing we demonstrate and describe is somewhat
preliminary, but it allows us to position our approach within the greater process of theory
development. Thus, we began to organize our thoughts and preliminary theorizing in the
following abstract model:

Frustration with technology-
based services

A J

Expectation formation

Technology-based services

Regular flight-related
services (e.g.. inflight
services)

Airline passenger satisfaction

Personal characteristics
(e.g.. customer type)

Circumstances of travelling
(e.g.. personal/business
travel)

Figure 21: Preliminary model resulting from theorizing with SHAP.

The model displayed (Figure 21) could be further enriched by additional studies, e.g.,
interviews, to get a more holistic impression of the examined phenomenon. The final theoretical
model can eventually form the basis for quantitative validation, using both different (and
possibly more sophisticated) operationalizations of the measures and different, independent
datasets. For example, the customers’ expectation that essentially builds the basis for
subsequent frustration could be assessed with psychometric measures but also by assessing the
experienced service quality that may lead to the expectation formation. Particularly, this could
be done by assessing the individual wifi use and connection speed of personal devices, such as
mobile phones and personal computers both at home and in mobile networks. Additionally,
given the exploratory nature of our inquiry, we urge careful assessment of any subsequent
hypotheses. The patterns derived by SHAP only reflect the given data. Despite our abductive
theorizing and reflecting on the model’s plausibility in light of extant literature, any distortions

in the patterns could impact the subsequent model formation.
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5 Discussion

Our manuscript contributes to IS research in three ways: First, we provide an assessment of
using SHAP in pattern detection aimed at theory development. Showing the properties of GTF-
resemblance in a simulation study based on GTFs similar to recently used theoretical models in
IS papers, we illustrate that, contrary to criticism (Fernandez-Loria et al., 2022; Gosiewska et
al., 2021; Rudin, 2019; Rudin et al., 2022), we can gain valuable insights from using black-box
ML and SHAP.

Second, we propose a stepwise approach for using SHAP in CTD. This approach is not meant
to overthrow extant approaches in CTD but to complement our toolkit for CTD beyond
transparent ML algorithms (Berente et al., 2019; Miranda, Berente, et al., 2022; Shrestha et al.,
2021; Tidhar & Eisenhardt, 2020).

Third, based on our two-pronged study, we discuss SHAP for CTD in the interplay of accurate
outputs and SHAP’s overarching usefulness for CTD. We show that SHAP provides valid GTF
representations, despite critical studies on post-hoc XAl and SHAP (Fernandez-Loria et al.,
2022; Gosiewska et al., 2021; Xie et al., 2023). SHAP provides the representations in a form
that adds value to theory development by shedding light on various important aspects of patterns
in data with simple and easy-to-interpret outputs. Further, through the versatility and
independence of underlying ML models, SHAP can be used in a uniform way that contributes
rigor to CTD without ruling out the use of other, complementary approaches. We contribute to
the discussion on recent XAI methods’ usefulness for CTD (Shrestha et al., 2021), on
computational pattern detection and CTD in IS (Berente et al., 2019; Lindberg, 2020; Maass et
al., 2018; Miranda, Berente, et al., 2022), and eventually also on the search for next-gen
theorizing methods in IS (Burton-Jones et al., 2021; Grover & Lyytinen, 2023).

5.1 Recommendations for using SHAP

First, based on systematically simulated data and our validation study, we offer the following
four recommendations for using black-box ML algorithms in conjunction with SHAP to detect

patterns.

1) Explore diverse ML algorithms, encompassing both black-boxes and glass-boxes, instead
of preselecting transparent algorithms only. For predictive analysis, choosing from various
models is a standard procedure (Choudhury et al., 2021). Yet, black-box ML algorithms have
been criticized as a-theoretical (Gurbaxani & Mendelson, 1994; Smith, 2020) and generally
unsuitable for analyzing and understanding patterns embedded in data (Rudin, 2019; Rudin et
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al., 2022), thus also unsuitable for CTD (Shrestha et al., 2021; Tidhar & Eisenhardt, 2020). Our
recommendation, based on the extensive analyses, highlights that neglecting black-box
algorithms appears premature in disregarding former studies on the use of predictive tools for
theory development. Our findings indicate that the performance of ML algorithms depends
strongly on the GTF that defines the value of a variable under investigation (finding 1) and the
respective capabilities of the ML algorithms used, e.g., in identifying non-linear relations or
interactions (finding 5). Thus, neglecting black-boxes or prematurely assigning an analysis to
a certain model family potentially limits the insights to be gained on ML patterns. This is
especially relevant for new phenomena, where a lack of prior knowledge impedes well-

informed model anticipation and selection.

2) Select black-box ML models for pattern detection based on predictive power because
SHAP output quality is linked to predictive power. Considering the incongruence of predictive
and explanatory power (Shmueli, 2010; Shmueli & Koppius, 2011), emphasizing predictive
power as a selection criterion for theory development has been severely criticized. However,
our findings 2 and 3 underline the importance of high predictive power for the validity of the
SHAP outputs on all levels of analysis (i.e., identification of relevant variables, direction of
impact, and interaction). Certainly, there is no “linear” relation between predictive power and
accurate GTF mapping, which supports the contention that higher predictive power does not
necessarily indicate better “explanation” models (Shmueli, 2010). However, above the
identified thresholds, SHAP reliably mapped the pre-defined GTFs, despite the implemented
error terms in the datasets. Selecting models based on high predictive power is thus crucial in
using SHAP for CTD.

3) Critically examine common sources of reduced predictive power, which can speak against
the use of SHAP. Although some ML algorithms are suitable for datasets that consist of only a
few instances (Shrestha et al., 2021), our case shows that small sample sizes reduce predictive
power and eventually compromise the accuracy that SHAP offers in representing patterns in
data. That generally does not rule out the use of SHAP for small sample sizes; however, it
emphasizes the importance of considering different ML algorithms, their predictive power, and
the important role of sample size when using SHAP. Further, in line with Fernandez-Loria et
al. (2022), we have seen that a high number of variables potentially decreases SHAP outputs’
precision. This is especially critical for complex GTFs if the variables show different beta signs
or multiple interaction terms. Thus, potentially only the most dominant trend of the term with

the highest beta value visible prevails.
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4) Exploit the capabilities the SHAP framework provides for examining black-box ML
patterns in-depth. If interaction effects are part of a GTF, this can potentially lead to ambiguous
or misleading summary plots (Fernandez-Loria et al., 2022). However, this is not a sufficient
argument for rejecting SHAP, since, beyond the mere summary plots, it provides several
valuable extensions for examining patterns in more depth to identify interactions or non-linear
courses that can explain unintuitive variable rankings. Our findings 3 and 5 indicate that the
extensions to the summary plot provide valid outputs, based on models with high predictive
power. Additionally, for interaction effects, the ability of the underlying ML models to detect
non-linear relations or interaction effects is crucial and needs to be considered when selecting
the set of ML algorithms for pattern detection. If this further analysis still seems fuzzy for single
variables, this potentially indicates that the GTF has multiple interaction terms and contrary
beta values, which must be carefully considered.

5.2 Prescriptions for CTD using SHAP

The second part of our analysis, in which we illustratively apply a black-box algorithm and
SHAP to derive patterns and use them for CTD, shows the potential of the diverse SHAP
outputs to deliver value. Summarizing this analysis of a real-world secondary dataset, we

suggest the steps outlined in Table 3 as a potential blueprint for conducting CTD using SHAP.

Prior to any SHAP analysis, the research goal needs to be defined, data needs to be prepared,
and by using the selected ML algorithms, the different models need to be trained and evaluated.
The resulting black-box models need to be compared in terms of predictive power to make an
informed selection of a model for the subsequent theorizing steps. As an alternative to selecting
one model, several models that perform well, ideally comprising both glass-box and black-box
models, can be analyzed. Based on the outputs we receive, we can then compare models and
decide which variables were the most relevant across the different models. We can also
determine whether these are the same ones or whether a combination, which can additionally
inspire theory development, seems most promising (Rudin, 2019; Stoffels et al., 2022). If a
glass-box model outperforms the black-box models and provides insights of desired
complexity, e.g., including interactions, such a glass-box model could also be used on its own.
This would not require SHAP. Using glass-box models for theory development is very well
demonstrated in extant studies like Shrestha et al. (2021) or Tidhar and Eisenhardt (2020).
However, if a black-box model seems promising and offers high predictive power, we

recommend the following steps for revealing its patterns and using them in CTD.
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complexity (Shrestha et al., 2021).
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effects’ direction, and potential interaction effects.
[';{all?t\é erznt;ei/ond !—Iowx_e\{er, this is not theory, but a I_ow-abstract representation of the patterns we
transform identified (Berent_e et al., 2019_; _eranda, Bert_ante, et a}l., 20_22; Sutton_ & Staw,
observed 1995). Based on Ilteraturfa, additional (qualltatlve_) studies (Tidhar & Eisenhardt,
patterns into 2020), or paftern comparison across datasets (Grisold et aI.,_ 2024; Stoffels et al.,
theory 2022), theorizing neec_;ls to link variable patterns ona theoretical level. Tha_lt is, we
move from patterns displayed through related variables to theory as meaningfully
interrelated constructs. This step closely resembles traditional grounded theory
approaches where observations are transformed into constructs (Glaser, 1978;
Glaser & Strauss, 1967; Urquhart et al., 2010).

Table 3. Our proposed approach to build theory using SHAP for pattern detection.
5.3 Gaining accurate and useful patterns for CTD through SHAP

Using SHAP as a useful extension in the CTD toolbox requires valid patterns. The validity of
post-hoc XAl, in general, has been questioned (Gosiewska et al., 2021; Rudin, 2019; Rudin et
al., 2022) due to an inability to test the overall fidelity of post-hoc explanations against the
underlying black-box models. Explanation models of XAl differ fundamentally from the actual
prediction models of the ML algorithms (Xie et al., 2023). This deviation cannot be quantified
due to the unknown black-box structure of the ML models (Gosiewska et al., 2021; Rudin,
2019; Rudin et al., 2022). The inability to evaluate the ML model's fidelity is an inherent issue
of using black-boxes and remains unsolved. However, we show that the fidelity between the
various XAl outputs and the relevant patterns in data, defined by I1S-like GTFs in our case, is

high if models with high predictive power are analyzed. Insights into patterns in the data
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through SHAP have shown a close GFT-resemblance if an appropriate underlying ML model
has been selected. When using ML for CTD, we are primarily interested in understanding
patterns in data (Berente et al., 2019; Lindberg, 2020; Miranda, Berente, et al., 2022), not in the
prediction models per se. Considering this, the provision of accurate representations of patterns,
regardless of perfect fidelity to the prediction models, underlines the validity of post-hoc XAl
tools, particularly SHAP, for CTD.

Providing valid insights on data is a necessary but not sufficient condition for SHAP to be useful
for CTD. This requires that the patterns SHAP offers must comprise information in a form that
can be used to create value in the use context, i.e., for CTD. Showing that this is the case, we
address Shrestha et al.’s (2021) call to examine recent XAl approaches’ usefulness for theory
development. SHAP provides output that is easy to comprehend and at the same time offers
important insights for CTD. SHAP output takes a form akin to that of common descriptive
methods, such as ordered lists of variables or scatter plots comprehensible to researchers with
social science, economics, or IS backgrounds. Based on the different plots SHAP provides, one
can identify the most important variables for understanding an outcome, examine their
functional form and the direction of their impact, and investigate the potential interaction effects
between input variables. These observational-level insights can inspire our theorizing by
uncovering understandable relations of tunable complexity in data and inspire theorizing
through human abduction (Lindberg, 2020; Maass et al., 2018; Miranda, Berente, et al., 2022),

as shown in our user-study.

Like a microscope revealing otherwise invisible microbes, post-hoc XAl, such as SHAP, allows
additional empirical observations. Yet, XAl does not provide explanations of these observations
that transform them into a more abstract and generalizable statement on real-world phenomena.
Neither does a microscope explain the lives and purpose of microbes, nor does it necessarily
provide the whole picture that we need to make sense of a phenomenon. The same holds for
SHAP — it cannot make black-boxes fully transparent, nor can we generate mature theory using
SHAP alone. Thus, CTD using SHAP is not per se superior to traditional (qualitative) methods,
nor is it better than using glass-box approaches; even so, it provides a valuable extension for
theory development to usefully complement the extant CTD toolset (Berente et al., 2019;
Miranda, Berente, et al., 2022; Shrestha et al., 2021).

Beyond the question of mere usefulness, SHAP offers added value by providing a uniform and
comparable approach for pattern detection (Lindberg, 2020; Maass et al., 2018) that can benefit

rigorous theory development and increase the traceability of the theorizing process. SHAP, as
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a model-agnostic XAl method, enables a large number of different outputs for the relationships
in data and can be used flexibly for pattern detection aiming at CTD. The outputs are generated
in a uniform way, highlighting the most important input variables for understanding the
outcome variables and the nature of their impact. This greatly reduces the time required to gain
first insights on patterns in data, as we do not need adaptation to the use case, nor time to learn
how a model output must be interpreted. For instance, using a decision tree for one and a logistic
regression for another use case requires different ways of interpreting, whereas the SHAP plots
are always structured in the same way. Also, the resulting outputs can easily be compared for
insight into the predictions of different ML algorithms, which allows us to consider insights
from different black-boxes for further steps in CTD. Due to their easy-to-interpret visual forms,
SHAP outputs can also be compared to insights from other sources like glass-box algorithms.
This can be particularly interesting in cases where different algorithms provide fundamentally
contrastive patterns, without differing much in terms of predictive power (i.e., a Rashomon set)
(Fisher et al., 2019; Stoffels et al., 2022).

The versatility and the uniformness of its outputs provide the possibility of using SHAP
according to blueprints, such as the one outlined above. In turn, this allows for its rigorous and
traceable application, which is a development hardly possible (or desirable) in many theory
development methods (Gioia et al., 2013). Yet, this allows us to evaluate SHAP’s application
quickly and easily. Considering all the above points, SHAP promises to be a useful extension
for CTD (Berente et al., 2019; Miranda, Berente, et al., 2022; Shrestha et al., 2021) and
methodologically contributes to the search for next-gen theorizing in IS (Burton-Jones et al.,
2021; Grover & Lyytinen, 2023).

5.4 Limitations

While our simulation analysis comprised a total of 96,000 explanation models across 1,000
randomly generated datasets, eight GTFs, and two error settings, it is important to recognize
the generalizability limitations of our approach. Our analysis approximates known scenarios
within the IS field, relying on simplified models that might not capture the true complexity of
GTFs (Grisold et al., 2024). While we are confident that generating 1,000 diverse datasets with
multiple variations of parameters such as error strength, the number of instances, and variables,
gives a good indication of SHAP’s capabilities to detect accurate patterns, this is, of course, not
a universally valid test for SHAP. Given the infinite possibilities for GTFs in reality, some
parameters and distributions will not resemble our GTFs at all, which therefore prevent us from

assessing SHAP’s capabilities in the cases beyond the complexity of our simulation analysis.
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Further, concept drifts pose a substantial challenge to all approaches using ML for detecting
patterns in data. Concept drifts refer to fundamental changes in phenomena, and thus in the
data, over time (Webb et al., 2016). They occur, for example, when different individuals enter
an existing market or when natural disasters fundamentally change contextual factors (Liu et
al., 2023). Concept drifts can significantly impact the predictions of ML algorithms since
patterns found in past data might not persist (Liu et al., 2023; Lu et al., 2019; Widmer & Kubat,
1996), thus leading to inaccurate predictions and potentially unreliable and eventually useless
XAl explanations. They potentially inhibit pattern validation in a different dataset.
Consequently, concept drifts can impair theory development, particularly the validation of XAl
patterns. Therefore, researchers applying our approach need to consider potential concept drifts
in their data, such as temporal or seasonal patterns, emergent changes to sample composition,
or exogenous shocks. While concept drifts do not hinder our approach per se, the challenge of
testing any ML pattern-inspired theory is amplified.

Using black-box algorithms and XAl limits troubleshooting. Although we have shown that
SHAP can offer accurate representations of GTFs, the prediction models themselves stay
opaque (Rudin, 2019). Consequently, in the case of ambiguous SHAP outputs, it is not clear
whether this is grounded in the data, the ML algorithm, or due to SHAP. The drawbacks of
importance weights to indicate how a variable impacts a decision, as well as the high
computation time in comparison to other XAl methods like counterfactual explanations
(Ferndndez-Loria et al., 2022), are further possible weak spots. Like Fernandez-Loria et al.
(2022), we see that complex interaction settings in combination with contrary beta signs in the
GTF limit the use of SHAP. Additionally, ML is generally challenged due to the risk of rising
spurious patterns (Smith, 2020). Spurious patterns can emerge due to various factors, including
issues in data collection, statistical anomalies (Bokelmann & Lessmann, 2019), overfitting in
machine learning models (Choudhury et al., 2021), and sampling bias. Non-representative
samples, in particular, can result in misleading patterns that offer little insight into

understanding a phenomenon better (Hastie et al., 2009).

Our approach inspires theory; it does not build it from XAI. However, the methodological
challenges will potentially increase the challenge of validating these theories. We do see an
opportunity in re-testing patterns across datasets and contrasting the opportunities for empirical
validation between black-box and glass-box algorithms to gain further insight toward advancing

not only theory but also methodological development. Further research on such systematic
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sources of erroneous insight in patterns is needed to continually improve the validity of the
insights we gain through ML and XAl for CTD.

6 Conclusion

We set out to answer the question: Can XAl, and particularly SHAP, uncover patterns to
accurately represent phenomena, and is it useful for computationally intensive theory
development? We have approached answering this question from two perspectives. First, to
assess the extent to which SHAP is capable of providing valid insights into obscure patterns,
we analyzed how accurately it could map GTFs in simulated datasets. SHAP can reliably
provide accurate insights into different patterns, such as non-linear ones or interactions for
black-box models, yet it does require informed and careful model selection. Second, after
having shown that SHAP fulfills this necessary condition, we illustratively applied this XAl
tool for theory development, illustrating how to exploit SHAP outputs for CTD. We have shown
that SHAP provides useful insights for CTD and can contribute to theory development and the

discussion on next-gen theorizing methods in IS.
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8 Appendix (Study 4)

Variable name
Gender

Customer Type

Age

Type of Travel:

Class

Flight distance
Inflight

wifi service
Departure/Arrival
time convenient

Ease of Online
booking

Gate location

Food and drink
Online boarding

Seat comfort

Inflight entertainment
On-board service

Leg room service
Baggage handling
Check-in service
Inflight service
Cleanliness
Departure Delay in
Minutes
Arrival
Minutes
Satisfaction

Delay in

Table 4: Appendix A -

Description

Gender of the passengers (Female, Male)

The customer type (Loyal customer, disloyal customer)

The actual age of the passengers

Purpose of the passenger’s flight (Personal Travel, Business Travel)
Passenger’s flight travel class (Business, Eco, Eco Plus)

The flight distance of this journey

Satisfaction level of the inflight wifi service (0: not applicable;1-5: low -
high)

Satisfaction level of departure/arrival time convenient (0: not applicable;1-
5: low - high)

Satisfaction level of online booking (0: not applicable;1-5: low - high)

Satisfaction level of gate location (0: not applicable;1-5: low - high)
Satisfaction level of food and drink (0: not applicable;1-5: low - high)
Satisfaction level of online boarding (0: not applicable;1-5: low - high)
Satisfaction level of seat comfort (1-5: low - high)

Satisfaction level of inflight entertainment (0: not applicable;1-5: low - high)
Satisfaction level of on-board service (0: not applicable;1-5: low - high)
Satisfaction level of leg room space (0: not applicable;1-5: low - high)
Satisfaction level of baggage handling (1-5: low - high)

Satisfaction level of check-in service (1-5: low - high)

Satisfaction level of inflight service (0: not applicable;1-5: low - high)
Satisfaction level of cleanliness (0: not applicable;1-5: low - high)
Minutes delayed at departure (in minutes)

Minutes delayed on arrival (in minutes)

Airline passenger satisfaction level (0: neutral or dissatisfied; 1: Satisfied)
Variable description of the real-world case.
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Table 5: Appendix B - Variable dependences plots sorted by GTF.
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ML model F1-score
LR 87.3%
DT 94.5%
KNN 92.7%
SVM 94.6%
MLP 96.0%
RF 96.2%

Table 6: Appendix C - F1-score of the ML models for the real-world dataset.
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