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Abstract 

Behavioral experiments are a highly suitable method for testing theories, as they can 
establish causality while controlling for other confounding factors. However, researchers 
that aim to conduct and publish such studies face various concerns about the 
methodological approach. A lack of clarity exists in our field as to which related practices 
and design decisions are legitimate and accepted. To address this issue, we present a 
structured literature review that analyzes the designs of 168 behavioral experiments 
published in the Senior Scholars’ Basket of journals. We find that most experiments are 
confirmatory, individual-level, between-subjects laboratory experiments. At the same 
time, we find that some under-represented experiment designs, such as exploratory 
online experiments, may bear potential for identifying new behaviors and constructing 
new or proper-to-IS theories. This paper contains an in-depth discussion on the findings 
and provides decision support to IS researchers that seek to design and publish 
behavioral experiments.  

Keywords:  experiment design, behavioral IS, literature review, behavioral experiment 

Introduction 

Over the last few decades, ‘behavioral experiments,’ a term we use to refer to experiments investigating 
human behavior, have been applied to study a broad range of important issues in information systems (IS) 
research, including explaining behavior that deviates from rational decision-making (Gupta et al. 2018). At 
the same time, various concerns about behavioral experiments have been raised by the IS audience. These 
include questioning the adequacy of the choice of participants (in particular whether students are a suitable 
population to infer behaviors of non-student populations, e.g., in Johnson et al. 2016; Nuijten et al. 2016; 
Pelet and Papadopoulou 2012), doubting the legitimacy of measuring intentions rather than actual behavior 
(Park et al. 2008; Singh et al. 2005), or specific concerns regarding the operationalization of variables (Hui 
et al. 2007; Vance et al. 2014; Wells et al. 2011). There seems to be a lack of clarity with regards to what 
practices and design decisions are established, legitimate, and accepted in the field of IS (Gupta et al. 2018). 
This is relevant, as research practices are perceived differently by communities of research. For example: 
The use of deception in behavioural experiments (i.e., making participants believe something that is not 
true) is heavily relied upon in psychology, whereas it is avoided in economic research (Hegtvedt 2014). Or 
pre-registration of research designs, which is a practice that is not yet established in IS, but has a long 
history in medical research (van't Veer and Giner-Sorolla 2016). This clarity may be necessary, however, to 
conduct “good” research, and it entails on the one hand that we understand which practices are commonly 
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accepted in our field, and on the other that we have a good understanding of the desirability of these 
practices. Such insights can be drawn from reviewing the current body of literature (establish the status 
quo) and from making sense of such a review by triangulating the observed practices, as measured by 
isolating relevant experiment design decisions, with methodological literature. Based on such insights, IS 
researchers may both be helped in effectively communicating experiment-based behavioral studies and, in 
their capacity of readers and reviewers, to understand the reliability and quality of a given study. 

After intensive searches both on databases and by studying existing experimental studies’ references lists, 
we posit that such a literature reviews on the use of behavioral experiments in IS does not exist. On May 4th 
2021, the Web of Science Core Collection features 2,646 papers with the topic keywords “experiment” and 
“Information Systems”. From these, 35 are review papers, only one of which partially discusses the use of 
experimental research methods (i.e.: Banker and Kauffman 2004, addressing experiments in the context of 
Human Computer Interaction). Therefore, by investigating past use of behavioral experiments in well-
published IS research, this structured literature review (vom Brocke et al. 2009) contributes to the existing 
knowledgebase by providing its readers with an overview of sound experiment designs that are publishable 
and suitable for IS research on the one hand, while also providing some sensemaking on these practices, 
and discussing interesting (possibly under-utilized) research designs. 

In the following section, the relevant background on behavioral experiments and the design decisions in 
creating a behavioral experiment are presented. This provides the bases to discuss design decisions and 
their implications, as well as to reflect on the status quo. Thereafter, the procedures used to identify and 
analyze the relevant literature are introduced. The results stem from the analysis of 160 papers published 
in the Senior Scholars’ Basket of journals, featuring 168 behavioral experiments. These experiments are 
remarkably similar in various design aspects. For example: 73.8 percent of experiments sought to confirm 
specified hypotheses, investigated individual-level behavior, and split the conditions in a between-subjects 
design. Other design aspects and design combinations are less often used (but still published). This paper 
contributes to the field of IS by combinedly making sense of methodological background knowledge on 
experimental research design and established practices on the design decision level, and by critically 
reflecting our practices. 

Background 

As a first step of this literature review, the core concepts and key issues relevant to the topic are discussed 
(vom Brocke et al. 2009). In doing so, the following paragraphs clarify what behavioral experiments are, 
how they work, and what design decisions they come with. 

Behavioral Experiments 

The understanding of ‘experiment’ used in this paper follows Webster and Sell to whom a study is an 
experiment, if “an investigator controls the level of an independent variable(s) before measuring the level 
of a dependent variable(s)” (2014, p. 7) Thereby, the independent variable (IV) corresponds to the 
hypothesized cause. The focal effect of that cause is the dependent variable (DV). Hence, any change in the 
IV may affect the DV which, therefore, depends on the state of the IV. To test such a relationship, the 
concurrent state of the IV and the DV are measured. With the data gathered from many such measurements, 
with at least two different states of the IV, groups based on the IV-value can be compared. The goal of a 
behavioral experiment is usually to establish causality between IV and DV, or else to reject the hypothesis.  

The mechanism used to establish causality is straight forward: If in a constant environment only one input 
variable changes and the output is affected, then the change in the output must stem from the change in the 
input. This kind of procedure requires some form of artificiality, which allows researchers to observe the 
effect of specific variables in isolation of confounding variables (Webster and Sell 2014, pp. 10-12). Such 
isolation may be designed by providing a controlled environment, in which researchers can keep stimuli 
low and focused (such as in a laboratory, rather than in public places). Thanks to this artificiality, 
experiments are highly suitable for testing theories, making them a valuable research method (Thye 2014, 
p. 78). After all, theoretical contributions and the evidence supporting their proposed causal relationships 
are central to bring forward new research (Zellmer-Bruhn et al. 2016, p. 399). 



 Design Decisions in Behavioral Experiments 
  

 Forty-Second International Conference on Information Systems, Austin 2021
 3 

In a behavioral experiment, the DV is related to a human behavior. Researchers must decide for each study, 
which experiment design decisions are most appropriate for answering their research questions (Gupta et 
al. 2018, p. 603). In the following, the most relevant and generalizable design decisions are presented. For 
the sake of structure and clarity, they are grouped as being either conceptual or operational. 

Conceptual Design Decisions 

The decisions we termed ‘conceptual’ are taken before participants are introduced into the research process, 
including the research question, research logic, level of analysis, validity focus, and the research model: 

Research Question, Research Logic, and Level of Analysis 

Based on the definition of experiments provided above, an experiment is used to investigate the effect 
certain independent variables have on dependent variables. Given this setting, many different question 
types can be answered through experiments, though experiments are not ideal for all research questions. 
For example, purely exploratory research in a novel context may find little benefit in using experiments, as 
there may not be a clear understanding of which variables are to be measured in the first place. For research 
questions that address a relationship between an IV and a DV (i.e., containing a hypothesis), experiments 
have clear strengths. Such questions may include how strongly a certain IV affects a specific DV, in what 
direction it changes the latter, but also what IV may be most suitable to manage the level of a DV. The 
research logic that underlies such questions is the confirmatory logic, since one seeks to confirm or reject 
a hypothesis. This activity is most relevant to the field of IS, which draws from and relies on many theories 
from other fields (Bitektine et al. 2018; Thye 2014, pp. 73-76). Such theories are to be tested before 
introducing them. The increased acknowledgment of behavioral aspects to IS suggests an increase of 
relevance of behavioral theories. Testing such theories can be done effectively with behavioral experiments. 

The counterpart is the exploratory research logic, which primarily serves as a systematic inductive enquiry 
to develop hypotheses. The latter can be used to develop new theories (Sudgen 2008, p. 623 cit. in Gupta et 
al. 2018). Questions may include: What are effects (DVs) of manipulating a specific IV? What antecedents 
(IVs) may explain a certain behavior (DV)? In experimental research designs, the exploratory research logic 
is more difficult to implement, as there is uncertainty about the variables that need to be measured. These 
two research logics have been described as inductive vs. deductive (Gupta et al. 2018, p. 604), applied vs. 
fundamental (Bitektine et al. 2018), or empirically-driven vs. theory-driven (Thye 2014, p. 73). 

Another conceptual design decision is the level of analysis. We refer to the individual level of analysis on 
the one side and the team or group level of analysis on the other, where the behaviors are observed in 
individuals and teams respectively. While behavioral experiments are mostly used for testing individual-
level behavior, decision-making, or perceptions in certain conditions (Jung et al. 2017, p. 2), they are also 
appropriate for investigating collaborative behavior on group- or system-level (Riedl and Rueckel 2011, p. 
7). This differentiation is salient for IS research, since parts of its phenomena arise from team- or system-
level behavioral patterns that may not be predictable by simple aggregation of individual behavior (e.g., 
organizations as complex adaptive systems, Haki et al. 2020; Schneider and Somers 2006). 

Validity Trade-off 

The validity trade-off is not necessarily tied to the research question, but rather the phenomenon and the 
existing research on it. The design decision is the choice on which type of validity an experiment should 
focus: internal or external validity? Internal validity can be ensured with very tight controls of both focal 
and environmental variables. In other words: if the environmental setting is simplified to the essence 
necessary to operationalize the research model, the constructs from that model can be isolated most crisply. 
Therefore, any findings may allow for direct theory-related insights (internally valid interpretations). In 
this case, external validity (i.e., the explanatory power of the identified relationship in a natural setting) is 
usually low, because of the richness of extraneous variables that may affect behaviors but are neither picked 
up by the research model used, nor quantified by the variables measured. An experiment that focuses on 
external validity may thus use a less controlled, natural setting, in which the focal variables are measured. 
This yields higher accuracy in predicting real behavior, while the claim for causality is much weaker. In 
other words: If the goal is to establish causality on an abstract, conceptual level, then high internal validity 
(and therefore experimental settings that do not resemble reality at all) is the target measure. If the goal is 
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to create a prediction without necessarily understanding all mechanisms involved, a focus on external 
validity (and therefore experiments in settings that are or closely resemble reality) is appropriate. 
Researchers that intend to use a behavioral experiment for their study of a phenomenon can thus 
implement it such that its resulting explanations feature high internal validity, high external validity, or 
some middle ground between the two. 

There are some archetypical experiment designs, which can depict this differentiation. In short, laboratory 
experiments feature a high level of abstraction, operationalizing the precise constructs relevant to the 
theory, and controlling everything else. Harrison and List (2004) define classical laboratory experiments 
as being conducted with students, whereas other experiment types are done with non-students. In other 
words, an experiment that takes place in a laboratory is not automatically a laboratory experiment. If for 
example practitioners are to participate in such an experiment, their unique experiences and knowledge 
add some level of field-character (Harrison and List 2004), potentially lowering the focus on internal 
validity. Thanks to the strong control of confounding variables, laboratory experiments are ideal to 
investigate specific theoretical relationships irrespectively of whether the behavioral outcomes can be 
observed in an uncontrolled environment. Researchers may use them if the theory they investigate is not 
yet well established in their specific domain. In IS research, this is a very common scenario, since many 
theories are adopted from other fields and need testing first (Bitektine et al. 2018; Thye 2014, pp. 73-76). 
While the abstract laboratory environment is great for inferring internal validity, natural field experiments 
are more concerned with the predictive power of a theory in foreseeing real-world behavior (external 
validity) (Gupta et al. 2018). For researchers that are more concerned with observable behavior over 
internal validity (e.g., in design science research), field experiments may be more useful. Thereby, the 
differentiation is not clear-cut, but rather a continuum with laboratory on the high internal and low external 
validity end and natural field experiments on the low internal and high external validity end, with a variety 
of field experiment types in between. For an in-depth type discussion, we refer to Harrison and List (2004). 

Research Model and Composition of Conditions 

Having defined the research question (and therewith the research logic pursued), the level of analysis, and 
a suitable validity trade-off (and therefore the type of experiment to be conducted), researchers can define 
the research model in more detail (i.e., set the number of levels for each IV). It is important to gain an 
understanding of these fundamental aspects of the experiment first. In particular, the number of conditions 
one may use in an experiment is strongly dependent on the question (e.g., number of IVs and DVs), on the 
number of participants needed per measurement (level of analysis – group vs. individual), and the 
environment in which one may be able to find such participants (laboratory vs. field experiment). A 
‘condition’ is the term used for one distinct manipulation (and measurement) procedure. Common research 
models consist of two (manipulated, unmanipulated), three (high, low, unmanipulated), and four 
conditions (two intertwined IVs with low and high levels). In case several IVs are tested at various levels, a 
design that combines all levels of all variables is called a full factorial design. The design is usually denoted 
as one number per IV indicating the levels that each IV can have, separated by a multiplication operator or 
‘x’ (e.g., one IV with a low and high level and a second IV with low, high, and absent manipulation would be 
denoted a 2x3 design). 

The number of conditions yields the maximum number of participant groups, depending on the 
composition of conditions. A design in which participants are assigned to one condition only (i.e., they are 
not part of any other condition) is called a between-subject design, since the effects of different conditions 
are compared between participants. Its opposite is a within-subject design, where participants are part of 
all conditions sequentially and researchers compare the effects of different conditions within each 
participant. The latter requires less participants, since each participant contributes to the observations 
about each condition (e.g., in a 2x2 within-subject design, one participant yields four observations, whereas 
each participant only yields one observation in the between-subject design). The downside is that within-
subject designs are more prone to biases (e.g., participants may anchor their behavioral response to a 
manipulation based on the manipulation(s) they were exposed to before, see anchor and adjust heuristic 
(Dolan et al. 2012; Tversky and Kahneman 1974) or the order effect (Perreault 1976)). A last way to assign 
participants is the mixed-subject design, which combines the two. Some manipulations are administered to 
all participants (within-subject), while exposing sub-groups to group manipulations (between-subject). 
This design lowers the total number of participants needed compared to a between-subjects design, while 
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allowing for clear separation of groups based on certain (but not all) variables which may be particularly 
prone to biases.  

Operational Design Decisions 

In this sub-section, the design decisions that are less fundamental and more focusing on the operational 
implementation of the experiment are discussed. Such design decisions include whether to use pre-tests, 
manipulation checks, or control variables, whether participants are assigned randomly to the conditions, 
whether to implement a baseline measurement, which participants to acquire, how to remunerate them for 
their work and whether to use deception or not. 

Pre-Test, Manipulation Check, and Control Variables 

Pre-tests, manipulation checks, and the use of control variables all have the goal of improving the quality 
of the experiment. In particular, pre-tests are tests of the feasibility and the adequacy of the manipulations. 
This means that in some form or shape, a test run is conducted, based on which improvements to the 
experiment design are implemented before gathering the relevant data. These tests are usually done with a 
small sub-sample of the population. Researchers may use pre-tests to make sure that e.g., the target 
population understands the terminology and scenarios presented to them as intended, that any tools used 
during the experiments work and are explained sufficiently for the participants to use them, that the 
participants stay concentrated during the time of the experiment, etc. Pre-tests can be used for testing the 
entire experiment (test run) or aspects of it (e.g., understandability of the introduction texts), and the 
participants are usually not partaking in the final experiment.  

Manipulation check: A manipulation check is used to make explicit, whether the participants perceive the 
manipulation in the same way as the researchers intend them to be perceived. For instance, the picture of 
a scary monster might frighten some people (intended effect, e.g., if the construct that is to be elicited is 
fear) while others might be fascinated by the artist’s creativity (unintended effect, and thus not testing the 
theory’s construct). Manipulation checks can be used for pre-tests and the final experiment. They usually 
rely on existing measurement items and scales that have been used in the past to measure the specific 
constructs used in the experiment (IVs). 

Control variables: These are used to make certain characteristics of the participants explicit (rather than 
nullifying them through random assignment, see below). This allows for more differentiated analyses of the 
measured DV, which would be impossible otherwise. Popular control variables include age, education, 
gender, and income, but any reasonably justified variable may be suitable (e.g., experience with a certain 
topic, personality traits, habits). 

Random Assignment and Procedural Order 

The method used to assign participants to their conditions is also part of the design decisions. Either 
participants are allowed to choose themselves, or they are assigned by the researchers. In the latter case, 
researchers can randomly assign participants to conditions. Random assignment plays a crucial role in 
experimental research, since it provides researchers with a means to hold extraneous factors constant (Thye 
2014). The idea is that individual characteristics influencing the DV independently of the IV should be 
equally distributed among conditions, nullifying their effect on group level. In some cases, participants may 
be assigned based on individual characteristics (often used in natural field experiments, e.g., Ge et al. 2017).  

Procedural order: Procedural order describes how the procedural steps of manipulating the IV and 
measuring the DV are arranged. In experiments, a measurement of the DV must always occur after the 
manipulation(s). However, one must decide whether a measurement is also done before the manipulation 
(i.e., measuring the DV in its unmanipulated state), whether several measurements should occur after the 
manipulation (i.e., testing for persistence of measured effects), and whether several manipulations should 
be administered in succeeding order (i.e., within-subject design). 

Choice of Participants, Remuneration and Deception 

Choice of participants: Participants can be students, which is often a convenience sample for researchers. 
Though many studies discuss student samples as limiting factors to external validity, students have 
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repeatedly been found to be representative of the general population (Bettenhausen 1991; Roth 1988). 
Other options include a specific group as characterized by some key identifiers (e.g., professionals who are 
highly involved in a specific topic, see: Richard et al. 2012), the general public, or the combination of 
students with either one of these groups. The latter may be used to increase generalizability of results (e.g., 
Keith et al. 2015). Indeed, the choice of participants can affect the outcomes and thus the generalizability 
(Bettenhausen 1991), as well as the cost or incentives that have to be provided to motivate participation.  

Remuneration: Participants may be incentivized through monetary rewards, attribution of course credits 
(cf. Sia et al. 2002), relief of coercive pressure (e.g., escaping punishment, see: Biros et al. 2002), a raffle 
for prices (e.g., USB flash drives, as in Riedl et al. 2010), or new insights (e.g., a personality report, see: Tam 
and Ho 2005). 

Deception: The use of deception refers to the purposeful misguidance of participants into believing 
something that is not true (e.g. using a disguise for testing data disclosure behaviour, see: Keith et al. 2015). 
While deception is heavily used in psychology, it is frowned upon in economic research (for a more detailed 
discussion on deception: Hegtvedt 2014).  

The aspects of experimental research designs presented above indicate that there is a variety of 
implementation options for experimental studies and that these may be used for different purposes. To 
better understand what has been published successfully and thus, what behavioral experiments have been 
used for conceptually, these design decisions presented throughout this background section are being used 
in the framework for analysis of the subsequently presented literature review. 

Methodology 

This study follows a structured literature review method. This method is used to make sense of existing 
knowledge, be it on specific topics, general developments or, as in our study, practices (Webster and Watson 
2002). This is a relatively rare genre choice in the IS community, but it bears great potential. As Rowe (2014, 
p. 242) argues, there is a risk of becoming unable to produce theories with broad impact in IS and beyond, 
as we heavily depend on other disciplines without clear understanding of the IS literature itself. Poor 
understanding not only refers to theories, but also to practices. Being geared toward producing such an 
understanding of practices, this literature review’s contribution focuses on sensemaking, rather than the 
creation or aggregation of explanatory theoretical knowledge. 

Methodologically, this work is oriented on Webster and Watson (2002), as well as vom Brocke et al. (2009). 
Both publications underline the relevance of structure and rigor in a review. In particular, the literature 
search process should be precisely documented, such that readers can judge the quality, trustworthiness, 
and rigor of a given review. This review is not only concerned with summarizing, as in a narrative synthesis 
(Tate et al. 2015, p. 104). Instead, it critically analyses the use of experimental research methods in IS 
research and discusses its strengths and untapped potentials (Rowe 2014, p. 243; Webster and Watson 
2002).  

Literature Search and Selection Process 

There is a variety of selection criteria for the literature of this review: the journal, database, search strings, 
as well as some characteristics of the publications’ content. 

Journal and databases: First, the journals had to fit the topic and thereby cover IS research. While Webster 
and Watson (2002, p. xvi) argue that the most relevant contributions to any field are most likely to be found 
in the leading journals, selecting the latter also ensures highest rigor standards. Selecting the leading 
journals is relevant for our paper, as we investigate practices that are accepted. For the field of IS, these are 
the eight journals of the Senior Scholars’ Basket of Journals, namely the European Journal of Information 
Systems (EJIS), Information Systems Journal (ISJ), Information Systems Research (ISR), Journal of the 
AIS (JAIS), Journal of Information Technology (JIT), Journal of MIS (JMIS), Journal of Strategic 
Information Systems (JSIS), and MIS Quarterly (MISQ). IS research is highly cross-disciplinary. 
Nevertheless, publications only from the field of IS are considered because the goal of this review is indeed 
the specific usage of experimental research methods in IS research. The database used is Web of Science 
and we did not use any temporal restrictions.  
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Search strings: The searches were keyword-based and executed in the title, abstract, and keywords of the 
respective publications. After careful consideration of literature on experimental research with the intent 
to find related keywords (e.g., ‘random assignment’, ‘manipulation’, ‘treatment group’, ‘control group’), we 
chose to simply use ‘experiment’ since we found no significant increase or improvement of hits by using 
others. Furthermore, ‘experiment’ was rarely used as a verb (to experiment) and was therefore deemed to 
be efficient in identifying experimental studies. Since the primary target of this review is geared towards 
human factors (and hence behavior, rather than e.g., technology), behavior-related studies were used. To 
narrow the search down accordingly, “behavio*” was added. Hence, the keyword string was as follows: 
experiment AND “behavio*”. 

Characteristics of the publications: These keywords are not very specific. Some hits within the eligible 
outlets might not cover the application of experimental methods. There are two ways to improve this: (1) 
more specificity in selecting keywords, or (2) eliminating unsuitable papers from the results one-by-one. 
These options indicate the spectrum between suppressing findings through more rigid processes and 
getting overwhelmed with the sheer amount of literature to work with (Tate et al. 2015, p. 104). Considering 
that the amount of publications found revealed a manageable number of papers (160 papers), we opted for 
the second option. In order to keep the reviewing process structured, unbiased and (to a degree) repeatable 
(Rowe 2014, p. 246), we used a rule for inclusion: Only studies in which experimental methods were applied 
are to be used. This restriction is suitable for the purposes of this review, effectively excluding hits that are 
hard to differentiate through mere keyword selection, such as meta-analysis papers. 

Framework of Analysis and Coding Procedure 

To analyze the identified papers, we constructed a coding framework including coding instructions based 
on the design decisions presented in the background section. While this selection covers important general 
design decisions, there are further design aspects that could be of interest, in particular some more detailed 
ones such as the subtleness of the manipulations, the order in which questions were asked, or procedures 
such as attention checks. Since this is the first review of this sort, we only included these general conceptual 
and operational design decisions. The coding instructions we used are presented below. 

Conceptual Design Decisions 

Research logic: We have determined the research logic based on the provision of specific relations between 
IV(s) and DV(s) before conducting the experiment. In other words, if the independent and the dependent 
variables as well as the relationship between them were hypothesized prior to the experiment, we have 
coded the research logic as being confirmatory and otherwise exploratory. 

Level of Analysis: If the focal observation of a study was not based on group-behavior, and phenomena 
arising in collective actions, we coded the level of analysis as individual, rather than group level. 

Validity trade-off: Instead of using the focus of validity on either internal or external validity, we used the 
explicit declaration of the experiment type (either laboratory, field (general), artefactual field, framed field, 
or natural field) as codes. For studies without specification or stating ‘experiment’ only, we used ‘none’. 

Composition of Conditions: Where available, we have used the explicitly stated condition composition (i.e., 
between-subject, within-subject, or mixed-subject design). However, in many instances, this was implicitly 
addressed. In these cases, we have checked the texts for clear indicators on how the conditions were 
composed (e.g., with 100 participants and 4 conditions, if 25, 100, or 50 measurements are reported on, a 
between-subject, within-subject, or mixed-subject design respectively was used). If no clear indication 
about the composition was provided either, we have left the space empty. Furthermore, we have coded the 
number of conditions where this was provided. If this information was not explicitly provided, we computed 
it based on the factorial design proposed (e.g., 2x2x2 = 8) or based on the text’s content, if the latter differed 
from the explicitly stated factorial design (e.g., because of an additional control condition). 

Operational Design Decisions 

Pre-test, manipulation check, control variables, deception: As stated explicitly or made clear otherwise 
(e.g., if analysis required control variables), we have tracked the use of these operational design options 
binarily (yes/no). As opposed to ‘yes’, ‘no’ is not a certain indicator for absence, since it is rarely stated 
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explicitly that one did not use them. As opposed to the other design decisions of this group, deception is 
much less likely to be subject to false positives, since using deception is unlikely to remain uncommented 
by the author(s) and not to be picked up on by the coding researchers. 

Random Assignment: If stated as such, we attributed the experiments to either self-selection or random 
assignment. If neither was explicitly mentioned, we have left the space empty. An exception to this are 
(natural) field experiments, that feature groups based on behavioral patterns. Since this is a form of self-
selection, we have classified them as such, even without explicit statement. 

Procedural Order: To keep track of the procedural order, we have used an abstraction mechanism as 
presented by Thye (2014, p. 68). The “manipulation of the IV” was coded as X (or in case of several IVs: Y, 
Z, …), while the measurement of DVs was coded as O (or o if the measurement was in the unmanipulated 
state). Hence, the codes resemble the following: X->O (manipulation and measurement, also called “one-
shot post hoc experiment”), o->X->O (including baseline measurement, a one-condition pretest/post-test 
design), or X->O->O (with follow-up measurements to track temporal persistence of effects). 

Choice of Participants: We have coded the participant types as explicitly or implicitly stated to be either 
students, a specific group, the general public, or a combination of students and any of the other two. 

Remuneration: The codes we have used for the type of remuneration are cash (including variants of it: fixed 
rate, variable rate, fixed and variable rate), course credits, (relief of) coercive pressure, nothing, and ‘other’. 
While we coded these aspects binarily (yes/no), we coded ‘other’ openly (e.g., candy). 

Results 

Our search in the literature resulted in retrieving 160 papers with 168 experiments, spanning from the year 
1988 to 2018. All publications available on Web of Science as of November 2018 have been used for this 
review. When looking at the number of publications in the following eight journals, it becomes clear that 
the primary outlets for behavioral experimental research are ISR (50), MISQ (38), and JMIS (35). JAIS 
(15), EJIS (13) and ISJ (7) also published some experiments. However, the search yielded no hits in JSIS 
(0) and only two hits in JIT (2). The following subsections contain the results from the analysis, which are 
also summarized in Figure 8.  

Conceptual Design Decisions 

18 out of 168 experiments are exploratory (10.7%), and the rest is confirmatory (89.3%, Table 1). Since 
experiments’ main strength lies in testing theories, this is unsurprising. Most confirmatory experiments are 
conducted in the lab (62.7% of them) as between-subject designs (82.7% of them). Conversely, among the 
exploratory experiments (10.7% of all experiments), a majority was not stated to be laboratory experiments 
(13/18, see Table 2). Most of these exploratory experiments are between-subject designs (83.3%) as well. 
Of all experiments, the condition compositions are 82.7 percent between-subject, 8.9 percent within-
subject, and 8.3 percent mixed-subjects designs. 31 of 168 experiments (18.5%) are explicitly stated to be 
field experiments, most of which are published in ISR (14) and MISQ (10), while there were none in JSIS, 
JIT, and EJIS papers. The remaining field experiments were published in ISJ (1), JAIS (3), and JMIS (3).  

In only 9 out of 168 experiments (5.3%) a team level setting was investigated. On the one side, we found a 
strong dominance of experiments focused on the individual-level of analysis (94.7%) used for confirmation 
purposes (85%). On the other hand, there is a near inexistence of exploratory team-level experiments 
(1/168) and a clearly marginal team-level of analysis in general.  

Composition of Conditions: Most experiments feature four or less conditions (72%). Thereby using four 
conditions is popular (28.6%), and 85 percent of these employ a 2x2 full-factorial design. Two conditions 
are also very often used (24.4%), either for two levels of an IV or as a manipulated and a control condition. 
Three conditions (9.5%) are mostly two manipulation levels of an IV in combination with a control group. 
Apart from these rather simple experiments, eight conditions are also often used (10.1%). This is mostly 
due to the popular 2x2x2 full-factorial design. It is noteworthy that even though a higher number of 
conditions requires more participants, the number of participants per condition is mostly below 50 
participants, no matter how many conditions are used. There are less participants per condition in 
laboratory experiments than in other experiments though (see Figure 1 and Figure 2). 
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Operational Design Decisions 

About half the studies reported on pre-tests (54.2%, see Figure 3). Among these, 63.7 percent used 
manipulation checks and 82.4 percent used control variables. The studies that did not report on pre-tests 
(45.8%) also did not report as often on manipulation checks (40.3%) but feature a similarly high rate of 
explicit use of control variables (75.3%). Only 7.7 percent of the studies did not report on any pre-test, 
manipulation check, or control variables. An overview of the remaining distribution of these three aspects 
can be found in Figure 3.  

Random Assignment: Most experiments feature random assignment and participants could only self-select 
in 5% of experiments. In 27 instances we have neither used the random assignment nor the self-selection 
code. This is the case for experiments in which participants are all put into the same condition (e.g., 
sequential manipulation with only one group). 

Procedural Order: Singular manipulations are used in most of the experiments (82%). Hence, even if there 
may be several conditions, these are often split into distinct experimental groups (see between-subject 
design). In most experiments, the X->O procedural style was chosen (64%). That is, the manipulation has 
been administered without measuring the DV in its unmanipulated state. In some of these publications, 
reasons such as time considerations, fatigue control, and impracticability are provided, and in most 
experiments random assignment was used as a tool to make a base level measurement redundant. The 
remaining 18 percent of experiments can be summarized as multi-step experiments. Either several rounds 
of different treatments, followed by measurements (X->O->Y->O(->…): 12%; o->X->O->Y->O(->…): 3%) 
or several rounds of measurements given the same treatment ((o->)X->O->O(->…): 2%). 

Choice of Participants: The most common population is students, whereas only 10 percent are specific 
target groups (e.g., IS experts). Five out of 36 experiments with the general public are implemented with 
Amazon Mechanical Turk (3% of all experiments), an online crowdsourcing marketplace. 

Remuneration: The participants are mostly remunerated for their efforts. The most important kinds of 
remuneration are cash (fixed rate: 20%, variable: 12%, or fixed and variable: 6%) and course credit (for 
student participants, 21%), whereas one out of five experimental studies do not provide or report on any 
remuneration. Additionally, experiments without rewards include natural field experiments, in which 
participants do not participate consciously. Other types of remuneration used are participation in a raffle 
for some price (12%) or a small gift (6%). (Relief of) Coercive pressure is very rare (2%).  

Deception: The use of deception is very low at 11 percent. In other words, participants are rarely misled on 
purpose while performing their tasks. Although it seems even more salient to control whether the 
manipulations work as intended and whether the procedure is acceptable to the participants, the rate of 
deceptive experiments with control variables (10/19, 52%) and pre-tests (10/19, 52%) are not particularly 
high. Manipulation checks (13/19, 68%) were used more often. 

Developments over Time 

The long timespan covered in this literature review lends itself to analyzing the codes for trends over time. 
In total, the number of behavioral experiments has increased exponentially over the last decade. Most 
variables grew uniformly with the number of experiments. Thus, most characteristics are stable. The main 
developments in practices can be observed in (1) the level of analysis, (2) the compositional style with both 
within- and between-subjects design, and (3) the remuneration mechanisms. While there have always been 
only few experiments that focus on the team level of analysis, this type was most used in the early 2000s (4 
experiments in four years). Since 2006 however, the use of this type has come to a near halt, with only 3 
experiment in the subsequent 12 years. Regarding the compositional style, between-subjects design has 
always been the go-to design. Between- and within-subjects design grew at about the same rate over the last 
decade, however, the use of both styles in the same experiment has become rarer. Lastly, fixed cash 
remuneration has increased disproportionately over the last decade.  
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*The experiment type was coded through identification of explicit naming of a specific type (e.g., laboratory 
or field experiment). Because some journals merely indicated that it was an experiment, without explicating 
what type it is, the sum of codes does not amount to the number of experiments (n=121 vs. n=168). 

 

  

Figure 1. Participants in Lab Figure 2. Participants in Field & other 

  

Variables Yes (%) 

Individual level (vs. team) 159 94.6% 

Confirmatory (vs. exploratory) 150 89.3% 

Laboratory exp. (vs. field)* 99 81.8% 

Control variables 133 79.2% 

Students (vs. other participants) 112 66.7% 

Pre-test 91 54.2% 

Manipulation check 89 53.0% 

Use of deception 19 11.3% 

Composition of Condition   

Between-subjects design 139 82.7% 

Mixed-subjects design 14 8.9% 

Within-subjects design 15 8.3% 

Remuneration   

Cash 77 45.8% 

Course credit 43 25.6% 

Nothing 43 25.6% 

Raffle 25 14.9% 

other 12 8.9% 

Table 1. Single Variables 
 

(n=168) Exploratory Confirmatory 

Laboratory 5 3% 94 56.0% 

Field, other 13 7.7% 56 33.3% 

(n=121*) Online Offline 

Laboratory 8 6.6% 91 75.2% 

Field 17 14.0% 5 4.1% 

(n=168) 
Manipulation 

check 
No manipulation 

check 

Pre-Test 58 34.5% 33 19.6% 

no Pre-Test 31 18.5% 46 27.4% 

Table 2. 2-Variable Excerpts 
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Figure 4: Exploratory vs. Confirmatory Figure 5: Individual vs. Team/Group Level 

  

Figure 6: Experiment Type over Time Figure 7: Comp. of Conditions over Time 

Discussion 

This review revealed with striking clarity that studies involving behavioral experiments first come up with 
or adapt an existing theory, which is subsequently tested with an experiment (89.3%). Apart from this 
strong tendency of using experiments for confirmation, the individual level of analysis (94.7%), laboratory 
experiments (59% or 76.2% under exclusion of unclassified experiments), between-subject designs (82.7%), 
the use of control variables (79.2%), random assignment to conditions (95%), and refraining from using 
deception (89%) on the participants are intensely chosen design options. On the one hand, it seems 
reasonable to assume that these are widely accepted and adequate design choices for behavioral 
experiments in IS. On the other hand, these findings raise the question whether the low use of the 
underrepresented design dimensions (Figure 8) or combinations (see Table 2 and Figure 3) is an indicator 
for unsuitability or rather of unused potential (e.g., because of lack in examples, leading to lagging 
adoption). In the following sub-sections, we provide some sensemaking for the status quo and what we may 
learn from the past of behavioral experiments to provide more value to IS research in the future. We also 
venture to provide some concrete suggestions to IS researchers interested in conducting behavioral 
experiments. 
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Figure 3. Overview of Three Operational Design Decisions 
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Conceptual Design Decisions 

Considering the strength of experiments over other methods in testing theories and thereby confirming 
relationships between IVs and DVs, it comes as no surprise that most experiments are confirmatory 
(89.3%) rather than exploratory (Thye 2014). For an experiment to adequately test a theory, a controlled 
setting should be established. The latter is easier to implement with individual decision makers rather than 
teams. While it is relatively simple to present many individuals with the same instructions (e.g., printed 
handout or pre-registered voice/video recording) and task environments (e.g., a behavioral laboratory), 
controlling for aspects of social interaction (e.g., dis-/liking of other participants, or perception of one’s role 
among team members) is much harder. This may be a reason, why there is only about one in twenty 
experiments that uses team over individual task settings (e.g. Massey et al. 2003). Similarly, it is simpler to 
use different participants for different conditions, since the researchers do not need to control for learning 
effects (e.g., anchor and adjust heuristic (Dolan et al. 2012; Tversky and Kahneman 1974) or the order effect 
(Perreault 1976)). Also, laboratories are much simpler environments to control for extraneous factors, 
compared to (natural) field environments. Therewith, laboratory experiments yield particularly high 
internal validity, which is ideal for testing theories. Given that it is easiest to make good confirmatory 
experiments with between-subject analyses at the individual level it seems natural that most experiments 
that get through the rigorous review processes in the top IS journals are confirmatory individual-level 
between-subjects experiments (73.8%) that are mostly conducted in a laboratory environment. 

With regards to the lesser-used design options, there may be some interesting research design that could 
be used, unless of course they are rare because they are unsuitable. General unsuitability of a specific design 
option would indicate that the goals which IS researchers pursue are not in line with the option’s purpose, 
or that there are more effective or efficient choices to reach the objectives. After all, a research design should 
align with research objectives. Below we discuss some of these lesser-used design options. 

Exploratory experiments (10.7%) provide us with an effective way to reveal new behavioral patterns and to 
inductively construct new theories (Gupta et al. 2018). Part of the reason for the relatively low adoption rate 
of exploratory experiments may reside in the fact that most IS phenomena are described through non-IS 
theories or adaptations of the latter (the study of which is therefore confirmatory). However, when 
constructing new and proper-to-IS theories, the use of exploratory experiments may be effective, but 
potentially not efficient, considering its low adoption. If that’s the case, other methods might be more 
efficient and sufficiently effective. Among the well-used data gathering techniques in IS literature are case 
studies and surveys (Riedl and Rueckel 2011). These can be used for similar purposes and might be more 
efficient for exploring indeed. Furthermore, using experiments rather than surveys may pose additional 

 

Figure 8. Aggregated View on the Results 
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problems when considering the number of participants that can be reached, as well as their diversity. While 
this argument is somewhat offset by online counterparts of traditional experiments, their low adoption rate 
and therefore low number of use cases (25/168 experiments were conducted online, two of which are 
exploratory) certainly makes them a riskier choice for researchers, both to ‘get it right’ and to publish well. 
Hence, while exploratory experiments are effective for identifying new behavioral patterns to create new 
theories, they may not be an efficient choice. To overcome this, exploratory online experiments may bear 
potential for identifying new behaviors. 

Furthermore, if one is looking for unexpected or yet unpredictable behavior, field experiments may be more 
suitable than laboratory experiment (in combination with the exploratory research logic). The status quo 
underlines the latter, as most confirmatory experiments are conducted in the lab, whereas most exploratory 
experiments are conducted in the field (72%). The question then is, what the lesser used designs may be 
useful for and whether there is potential to advance the field of IS through employing confirmatory field 
experiments or exploratory lab experiments. Let’s consider confirmatory field experiments first. The latter 
are intended to test the explanative power of a theory in a real-world environment. To do so, solid 
theoretical bases are required. In other words, if the internal validity of the theoretical explanation is low 
(e.g., when abductively applying theories to new phenomena), it is already uncertain whether the 
relationships between the constructs of interest are adequately described. It is therefore likely that 
unforeseen variables may play a role but are not picked up on, since the confirmatory research logic is not 
intended to do so. Therefore, confirmatory field experiments are not suitable for testing theories that are 
yet to be validated internally. However, once a sound theory is established, confirming whether it allows for 
prediction of real-world phenomena is of great interest. For example, institutional theory is used in a variety 
of papers, indicating that the theory may also apply to the adoption of new information systems (e.g. Liang 
et al. 2007). To make sure that the internally valid theory can be used to create externally valid theoretical 
predictions, a confirmatory field experiment would make sense. Also, the combination of an initial 
laboratory experiment and a subsequent field experiment, both confirmatory, may be the most effective 
way to establish a sound theory, for one alleviates the weaknesses of the other and does not compromise its 
strengths (cf. Harrison and List 2004, who see field experiments as methodologically complementary to 
laboratory experiments). 

With regards to exploratory laboratory experiments, the focal objects, procedures, and environments are 
disconnected from real-world objects, related procedures, and their natural environment. Instead, they are 
framed and introduced to the participants of the experiment in such a way that they represent the aspects 
relevant to the theory (i.e., the constructs, and thereof the IVs must be operationalized, while the DVs are 
to be measured, cf.  Webster Jr and Kervin 1971). An exploratory laboratory experiment is therefore a highly 
abstract setting, in which IVs of interest are manipulated to discover some kind of effect. The latter is not 
yet hypothesized and should therefore be assessed with qualitative measurement techniques. Hence, a 
highly restricted environment is offered to the participants, while a broad variety of responses can be 
measured. The effectiveness of such a procedure in exploring some issue might indeed be lower than 
confronting participants with and within real-world scenarios. We therefore posit that, while confirmatory 
field experiments are a good option to go beyond internally validating theories, the suitability of exploratory 
laboratory experiments to reach any goal is limited. Hence, confirmatory field experiments may help foster 
a more practicality (rather than theory) oriented discussion of IS topics and may currently be underrated. 

Concerning the level of analysis, the team level of analysis (5.3%) is very rarely used. However, studying 
group behavior may be a good idea when the aggregation of individual behavior does not appear to suffice 
to predict team or system level behavior (e.g., are group members as productive when they are dispersed as 
when they are collocated? See: Chidambaram and Tung 2005) or when the phenomenon of interest resides 
in interactive or co-creative behaviors (e.g. how does cognitive feedback affect group-decision making? cf. 
Sengupta and Teeni 1993; how is computer mediated communication associated with group polarization? 
cf. Tam and Ho 2005). We argue that IS research may gain significant insight from mapping individual 
behavior to resulting team or system behavior. Doing so may not be possible by simply aggregating, but 
rather requires the study of team behavior along with individual behavior. That way, particularly when 
studying complex systems, IS research may yield deeper insights into enterprise-wide IS developments, 
uncover managerial phenomena (e.g., the effect of various levels of coercive pressure on system usage, data 
quality, information security etc.), and inform IS design processes. Hence, there are IS research objectives 
that are suitable for group or system level behavioral experiments. Depending on the specific goals, these 
experiments may be used for confirmatory purposes. However, we see the greatest potential in exploratory 
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team level behavioral experiments. The reason for this is, that behavioral patterns that are specific to IS-
topics must first be identified, before hypotheses and ultimately theories can be built (Gupta et al. 2018). It 
may be particularly difficult to identify or hypothesize on such patterns, when using common data collection 
techniques such as surveys or focus groups, since these primarily depict conscient intentions or ex-post 
reflections, rather than actual behavior. To understand evolutionary patterns on digital platforms, for 
example, it may be the actual behavior and the aggregation processes that are most interesting. 

Within-subjects design (8.9%): Between-subject design appears to be the standard way of administering 
different conditions. However, within-subject designs have their merits too, and they may be underrated. 
They allow researchers to cover more conditions with less participants. For instance, a 2x2x2 full factorial 
design yields 8 conditions. If each condition requires 30 participants, this requires 240 participants in a 
between-subject design. A within-subject design (thus, one subject would sequentially go through all eight 
conditions) requires only 30 participants. While there are some drawbacks, such as the previously discussed 
biases, the practical implications of using a within-subject design may be considerable. A way of dealing 
with occurring issues is employing a mixed-subject design (partially between-subject, partially within-
subject, combining the best of both options). The entirety of participants is split in the number of between-
subject conditions, but each sub-group goes through several (within subjects) conditions. Mixed-subject 
designs are similarly (un-)popular as within-subject designs (8.3% vs. 8.9%), but they offset some of the 
disadvantages while keeping the number of required participants low. Hence, especially for more complex 
research designs with many IVs, mixed-subjects designs may be a good but not often used option. 

Operational Design Decisions 

Interestingly, many studies that provided information on pre-tests also reported on using manipulation 
checks (63.7%), whereas the use of manipulation checks was lower in studies without pre-tests (40.3%). 
This indicates that pre-tests and manipulation checks do not cannibalize themselves, even though their 
purpose is very similar. The fact that many studies used both of these quality increasing features may be 
related to the choice of outlets in this review, where the reviewing processes are more rigorous than average. 
We may conclude that it is indeed desirable to include both pre-test and control variables. 

Most studies did not find nor report on control variable-related results. This is astonishing since most had 
collected control variables (79.1%). This indicates that this additional information is collected, but then not 
adequately reported. While this is not a good excuse for omitting discussions of control variables, a possible 
explanation for this phenomenon may be that the number of participants per condition is relatively low 
(overall median of 42) and that further dissection of the groups based on control variables may make it 
difficult to find significant effects. While adding more participants per condition may become prohibitively 
expensive in the commonly used laboratory experiments, one way of overcoming this issue is to rely on 
online experiments more heavily, which tend to allow for acquiring more participants for less money.  

Lastly, the procedural order used in most experiments includes random assignment (95%), no deception 
(89%), and measuring the DV only once (64%). While there is rarely a good reason for deferring from the 
use of random assignment, there may be some potential to increase the use of deception. While frowned 
upon in some disciplines, it is common in others (e.g. in psychology) (Hegtvedt 2014). In IS, there is ample 
opportunity to use deception, and ethical concerns may often be relatively low. While we do not advise to 
use deception per se, we see some opportunities for it. In online experiments, for example, deception might 
provide a useful way to study user behavior on digital platforms, mobile IS, or others, by making the 
participants believe they use a real IS that is in operation, even though they interact with a tightly controlled 
version of such an IS in accordance with their specific condition (see e.g.: Steinbart et al. 2016). 

So, what should researchers do? 

A first question to ask is whether an experimental study is suitable. While behavioral experiments can be 
used to explore behavioral responses to variations of an IV, the main strength of experiments resides in 
their ability to confirm theories. If the goal is to test a theory, then the theoretical foundation should be 
critically reflected first. Should there be a focus on making sure that the theoretical model is indeed correct? 
In that case, internal validity is important and a laboratory-setting with high control over extraneous 
variables should be used. If there is evidence for the applicability of a theory already, or if the goal is to 
predict observable behavior (focus on high external validity), realistic environmental features can be added 
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to the experiment’s setting. The more realistic the setting, the higher the external validity at the expense of 
internal validity. Next, researchers should ask themselves whether there is a potential need to include 
interactive processes and thus, group-level behaviors. This may be interesting to understand system-level 
behavior and help build a foundation for prescriptive knowledge. We also encourage researchers to at least 
consider mixed-subject designs. This yields more data per participant than between-subjects designs, and 
it keeps the adverse effects of within-subjects designs low. With the same intention of optimizing the 
resource of participants, we encourage researchers to use pre-tests, before scaling their experiments up. By 
excluding pre-tests, unnecessary risks of mis-manipulation and misunderstanding of procedures are taken. 
If a manipulation is unsuccessful, this can still be identified through the use of manipulation checks. We 
therefore also encourage the use of these checks. However, manipulation may also reveal that all data must 
be rejected (e.g., if a majority of participants did not understand the instructions correctly) and another 
iteration of the experiment becomes necessary. Since pre-testing is a version of such an iteration that takes 
little time, money, and participants, we think that any experimenter should pre-test first. 

Limitations 

To round off the discussion of the review’s results, the limitations should be mentioned. First, only few 
journals were included. Choosing to only use papers from the Senior Scholars’ Basket of Journals excluded 
many experiments in IS and all IS-related publications in related fields. For example, papers from highly 
respected IS conferences (e.g., ICIS, ECIS) or from a marketing journal were not included in this review. 
The rationale behind this is that (1) the most rigorous reviewing procedures and the highest requirements 
for adequacy of research designs and execution may be found in the most well-ranked outlets, and (2) that 
the design decisions within the field of IS (delimited by IS-specific outlets) may not be relevant when 
publishing on other fields (e.g., marketing), where other standards may apply. Furthermore, since 
experiments are highly established, search hits would have yielded far too many papers for the authors to 
reasonably review. Second, similarly to the restriction of the journals, the keyword “behavio*” limited the 
eligibility of papers to be used in the review. In particular, papers that do not carry this term in either the 
title, abstract, or keywords were not used. Considering the high number of experiments reviewed and the 
clear picture that these provide, the authors do not expect significantly different outcomes in the thereby 
excluded papers. Third, for lack of existing and suitable reviews on experiments in IS research and related 
fields, the framework used had to be constructed. The construction of the latter was geared toward creating 
an initial overview on how experiments are used. It does not allow for unintended or further-reaching 
findings. The framework we have designed targets general design decisions. However, researchers may find 
that there are more fine-grained design options (including e.g., the order in which questions are asked, or 
the strengths with which a manipulation is operationalized). Future reviews may therefore tackle 
interesting aspects related to this initial overview to add more detail, including: In which areas of IS are 
behavioral experiments most common? Are there some areas that dictate certain design decisions? How 
are specific biases dealt with in the context of IS? How can team-level settings be constructed to study, e.g., 
behaviors with regards to continuous use of IS? What are the theories that are used in these experiments? 
Or investigating additional design decisions. Lastly, the review was neither intended nor serves as a 
handbook on how specific experiments should be implemented. The latter is addressed more effectively in 
methods literature, rather than in this review on the general use of experimental research methods in IS. 

Conclusion 

In the context of IS research human factors are attracting increased attention. Along with the interest in 
behavioral aspects of IS, the number of experimental studies has gone up. While experiments are an 
established and growing method, there is no overview on experiment-based research in IS. This is 
problematic insofar as past research should inform current and future research about contents, but also the 
practices employed to reveal the contents. This study filled this void by means of a structured literature 
review of behavior-related experimental studies published in the journals of the Senior Scholars’ Basket. 
Therein, experiments in general, and field experiments in particular, are mostly published in ISR, MISQ, 
and JMIS. The results reveal that most of the experimental studies share the same design characteristics. 
Indicating the presence of go-to solutions, many of these mainstream aspects are efficient and effective. 
Among the lesser used design options, some niche-designs are identified. These offer the potential for 
innovative research such that established topics may be studied from a different view-point, revealing 
unprecedented insights. At the same time, the rather unpopular (though well published) design choices may 
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allow IS researchers to identify new phenomena, e.g., by employing exploratory group-level behavioral 
experiments to understand IS assimilation on an enterprise-wide level. 
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