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Abstract

Purpose - Business process improvement is vital for organizations as business environments are becoming ever
more volatile, uncertain, complex, and ambiguous. Process improvement methods help organizations sustain com-
petitiveness. Many existing methods, however, do not fit emerging business environments as they entail initiatives
with long implementation times, high investments, and limited involvement of process participants. What is
needed are agile process improvement approaches. The purpose of this paper is to explore the potential of digital
nudging — a concept offering tools that lead individuals to better decisions — to improve business processes.

Design/methodology/approach - Using process deviance as theoretical lens, an online experiment with 473 par-
ticipants is conducted. Within the experiment, business processes and digital nudges are implemented to examine
whether digital nudging can mitigate the weaknesses of existing process improvement methods.

Findings - Digital nudging can influence the decisions of process participants and entail positive process deviance
that leads to process improvement opportunities. Further, our research gives a first hint on the effectiveness of
different digital nudges and lays the foundation for future research.

Research limitations/implications - Since exploring a completely new field of research and conducting the ex-
periment in a synthetic environment, the paper serves as a first step towards the combination of digital nudging,
business process improvement, and positive process deviance.

Originality/value - The major achievement reported in this paper is the exploration of a new field of research.
Thus, digital nudging shapes up as a promising foundation for agile process improvement, a discovery calling for
future research at the intersection of digital nudging and business process management.
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1. Introduction

A common way to enhance an organization’s products and services is to improve the underlying busi-
ness processes (Dumas et al., 2018). Hence, one overarching goal of Business Process Management
(BPM) is to improve business processes, with business process improvement (BPI) being considered as
the most value-adding phase of the BPM lifecycle (van der Aalst et al., 2016; Dumas et al., 2018). If
BPI methods are used appropriately, organizations can remain competitive and create sustained value
(Kohlbacher and Reijers, 2013; Dumas et al., 2018;). In the last decades, a mature BPI toolbox has
emerged (Harmon, 2018; Andrade et al., 2016), including approaches such as Total Quality Manage-
ment (Walton, 1988), Lean Management (Chen and Taylor, 2009), Six Sigma (van der Aalst et al., 2016),
and Business Process Reengineering (Al-Mashari et al., 2001). These methods aim for reduced time and
cost as well as for enhanced quality (Reijers and Mansar, 2005; van der Aalst et al., 2016; Harmon,
2019) and flexibility (Reijers and Mansar, 2005). Furthermore, some BPI methods call for continuous
process improvement, while others strive for radical change.

Nowadays, organizations are facing challenges in their business environments such as volatility, uncer-
tainty, complexity, and ambiguity (Bennett and Lemoine, 2014). Consequently, process managers must
handle the complexity of emerging inter- and intra-organizational process networks (Yusof and Aspin-
wall, 2000; Lehnert et al., 2016) as well as fast-changing and highly individual customer needs (Gimpel
et al., 2018). Furthermore, they must ensure that envisioned process changes are eventually adopted by
process participants. In many organizations, process participants tend to resist envisioned changes, a
circumstance making it hard to improve processes successfully (Dumas et al., 2018). Many established
BPI methods do not fit the characteristics of such business environments as they entail initiatives with
long implementation times and limited involvement of process participants (Vakola and Rezgui, 2000;
van der Aalst et al., 2016). Moreover, many process improvement projects lead to high investments
(Buhl et al., 2011). Process managers can hardly anticipate the effects of process improvement projects
(Vakola and Rezgui, 2000). To mitigate the weaknesses of existing BPI methods, existing BPI methods
need to be complemented by more agile approaches (de Bruin and Rosemann, 2007; Kerpedzhiev et al.,
2017; Satyal et al., 2019). One way to achieve this is to change the process execution environment — not
the process itself — in order to influence the behavior of process participants.

Against this background, we see great potential in digital nudging to serve as foundation for agile pro-
cess improvement, which can be faster and less obtrusive than existing approaches. Since Thaler’s hon-
oring with the Nobel Memorial Prize in Economic Sciences, nudging is a well-known concept in behav-
ioral economics. It offers tools that lead individuals to better decisions through changes in their work
environment (Weinmann et al., 2016). These changes, called nudges, can influence people’s behavior
and intention (Thaler and Sunstein, 2008). Digital nudging refers to nudging in digital or online envi-
ronments (Weinmann et al., 2016; Mirsch et al., 2017). An example is the setting of defaults (i.e. pre-
selecting options) in software installation processes (Mirsch et al., 2017). A key benefit of digital nudges
is that they are cheaper and can be implemented faster than physical nudges (Mirsch et al., 2017). The
effectiveness of nudging has already been shown in numerous studies (Thaler and Sunstein, 2008; John
et al., 2013; Goldin, 2015) and contexts such as user interface design (Goldstein et al., 2008; Khern-am-
nuai et al., 2017; Pahuja and Tan, 2017), healthcare (Thaler and Sunstein, 2008; Noar et al., 2015), or
sustainability (Demarque et al., 2015; Chang et al., 2016). Hence, we assume that nudging can also
influence the behavior of process participants with positive effects on process performance. To the best
of our knowledge, however, the potential of digital nudging for BPM in general and for BPI in particular,
yet needs to be explored. With this study, we would like to take a first step to tackle this gap. Hence,
our research question is: What is the potential of digital nudging for business process improvement?

To address this research question, we conducted an online experiment with 473 participants, two busi-
ness processes taken from Andrade et al. (2016) whose proneness to positive deviance has already been
shown, and five digital nudges (i.e. Incentive, Salience, Precommitment, Default Setting, and Additional
Information) whose effectivity has already been confirmed in earlier studies (Ashraf et al., 2006; Gold-
stein et al., 2008; Houde et al., 2013; Pahuja and Tan, 2017; Schneider et al., 2018). Thereby, we chose
positive deviance as analytical lens as Andrade et al. (2016) found that positive intentions of process



participants can improve business processes and lead to superior performance. In the experiment, we
analyzed if and with which intention process participants deviated from given processes by coding their
qualitative feedback. On this foundation, we examined whether the digital nudges in focus stimulate
positive deviance and, as such, have the potential to improve business processes. This paper contributes
to existing knowledge in three ways: (i) we demonstrate the positive impact of digital nudging for BPM
and BPI, (ii) we show that it is technically possible to use nudges in business processes and use them
for nudging employees and not just customers, and (iii) we have successfully tested the use of various
nudges in a process context.

The remainder of this paper is organized as follows: First, we provide theoretical background on BPM,
BPI, process deviance, and (digital) nudging to set the scene for the online experiment. We then present
our research method including the experimental setup, followed by data analysis and results. Finally,
we discuss theoretical as well as practical implications and examine limitations as well as opportunities
for future research.

2. Theoretical Background

2.1 Business Process Management and Process Deviance

BPM is “the art and science of overseeing how work is performed in an organization to ensure consistent
outcomes and to take advantage of improvement opportunities” (Dumas et al., 2018, p. 1). Over the
years, BPM has evolved into a mature discipline with the primary goal of improving business processes
(van der Aalst et al., 2016). Business processes encompass decision points, events, activities, tasks,
actors, physical and immaterial objects which lead to valuable outcomes for customers (Dumas et al.,
2018). In addition, BPM is typically structured by taking a lifecycle perspective, including phases such
as the identification, modelling, analysis, improvement, implementation, monitoring and controlling of
business processes (Dumas et al., 2018).

However, emerging technologies, such as artificial intelligence (Koehler, 2018), require to re-concep-
tualize BPM in order to enable efficient and competitive work in the digital age (Kerpedzhiev et al.,
2017). A starting point is the adoption of frameworks such as maturity models and thus, the assessment
of new capabilities and their influence on processes (Ferraris et al., 2017). Such models are a common
basis to evaluate business processes and their improvement potential (Harmon, 2004). One well-known
BPM capability framework is that authored by de Bruin and Rosemann (2007) consisting of six factors
(i.e. strategic alignment, governance, methods, information technology, people, and culture) as well as
associated capability areas. Kerpedzhiev et al. (2017) further developed this framework and proposed
that, in the digital age, BPM capabilities should be centred around six topics i.e. data, humans, opportu-
nities, networks, context, and change. Specifically, they argue that BPI should support an agile and a
transformational mode. Agile process improvement aims for the iterative improvement of business pro-
cesses and the fast evaluation of novel process designs and improvement ideas based on real perfor-
mance data and feedback from process participants (Martins and Zacarias, 2017).

Process deviance, which we use as analytical lens in our experiment to identify improvement opportu-
nities, can occur in individual tasks, sub-processes, or entire processes (Dumas and Maggi, 2015; Konig
et al., 2018). In general, processes can be classified as deviant in case their behavior significantly differs
from the average or other expected values or from formal or informal norms such as process models
(Kim et al., 2008; Seidman and McCauley, 2008). Moreover, deviance can occur intentionally or unin-
tentionally (Depaire et al., 2013; Mertens et al., 2016; Konig et al., 2018), with this paper we put the
focus on unintentional process deviance, as one opportunity to improve a process participants’ intention.
Process deviance can have positive (constructive) and negative (detrimental) effects on process perfor-
mance, based on the underlying intention (Alter, 2014; Andrade et al., 2016; Konig et al., 2018). Neg-
ative intentions, e.g. lying or stealing, can harm organizations (Alter, 2014). An intention is seen as
positive if it is perceived as positive by a reference group (Spreitzer and Sonenshein, 2004; Galperin,
2012), if it has a positive impact on the organization (Vadera et al., 2013), or if it positively affects
corporate performance or success (Seidman and McCauley, 2008; Cohn, 2009; Pascale et al., 2010;).



According to Mertens and Recker (2017), it is a common assumption that people positively deviate
triggered by impulses, which are in most cases caused by elements from their surroundings, themselves,
or the combination of both. Hence, positive intention can be seen as a “source of future improvements”
(Alter, 2014, p. 1053) as it displays areas that can be changed and improved (Brady, 2003). Thus, posi-
tive deviance is an appropriate indicator pointing to improvement potential in frequently executed busi-
ness processes. We use these findings about positive intentions to investigate whether digital nudging
stimulates positive process deviance in order to explore its potential for BPI.

2.2 Digital Nudging

Thaler and Sunstein (2008) define nudging as a concept that aims to improve the decisions people make
with neither changing the economic incentives nor forbidding or recommending any options directly.
To apply nudging, the choice architecture has to be changed (Thaler and Sunstein, 2008). There are
various possibilities how these changes, called nudges, could look like. Choice architectures, i.e. the
environment in which decisions are made, are designed by choice architects. As they influence people’s
decisions, there is no neutral way to design or present choices (Thaler and Sunstein, 2008).

The underlying theory of nudging is called dual-processing, which is an established concept in psychol-
ogy and examines how humans process information and make decisions (Evans, 2008). Dual-processing
distinguishes between two modes how people process information: System | and System II. System | is
unconscious, automatic, and needs low cognitive effort, whereas System Il is conscious, controlled,
analytic and high cognitive effort is needed. System | processes information fast and uses heuristics to
make decisions (Evans, 2008). Heuristics are rules of thumb within choice architectures, reducing task
complexity. Heuristics can lead to biases, i.e. systematic errors, like misjudging probabilities (Tversky
and Kahnemann, 1974). Because of its fast processing characteristics, System I can be easily influenced
by slight and unobtrusive changes in the choice architecture. This may lead to different decisions. Sys-
tem Il instead processes information slowly based on analytic reasoning (Evans, 2008). The concept of
nudging focuses on System | and can effectively change decisions and behavior (Dolan et al., 2012).
Below, we focus on nudges and consider neither the underlying heuristics nor the resulting biases.

Digital nudging is a special form of nudging where nudges are used in digital work and online environ-
ments such as user interfaces (Weinmann et al., 2016; Mirsch et al., 2017). That is, digital nudges are
facilitated through information technology (Gregor and Lee-Archer, 2016). Thus, user interfaces serve
as choice architecture, which can be changed by choice architects to influence individuals’ behavior.
Many studies have evaluated whether nudges are beneficial in different contexts like health, finance,
energy consumption, environment or policy making (Thaler and Sunstein, 2008; Dolan et al., 2012;
Weinmann et al., 2016; Meske and Potthoff, 2017), and how the digital nudges can be developed and
implemented (Mirsch et al., 2017; Gregor and Lee-Archer, 2016). The frequency of nudges used, varies
greatly depending on the context and the difficulty of implementation (Hummel and Maedche, 2019).
Since nudges vary a lot in their effectiveness (Hummel and Maedche, 2019), we discuss nudges whose
effectiveness has already been shown in earlier studies (e.g. Ashraf et al., 2006; Goldstein et al., 2008;
Houde et al., 2013; Pahuja and Tan, 2017; Schneider et al., 2018) and that seem to be commonly used
in the literature. These nudges are Incentive, Salience, Precommitment, Default Setting, Additional In-
formation, Social Norms, and Scarcity (Table 1). Incentive is one of the initial nudges described by
Thaler and Sunstein (2008). The incentive is not an economic one, meaning that the financial/material
situation is not changed. Instead, it shows the consequences of the decisions made (Hansen and Jesper-
sen, 2013). Behavioral studies show that cognitive resources are restricted and that humans mainly focus
on easily accessible, salient information (Mann and Ward, 2007). As one would expect, this leads to
different decisions, based on the Salience of information. The Precommitment strategy nudges people
to engage in a certain behavior or action, e.g. in the form of signing a contract that specifies exercise
goals (Dolan et al., 2012). Precommitment makes it easier to stick to their goals. Another very common
nudge — Default Setting — uses individuals’ tendency to stick to the status quo and to overrate the disad-
vantages of changing anything (Mirsch et al., 2017). Studies found that the decisions individuals made
were improved through offering Additional Information (Schneider et al., 2017). Social Norms leverages



group rules to influence people within the same social group to stick with these norms (Mirsch et al.,
2017). Croson and Shang (2008) showed that people tend to adapt the amount they donate when they
are presented with social norms. When they are told that most people donate less than them, they also
donate less and the other way around. Finally, Scarcity is based on people’s tendency to prefer scarce
objects such that it is more likely that scarce objects are preferred over abundant ones (Schneider et al.,
2018). Nudges have been proven to influence the decisions people make by influencing System I. On
this foundation, we consider digital nudges in business processes through positive process deviance.

Nudge Description Studies showing effectiveness

Incentive Showing consequences of the decisions made Houde et al. (2013); Noar et al.
(Hansen and Jespersen, 2013) (2015)

Salience Designing important information more promi- | Chetty et al. (2009); Pahuja and Tan
nent (Mann and Ward, 2007) (2017)

Getting the precommitment of people to en-

Precommitment gage in a certain behavior (Dolan et al., 2012)

Ashraf et al. (2006)

Default Setting Using default settings to remain with the status | Halpern et al. (2007); Goldstein et

quo (Mirsch et al., 2017) al. (2008)

Additional Offering additional information to improve de- | Khern-am-nuai et al. (2017); Schnei-

Information cisions (Schneider et al., 2017) der et al. (2017)

Social Norms Providing information about rules and stand- Croson and Shang (2008); Bond et
ards of a group (Mirsch et al., 2017) al. (2012)

. Pretending a choice option to be scarce (Mirsch .
Scarcity etal., 2017) Schneider at al. (2018)
Table 1. Nudges extracted from the literature

3. Research Method

To answer our research question, we conducted an online experiment based on two business processes
that have already been proven to be prone to positive deviance (Andrade et al., 2016). The participants
were assigned to one experimental group each implementing one of five nudges or to the control group
without a nudge. The participants provided qualitative feedback that was coded by the authors inde-
pendently. The feedback was evaluated to examine whether the participants intended to deviate posi-
tively from the processes. Afterwards, the digital nudges in focus have been analyzed regarding their
effects on positive deviance. We decided to use a “black box testing” approach to assess whether nudges
can lead to positive process deviance. Hence, our experiment is positioned as non-hypothetical, descrip-
tive, and causation-demonstrating (Andersson, 2012). We chose this type of experiment, as we explore
the intersection of two research fields where no proper theory base is available for answering our re-
search question.

3.1  Experiment Design

As described in Section 2.2, we selected nudges whose effectiveness has already been proven in different
studies (Ashraf et al., 2006; Goldstein et al., 2008; Houde et al., 2013; Pahuja and Tan, 2017; Schneider
et al., 2018). To select digital nudges for the purposes of our experiment, we identified common digital
nudges by analyzing how often they are mentioned in the literature. We then selected those nudges that
could fit a business process context by analyzing their characteristics. The digital nudges should fit
different processes, especially to the process activities where we want to implement nudges. Scarcity,
for example, needs a possibility to simulate a limitation, which is not possible for business processes in
general. Hence, one of the nudges we could not use in our experiment was Scarcity. After this preselec-
tion of digital nudges, we discussed the remaining digital nudges with a focus group to find out, which
nudges would fit our experimental setting best. The focus group consisted of ten participants who were



either master students with a major in BPM, PhD students or professors from the BPM domain. We
presented the digital nudges and explained our approach to stimulate positive deviance in business pro-
cesses. After that, we agreed to use the five digital nudges Incentive, Salience, Precommitment, Default
Setting, and Additional Information.

Although we created a synthetic environment for our experiment, we looked for elements to make the
setting as realistic as possible. Therefore, we looked for well-accepted business processes, which are
easily understandable without further domain-knowledge. An additional and useful prerequisite was to
ensure the possibility of positive deviance. Hence, we selected two business processes described by
Andrade et al. (2016) which seemed to fit these criteria. Andrade et al. (2016) conducted a case study
in the customer service department of a German IT company, hosting a leading online project platform.
They demonstrated that it is possible to positively deviate from these processes and that especially “well-
intended noncompliance has mostly positive effects” (Andrade et al., 2016, p. 7). In our experiment, we
analyzed both business processes independently.

The Account Deletion process (ADP) is triggered by a user’s request to delete the account. The customer
support needs to check whether the user has open invoices and to ask the customer to pay them if this is
the case. As soon as all invoices are paid, the customer support deletes the account (Figure 1) (Andrade
et al., 2016). The Technical Request process (TRP) is also triggered by a customer inquiry informing
the department about a technical problem (e.qg. issues with opening the website). If the problem is known
and a solution is available in the record, the customer is informed about necessary steps to solve the
problem, if possible. If there is no solution available, the technical department is informed about the
problem. When the technical department provides a problem solution, the customer is contacted (Figure
2) (Andrade et al., 2016). Andrade et al. (2016) described various possibilities to deviate from these
business processes, e.g. by “Asking why customer wants to delete account”, “Performing task on behalf
of customer”, or “Calling customer instead of writing an e-mail”.

Contact user
and ask to pay
invoices

support Department

Delete user's

Check for open
i account

invoices

Account Deletion
is requested Are there open

invoices?

Figure 1. Account Deletion Process (ADP)
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Figure 2. Technical Request Process (TRP)

3.2 Experimental Setup

In the experiment, participants were randomly assigned to one of the two business processes and either
to the control group or one of the five experimental groups. In the control group, no nudge was imple-
mented. This leads to 12 different groups. Thus, we could eliminate dependencies between processes



and nudges. The processes were implemented in an online survey tool and we used free text fields such
that participants could describe their actions and thoughts. The online experiment was implemented in
English and German. Both versions were approved by a native speaker. Additionally, prior to the main
experiment, we conducted a qualitative pre-test with six participants, PhD and master students with a
major background in BPM, to ensure that the experimental instructions were understandable. We con-
ducted three rounds of face-to-face pre-tests with two participants per round. After each round, the feed-
back was discussed and implemented.

Technically, both business processes and the digital nudges were implemented the same way. As shown
in Table 2, the participants first had to select the communication channel (ADP) or the person they want
to contact (TRP) from a checkbox list. Afterwards, they had to provide reasons for their decision and to
write down what they would have liked to tell the customer. Participants also had the opportunity to
comment on the process. The ADP was finished after that activity, while the TRP led the participants to
an optional site, where they had to write down what they would tell the technical department, if this had
not been chosen before. The participants continued to explain what the content of their message would
be and if they had any optional comments about the process.

Type Activity Account Deletion Process (ADP) Technical Request Process (TRP)
Decision how to contact the customer: Decision whom to contact:
e E-mail e Customer
List 1 e Phone e  Supervisor
e Mail/Fax e  Technical Department
e Nobody
2 Reasoning for communication channel Reasoning for contacted person
3 Content of what to tell the customer Content of what to tell the chosen person
Eree text 4 Option to comment the process Option to comment the process
field 5 Content of what to tell the tt_achnical de-
partment (if not chosen earlier)
6 Content of what to tell the customer
7 Option to comment the process
Table 2. Process activities within the experiment

The control group was led through the process as described, whereas the experimental groups were
presented with one of five digital nudges. The Incentive and the Salience groups received information
about the financial consequences of losing a customer (ADP) or that customers can easily get annoyed
if they receive no feedback on an inquiry or if it takes too long to solve their problems (TRP). This
notification was provided unobtrusively in text form (Incentive) or in an eye-catching manner through
a detached notification box (Salience). Figure 3 exemplary shows the actual presentation of the nudge
Salience (ADP) in our experimental design. The Precommitment group had to agree with an internal
policy, i.e. to provide customers with solutions, make confident decisions, and act in a way that increases
the organization’s profit. The Default Setting group had to actively decide against e-mailing the cus-
tomer (ADP) or to contact the technical department (TRP) which were selected in advance, because they
comply with the intended form of the business processes. The Additional Information group received a
more detailed description of the process and saw the Business Process Model and Notation (BPMN)
process model shown in Section 3.1.

Resulting from the different process activities, the participants had two (ADP) respectively three or four
(TRP) possibilities to deviate from the processes, depending on their choices made throughout the exe-
cution. During the ADP they could deviate by not choosing e-mail as communication channel (activity
1) and by not (only) asking the customer to pay the open invoices (activity 3). During the TRP the
participants could deviate by not choosing the technical department (activity 1) and not (only) asking to



fix the problem if the technical department is chosen (activity 3 or 5) and differing in the content of
communicating with the customer (activity 6).

Notification

o Attention!
The loss of this customer is expected to result in a loss of € 20,000 per annum.

Figure 3. Actual presentation of the nudge Incentive (ADP)

3.3 Data Collection

We started the main experiment in October 2018. To that end, we recruited 269 participants from dif-
ferent survey-sharing platforms as well as from various universities and private networks. Another 250
participants holding a master qualification were recruited from Amazon Mechanical Turk, an online
marketplace for business services. We required the master qualification to ensure that the workers are
performing consistently well and to receive high data quality (Peer et al., 2014). The participants re-
ceived a monetary compensation of $ 0.95 for participating in the experiment. Earlier research has
demonstrated that the usage of Amazon Mechanical Turk is reliable and provides a more diverse pool
of participants compared to classical survey-sharing platforms (Behrend et al., 2011; Buhrmester et al.,
2011). After excluding all unanalyzable feedbacks, we had the feedback of 473 participants in total.

3.4 Coding

The participants’ qualitative feedback extracted from the free text fields was coded independently by
the authors. We conducted the coding as part of the content analysis suggested by Krippendorff (2004)
to guarantee that our results are reliable, replicable, and valid. During the coding, individuals — here: the
authors — interpret the provided data according to observer-independent rules (Krippendorff, 2004).
Hence, we developed coding instructions based on the feedback of the first 100 participants to determine
which type of feedback leads to either positive, negative, or no process deviance (or not assessible /
n.a.).

We divided the answers into two parts to analyze process deviance: the way of communication and the
content of communication. In the ADP, the first opportunity for deviance is the answer and justification
on how process participants would communicate with the customer (activities 1 and 2 in Table 2), the
second opportunity is about the content of the answer they would have sent (activities 3 and 4 in Table
2). Regarding the TRP, the first step was the answer and justification on who they wanted to communi-
cate with (activities 1 and 2 in Table 2) and the second was about the content of all messages they would
have sent (activities 3 to 7 in Table 2). For each part, we chose if there was a deviation and whether the
intention of the deviation was negative (neg), positive (pos), or not assessible (n.a.). The intention was
categorized as positive if a participant wanted to increase customer loyalty and offer high-quality ser-
vice. For a better understanding we propose the following detailed example: In that example is a partic-
ipant assigned to the ADP with Incentive as nudge implemented and the first decision is about how to
contact the customer in order to ask for the outstanding payments. The participant chose the option to
contact the customer by phone not using the options e-mail, mail, or fax. We detected that as deviation
from the standard process as contacting via e-mail is the standard. Afterwards, we analyzed the reasons
the participants mentioned in the second activity. In our example, the participant wanted to get better
feedback from the customer. Therefore, we determined the “way of communication”-related deviation
as positive. Other often called explanation were “to get faster and better feedback from the customer”,
“personal closeness”, or “better clarification of misunderstandings”,

The intention was categorized as negative if a participant wanted to avoid work or if their reaction was
out of scale (e.g. threaten with consequences). Not assessible was only chosen if a participant deviated



from the prescribed process, but the intention was not clearly recognizable. On this foundation, we de-
termined the overall deviance per participant: if the deviation in both parts matched, the overall deviance
was chosen accordingly. If one part was n.a. or none, the overall deviance was chosen in line with
explicit part. Otherwise, we discussed the overall intention in the coding team and decided based on the
provided rationale (Table 3).

“Way of communication”-related Deviance
Positive Negative n.a. None
«Content of Positive Positive Discussed Positive Positive
communica- Negative Discussed Negative Negative Negative
tion”-related n.a. Positive Negative n.a. n.a.
Deviance None Positive Negative n.a. None
Table 3. Coding guidelines for determining the overall deviance result

After the coding, we performed an inter-rater reliability (IRR) analysis to assess the extent to which the
coders consistently evaluated the type of deviance according to Table 3. To that end, we chose Cohen’s
(1960) kappa as a common measure for nominal variables:

_ P@-P(e)
= T1-p(e) (1)

P(a) denotes the observed percentage of agreement between two coders, and P(e) denotes the probability
of expected agreement due to chance. Kappa k has a value range from -1 to 1, with 1 indicating perfect
agreement, 0 indicating random agreement, and -1 indicating perfect disagreement (Hallgren, 2012).

Coder A
Neg./None/n.a. | Positive Total
Neg./None/n.a. 44 9 53
Coder B "
Positive 1 51 52
Total 45 60 105
Table 4. Exemplary agreement matrix

P(a) is indicated by the sum of the diagonal values divided by the total number of subjects, (44+51)/105
= 0.905. Coder A rated process deviance as positive 60/105=0.57 times while Coder B rated it
53/105=0.50 times. The probability of obtaining agreement about positive deviance is if ratings were
assigned randomly between coders would be 0.57 x 0.50 = 0.285, and the probability of obtaining chance
agreement about non-positive process would be (1-0.57) x (1-0.50) = 0.215. The total probability of any
chance agreement (P(e)) would then be 0.285 + 0.215 = 0.50, and « = (0.905 - 0.50)/(1 - 0.50) = 0.81.

We computed Cohen’s kappa twice to compare the initial agreement (before discussing the first 100
guestionnaires) and the agreement of the coders after developing coding instructions. As mentioned,
three coders first rated the type of deviance for the first 100 participants. For three or more coders,
Cohen’s kappa needs to be adjusted meaning that Kappa was computed for each coder pair and then
averaged (Light, 1971). In the second step, two coders independently evaluated the feedback of the
remaining participants in line with jointly developed coding instructions.

35 Statistical Tests

Finally, we performed a chi-square (y?) test which is often used in experimental settings where data is
analyzed in terms of frequencies. It is a nonparametric statistical method used to assess the probability
of association or independence (Mendenhall and Beaver, 2013). In our case, the y? test for two dimen-
sions was conducted to test whether the two groups are independent. This test can be applied to two
dichotomous and nominally scaled characteristics (Rasch et al., 2010). For each computation, we created
a 2x2 matrix that consisted of the two variables positive and non-positive (i.e. the sum of negative, none,



and n.a. assessments) and two groups, the control group and one experimental group. This was done for
both processes. If an association was detected, its intensity was measured by computing the squared phi
coefficient (¢p2) for each pair which is equal to w?, the coefficient for the general y2-test (Rasch et al.,
2010).

4. Results

After consolidating all questionnaires received, we had 473 participants in total and at least 34 partici-
pants per group. The age of the participants ranged from 19 to 72 years with an average age of 33 years.
Within the participants, we were able to ask 53.91% females, 44.40% Germans as well as 39.96% US
Americans. Moreover, we had a majority of 65.33% that are currently employed and 30.87% that are
currently studying. In addition, 73.78 % confirmed that they already had experience with customer con-
tact or customer support, e.g. through their job or an internship. Table 5 summarizes the absolute num-
bers of participants across all groups. Although participants were equally likely assigned to the various
groups and processes, there are differences owing to uneven dropout rates.

Cc;)rr;tl:gl Incentive Preﬁ:)emn{nit- Salience [S):I:Lrjlg Iﬁ‘% drir:g?iiln Total

ADP 34 45 40 38 47 38 242

TRP 40 34 39 35 40 43 231

Total 74 79 79 73 87 81 473
Table 5. Number of participants per group

In the first coding step (first 100 participants), we achieved a kappa k = 0.76 for both processes, which
indicates substantial agreement according to Landis and Koch (1977). In the second coding step (re-
maining participants), we gained the same overall kappa. Hence, our results are highly reliable and valid
as we met the requirements available in the literature and as we followed the coding instructions. The
few remaining disagreements were discussed, leading to the descriptive results shown in the Figures 4
and 5. Both figures display how often we detected no deviance (none), positive as well as negative
deviance, and not assessible (n.a.) deviations. In most cases, we detected no or positive deviance. There-
fore, we focus on the comparison of positive deviance and no deviance in our further analysis (Table 6).

Account Deletion Process (ADP)
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Figure 4. ADP - Deviance detected per group
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Technical Request Process (TRP)
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Figure 5. TRP - Deviance detected per group
Control . Precommit- . Default Additional
Incentive Salience . .
Group ment Setting Information
ADP 44% 80% 53% 71% 38% 53%
TRP 43% 74% 51% 60% 30% 47%
Total 43% 77% 52% 66% 34% 49%
Table 6. Relative positive deviance detected per process and across the entire sample (total)

In both business processes, we observed tendency towards positive deviance, i.e. within each group the
percentage of positive deviance detected is high/low for both processes at the same time. This finding
indicates that similar conclusions can be drawn from the results of either the ADP or TRP. The highest
number of positive deviance was observed within the experimental groups Incentive, 80% in ADP and
74% in TRP, and Salience with 71 % in ADP and 60 % in TRP. Both digital nudges seem to be the most
effective ones altering the choice architecture, stimulating positively deviant behavior. The proportion
of positive deviance detected in the control groups (43%) was slightly lower than the related proportions
in the groups Additional Information (49%) and Precommitment (52%). Surprisingly, this shows that
without digital nudges almost half of the participants deviated positively. This finding may be rooted in
various reasons, e.g. a high degree of answer options due to many free text areas and the participants’
strong customer orientation. Further, the nudges Additional Information and Precommitment had a rel-
atively small positive influence on the participants’ behavior. Default Setting is an exception as only
every third participant (34%) positively deviated from the predefined process. This finding shows that
a higher number of participants than those in the control group stuck to the process.

In a next step, we wanted to validate our results by focusing on those 74% of the participants who had
confirmed that they already had experience with customer contact or customer support. The results from
this analysis confirm the results of our first analysis, since we observed tendencies towards positive
deviance in both processes at the same time. Relative positive deviance detected per process differs only
slightly from the previous results, and there are almost no deviations when analyzing the whole sample,
i.e. 349 of 473 participants. However, we could detect that there is a much higher percentage (+8 %
points) within the group where we implemented the nudge Salience. This result even strengthens our
finding mentioned before.

Control . Precommit- . Default Additional
Incentive Salience . .
Group ment Setting Information
ADP 50% 77% 52% 79% 38% 55%
TRP 40% 77% 46% 67% 28% 45%
Total 44% 7% 49% 74% 33% 50%
Table 7. Relative positive deviance detected per process and across the entire sample (74%)
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As the observations just outlined are descriptive, we tested their statistical significance. Results from
the y2-test and w?/¢? computation are summarized in Table 8 (total sample) and Table 9 (74%). The
critical y2-value for one degree of freedom, df=1, and for a= 0.05 is 3.84 (Rasch et al., 2010). Values
above this value are significant (Rasch et al., 2010). Considering both analyses, this applies to the digital
nudges Incentive (y? = 18.50/12,47) and Salience (y? = 7.51/9,34). The w2 /¢? values can be clas-
sified into three categories: small effect with w? = 0.01, medium effect with w2 = 0.09, and strong
effect with w? = 0.25 (Cohen, 1988; Rasch et al., 2010). Accordingly, Incentive reveals a medium to
strong effect (w? = 0.12/0,11), whereas Salience reveals a small effect considering the total sample
(w? = 0.05) and a medium effect (w? = 0.09) considering the 74% subset of the total sample. This test
corroborates that the results obtained for the digital nudges Incentive as well as Salience are statistically
significant, although a high percentage of positive deviance in the control groups was detected.

Incentive Pref:emn;nlt- Salience Default Setting A(;g'rtrf;(?;r:n'
ADP w? (¢?) 0.14 0.01 0.07 0.00 0.01
XZ 10.90 0.52 5.36 0.28 0.52
TRP | W2 (¢?) 0.10 0.01 0.03 0.02 0.00
XZ 7.21 0.61 2.29 1.35 0.13
Total | W2 (¢?) 0.12 0.01 0.05 0.01 0.00
)(2 18.50* 1.15 7.51* 1.30 0.59

* statistically significant, y2 > 3.84 for df=1 and o= 0.05

Table 8. x2-values and ¢2-values (total)
Incentive Precommit- Salience Default Setting Addltlongl In-
ment formation
aop | W (@) 0.08 0.00 0.09 0.01 0.00
X2 4.32 0.01 4.84 0.84 0.11
TRP | w? (¢2) 0.14 0.00 0.02 0.02 0.00
x2 7.75 0.22 1.07 1.01 0.19
Total w? (¢2) 0.11 0.00 0.09 0.01 0.00
x2 12.47* 0.25 9.35* 1.46 0.39
* statistically significant, y2> 3.84 for df=1 and a= 0.05
Table 9. x2-values and ¢2-values (74% of total with customer experience)

5. Discussion

Our research aimed at exploring the potential of digital nudging for light-weight BPI, i.e. whether digital
nudging can complement existing BPI methods and serve as foundation for agile process improvement
by overcoming the shortcomings of established BPI methods. To achieve this objective, we performed
an online experiment based on two customer support processes and five digital nudges. We followed
the call of Weinmann et al. (2016) to intensify research on digital nudging and the call of Andrade et al.
(2016) to focus on positive deviance. Our findings lead to various implications for researchers and prac-
titioners.

To the best of our knowledge, we were the first to bring digital nudging and business processes together
by examining whether digital nudges can entail positive process deviance. From a theoretical perspec-
tive, we introduced digital nudges specifically to the BPI context and found that some digital nudges
can alter the choice architecture of process participants, in our case employees, and foster positive pro-
cess deviance. Andrade et al. (2016) already confirmed that process deviance can have positive effects
on process performance. Our study yielded similar findings regarding how process participants deviated,
e.g. by “calling customer instead of writing an e-mail” or by “asking why a customer wants to delete an
account” (Andrade et al., 2016, p. 5). Thus, our work extends existing research on BPI by providing
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insights into an approach based on which the behavior of process participants can be changed without
changing the processes themselves. As we will point out in the next section, our results stimulate future
research on the usage of digital nudging in other BPM lifecycle phases. For example, Fellmann et al.
(2018) call for a “quicker approach for managing and modeling business processes” (p. 21). In our
opinion, digital nudging may help extend recommender systems to model business processes more effi-
ciently in the future. Moreover, we see high potential that digital nudging can improve the execution of
processes in automated workflow environment based on declarative process models, e.g. by applying
different nudges to order possible actions (Vaculin et al., 2013).

From a practical perspective, this is a promising first step to enable agile BPI, which is needed to tackle
the characteristics of dynamic business environments. In our experiment, we found that the nudges In-
centive and Salience fostered positive process deviance, where Incentive is slightly stronger than Sali-
ence. A possible explanation of this behavior is the availability heuristic from behavioral economics.
Tversky and Kahnemann (1973) show that the availability of information influences the decision of
individuals. By showing the consequences of one’s actions, the information is made available and pro-
cess participants may take them into account more strongly when making decisions. Heath (2012)
showed that active attention towards commercials may lead to rational counter-arguing against them.
The same could happen in this case such that the more subconscious and less salient Incentive has a
stronger effect. This implies that it may be better to use more subconscious digital nudges to get the
desired behavior than salient and eye-catching ones. Additionally, our experiment shows that the digital
nudge Default Setting has the opposite effect of other nudges. Default settings influence people to stick
to a business process as defined upfront (Mirsch et al., 2017). This is based on the psychologic phenom-
enon of status quo bias, making individuals stick to a decision once it is made, fearing the disadvantages
of leaving to outweigh the possible advantages (Kahnemann et al., 1991). The deviation of the group
with the digital nudge Default Setting was 10% lower even than that of the control group. Goldstein et
al. (2008) showed that people do not change the default setting, so we would recommend to critically
reconsider the usage of this nudge and how to adjust the process design instead to achieve the intended
effect. With this, we give a first guidance on the usefulness of different digital nudges for BPI. Addi-
tionally, we provide a first start solution in terms of how nudges can be technically integrated in business
processes. It is mandatory to understand that it is not possible to nudge process execution paths. By
contrast, it is mainly about process activities not the path itself. With that information in mind, BPI
initiatives could be more effective, as process managers should understand and analyze where decisions
during the process execution are made — in activities, people interact with others or trigger results they
have to respond to later. Those activities are the starting points where nudges should be implemented.
Further, digital nudging can be integrated in the improvement phase of the BPM lifecycle and serve as
an agile and light-weight approach to quickly evaluate the effects of improvement ideas and shorten the
time until improvements become effective. This is similar to A/B testing (Satyal et al., 2019) where
different variants of an application are tested in live experiments (Tamburrelli and Margara, 2014). In
fact, organizations may not have enough resources to implement all potentially valuable process im-
provement ideas through projects such that digital nudging offers a favorable cost-value ratio.

6. Conclusion

Over the last decades, a mature BPI toolbox has emerged (Dumas et al., 2018). Most related methods,
however, are complex (Yusof and Aspinwall, 2000), costly, and time-consuming (van der Aalst et al.,
2016), characteristics that do not fit volatile, uncertain, complex, and ambiguous business environments.
Based on an online experiment, we found that digital nudging promises to be a useful foundation for
agile BPI, mitigating the weaknesses of other BPI methods (Mirsch et al., 2017). By stimulating process
participants to positively deviate from predefined business processes, digital nudging complements ex-
tant methods by facilitating the fast validation of improvement ideas (in the sense of A/B testing) and
by reducing improvement latency (the time between the initiation of a BPI initiative and the adoption of
the envisioned changes). Our study offers a differentiated view on digital nudging in the BPI context.
Most investigated nudges led to changed behavior. Some of them (i.e. Incentive and Salience) positively
influenced process participants, while others had no or even negative effects.
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Like in most experiments, our results must be interpreted with respect to some limitations. First, our
results are based on an online experiment and do not reflect the behavior of people in naturalistic set-
tings. In the experiment, participants performed the processes once. In real work environments, they
would be more familiar with the processes in focus and execute them repeatedly. Additionally, they
would better know about the consequences with respect to additional costs and time savings before
deviating from the standard process. Therefore, the question arises whether the participants would have
decided differently in view of such information. Furthermore, the processes were static, and we do not
know how customers or process participants would have reacted on how the participants contacted them.
The second limitation is that we did not test the effects of the digital nudges on participants with different
characteristics such as personality types, gender, or age. We also considered the effects of digital nudges
at one point in time. However, the effectiveness of digital nudges could vary over time. Finally, it should
be considered that digital nudges cannot be implemented in all processes but are limited to those con-
ducted in automated execution environments.

The results of the experiment and the outlined limitations offer opportunities for future research. First,
it would be interesting to investigate the effects of digital nudges in naturalistic settings via field exper-
iments. Moreover, controlling for process participants’ personality types could provide insights into the
need for personalized nudges in digital work environments. Apart from that, the literature lists plenty of
other nudges whose effectiveness in BPM contexts should be examined as well. Researchers should also
consider whether the effectiveness of digital nudges depends on the characteristics of business processes
and whether the combination of digital nudges would intensify or weaken their effect (correlation among
digital nudges). Additionally, more confirmatory studies could use our results for theory building and
developing nudging-creation-methods like the DINU (digital nudging process model) model provided
by Meske and Potthoff (2015). Finally, a taxonomy of digital nudges including their affordances for
different phases of the BPM lifecycle would be beneficial for future sense-making and design-led re-
search — not only in BPM, but also in general information systems contexts.
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