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Abstract 
 
The automation of business processes and deci-

sion-making has received major interest from 
practice and academia. As automation allows us to 
execute more processes (cases), monitoring automat-
ed decision-making is currently evolving into a big 
data analytics problem for companies. Thus, not only 
monitoring insights themselves, but also an effective 
use of such insights become important. In this con-
text, the speed and ability to interpret data is closely 
related to the visualization of metrics and data. While 
various approaches for quantitative insights on au-
tomated decision-making have been proposed, there 
is currently no evidence as to how the specific visual-
ization of such metrics helps companies to create 
more value from their data. In this report, we there-
fore present the results of an empirical experiment 
analyzing the cognitive effects of different visualiza-
tion techniques for quantitative insights on 
understanding inconsistencies in automated decision-
making data.   
 
1. Introduction  
 

Business process automation is a central chal-
lenge for today’s businesses [1, 25]. In regard to the 
current digital transformation, company activities 
have to be digitalized and automated in order to stay 
competitive [11]. Thus, major efforts are currently 
being directed towards executing business processes 
via workflow management systems (WFMS) [30]. 
Such systems can automatedly perform predefined 
business processes, e.g., retail or customer service 
processes, to increase efficiency and reduce the man-
ual effort needed in company activities. A central 
challenge here is automated decision-making, to al-
low WFMS to handle processes autonomously.  

However, monitoring correct and consistent deci-
sion-making in WFMS is currently evolving into a 
big data analytics problem for companies [6, 25]. 

This becomes apparent in the scope of the 7V model 
[13, 19], which indicates the main attributes of big 
data. For example, the volume of data created by 
WFMS is increasing rapidly. The online retailer 
Zalando, which handles customer processes with a 
WFMS [25], reports that 31 million cases were exe-
cuted by their system only in the first quarter of 2019, 
which is nearly a 50% increase since the first quarter 
of 20171. Also, as company processes span across 
systems and organizations, process data often in-
cludes heterogeneous and unstructured data, such as 
scanned documents. Thus, data variety and veracity 
also become increasingly challenging for companies 
[7, 23, 25]. Last, the velocity of data creation increas-
es through automation. WFMS track processes in 
real-time, leading to shorter periods in which compa-
nies have to monitor decision-making.  

In order to ensure consistent decision-making, 
companies must understand and utilize process case 
data to detect errors in automated decisions [6]. Such 
an understanding can be an important driver in creat-
ing value through innovation, e.g., by minimizing 
mistakes, improving WFMS, and streamlining busi-
ness processes [6, 12, 19]. To support companies in 
this aim, the scientific field of inconsistency meas-
urement has evolved and proposed so-called 
inconsistency measures, which are metrics that can 
help to identify those cases where inconsistencies 
have occurred in the decision-making [6, 8]. Also, 
inconsistency measures provide quantitative insights 
that can help to assess the severity of inconsistency 
and thus prioritize cases for the analysis by experts 
[6, 12, 24].  

Due to the unique big data challenges arising in 
the context of WFMS, not only these quantitative 
metrics themselves, but also an effective use becomes 
even more important [19, 27]. In this context, the 
speed and ability to interpret data is closely related 
to a dimension of the 7V model, namely the visuali-
zation of metrics and data. 

 
1 https://zln.do/31wcTqz 
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While various approaches for inconsistency met-
rics have been proposed, there is currently no 
evidence as to how the specific visualization of such 
insights helps companies to create more value from 
their data. In this work, we thus investigate how visu-
alization techniques for inconsistency metrics affect 
the capability to analyze and interpret inconsistencies 
in automated decision-making. To this aim, we intro-
duce different visualization techniques for 
inconsistency metrics in section 2 and hypothesize 
the relation of these approaches and understanding 
inconsistencies in section 3. To verify our hypothe-
ses, we conducted an empirical experiment using 
neurophysiological measurement, presented in sec-
tions 4-5. Our study suggests that providing users 
with a separate, ranked overview of metrics (cf. sec-
tion 2) is associated with better understanding 
efficiency and less mental effort required to handle 
cases compared to other visualization techniques.  
 
2. Background and Related Work  
 

WFMS are systems that allow companies to inte-
grate process- and decision logic, subsequently 
allowing them to execute business processes (semi-) 
automatically. If a new process (i.e., a case) is start-
ed, the WFMS conducts all tasks as predefined in the 
process model sequentially. During this traversal of 
the process model, decision-making is performed 
using business rules, which govern how the process 
should be executed based on the case data. Figure 1 
shows an exemplary business process in the Business 
Process Model and Notation (BPMN) 2  and corre-
sponding business rules in the Decision Model and 
Notation (DMN) standard3.  

 

 
Figure 1. Exemplary business process and 

business rules 
 
DMN allows formalizing rules with so-called de-

cision tables. The rules in the shown table can be read 
such that “if” the account balance is <= 10.000, 

 
2 https://www.omg.org/spec/BPMN/2.0/ 
3 https://www.omg.org/spec/DMN/ 

“then” the customer is not credit worthy, and so forth. 
In Figure 1, given the shown case input, we thus see 
that the system can automatedly reject the request, 
reducing manual effort in decision-making. 

However, business rules are created by human 
modelers, mostly collaboratively and incrementally 
[16, 17]. As suggested by a wealth of recent research, 
modeling errors can frequently occur in this setting 
[2, 3, 6, 24, 26]. For example, in a recent case study 
with a large insurance company, the authors in [2] 
found that 27% of rules had modeling errors. 

In turn, such modeling errors can result in incon-
sistent decision-making [6]. For example, considering 
the business rules in Figure 1, the customer input of 
10.000€ would result in contradictory conclusions 
due to erroneous modeling. Here, all rule conditions 
overlap, yielding contradicting conclusions. This 
flawed decision-making could thus result in compli-
ance breaches, as the WFMS could perform 
unallowed activities. It is therefore essential for com-
panies to monitor consistent decision-making during 
process execution as a driver for innovative and sus-
tainable development of WFMS, e.g., by re-modeling 
business rules and improving operations [6, 10, 24].  

Implementing such compliance monitoring is, 
however, becoming more and more difficult for com-
panies due to the increasing amounts of data which 
are generated by WFMS [25]. Such data amounts are 
challenging in the scope of gaining business intelli-
gence insights, as well as creating value from data 
and insights. For example, during compliance moni-
toring, where a case can consist of heterogeneous or 
even unstructured data, experts must analyze the en-
tire case to correctly understand and resolve 
modeling errors.  

To support companies in this aim, inconsistency 
metrics have been proposed, providing insights on 
inconsistencies in decision-making during run-time. 
Examples include [6] for an overview and [8, 29] for 
some recent surveys. An important family of such 
metrics are culpability measures, which aim to quan-
tify the severity of inconsistency for individual 
business rules with a numerical value. The intuition 
is that a higher value reflects a higher severity of in-
consistency. An exemplary culpability measure is the 
C# measure [6], which assesses the culpability of an 
individual rule r by counting the number of other 
rules that contradict the respective rule r.  
 

Example 1. Revisiting the business rules from Figure 1 
and a case input of 10.000€, this would mean that rule 3 
would have a C#-value of 2, as the conclusion of rule 3 
conflicts the two other rules. Respectively, rules 1 and 2 
would each have a C#-value of 1, as they both individually 
contradict rule 3. 
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Thus, culpability measures can pinpoint the actual 
causes of inconsistencies in WFMS cases as a driver 
for resolving modeling errors [6]. Nagel et al. (2019) 
could show that such inconsistency metrics are asso-
ciated with a better understanding of inconsistencies. 
In light of the unique big data challenges in WFMS, 
not only these (quantitative) insights themselves but 
also the speed of their use become important to foster 
the innovative and sustainable development of 
WFMS [19]. Thus, the actual visualization of metrics 
becomes a critical success factor in creating value 
from case data, as it can impact how information can 
be analyzed and interpreted.  

So far, there are two different visualization ap-
proaches for inconsistency metrics that have been 
proposed, namely an integrated visualization and a 
ranked overview visualization [6].  

In the integrated approach, the culpability values 
are displayed directly within the respective decision 
table, i.e., next to the individual business rules. Fig-
ure 2 shows an example of such an integrated 
visualization for Example 1. 

 

 
Figure 2. Integrated visualization 

 
On the other hand, Corea et al. (2018) propose a 

separate ranked overview of inconsistency metrics. 
Instead of integrating the respective culpability val-
ues directly in the table, a reference (e.g., a colored 
dot) is used to point to a separate, ranked overview, 
where all rules are presented in a sorted list. Figure 3 
shows such a ranked visualization for Example 1. 
Due to the ranking, it can be directly seen that rule 3 
is the most problematic one and should be attended to 
first. Intuitively, such a ranked overview can provide 
benefits for larger tables, or if problems are distribut-
ed across different tables.  

 

 
Figure 3. Ranking-based visualization 

 

Regarding which of these visualization techniques 
is “better” to display big data insights, both ap-
proaches have advantages and disadvantages, and 
there are several contradicting aspects from the field 
of cognitive psychology that must be considered. An 
important aspect here is cognitive load theory, which 
describes the relation between cognitive load during 
information processing and the performance of un-
derstanding information [31]. 

In the integrated approach, the metric information 
and the rules are visually presented in a unified man-
ner. This can lower the extraneous cognitive load for 
processing the information, due to a minimization of 
the so-called split-attention effect [31, 32, 33]. This 
effect can occur when two related pieces of infor-
mation are visually distributed and need to be linked 
mentally by the expert, which is not the case in the 
integrated approach.  

However, while this would advocate an integrated 
visualization, this approach can lead to a higher 
amount of case information which needs to be pro-
cessed. It is important to realize that business rules 
are usually stored in multiple tables in practice. Thus, 
all tables need to be checked, and it is not sufficient 
to “simply” sort rules by their culpability values in 
the respective tables in an integrated visualization. 

On the contrary, a ranked overview allows the ex-
pert to quickly comprehend which rules (and which 
decision tables) should be attended to first. Such a 
recommendation can thus guide modelers in handling 
cases and lower the amount of information that has to 
be processed. Also, results from cognitive psycholo-
gy suggest that factors such as coherence or 
elaborative encoding of information can promote 
more efficient processing of information [20, 28].  

Yet again, while this would advocate using a 
ranked visualization, the resulting split of information 
can be expected to introduce more cognitive load 
during information assimilation [31, 33]. As both 
proposed approaches have advantages and disad-
vantages, a further investigation based on literature is 
difficult at this point. Currently, there exists no em-
pirical evidence investigating which of these 
visualization techniques helps companies to create 
more value from their data. 

 
3. Research Aim   
 

Following authors such as Surbakti et al. (2019) 
or Olszak & Zurada (2019), the effectiveness and 
speed of using insights into big data is a key factor in 
creating value for companies. As these abilities are 
closely linked to how information can be processed, 
this work aims at investigating how different visuali-
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zation techniques for quantitative insights affect the 
effectiveness of their use and thus, also help compa-
nies to create more value from their data.  

Accordingly, we derive the following research 
question:  

 
RQ: How do visualization techniques for incon-

sistency metrics affect the capability to analyze and 
interpret inconsistencies in automated decision-
making? 

 
As introduced in the previous section, two visual-

ization approaches have been proposed so far, 
namely an integrated approach and a ranking-based 
approach. Here, the ranking-based approach has been 
introduced more recently and makes use of culpabil-
ity measures to present users with a recommendation. 
As a result, especially in real-life cases where experts 
would have to scan multiple and large tables, such a 
recommendation could potentially increase efficiency 
by guiding modelers. Accordingly, our first aim is to 
investigate how a ranking-based visualization affects 
understanding efficiency, i.e., the time needed for 
modelers to understand inconsistencies based on in-
consistency metrics. 

 
Hypothesis 1: A ranking-based visualization of 

inconsistency metrics is associated with a better un-
derstanding efficiency compared to an integrated 
visualization. 

 
Also, while an integrated approach could poten-

tially lower cognitive load due to a reduction of the 
split-attention effect, experts might struggle to gain a 
more holistic oversight of problems. Here, a ranked 
overview could potentially lower the mental effort 
needed to understand inconsistencies, as the ranking 
can be used to present a holistic prioritization of 
problems. Accordingly, our second aim is to investi-
gate how a ranking-based visualization affects the 
objective mental effort needed for understanding in-
consistencies. 

 
Hypothesis 2a: A ranking-based visualization of 

inconsistency metrics is associated with less objec-
tive mental effort compared to an integrated 
visualization. 

 
Next to the objective mental effort, the visualiza-

tion might also affect the perceived ease of use, 
which could be used as a driver for the development 
of visualization techniques. Therefore, our third aim 
is to investigate the effects of visualization on per-
ceived ease of use, i.e., the perceived mental effort 
needed to understand inconsistencies. 

Hypothesis 2b: A ranking-based visualization of 
inconsistency metrics is associated with less per-
ceived mental effort compared to an integrated 
visualization. 

 
Despite the potential advantages of the ranking-

based visualization, it is currently not clear whether 
the advantages of a ranked overview outweigh the 
potential cognitive costs that can be expected due to 
the split-attention effect [33]. Thus, empirical evi-
dence is needed. Consequently, we opted for an 
experimental research approach to test these hypothe-
sized relations.  

We consequently follow the experimental re-
search methodology as proposed by Neuman [18], as 
it is highly suitable for the investigation of causal 
relations between independent variables and their 
effects. Here, independent variables are manipulated 
in a controlled environment in order to assess the 
effects that follow the manipulation.  We thus see this 
research methodology as highly appropriate, as the 
visualization techniques can be seen as the independ-
ent variables which the researcher can manipulate, 
and the methodology thus allows us to assess the ef-
fects of these techniques. The dimensions of 
understanding efficiency and mental effort are based 
on the experiment design in [32]. 

 
4. Experiment 
 

We conducted an empirical experiment4  to test 
our hypothesis. In the following, we describe our 
experiment design and the measures used to verify 
our hypotheses. 
 
4.1. Experiment Design 

 
In order to empirically evaluate the effects of the 

two approaches of displaying insights into WFMS 
data, we confronted participants with cases and cor-
responding questions covering inconsistencies.  

We designed our experiment as a single factor 
experiment, as this allows us to assess the effects of a 
single factor on a shared variable [22]. In our case, 
the considered factor is the visualization approach of 
the inconsistency values, with the factor levels being 
“integrated-” and “ranking-based” visualization.  

The experiment was split into two runs (i.e., mod-
els), which each represent a separate domain. We 
divided our participants into two groups randomly 
and tested them for both domains. Here, each domain 
was tested with different factor configurations for the 

 
4 The experiment can be downloaded from https://bit.ly/2KfsBAU 
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two groups, one seeing the inconsistency metrics 
directly in the table and the other one having them 
visualized in a separate ranking. As a result of this, 
the experiment is balanced with repeated measure-
ment. This has the advantage of the participants using 
both factor levels without being exposed to the same 
cases twice. This repeated measurement thus allows 
each participant to generate more data, which can 
lead to more precise, powerful results [4] and, there-
fore, increases generalizability. As the order of factor 
levels was reversed between groups, we could also 
counterbalance a potential distortion following [32].  

Figure 4 gives an overview of the overall experi-
ment design. In the first run, which contains tasks 1-
4, Group 1 was exposed to the inconsistency metrics 
being shown directly in the tables (integrated visuali-
zation), while group 2 had them visualized in a 
separate ranking (ranking-based visualization). This 
situation was inverted in the second run, where 
Group 1 was provided with the inconsistency metrics 
in a separate ranking, while they were displayed di-
rectly in the tables for Group 2.  

 
Figure 4. Experiment design 

 
The entire experiment and the questions were 

formulated in English to warrant comprehension in 
the scope of reproducible research.  
 
4.2. Experiment Structure & Instrumentation 

 
Before exposing the participants to actual cases 

and corresponding questions, we presented them with 
an introduction to the experiment. These introductory 
slides covered all topics that were needed to be able 
to perform the tasks, such as the basics of decision 
management and DMN tables, as well as the quanti-
tative measures and their two visualization 
approaches used in the experiment. The tutorial also 
covered an exemplary task to ensure that the partici-
pants became familiar with the quantitative measures 
and their use. The participants were able to go 
through the introductory slides at their own speed, as 
an understanding of the used concepts was crucial for 
the success of the experiment. 

As shown in Figure 4, each run comprised four 
different tasks, each containing a case and a corre-
sponding question. We designed the cases to cover 
basic types of inconsistencies in WFMS cases; how-
ever, there were no dependencies between cases.  

In general, each task was divided into three, resp. 
four, areas as illustrated in Figure 5, which shows the 
structure of an exemplary task for both factor levels. 

 

 
Figure 5. Exemplary task structure 

 
The question and the corresponding response op-

tions are displayed at the top of the screen (A). 
Below, the current case is shown, which is divided 
into two areas. On the left, the first DMN table is 
shown (B). If the case consists of multiple tables, the 
user can switch between them using the tabs dis-
played above the table. The different tables in one 
case may be directly related, e.g., inconsistencies can 
be distributed among multiple tables. However, there 
is also the possibility of a table being irrelevant to the 
current question. Furthermore, the participant was 
shown case data, which is needed to answer the ques-
tions. The case data can either be implied by the 
question or listed in the corresponding box (C). De-
pending on the current factor level, the inconsistency 
values are either displayed to the right of the row ID, 
or in a separate, ordered ranking (D).  

There were four different types of questions: 
• Questions that asked about the existence of incon-

sistencies in the current case (e.g., “Is there an 
inconsistency in James’ case?”) 

• Content-related questions (e.g., “Is the person in 
this case contractually capable?”). The questions 
could either be answered with “true”, “false”, or – 
if no conclusion could be made due to an existing 
inconsistency – “uncertain”.  

• Questions that asked for the rule with the high-
est/lowest number of inconsistencies (e.g., 
“Which rule is in conflict with the highest number 
of other rules for this case?”).  
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• Questions that asked for a number of rules that 
contradict a specific number of other rules (e.g., 
“How many rules are in conflict with EXACTLY 
three other rules in this case?”) 

 
4.3. Measurements 
 

To test our hypotheses, we used three different 
types of measurements.  

Understanding efficiency was measured using the 
time from the point a case was displayed until the 
participant clicked on an answer. Next, we used the 
eye-fixation duration to measure objective mental 
effort. The eye-fixation duration is defined as the 
period of time where the eyes are focused on a spe-
cific location and therefore remain still. As vision is 
suppressed as soon as the eyes are moved, new in-
formation can only be captured during fixation [21]. 
Thus, fixation duration is an indication for the time it 
takes a participant to process the respective infor-
mation. In turn, a higher fixation duration indicates a 
higher objective measure for mental effort [14]. In 
addition to the objective measures, we also asked the 
participants which run, i.e., which visualization ap-
proach they found easier to work with, in order to 
measure the perceived mental effort. We also con-
ducted semi-structured interviews with all 
participants after the experiment, to gain further in-
sights into the reasons behind their choices and their 
general impressions.  
 
4.4. Settings 
 

We used the cloud-based eye tracking software 
EYEVIDO lab5 to create our study. While the intro-
ductory slides were added as pdf files, we 
implemented the tasks as HTML files. We also veri-
fied the clear visibility of all task components from a 
distance of at least 60cm during a pre-test (c.f. a fur-
ther description of the pre-test in section 4.5.)  

As already depicted in section 4.2, the screen was 
divided into up to four parts: the question area at the 
top of the screen and the corresponding case as well 
as the inconsistency metrics below. As most cases 
consisted of more than one table, the participants 
were able to click on the corresponding tab to switch 
between tables when needed. Furthermore, some ta-
bles required scrolling as their size prevented them 
from being displayed in full size.  

We used a myGaze n 30Hz eye tracker in combi-
nation with a 22-inch screen and a resolution of 1680 
x 1050. The experiment was conducted in an IT lab at 

 
5 https://www.eyevido.de 

the University of Koblenz-Landau. To keep the light-
ing situation consistent, the blinds were closed, and 
the ceiling light was the only source of light. 
 
4.5. Participants 
 

In order to ensure the understandability and read-
ability of the introductory slides and experiment 
questions, we conducted a pre-test with 8 Ph.D. stu-
dents prior to the actual experiment. During the pre-
test, we found that one major problem was the lack of 
trust in the inconsistency metrics, as many partici-
pants preferred to double-check the implication of the 
quantitative insights manually. As a result of this, we 
refined the introductory slides in order to build more 
trust in the values, as our focus was an investigation 
of  different visualization approaches, and the general 
advantage of the values themselves has already been 
evaluated in [15]. 

A total of 48 undergraduate and graduate students 
from the school of Computer Science at the Universi-
ty of Koblenz-Landau participated in our experiment. 
Please observe that this school does not only include 
traditional computer science but also includes insti-
tutes focusing on business informatics or business 
administration. Thus, the participants represented 
diverse fields. Although the introductory covered all 
relevant concepts, all participants had a general 
knowledge of business process management based on 
their study programs. 

The assignment of the 48 students into the two 
groups was performed at random. Furthermore, no 
incentive was offered, so participation was voluntary.  
 
5. Results  
 

To test our hypotheses, we assessed the experi-
ment data with the measures described in section 4.3. 
Given that our experiment was set up as a between-
subject design experiment, we statistically compared 
the respective measures of the individual groups. 
Here, we proceeded as follows.  

First, we checked if each dependent variable 
could be assumed to be normally distributed, using 
the Shapiro-Wilcox test at a significance level of 
0.05. Then, if the data could be assumed to be nor-
mally distributed, we verified whether the dependent 
variables had an equal variance, using Levene’s test6 
at a significance level of 0.05. Given a normal distri-
bution and equal variance, we ran an independent-
sample t-test. If data could not be assumed to be 

 
6 Levene’s test is used to analyze the variance for a variable meas-
ured for at least two groups 
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normally distributed, we used the Wilcoxon-Mann-
Whitney test7. For all comparison tests, we assumed 
the commonly used significance level of 0.05. 

For Hypothesis 1, the measured time needed to 
answer the questions was normally distributed and 
met the assumption of equal variance for both mod-
els. We consequently ran an independent-sample t-
test between groups 1 and 2 for both models, using 
the time needed to answer all four questions in one 
run as the dependent variable.  

 
Table 1. Test of Hypothesis 1  

(understanding efficiency) 
 Run 1 Run 2 

Group 1 (integrat-
ed) 

2 
(ranked) 

1 (r) 2 (i) 

N 24 24 24 24 
Mean 34.54 29.04 23.09 25.02 
SD 8.71 12.89 8.46 16.24 

p (1-tailed) 0.048 0.30 
 
As can be seen in Table 1, the group using a 

ranked overview had a significantly better under-
standing efficiency in run 1, which partially supports 
our hypotheses. For run 2, the difference was not 
significant, yet the group using the ranked visualiza-
tion was still better on average. 

 
Conclusion 1: For the measured data, a ranking-

based visualization of inconsistency metrics is (par-
tially) associated with a better understanding 
efficiency compared to an integrated visualization. 

 
For Hypothesis 2a, the eye-fixation duration 

measured during the experiments was also normally 
distributed and met the assumption of equal variance 
for both models. Accordingly, we ran an independent 
sample t-test, using the eye-fixation duration needed 
for answering all four questions in one run as the 
dependent variable. For 6 participants, eye-tracking 
data could not be tracked due to an unknown system 
failure, thus N = 42 for comparing fixation duration. 

 
Table 2. Test of Hypothesis 2a  

(objective mental effort) 
 Run 1 Run 2 

Group 1 (i) 2 (r) 1 (r) 2 (i) 
N 21 21 21 21 

Mean 30.95 22.86 19.58 19.78 
SD 16.22 23.73 15.22 26.97 

p (1-tailed) 0.004 0.47 
 

 
7 The Wilcoxon-Mann-Whitney test is used to compare the distri-
bution data from two samples 

As depicted in Table 2, the group using a ranked 
overview had a significantly lower eye-fixation dura-
tion in model 1, which partially supports Hypothesis 
2a. For model 2, the difference was again not signifi-
cant, yet the eye-fixation duration was still lower on 
average for the group using a ranked overview. 

 
Conclusion 2: For the measured data, a ranking-

based visualization of inconsistency metrics is (par-
tially) associated with less objective mental effort 
compared to an integrated visualization. 

 
Table 3 shows the results of the perceived mental 

effort, as provided by the participants.  
 

Table 3. Perception of mental effort 
 Group 1 Group 2 Total 
Ranking is easier 14 11 25 (52%) 
Integration is 
easier 5 9 14 (29%) 

Equal 5 4 9 (18%) 
 
To recall, both groups performed two runs and 

were exposed to both visualization techniques. Over-
all, the ranking-based overview was perceived as 
easier by the majority of participants. To statistically 
compare the perceived mental effort, we coded the 
answers by participants as follows: If the participant 
selected that the ranking based visualization was eas-
ier, the ranking based visualization was assigned 2 
points. Vice versa, if the participant selected that the 
integrated visualization was easier, the integrated 
visualization was assigned 2 points. If a participant 
indicated that both visualization techniques were per-
ceived to require equal mental effort, both the 
ranking-based and integrated visualization were as-
signed 1 point. We then compared the average 
perceived mental effort between the two visualization 
forms. As the coded data is ordinal (i.e., possible an-
swers were 0, 1 or 2), the data could not be assumed 
to be normally distributed. Since for the perceived 
mental effort every participant provided his or her 
answer based on both models, we ran the Wilcoxon 
signed-rank test8 for the differences in the perceived 
mental effort for both visualizations. 

 
Table 4. Test of Hypothesis 2b  

(perceived mental effort) 
 N Coded mean SD P (1-tailed) 

Ranking 48 1.22 0.88 0.039 Integrated 48 0.77 0.88 
 

 
8 The Wilcoxon signed-ranked test is used for dependent samples 
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The perceived mental effort for the ranking-based 
visualization was significantly lower than for the in-
tegrated visualization, which supports our hypothesis. 

 
Conclusion 3: For the measured data, a ranking-

based visualization of inconsistency metrics is asso-
ciated with less perceived mental effort compared to 
an integrated visualization. 

 
6. Discussion  
 

For run 1, our results fully support Hypotheses 1 
and 2a, which suggests that the ranked overview vis-
ualization was associated with a better understanding 
efficiency and less objective mental effort needed for 
handling cases in this run. In run 2, the difference in 
group performances was not large enough to be sta-
tistically significant. Still, the group which used the 
ranking-based visualization had on average a better 
understanding efficiency and less mental effort than 
the group using the integrated visualization in run 2. 
We assume that the performances could have been 
affected by participants handling similar cases in run 
1 and run 2, i.e., a learning effect could have affected 
the measured performance in run 2. However, the 
similar structure of run 1 and run 2 was necessary to 
mitigate a bias based on different questions. Intuitive-
ly, this would not be the case in practice, where 
experts face far more complex and individual cases. 
Thus, based on the statistical significance in run 1 
and the fact that participants using a ranking-based 
visualization in run 2 were still on average better, we 
cannot reject our hypotheses. Also, our results fully 
support Hypothesis 2b (which assessed both runs), 
indicating that perceived mental effort was signifi-
cantly lower for the ranking-based visualization, 
compared to an integrated visualization of metrics.  

Figure 6 shows the distribution of average time 
needed to complete a run, as well as the correspond-
ing average fixation duration. 

 

 
Figure 6. Distribution of time and fixation du-

ration (units in seconds) 
 
As can be seen, participants using a ranking-based 

visualization took less time and had a lower fixation 
duration in both runs. Especially in run 1, the propor-
tion of fixation duration relative to total time needed 

was also much higher for the integrated visualization 
(89% vs. 79%). Thus, the participants spent a higher 
fraction of time trying to understand information for 
the integrated visualization as opposed to the rank-
ing-based visualization.  

As mentioned, a split of information when using a  
separate ranking can increase the extraneous cogni-
tive load during information assimilation [31, 32, 33]. 
Yet, in an integrated approach, more information has 
to be processed due to a lack of guidance. This can be 
visualized using the collected eye tracking data. Fig-
ure 7 shows a heatmap of the participants’ gaze 
distribution. The colored areas indicate areas of visu-
al focus, where the red color (“heat”) represents a 
higher fixation duration. As can be seen, participants 
tried to process a higher amount of information in the 
integrated approach. Thus, the benefits of having to 
process less information seem to outweigh the cogni-
tive costs of information assimilation (split-attention 
effect).  

 

 
Figure 7. Heatmaps of gaze distribution for 

different visualization techniques 
 

In the post-experiment interviews with the partic-
ipants, we were also able to gain further insights into 
the reasons for the perceived mental effort and their 
general impression regarding the different visualiza-
tion approaches. Most participants stated that they 
felt relieved that the ranking allowed them to find 
important information more efficiently. For example, 
participants described that they could focus on specif-
ic rows more effectively and were therefore often 
able to skip irrelevant parts or even entire tables 
when having access to the ranking. 
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Interestingly, some participants stated that despite 
being sure about understanding the provided metric 
information, they did not feel confident in using it 
right away. This resulted in the participants trying to 
re-verify the metric assessment manually. However, 
the participants stated an increase of trust during the 
course of the experiment. Although the general trust 
in the inconsistency metrics seems to have improved 
compared to the pre-test (due to the refinement of the 
introductory slides), trust in the insights seems to be 
an important issue when creating value from big data.  

 
7. Conclusion  

 
In this work, we investigated the relation of visu-

alization techniques on understanding inconsistencies 
in automated decision-making. To this aim, we con-
ducted and evaluated an empirical experiment using 
neurophysiological measurement. Our results indicate 
that a ranking-based visualization was (partially) as-
sociated with a better understanding efficiency and 
lower mental effort in handling inconsistent cases. 

Our empirical insights contribute to the develop-
ment of future WFMS and tools. Recommender 
systems and elaborate rankings based on quantitative 
metrics should be developed, as the benefits of hav-
ing to process less information seem to outweigh the 
cognitive costs of information assimilation (split-
attention effect). Also, this study affirms that the spe-
cific visualization of big data insights can help 
companies to use these insights more effectively. 
This capability thus represents an added value of big 
data and business intelligence in regard to innovation, 
i.e., improving WFMS or streamlining processes. 

 In the scope of the 7V model, the visualization 
component is often overlooked. More research is 
needed that investigates how the visualization of big 
data insights can help to foster innovation and help 
companies to create value from their data.  

Due to the research methodology, our study is not 
without limitations. Intuitively, the results are de-
pendent on the participant composition (e.g., number 
of participants or personality traits) which could af-
fect external validity. Our results are based on 
experiment data from 48 participants, which we see 
as comparable to other related studies in the field, 
e.g. [22] (19 participants), [14] (23 participants), [9] 
(28 participants), [32] (50 participants) or [5] (75 
participants). Also, English was not the native lan-
guage of the participants, which could affect internal 
validity. However, all participants indicated a suffi-
cient understanding of the English language as a 
precondition for participating in the experiment. A 
further limitation is that the participant group com-
prised students, as opposed to domain experts, which 

could also affect external validity. However, the 
study curricula include highly practice-based and 
related subjects, such as business process manage-
ment or business administration. Also, as the cases 
included basic inconsistencies, a transferability to 
other domains seems plausible. In future work, we 
aim to conduct experiments with professionals and 
larger sample sizes. 

Bearing these limitations in mind, we could, how-
ever, observe that participants using a ranking-based 
visualization of data insights could on average handle 
cases in a lower amount of time and with less mental 
effort needed. Therefore, our findings can help com-
panies to create more value from their data by using 
these insights on visualization effects to guide the 
future development of WFMS and monitoring tools. 

 Future work should investigate more elaborate 
rankings and recommendation systems. For example, 
participants indicated that switching between the 
ranking and information in the tables, such as the row 
number, was perceived as difficult. Here, future work 
should investigate how to integrate more information 
into the ranking and exploit amenities of the integrat-
ed approach to develop advanced rankings or hybrid 
approaches. Also, some participants suggested 
providing additional guidance through further visual 
elements in the ranking, e.g., more elaborate or 
graphical encodings.  

Our results affirm that the visualization of big da-
ta insights is a key factor in creating value from data 
for companies. The effects of visualization tech-
niques should more strongly be included as a driver 
for the development of information systems. In this 
way, specific visualization techniques can be used to 
foster economic value by means of helping compa-
nies to understand their data, thus enabling 
innovation through improved decision-making and 
more sustainable WFMS management.  
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