
Exploring the Cognitive Effects of Ambiguity in
Process Models

Marco Franceschetti1(�), Amine Abbad-Andaloussi1, Clemens Schreiber2,
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Abstract. Ambiguity in business process models might lead to multi-
ple alternative process interpretations by the readers. This plurality of
interpretations causes undesirable situations such as misunderstandings,
unclear responsibilities, and unexpected behaviors. However, to date, lit-
tle attention has been given to how ambiguity affects the model readers.
Here, we report on an eye-tracking study aimed at investigating the im-
pact of different ambiguities (i.e., pragmatic, semantic, syntactic, and
lexical) on readers’ cognitive load, comprehension, and visual associa-
tions when reading process models. The results of this study show that
these ambiguities yield a significant impact on cognitive load, compre-
hension, and visual associations. These results raise further attention
toward the negative effects of ambiguity from a cognitive and behavioral
perspective, and stimulate the development of novel tools supporting
ambiguity detection in process models.
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1 Introduction

Business process models promise to enhance process understanding through vi-
sualization and formal modeling language semantics. However, despite the avail-
ability of formal semantics for modeling languages such as the Business Process
Model and Notation (BPMN) [28], there is a growing recognition that busi-
ness process models may be susceptible to ambiguity [11,12,34]. Ambiguity is a
characteristic of a process model that can lead to multiple possible process in-
terpretations. Recently, a comprehensive study of ambiguity in Business Process
Management (BPM) highlighted possible sources of ambiguity in business pro-
cesses [15]. Drawing from concrete examples in the literature and public datasets,
the study underpinned the pervasive nature of ambiguity in process models.

The possibility that a process model may be interpreted in multiple different
ways entails the risk of misunderstandings, unclear responsibilities, unexpected
behaviors, and potential cascading effects across other process-related artifacts
managed in the BPM lifecycle, as detailed in [15]. Ultimately, this compromises
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the benefits of adopting Process-aware Information Systems [21,29]. Indeed, a
correct comprehension of the involved process models is imperative for the suc-
cessful engineering and operation of a Process-aware Information System [29].

Prior works have studied different ambiguities in business process models,
aiming at defining strategies to deal with or diminish ambiguity (cf. [12,26,34]).
However, to the best of our knowledge, no prior work comprehensively studied
ambiguity in relation to its impact on a model reader’s cognitive and behavioral
dimensions. While prior works investigated the impact on these dimensions with
respect to aspects such as model complexity [33], model quality [19], modeling
language notational deficiencies [14], or personal aspects of readers such as mod-
eling experience and process knowledge [27], the impact of ambiguity remains,
to date, unexplored. What sets ambiguity apart from these, and other aspects
such as model correctness, is that ambiguity leads to a multiplicity of correct
admissible interpretations. This is, in several processes such as normative ones,
an intentional model feature to enable flexibility in the model interpretation [15].
How the presence of this specific characteristic, which can lead to multiple in-
terpretations, impacts a model reader’s cognitive and behavioral dimensions (for
instance, by challenging the model comprehension) is the focus of this study.

In this work, we take on the challenge of measuring the impact of ambi-
guity in process models on model readers’ cognitive load (i.e., mental effort),
model comprehension, and visual associations (i.e., the shift of attention be-
tween model elements, which suggests the raise of mental demand to integrate
different information, cf. [8]) using eye-tracking. We chose eye-tracking as it has
been previously used to study process model comprehension tasks, providing
significant insights in relation to cognitive dimensions (cf. [8,31,32,39,42]).

Our study is driven by the following research questions:

− RQ1. How do different ambiguities affect model readers’ cognitive load?

− RQ2. How do different ambiguities affect model readers’ comprehension of
process models?

− RQ3. How do different ambiguities affect model readers’ visual associa-
tions?

To answer RQ1–RQ3, we observed the eye movements of model readers while
they performed different comprehension tasks on process models with and with-
out ambiguities. Our results demonstrate the usefulness of eye-tracking to de-
tect ambiguity, and that ambiguous process models lead to higher cognitive
load (RQ1), challenged comprehension (RQ2), and increased visual associations
(RQ3) when compared to process models without ambiguities. Having demon-
strated the negative effects of ambiguity, future work could focus on developing
methods and techniques to support model readers by automatically detecting
ambiguities in process models. Our results also stimulate further studies on the
impact of ambiguity in relation to expertise and on disambiguation strategies.

This paper is structured as follows: in Section 2, we recall background con-
cepts and formally define ambiguities in process models. In Sect. 3, we report
on our experiment. In Sect. 4, we report on the findings. In Sect. 5, we discuss
implications of the experiment results. Sect. 6 concludes the paper.
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2 Background and Related Work

In this section, we set the theoretical underpinning on ambiguity in BPM and
formally define four types of ambiguities in process models. We then set the the-
oretical underpinning on the cognitive theories relevant to our empirical study.

2.1 Ambiguity in Process Models

Ambiguity in BPM refers to the possibility that a business process admits mul-
tiple different interpretations. As per the characterization in [15], intrinsic (i.e.,
language-specific) or extrinsic (i.e., modeling task-specific) factors can induce
ambiguity in process models. Here, we extend this characterization defining prag-
matic, semantic, syntactic, and lexical ambiguities in process models, whose ef-
fects we investigate in this study. These definitions adapt and unify those found
in existing literature that has dealt with these ambiguities (cf. [7,12,18,23,26,34])
or with quality issues leading to these ambiguities (cf. [22]). As detailed in Sect. 3,
we deliberately introduced these ambiguities in the process models used in our
study to assess their effect on model readers.

Definition 1 (Pragmatic Ambiguity). (Adapted from [7,18]) Pragmatic am-
biguity is a phenomenon that occurs at the layout level causing a process model
to lack clarity in one or more process perspectives, allowing for multiple inter-
pretations without affecting the behavior of the executable process model.

An example of pragmatic ambiguity is shown in Fig. 1. Here, the overlapping
control flow edges between the activities allow for multiple interpretations of the
possible precedence constraints. The idea that presentation layout may cause
ambiguity was introduced in [30]. Further studies such as [13,18,32] focused on
the comprehension of process models in relation to layout.

Definition 2 (Semantic Ambiguity). (Adapted from [12,18,22]) Semantic
ambiguity is a linguistic phenomenon related to the usage of a modeling language
that might occur when a process model lacks validity or completeness, allowing
for multiple interpretations. A model is valid if all statements in the model are
correct and related to the process. A model is complete if there is a one-to-one
mapping between model constructs and domain concepts.

Forge piece
LDF

Extrude piece
CTG

Drill piece LBG

...

...
...

Fig. 1: BPMN fragment of a process with pragmatic ambiguity
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An example of (validity-related) semantic ambiguity is shown in Fig. 2 (left),
with the sequence “Approve piece LDF” – “Reject piece LDF”. Here, common
sense suggests that a piece is either approved or rejected, and it is unclear
whether the activities refer to different objects or they are not supposed to
be both executed in the same trace. Semantic ambiguity of process models was
investigated with a focus on BPMN models in [11]. Semantic issues in relation
to process model quality were studied in [18,22]. In [12], authors proposed an
ontology-based approach to reduce semantic ambiguity in process models.

Definition 3 (Syntactic Ambiguity). (Adapted from [7]) Syntactic ambigu-
ity is a grammatical phenomenon that occurs when a fragment of a process model
M formalized in a modeling language L can be parsed using more than one gram-
matical structure of L, allowing for multiple possible interpretations of M .

An example of syntactic ambiguity is shown in Fig. 2 (right), in which the
control flow splits at a XOR-gateway with no conditions attached. Here, the
split can be interpreted either as an underspecified XOR-gateway (the following
activities are mutually exclusive, although the condition is unknown) or as an
AND-gateway (the following activities must be both executed) that has been
assigned the wrong type. To promote the design of understandable and unam-
biguous process models, the work in [10] proposed a set of guidelines, among
which several refer to syntactic aspects of process models. Syntactic issues lead-
ing to multiple interpretations of BPMN models were discussed in [18]. The work
in [7] discussed syntactic ambiguity in relation to process descriptions.

Definition 4 (Lexical Ambiguity). (Adapted from [34]) Lexical ambiguity is
a linguistic phenomenon related to the usage of the natural language that occurs
when a textual label in a process model can be interpreted in multiple ways.

Abbreviations, homonyms, synonyms, and polysemic words (i.e, words with
multiple meanings) are possible causes for lexical ambiguity [10,35]. For exam-
ple, consider an activity labeled “Receive report” followed by an activity labeled
“Evaluate summary”. Here, it is unclear whether the terms “report” and “sum-
mary” are used as synonyms and refer to the same data object, or they refer to
different data objects. The use of certain labeling styles (e.g., passive voice, noun

Approve piece

LDF

Reject piece

LDF
... ...

Heat piece
XYD

Forge piece

LDF

... ...

...

Fig. 2: BPMN fragments of processes with semantic (left) and syntactic (right)
ambiguities
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form of verbs) might as well lead to lexical ambiguity [26]. For an example bor-
rowed from [34], consider an activity labeled “Plan integration”: here, one could
interpret the activity either as the planning of some integration, or as the inte-
gration of some plan. Prior work from Mendling et al. investigated the usage of
activity labels and the resulting lexical ambiguity [24,26]. These studies resulted
in guidelines [25], refactoring recommendations [23], and automatic approaches
to detect and resolve lexical ambiguity in process models [34].

2.2 Cognitive load, Comprehension, and Visual Associations

Here, we provide background and set the theoretical underpinnings for our em-
pirical study, which investigates the impact of different ambiguities in process
models on readers’ cognitive load, comprehension, and visual associations.

Cognitive Load. The Cognitive Load Theory defines cognitive load as the amount
of workload imposed on the human working memory during tasks requiring men-
tal processing [37]. It arises from different sources, such as the inherent complex-
ity of the material a reader engages with (leading to intrinsic load), the material
representation (leading to extraneous load), and a reader’s ability to integrate
the material with their existing mental schemes (leading to germane load).

Ambiguous process models allow for a plurality of interpretations. There-
fore, when attempting to resolve ambiguities in understanding process models,
readers are expected to actively search for additional clues and information to
ensure the most accurate interpretation. This inclination to seek more context
than they would with unambiguous models is expected to elevate the necessity
for augmented information processing, thereby increasing their cognitive load.
This proposition finds support in Campbell’s work [9]. In his review of existing
literature, Campbell identified a set of features characterizing complex tasks that
place high mental demands on the reader (i.e., cognitive load). One such feature
is the existence of uncertain or conflicting information in the artifact. Another
is the presence of multiple ways to solve the task, each with a similar level of
viability. This, in turn, increases readers’ cognitive load as they have to seek out
additional information, evaluate, and choose among comparable alternatives.

Several measures have been used in the literature to estimate readers’ cogni-
tive load [3,13,40]. These measures can be organized into subjective and objective.
Typically, the subjective measures are based on the reader’s self-assessment of
perceived difficulty [3]. This information can for instance be collected through
a 5-points Likert scale (from 0: “very easy” to 4: “very difficult”) asking the
readers to rate the difficulty they perceived while solving a task (cf. [3,36,44]).

Beside subjective measures, objective measures provide more powerful means
to assess readers’ cognitive load [40]. Notably, through eye-tracking, one can in-
vestigate the characteristics of readers’ fixations (i.e., the time the eye remains
stationary at a specific coordinate of the stimulus, e.g., a process model [20])
to estimate their cognitive load objectively [20]. Using fixation features as an
indicator of cognitive load takes root from the eye-mind hypothesis [20], postu-
lating that the mind processes what the eyes are currently looking at. Glöckner



6 M. Franceschetti et al.

and Herbold [16] advanced this theory by posting that fixations with a duration
≥ 250ms reflect mental processing, which can be associated with cognitive load.

To test the impact of ambiguities on cognitive load, we use both subjective
and objective measures. For the former, we rely on a 5-points Likert scale ques-
tionnaire of perceived difficulty. As for the latter, we use the mean number of
fixations ≥ 250ms as an indicator of cognitive load. We expect both measures to
increase significantly when readers are dealing with ambiguous process models
due to the mental processing needed when attempting to resolve the ambiguities.

Comprehension. The comprehension of process models has been subject to ex-
tensive research (cf. overview in [13]). According to [38], when readers experience
very high levels of cognitive load, their performance is likely to decrease. Per-
formance in comprehension tasks is usually captured through comprehension
accuracy and comprehension efficiency [13,36]. The former is computed by com-
paring the outcome of the reader task (e.g., answer to a comprehension question)
to a known ground truth (e.g., whether the answer is true or false); the latter is
computed by calculating the time interval between the task start and end.

In our study, we use comprehension efficiency as a comprehension measure,
which we expect to be reduced when dealing with ambiguous process models. We
refrain from using comprehension accuracy as it is not meaningful to evaluate
the correctness of comprehension questions on ambiguous process models due to
the multiplicity of possible interpretations.

Visual Associations. Eye-tracking is a powerful tool for studying readers’ visual
behavior [20], especially when analyzing visual associations reflecting a repeated
shift of attention between different model elements [8]. This behavior is typically
interpreted as an attempt to mentally integrate visually associated elements [8].
Hence, through visual associations observed with eye-tracking, one can tap into
readers’ cognitive integration processes and study their characteristics [8]. When
attempting to disambiguate a process model, the seeking of additional informa-
tion spread over different parts of the model coupled with the constant need to
consolidate this information is likely to manifest in a high frequency of visual
associations. Following [8], this pattern suggests an intensified requirement for
cognitive integration. This behavior aligns with Campbell’s view of how users
engage with ambiguous tasks where multiple potential paths to a resolution exist
or the tasks comprise conflicting information [9].

Visual associations can be quantified using the AOI (Area of Interest) Run
Count (AOIRC) [8]. This measure has been prominently deployed to capture
visual associations and was proven to reflect readers’ cognitive integration pro-
cesses [8]. An AOI denotes a part of the stimulus with information relevant for
a particular analysis [20]. When analyzing eye-tracking data on process models,
an AOI refers to a model element (e.g., activity or gateway) [20]. The AOIRC
quantifies the number of entries and exits to an AOI from other AOIs. As re-
ported in [8], higher cognitive integration manifests in increased AOIRC. Visual
associations can also be observed by discovering process maps reflecting readers’
visual behavior [4,17]. With low visual associations, the process maps are ex-
pected to reflect a straightforward, sequential reading pattern; with high visual
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associations, they are expected to reveal a rather convoluted, non-linear reading
pattern, marked by frequent transitions between the fixated model elements.

We use the AOIRC and process maps to study readers’ visual associations and
cognitive integration. We expect the AOIRC to increase when reading ambiguous
process models due to the multiple interpretations they allow and the complexity
of integrating such information in the readers’ mental schemes. This effect would
manifest and be observable in more complex and convoluted process maps.

3 Research Method

To investigate the impact of ambiguity on the cognition and behavior of model
readers, we designed an eye-tracking study following the guidelines in [1]. Here,
we report on the study design, execution, and subsequent data analysis.

3.1 Study Design

Research Model. The goal of our study is to investigate the impact of different
ambiguity types in process models on model readers’ cognitive load, comprehen-
sion and visual associations. To this end, we use a within-subject design following
the research model depicted in Figure 3. Each ambiguity type (i.e., pragmatic,
semantic, syntactic or lexical), denoting a theoretical construct on the inde-
pendent variables side, is investigated separately with respect to its impact on
cognitive load, comprehension, and visual associations, denoting the theoretical
constructs on the dependent variables side.

At the independent variables side, each type of ambiguity (i.e., a factor) com-
prises two factor levels: no ambiguity and ambiguity. Accordingly, these factor
levels are operationalized across a process model with 2 sub-processes without
ambiguities, and one sub-process with an ambiguity of that specific type. At the
dependent variables side, cognitive load is operationalized through users’ self as-
sessment of perceived difficulty and the mean number of fixations associated with
mental processing (i.e., having a duration ≥ 250ms) (cf. Sect. 2.2). Comprehen-
sion is operationalized using comprehension efficiency (i.e., time required for a
task, cf. Sect. 2.2) and visual associations are operationalized with the AOIRC
measure (cf. Sect. 2.2). All these measures are collected at the sub-process level.

Our within-subject design allows us to conduct a pairwise within-subject
comparison between the two factor levels of each independent variable with
respect to our dependent variables. Following the theoretical underpinnings pre-
sented in Sect. 2.2 on the effects of ambiguity on readers’ cognitive load, compre-
hension, and visual associations, we formulate the following hypotheses H1–H3,
which apply to each of the four ambiguities (when considering a specific ambi-
guity, we use the shorthands Hxprag, Hxsem, Hxsyn, and Hxlex):

− H1: A sub-process model with ambiguity yields a higher cognitive load
compared to a model without ambiguity.

− H2: A sub-process model with ambiguity yields lower comprehension com-
pared to a model without ambiguity.
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Independent variables
T: Pragmatic ambiguity
O: - 1 sub-process model with a pragmatic ambiguity

- 2 sub-process models without ambiguities

T: Semantic ambiguity
O: - 1 sub-process model with a semantic ambiguity

- 2 sub-process models without ambiguities

T: Syntactic ambiguity
O: - 1 sub-process model with a syntactic ambiguity

T: Lexical ambiguity
O: - 1 sub-process model with a lexical ambiguity

Dependent variables

T: Cognitive load
O: - Perceived difficulty

- Mean no. of fixations w/ duration >=250ms

T: Comprehension 
O: - Comprehension efficiency

T: Visual associations
O: - Area of Interest Run Count (AOIRC)

H1

H2

H3
- 2 sub-process models without ambiguities

- 2 sub-process models without ambiguities

Fig. 3: Research model. T = theoretical construct; O = operationalization of the
construct.

− H3: A sub-process model with ambiguity yields higher visual associations
than a model without ambiguity.

Material. For the study material we designed 13 process models representing
manufacturing processes using Camunda Modeler4. Each model included one
ambiguity; no two models shared the same ambiguity. One model was meant to
let the participants familiarize with the task and ask for clarifications, 3 models
were affected by one pragmatic ambiguity each, 3 by one semantic ambiguity
each, 3 by one syntactic ambiguity each, and 3 by one lexical ambiguity each. As
several modeling guidelines have been proposed to avoid ambiguity in process
models (cf. [10,25]), we designed each of the models deliberately violating specific
guidelines with respect to a specific model element, e.g., a gateway or an activity
label. These violations resulted in the model element being affected by ambiguity.
For instance, in violation to guideline 35: Labeling AND-gateways from [10], we
added labels to an AND-split gateway, making the gateway ambiguous. Since the
violated guidelines derive from multiple empirical studies [10,25], we consider this
approach adequate to generate noticeable ambiguity by the study participants.

In line with our within-subject design, each model consisted of a sequence
of 3 sub-processes. Ambiguity was present in only one of the 3 sub-processes, to
be able to compare the cognitive and behavioral measures associated with the
analysis of sub-processes with and without ambiguity. To mitigate confounding
factors associated with model size and complexity, all sub-processes had similar
size and complexity. They all had 10 activities, 1 intermediate event, and 3
pairs of split-join gateways; they all had similar complexity according to 17
complexity metrics. As domain knowledge may be a confounding factor that
individual participants could possess and leverage to resolve the ambiguities [43],
activity labels were randomly assigned to mitigate any such knowledge. We used
a verb-object labeling style, with a random verb from the manufacturing domain
followed by “piece” and a random string of 3 letters (e.g., Extrude piece TRS ).

We designed one task per process model. Each task consisted of a question
specific to the ambiguity affecting the model. For all tasks involving pragmatic,

4 See https://camunda.com/download/modeler/

https://camunda.com/download/modeler/
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One instance per 
task, 13 total

Name a trace 
and count how 
many pieces 
are drilled in 

sample process

Undergo
initial

training

Fill out
demographic
questionnaire

Solve task

Rate perceived 
difficulty of 
solving the 

task

Name any
issues

encountered

Fig. 4: Experiment procedure

semantic, and syntactic ambiguity, the question was “Name a valid trace for
the process, assuming that the temperature T=200”. The motivation was that
the question required the participants to sequentially analyze the control flow of
the entire model (providing a specific temperature value (i.e., T=200 ) had the
purpose of enforcing one specific trace). As pragmatic, semantic, and syntactic
ambiguities affect the control flow, our specific task design ensured that partic-
ipants have to face the associated ambiguity and interpret it to be able to solve
the task. For instance, one model used for this task had the control flow edges
after an AND-split gateway annotated with conditions: to answer the question,
participants had to read the gateway and the associated conditions, and inter-
pret them. In turn, for tasks involving lexical ambiguity, the control flow is not
relevant; thus, we chose questions that rather emphasize the lexicon of the la-
bels and asked questions such as “How many pieces are moved?” or “How many
pieces are tested?”. The motivation was that these questions required the partic-
ipants to carefully read all the activity labels in the model, including ambiguous
labels, and to interpret them. For instance, for question “How many pieces are
tested?”, the model had an activity labeled “Design test of piece TRS”, which
has multiple interpretations (i.e., designing the test or testing the design of a
piece) leading to different answers.

Participants. A total of 44 participants from St.Gallen University (20 partici-
pants) and Karlsruhe Institute of Technology (24) took part in the experiment.
The age groups represented were 20–30, 30–40, 40–50, and 50+, with the ma-
jority (64%) of the participants falling into the 20–30 age group. Participants
included 17 Bachelor’s and Master’s students, 18 PhD-level researchers, 4 IT
employees, and 5 students also working as IT employees, with BPM expertise
ranging from 0 to 25 years; they all had a basic understanding of BPMN or sim-
ilar notations. Due to the within-subject experiment design, the participants’
heterogeneity does not affect the testing of our hypotheses.

3.2 Experiment Procedure

The experiment was conducted in individual sessions of around one hour in a
controlled lab environment. Figure 4 depicts a BPMN diagram representing the
experiment procedure. First, participants were given initial training on the basic
BPMN elements found in the models used in the study. To avoid any bias, they
were not informed about the study goals and the topic of ambiguity in process
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models. Then, they were asked to try to name a valid trace and count how many
pieces are manipulated in an example process to ensure that they understand the
kind of questions used in the experiment (cf. Sect. 3.1). During this phase, they
could receive clarifications and feedback. Then, the actual experiment started
with a familiarization task to let the participants familiarize themselves with the
interface and tasks. To avoid any bias due to unfamiliarity with the experiment
setup, the results of this task were not used for the subsequent data analysis.
The presentation order of the next tasks was randomized to mitigate potential
learning and fatigue effects (allowing them to spread uniformly across the differ-
ent experiment tasks). After each task, participants rated on a Likert scale the
perceived difficulty of solving the task with respect to each sub-process. This was
used to compute the perceived difficulty measure of cognitive load (cf. Sect. 3.1).
They were also generically asked to state whether they had any issues in solving
the task and how they overcame them. This was used to check whether they
had noticed the ambiguity in the process model without hinting at the presence
of the ambiguity in the process model. We used this information in the data
analysis to consider only tasks where ambiguity was noticed (cf. Sect. 3.3).

3.3 Data Collection and Analysis

The data was collected using EyeMind [5]–an eye-tracking tool for capturing eye-
tracking data on process models within an interactive editor allowing users to
seemingly browse the different parts of the model and explore its sub-processes.
The key advantage of EyeMind lies in its support of dynamic eye-tracking stimuli
where users can freely browse different views, scroll, and zoom in different parts
of the stimulus [5,20]. Conducting experiments on a dynamic stimulus is known
to be complex and time-consuming [5,20]. Hence, researchers typically adopt a
static stimulus using a small and non-interactive process model (shown as an
image), not reflecting the true complexity and usability of real-world process
models, thus limiting the ecological validity (i.e., ability to generalize) of the
insights [5,20]. To overcome the limitations of using a static stimulus and align
with real-world model size and complexity, we opted for EyeMind, which, to the
best of our knowledge, is the only tool supporting this feature on process models.

Following the data collection, we selected the trials 5 where the participants
had correctly noticed the ambiguities embedded in the models, based on the
premise that unnoticed ambiguities will presumably have no effect on cognitive
load, comprehension and visual associations. From 528 trials (due to 44 partici-
pants performing 12 tasks, excluding the familiarization task), ambiguities were
noticed in 386 trials (i.e., 73%). Then, we calculated the measures capturing the
constructs depicted at the dependent variables side of our research model (cf.
Fig. 3). These calculations were conducted at the level of each sub-process.

Participants were given 3 tasks per ambiguity type (cf. Sect. 3.1), hence
we collected 3 data points per factor level and participant. To avoid inter-
dependencies between the data points, for each participant we computed the

5 A trial refers to an instance of a participant performing a task
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mean value of each measure at each factor level. We computed the descriptive
and inferential statistics reported in Table 1. The descriptive statistics allow for
a pairwise within-subject comparison between the mean values of each measure
across the factor levels: presence and absence of each ambiguity type. To ascer-
tain the statistical significance of the differences between the means, we used the
Wilcoxon Signed-Rank inferential test [41], as it is adequate for pairwise within-
subject comparisons and does not make assumptions on the normal distribution
of the data.

3.4 Data Availability and Reproducibility

In the spirit of transparency, reproducibility, and replicability, we published a
permanently accessible online appendix, which includes:

– the complete set of process models used in the study;
– a detailed report on the process models’ complexity metrics and how they

have been computed;
– the specific guidelines violations and the resulting ambiguities;
– the list of tasks performed by the study participants;
– the participants demographics;
– a higher resolution version of Fig. 4 depicting the experiment procedure;
– the Python notebooks used for the data analysis and the analysis results.

The appendix is accessible at https://zenodo.org/records/10715134.

4 Findings

Here, we summarize our findings with respect to the research questions.
RQ1. How do different ambiguities affect model readers’ cognitive
load? We measure cognitive load in terms of perceived difficulty and mean
number of fixations with duration ≥ 250ms, collected at the level of each am-
biguous and non-ambiguous sub-process model (cf. Sect. 2.2). As Table 1 shows,
in all tasks ambiguous sub-process models yield higher perceived difficulty com-
pared to non-ambiguous sub-process models. The reported p-values indicate that
these differences are statistically significant. For the mean number of fixations
≥ 250ms, significant differences can be observed for pragmatic, semantic, and
syntactic ambiguity. In turn, for tasks dealing with lexical ambiguity, with a p-
value of 0.634 no significant differences could be observed. These results confirm
hypotheses H1prag, H1sem, and H1syn and reject H1lex.
RQ2. How do different ambiguities affect model readers’ comprehen-
sion of process models? We measure comprehension efficiency in terms of the
time required to complete a task (cf. Sect. 2.2). Table 1 reports such mean times
with respect to non-ambiguous and ambiguous sub-process models. For all tasks,
the time required for ambiguous sub-process models was higher than for non-
ambiguous models. As the p-values indicate, these differences were statistically
significant, confirming hypotheses H2prag, H2sem, H2syn, and H2lex.

https://zenodo.org/records/10715134
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Table 1: Descriptive and inferential statistics. Comprehension Efficiency unit:
milliseconds. Note: p <0.05 informs that the pairwise difference of means be-
tween the no ambiguity and ambiguity levels is significant.

A. H. Measure

Descriptive Inferential

No Ambiguity Ambiguity
p-value

Mean Mean

P
ra

g
m
a
ti
c
A
. H1 Cognitive Load

Perceived Difficulty 1.038 3.331 <.001
Fixations >= 250 ms 32.754 74.508 <.001

H2 Comprehension
Comprehension Efficiency 27198.497 51667.651 <.001

H3 Visual Associations
AOI Run Count 21.159 46.357 <.001

S
e
m
a
n
ti
c
A
. H1 Cognitive Load

Perceived Difficulty 0.893 2.240 <.001
Fixations >= 250 ms 28.354 41.547 <.001

H2 Comprehension
Comprehension Efficiency 25809.034 39514.319 <.001

H3 Visual Associations
AOI Run Count 20.067 34.573 <.001

S
y
n
ta

c
ti
c
A
. H1 Cognitive Load

Perceived Difficulty 0.973 2.217 <.001
Fixations >= 250 ms 25.212 34.308 <.001

H2 Comprehension
Comprehension Efficiency 26414.001 32977.135 <.001

H3 Visual Associations
AOI Run Count 19.151 27.489 <.001

L
e
x
ic
a
l
A
.

H1 Cognitive Load
Perceived Difficulty 0.786 1.976 <.001
Fixations >= 250 ms 21.610 21.463 0.634

H2 Comprehension
Comprehension Efficiency 16258.680 19436.565 0.019

H3 Visual Associations
AOI Run Count 18.086 22.610 0.008

RQ3. How do different ambiguities affect model readers’ visual asso-
ciations? To measure such impact of ambiguities, we measure the AOIRC (cf.
Sect. 2.2). As Table 1 reports, in all tasks, the AOIRC for ambiguous sub-process
models was higher compared to non-ambiguous sub-process models. All these dif-
ferences were statistically significant in terms of p-values, confirming hypotheses
H3prag, H3sem, H3syn, and H3lex. The process maps in Figure 5 complement
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Fig. 5: Process maps comparing the visual associations of a participant when
reading a sub-process without (left) and with (right) a semantic ambiguity. A
higher resolution of this figure is available in the online appendix. The circle
with a dot inside denotes the process start, the double circle with a square inside
denotes the process end. Rectangles refer to visits to the different process model
activities; edges refer to the transitions for visiting one activity from another.
The color scale of the rectangles refers to the absolute visit frequency to an
activity; the thickness and labels on the edges refer to the absolute transition
frequency, resp. the number of transitions between each pair of activities.

the inferential statistics by showing an example of the striking differences in the
visual associations (the shifts of attention between model elements) of a reader
when analyzing a non-ambiguous (few shifts of attention) and an ambiguous
(many shifts of attention) sub-process model within the same task. Analogous
process maps for all tasks and participants are available in the online appendix.

5 Discussion

Our findings indicate that pragmatic, semantic, and syntactic ambiguities, affect-
ing the control flow, have a strong impact on cognitive and behavioral aspects.
They raise readers’ cognitive load, lower their comprehension, and cause a sig-
nificant amount of visual associations, implying increased cognitive integration
effort [8]. Conversely, lexical ambiguities, affecting the labels, have a less pro-
nounced impact. Effects could be observed in terms of lower comprehension and
higher visual associations, but not clearly in terms of cognitive load. In par-
ticular, the mean number of fixations with duration ≥ 250ms (associated with
mental processing, cf. Sect. 2.2) did not significantly differ between models with
and without ambiguities. A possible interpretation is that ambiguities in the
lexicon do not impact cognitive load as much as ambiguities in the control flow.

Having demonstrated the adverse effects of ambiguities, the question arises
on how to better support model readers either by minimizing the presence of
ambiguities in a process model or by providing better support in handling them.
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For example, automated techniques for label refactoring have the potential to
help to reduce lexical ambiguity in the first place (cf. [34]). However, we can-
not assume that ambiguities can be completely removed, and acknowledge that
certain ambiguities are intentional, e.g., to allow for flexible process interpre-
tation and execution (cf. [15]). Nevertheless, the impact of ambiguities on task
performance necessitates support that goes beyond the detection of modeling
errors. This could translate to promoting a feedback loop in which modelers and
model readers closely cooperate to identify ambiguous process elements. Another
possibility is process model analysis tools that automatically detect ambiguities
based on formal definitions such as those in Sect. 2.1 or in [15], possibly with the
support of ontology annotations akin to [12]. Another possibility is that, with
further development, the cognitive and behavioral measures captured with eye-
tracking could be used to develop context adaptive systems that use pre-trained
machine learning models (e.g., [6]) to detect when users are facing ambiguities
and help them to disambiguate the model. This can, for instance, be done by
showing additional artifacts such as textual annotations or guided simulations.

Our findings have implications for research, practice, and education. As for
research, future empirical studies on human and cognitive aspects in process
modeling should consider that ambiguity in process models may be a confound-
ing factor. Therefore, it should be mitigated in the design of future experiments.
As for practice, our results emphasize the need to strive for process models min-
imizing ambiguities and to provide disambiguation cues along with the models,
e.g., enriching process models with additional artifacts (cf. [2]). As for educa-
tion, our results call for increasing awareness in process modeling trainees about
potential ambiguities in their models and about the effects of these ambiguities.

We acknowledge possible threats to the validity of our study. First, the pres-
ence of confounding factors that cannot be fully excluded threatens internal
validity. However, this threat was mitigated through the design of a controlled
experiment following a pre-defined research model (cf. Sect. 3.1), a careful and
systematic preparation of the experiment material (cf. Sect. 3.1), a randomiza-
tion of the presentation order of tasks to avoid learning and fatigue effects (cf.
Sect. 3.2) and the use of a strict data collection protocol that was executed
uniformly during all the data collection sessions (cf. Sect. 3.2). An additional
threat to internal validity derives from asking the participants to state whether
they had any issues in performing each task after completing it. Since each task
involved a process model specifically designed to include an ambiguity hindering
the task execution, it is possible that, nudged by the question, the participants
could eventually anticipate the presence of issues in each new task. This antic-
ipation constitutes a potential confounding factor as it may have an influence
at the cognitive level. To mitigate this threat, we did not disclose the study
goals to the participants, avoided mentioning that they would be facing issues
while analyzing the process models, avoided making them aware of the concept
of ambiguity in process models, and never mentioned ambiguity. We also kept
the question intentionally generic to avoid hinting at the fact that participants
were analyzing ambiguous process models. Additionally, having process mod-
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els composed of one ambiguous and two non-ambiguous sub-processes allowed
us to not always present the participants with models with issues. Finally, the
randomized presentation of tasks (cf. Sect. 3.1) allowed us to uniformly spread
across all tasks any increased cognitive load due to the potential anticipation of
issues. Nevertheless, in future studies we could further mitigate this threat by
including tasks involving models free from ambiguity and by phrasing questions
avoiding hinting terms such as issues, to minimize the risk that participants may
anticipate and look for issues. The inability to generalize the experiment results
due to the participants’ sample size or the used modeling language may threaten
the external validity of our study. To mitigate these threats, we recruited 44 par-
ticipants, which, to the best of our knowledge, places our study among the most
extensive eye-tracking studies in process modeling. As for the use of BPMN, we
argue that the tested ambiguities are not BPMN-specific but could be found in
other imperative modeling languages such as workflow nets and EPC models.

6 Conclusion

Ambiguities in process models lead to multiple possible process interpretations.
Using eye-tracking, we investigated how these ambiguities affect the model reader
while conducting various model comprehension tasks. Our results demonstrate
a significant impact on cognitive load, comprehension, and visual associations.

The demonstrated adverse effects of ambiguities suggest the need for ade-
quate training and care in avoiding ambiguities in process models. Moreover,
they motivate the need for the design of automated tools to aid model readers
in detecting ambiguities and to possibly disambiguate them. In future work, we
will further investigate the role of BPM expertise in detecting ambiguities (also
in relation to diverse industrial backgrounds), strategies and behavioral patterns
for handling ambiguities, and the specific impact of intentional ambiguities.
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