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Introduction
Process models anchor every phase of an information system lifecycle (Dumas et al. 
2013). During analysis and design, they externalize requirements; during implemen-
tation, they guide configuration; and during operation, they enable monitoring and 
optimization (Dumas et al. 2013). Because these artifacts must be read by software 
engineers, domain experts, and managers alike, they are typically expressed in visual 
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notation, ranging from Goldstine-von Neumann flowcharts of the 1940s (Goldstine and 
Neumann 1947) to contemporary languages such as the Unified Modeling Language 
(UML)1 and Business Process Model and Notation (BPMN)2. Visual notations thus form 
part of what Moody calls the “language of software engineering” (Moody 2009) and, like 
any language, must remain cognitively manageable to fulfill their communicative pur-
pose (Dumas et al. 2013).

To anticipate comprehension problems early, researchers have proposed dozens of 
complexity metrics for process models (Cheng 2008; 2012; Mendling 2008). However, 
while prior studies showed that complexity metrics correlate with errors in process 
models (Mendling 2008), it remains unclear to what extent they can predict the mental 
effort (i.e., cognitive load) actually experienced by users. Empirical studies in neighbor-
ing domains report conflicting evidence (Couceiro et al. 2019; Peitek 2022; Hao et al. 
2023), suggesting that other aspects may affect the mapping from ‘objective’ complexity 
to ‘felt’ difficulty.

First, it is crucial to well capture and separate essential complexity that is inherent in a 
model’s control-flow logic, from accidental complexity, which arises from the represen-
tation, structure, or layout of the model. Second, cognitive load varies along two axes. 
The task-context axis reflects which part of the model the current task activates, while 
the temporal-dynamics axis captures how mental effort (i.e., cognitive load) evolves 
over the task’s timeline—for example, from broad search for task-relevant information 
to focused inference of how two process model activities relate to each other. Progress 
therefore hinges on untangling these complexity sources and observing user behavior at 
both coarse and fine temporal resolutions.

Building on and extending the eye-tracking study of Sorg et al. 2025, we conducted an 
experiment in which 27 participants performed comprehension tasks on process models 
that systematically vary along the essential and accidental complexity dimensions. Our 
study gathers subjective, performance, physiological, and behavioral indicators of cogni-
tive load and analyzes them at two complementary levels (coarse vs. fine-grained).

Although our previous work (Sorg et al. 2025) investigated the relationship between 
process model complexity and cognitive load, it used only basic process models that are 
either simple or complex as a whole and reported primarily qualitative coarse-grained 
findings. We extend that line of research in three ways. First, we introduce a second set 
of advanced models that embeds low and high complexity parts within the same dia-
gram, allowing us to test whether the parts irrelevant to the task affect cognitive load. 
Second, we explicitly manipulate task complexity. That is to say, we manipulate the tasks 
so that each participant solves comprehension tasks targeting regions of distinct com-
plexity; this enables a direct test of whether task characteristics affect the alignment 
between complexity metrics and measures of cognitive load. Third, we bring fine-grained 
analysis to bear: We segment gaze data reflecting users’ visual behaviors (captured by 
eye-tracking) spatially (task-relevant vs. non-task-relevant regions) and temporally (dis-
covery vs. post-discovery phases), and examine the resulting measures using descriptive 
and inferential statistics.

We formulate our research questions as follows:

1 https://www.uml.org/
2 https://www.bpmn.org/

https://www.uml.org/
https://www.bpmn.org/
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 	• Coarse-grained level research questions:

– RQ1: Does process model complexity, as captured by existing complexity metrics, 
align with measures of users’ cognitive load?

– RQ2: Does the complexity of tasks affect the alignment between existing complexity 
metrics and measures of users’ cognitive load?

 	• Fine-grained level research questions:

– RQ3: How do users’ visual behaviors evolve over time during comprehension tasks on 
process models of varying complexity?

– RQ4: Does the complexity of the non-task-relevant parts of process models affect 
measures of users’ cognitive load during comprehension tasks?

– RQ5: How does the complexity of the non-task-relevant parts of process models 
affect users’ cognitive load during different phases of comprehension tasks?

Contributions

This study extends prior work on process model comprehension and cognitive load by 
combining a multi-granular experimental design with fine-grained eye-tracking analysis. 
Our main contributions are as follows:

 	• Established correspondence between complexity metrics and estimates of 
cognitive load. We demonstrated this relationship through testing whether existing 
process model complexity metrics relate to cognitive load measures collected from 
users performing comprehension tasks. Building on prior studies that link these 
metrics to model understandability during cognitive tasks Mendling 2007; Bernstein 
and Soffer 2015; Burattin et al. 2017, we selected metrics that quantify either essential 
or accidental complexity and examined how they relate to intrinsic and extraneous 
cognitive load.

 	• Influence of task characteristics on cognitive load. We analyze how task 
complexity affects the relationship between process model complexity and cognitive 
load. By comparing tasks that address parts of models with varying complexity, our 
results reveal that task characteristics play a significant role in this relationship.

 	• Fine-grained analysis of visual behavior. We identify and characterize distinct 
phases of visual exploration (‘discovery’ vs. ‘post-discovery’) and show how they 
correspond to different patterns of cognitive load. This contributes to a deeper 
understanding of the temporal dynamics of model comprehension and links 
observed gaze behavior to sensemaking processes (Chen et al. 2025).

These insights advance the measurement theory in Business Process Management 
(BPM) and inform the design of adaptive modeling tools.

The remainder of the paper is organized as follows. Section Background and Related 
Work reviews the background and related work; Section Complexity Metrics and Cogni-
tive Load presents the selected process model metrics employed in our analysis; Section 
Research Method details our research method, experimental design, and data analysis 
pipeline; Section Findings presents the results; Section Discussion discusses the results, 
implications and limitations; Section Conclusion and future work concludes the paper.
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Background and related work
This section establishes the theoretical foundation for this research. Section Complexity 
of Process Models and Comprehension Tasks provides an overview of the research on 
complexity of process models and associated comprehension tasks. Section Cognitive 
Load Theory, Measurements and Granularity discusses cognitive load theory, measure-
ment techniques and the level of granularity on which they are applied. Section Visual 
Behavior Analysis explores visual behavior analysis methods.

Complexity of process models and comprehension tasks

Research documents multiple metrics to measure process model complexity, originat-
ing from domains including software engineering, graph theory, and information theory 
(Mendling 2007; Sánchez-González et al. 2010). Following prior work (Antinyan 2020; 
Abbad-Andaloussi 2023), we classify these metrics into two categories, capturing essen-
tial and accidental complexity, respectively.

Complexity of process models

Essential complexity metrics concentrate on inherent characteristics of the logic that 
encodes the process specifications. For instance, (Mendling 2007) developed a com-
prehensive set of metrics encompassing dimensions of essential complexity, including 
size, density, partitionability, connector interplay, cyclicity, and concurrency. In contrast, 
accidental complexity metrics address aspects related to model presentation and layout. 
The measures introduced by (Bernstein and Soffer 2015) (specifically edge style, crossing 
edges, edge angles, and symmetry in blocks) along with the flow consistency metric from 
(Burattin et al. 2017) allow one to assess different aspects of accidental complexity. Our 
investigation employs these metrics to assess both essential and accidental complexities 
and their impact on cognitive load (cf. Section Background and Related Work).

Complexity associated with comprehension tasks

Previous studies investigating process model complexity have relied primarily on com-
prehension metrics—time and accuracy (Reijers and Mendling 2011; Mendling et 
al. 2012; Petrusel et al. 2017)—together with error counts (Mendling 2007) and self-
reported difficulty (Petrusel et al. 2017). To our knowledge, the only work that explic-
itly applies the cognitive load theory is (Abbad-Andaloussi et al. 2023), who examined 
declarative (constraint-based) models. Instead, we focus on imperative (flow-based) 
models, which differ in their structural properties and are widely used in practice 
(Pichler et al. 2011; Fahland et al. 2009). In addition, we enrich previous approaches (e.g. 
(Mendling 2007; Reijers and Mendling 2011; Mendling et al. 2012; Petrusel et al. 2017)) 
by combining subjective, performance, physiological, and behavioral measures, allowing 
a multimodal analysis of user cognitive load at both coarse- and fine-grained levels of 
granularity.

While complexity metrics typically quantify the overall complexity of process mod-
els, comprehension tasks often focus on specific model parts rather than the model as 
a whole (Petrusel and Mendling 2013). These fragments, known as task-relevant parts, 
are thought to drive the mental effort exerted by model readers and account for much of 
the perceived difficulty (Petrusel et al. 2017). Therefore, when assessing process model 
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complexity, it is crucial to account for the specific tasks the models are intended to sup-
port (Malinova and Mendling 2021).

Prior research has emphasized the critical role of tasks in shaping process model com-
prehension (Malinova and Mendling 2021) and demonstrated that specific task-related 
characteristics can significantly impact users’ understanding of process models (Vessey 
and Galletta 1991, Ritchi et al. 2019, Schreiber et al. 2023, 2024). These characteristics 
distinguish, for instance, between schema tasks, which rely solely on information within 
the model, and non-schema tasks, which require external domain knowledge (Ritchi et 
al. 2019); symbolic tasks, which focus on individual diagram elements, and spatial tasks, 
which emphasize relationships among elements (Vessey and Galletta 1991); as well as 
local tasks, which concern elements present within the same view, and global tasks, 
which target elements that span across multiple views (Schreiber et al. 2023, 2024).

In this study, we extend this characterization by introducing a distinction based on 
model complexity. Herein, we differentiate between tasks that focus on process model 
parts with a low level of complexity, referred to as simple tasks, and those that target 
parts with a higher level of complexity, referred to as complex tasks.

Cognitive load theory, measurements and granularity

Cognitive Load Theory (CLT) postulates that human working memory possesses finite 
capacity (Sweller et al. 2011; Chen et al. 2016). When exceeding these limits, cognitive 
overload occurs, characterized by impaired performance and elevated error rates (Chen 
et al. 2016). CLT differentiates three cognitive load types: intrinsic, extraneous, and ger-
mane (Sweller 2010). Intrinsic load derives from the inherent complexity of the subject 
material. For process models, this corresponds to their essential complexity (see Sect. 
Introduction) (Antinyan 2020; Abbad-Andaloussi et al. 2023). Extraneous load emerges 
from poor quality of information presentation, which is related to accidental complex-
ity in process models (see Sect. Introduction) (Antinyan 2020; Abbad-Andaloussi et al. 
2023). Germane load, finally, concerns the construction of mental schemes for effec-
tive information processing using existing knowledge (Sweller 2010). Our investigation 
analyzes how essential and accidental complexities influence intrinsic and extraneous 
loads, respectively. In addition, our within-subject experiment controls germane load 
factors and keeps them constant to limit the impact of this load (see Sect. Experimental 
Procedure).

Different measures are known for their ability to capture cognitive load (Chen et al. 
2016). The following paragraphs present a set of these measures, which we are using in 
our study (cf. Sect. Study Design).

Subjective measures

These measures evaluate task difficulty through self-reported assessments. A typical 
example is the 5-point Likert scale for perceived difficulty (ranging from very easy, indi-
cating low load, to very difficult, indicating high load) (Abbad-Andaloussi et al. 2023; 
Schreiber et al. 2023).

Performance measures

These measures assess the performance of the user regarding the execution of the task 
(Chen et al. 2016). For comprehension tasks, typical measures incorporate accuracy 
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(response correctness) and comprehension time, where reduced accuracy and extended 
durations suggest elevated cognitive load (Chen et al. 2016; Abbad-Andaloussi et al. 
2023; Schreiber et al. 2023).

Physiological measures

Eye-tracking technology allows the continuous monitoring of ocular movements while 
a user performs a task (Holmqvist et al. 2011). Current eye trackers collect eye-gaze 
and pupillary measures with high precision, providing high-resolution temporal data, 
and, thereby, offering precise estimates of cognitive load (Holmqvist et al. 2011; Just 
and Carpenter 1980; Weber et al. 2021). Fixation detection algorithms can derive fixa-
tions (Holmqvist et al. 2011)—periods of time during which the eyes remain stationary 
on a specific target—from the collected gaze data. The eye-mind hypothesis proposes 
that fixations reflect ongoing cognitive processing (Just and Carpenter 1980). In (Glöck-
ner and Herbold 2008), the authors identified fixations between 250-500ms as indicat-
ing mental processing, while those exceeding 500ms suggest deep mental processing. 
The eye tracker can also perform a pupillography, i.e. monitoring of the pupil, while eye 
movements are monitored. Then, pupillary metrics can be used to derive measures such 
as the low/high index of pupil activity (LHIPA) (Duchowski et al. 2020). This index is 
measured based on the ratio of low to high frequencies (LF/HF) in pupil size (of the 
diameter) oscillations, where reduced values correspond to increased cognitive load. 
Beyond these measures, the LHIPA offers a robust alternative by combining both low- 
and high-frequency (LF/HF) components of pupil-size oscillations, thereby avoiding 
reliance on the phasic (LF) response alone (Duchowski et al. 2020). With its formulation 
based on this LF/HF ratio, the index remains usable for assessing cognitive load even 
when illumination varies. Moreover, as expected for a frequency-ratio measure, using 
the LHIPA reduces the need for additional preprocessing of baseline pupil data (Peysak-
hovich et al. 2015; Duchowski et al. 2020).

Behavioral measures

Eye-tracking data enables investigation of visual behavior from eye movement patterns 
(Holmqvist et al. 2011; Chen et al. 2016; Weber et al. 2021). Areas of Interest (AOIs) 
represent a fundamental concept in the analysis of behaviors, denoting stimulus regions 
containing relevant information (Holmqvist et al. 2011). Each process model element 
constitutes a distinct AOI in our study. The AOI run count, which consists of tallying 
AOI entries and exits, was used in (Bera et al. 2019), to measure visual associations 
between AOIs. This measure estimates the mental effort required to integrate informa-
tion across several parts of the model, hence, serving as a cognitive load indicator. A 
similar measure designed for Empirical Software Engineering has shown values well 
aligned with users’ cognitive load (Hao et al. 2023).

While physiological and behavioral measures are particularly well-suited for con-
tinuous, fine-grained monitoring of cognitive load, they also complement the broader 
insights offered by performance and subjective measures.

Building on these complementary strengths, prior research has explored cognitive 
load at varying levels of granularity. In the process modeling literature, most stud-
ies have conducted coarse-grained analyses of cognitive load (Abbad-Andaloussi et al. 
2023; Schreiber et al. 2023, 2024; Wang et al. 2022; Wang 2019; Abbad-Andaloussi et 
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al. 2024; Franceschetti et al. 2024; Figl et al. 2015; Figl et al. 2024; Figl and Laue 2011; 
Winter et al. 2022; Dobesova and Malcik 2015), typically testing the effect of factors such 
as process model size (Abbad-Andaloussi et al. 2023), density (Abbad-Andaloussi et al. 
2023), separability (Abbad-Andaloussi et al. 2023), model structure (Figl and Laue 2011; 
Winter et al. 2022), variability of model elements (Figl and Laue 2015; Abbad-Andal-
oussi et al. 2023), layout (Figl et al. 2024) linked rule annotations (Wang 2019; Wang 
et al. 2022), modeling knowledge (Figl and Laue 2015) task type (Dobesova and Malcik 
2015; Schreiber et al. 2023, 2024; Abbad-Andaloussi et al. 2024), and ambiguity (Abbad-
Andaloussi et al. 2025) on users cognitive load at the level of the entire process model or 
comprehension task. Only a few exceptions have conducted fine-grained analyses based 
on physiological and behavior measures, focusing on temporal aspects associated with 
process model comprehension (Schreiber et al. 2024) and sensemaking phases (Chen 
et al. 2025). However, these studies did not focus on the complexity of process models, 
which we take as a core subject in this paper.

Visual behavior analysis

Visual behaviors associated with spatial AOIs

Eye tracking allows monitoring changes over time that are related to user’s cognitive load 
and behavior (Holmqvist et al. 2011). Visualizations such as plots of AOIs over time (Hol-
mqvist et al. 2011) allow us to show the sequence of AOIs visited by a user performing a 
task. When applied in process comprehension, process model elements can be defined 
as AOIs. Therefore, the visualization displays the sequence of process model elements 
visited by the user while performing the task. This sequence reflects the multiple visits 
and revisits to AOIs, yet offering insights into user behavior (Holmqvist et al. 2011). We 
define two key measures to support this analysis. Namely, the AOI visits, which refer to 
the duration between entering and exiting an AOI (Holmqvist et al. 2011), and the AOI 
revisits, which denote the frequency of returning to an AOI during task execution (Hol-
mqvist et al. 2011).

We derive the revisit ratio from these measures: ρrevisit = #revisits
#total visits . The ratio takes 

values in the range from 0, for pure discovery (no revisits), to 1, when the number of 
revisits is large. In this study, we use both the AOIs-over-time plot and the revisit ratio 
to investigate users’ behavior (cf. Section Study Design).

Visual behavior associated with temporal AOIs

Building on the notion of temporal segmentation proposed by (Gidlöf et al. 2013), we 
further complement the spatial analysis of gaze data by introducing temporal AOIs. In 
their study on decision making in real-world contexts, the authors posited that task pro-
gression can be divided into distinct temporal phases derived from eye-tracking infor-
mation. Specifically, they defined the first access to the item relevant for the task—i.e., 
the moment at which gaze data first indicates that the user has fixated on the relevant 
element—as a temporal boundary. Using this event as a cutting point, they then identi-
fied successive cognitive phases of orientation (search), evaluation (decision), and ver-
ification. Adopting this principle, we define temporal AOIs to capture shifts in visual 
behavior over the course of a comprehension task. In our context, the verification 
phase described by (Gidlöf et al. 2013) was not explicitly observable, as the task itself 
required participants to perform a verification; therefore, our temporal AOIs primarily 
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correspond to the orienting (search) and evaluating (decision) phases. This temporal 
framing allows the examination of how users’ visual attention evolves across the different 
stages of comprehension, complementing the spatial perspective traditionally applied in 
BPM eye-tracking studies.

Visualizing behavior in cognitive processes

The evolution of users’ visual behavior when comprehending process models has been 
investigated in several studies (Winter et al. 2023; Djurica et al. 2025; Abbad-Andal-
oussi et al. 2020; Fíndík-Coşkunçay and Ćakír 2022). These studies have, for instance, 
explored how spatial visual behavior can be represented by projecting eye-tracking data 
onto process artifacts like process models and decision tables. In (Winter et al. 2023), 
the authors specifically employed heatmaps and scan-path visualizations to uncover the 
recurring visual patterns users exhibit during model comprehension. Similarly, (Djurica 
et al. 2025) examined scan-path visualizations to understand how users search through 
decision tables summarizing control-flow scenarios. Other studies highlighted tempo-
ral visual behavior, emphasizing the order and duration of users’ fixations over different 
model elements. For example, (Abbad-Andaloussi et al. 2020) and (Fíndík-Coşkunçay 
and Ćakír 2022) used scarf plots to depict how readers sequentially engaged with differ-
ent model elements, how their attention shifted and how they revisited specific model 
parts over time. These studies elicited different reading strategies and provided valuable 
insights into process model comprehension.

Visual behavior related to comprehension of BPM process

Within the field of Business Process Management (BPM), prior research has investigated 
the cognitive mechanisms involved in process model comprehension using eye-tracking 
techniques. In (Bera et al. 2019), the authors examined how cognitive integration and, 
more generally, cognitive load associated with task performance (Sweller et al. 1998) 
can be inferred from gaze-based indicators such as fixation count and AOI run count. 
More recently, (Winter et al. 2023) investigated gaze patterns in process model reading 
tasks conducted under controlled experimental conditions. The authors identified visual 
routines—recurring gaze patterns—as manifestations of distinct cognitive activities or 
processes; their occurrence over time may, in turn, suggest a segmentation of the task 
into phases. Both studies provide coarse-grained insights into process model compre-
hension, focusing primarily on results at a task-level. However, they do not fully exploit 
the potential of eye-tracking to capture fine-grained, high-resolution data (in space and 
time) that can be directly mapped onto process model structures. Yet these studies leave 
open questions regarding how gaze data can be examined at multiple levels of granular-
ity. In particular, they suggest the need for approaches that can relate visual behavior to 
both essential and accidental complexity dimensions of process models.

Existing research provides valuable insights into users’ visual behavior during pro-
cess model comprehension but remains largely confined to task-level analyses. What is 
still missing is an integrated perspective that considers how gaze behavior evolves both 
spatially—across different regions of a model—and temporally—throughout the course 
of a comprehension task. Combining these two dimensions offers the conceptual basis 
for investigating how process model complexity interacts with cognitive load, thereby 
extending the methodological foundation for future studies on visual behavior in BPM.
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Complexity metrics and cognitive load
This section presents the set of metrics employed to quantify both essential and acci-
dental complexities in the analyzed process models. We selected these metrics for their 
theoretical relevance to Cognitive Load Theory (Abbad-Andaloussi 2023) (CLT, cf. Sec-
tion Cognitive Load Theory, Measurements and Granularity) and their established use 
in prior research on process model complexity (Mendling 2007; Mendling et al. 2012; 
Burattin et al. 2017). While Section Complexity of Process Models and Comprehension 
Tasks introduced the conceptual categories of essential and accidental complexities, 
the present section details the specific metrics retained for the study (cf. Section Study 
Design) and discusses how each of them relates to cognitive load. Additional details 
appear in our online supplement3.

Essential complexity metrics

This first category of metrics encompasses structural characteristics of process mod-
els that inherently affect the cognitive load required for comprehension. These metrics 
capture properties that contribute to the intrinsic cognitive load associated with under-
standing the model’s logic and behavior (Mendling 2007; Mendling et al. 2012).

Size

The number of nodes in the model (e.g., tasks, gateways, events) (Mendling 2007; 
Mendling et al. 2012). The number of nodes contained in a process model can affect 
how easily the model is understood. According to cognitive load theory, human working 
memory has a limited capacity for processing information, which constrains the amount 
of detail individuals can effectively manage at once. Consequently, a model with a large 
size (i.e. a large amount of information) can increase the intrinsic cognitive load experi-
enced during comprehension (Sweller et al. 2011; Chen et al. 2016).

Density

Relates the number of edges (possible flows) to the size of the model (Mendling 2007; 
Mendling et al. 2012). Multiple possible flows within a process model can challenge its 
interpretation, as it requires additional cognitive load to trace and verify relationships 
between elements. From a cognitive load perspective, increasing the density of a model 
results in an expansion of the amount of information that readers must process simul-
taneously, thereby increasing the intrinsic cognitive load experienced during model 
comprehension.

Partitionability

Considers the relationship of sub-components to the overall model (Mendling 2007; 
Mendling et al. 2012). Partitionability refers to the user’s ability to isolate or group a spe-
cific sub-part of a model. It facilitates the comprehension of the model by focusing on 
this sub-part as a single, meaningful unit rather than as many individual elements. This 
ability creates a higher level of abstraction where users only need to think about how 
this sub-part connects to the rest of the model, instead of how each individual element 
relates to the model. This, in turn, reduces their intrinsic load.

3 Online appendix: https://doi.org/10.5281/zenodo.17991805

https://doi.org/10.5281/zenodo.17991805
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Connector interplay

Considers the interactions and effects of the different connector types (Mendling 2007; 
Mendling et al. 2012). In addition to their number, the type of connectors (which may be 
referred to as gateways) used also affects the complexity of a model. In the present study, 
we focus on models that do not present errors. Therefore, we do not address the con-
cept of connector mismatch in this context. The plurality of connectors—reported by 
the Control Flow Complexity (CFC) and their Connector Heterogeneity (CH)—requires 
a greater cognitive effort to evaluate the different possible states of a model, resulting in 
an increase in intrinsic cognitive load.

Cyclicity

Captures the number of nodes for which a cycle exists, then provides the ratio of this 
number to the total number of nodes of the model (Mendling 2007; Mendling et al. 
2012). Cycles have the potential to increase the size of a model, which, in turn, intro-
duces a complexity that impacts the intrinsic load due to the limitations of users’ work-
ing memory.

Concurrency

Explores the possible concurrent paths of a model. The Token split metric counts the 
control tokens (e.g. AND or OR) incorporated in the model (Mendling 2007; Mendling 
et al. 2012). The use of connectors or gateways such as AND or OR splits a path into new 
control threads, i.e., concurrent paths. In order to understand a model, the user must 
be able to keep track of the various threads. Therefore, because of the limited human 
working memory, understanding a model comprising a large number of threads can also 
increase the intrinsic cognitive load.

Accidental complexity metrics

This second category comprises layout- and representation-related characteristics that 
influence the extraneous cognitive load experienced during model comprehension. 
These metrics reflect visual and graphical factors that may facilitate or hinder the user’s 
ability to interpret the model efficiently (Bernstein and Soffer 2015; Burattin et al. 2017).

Edges style

A measure of the style of the edges as the ratio of simple (default) or ‘broken’ (with break-
ing points) edges to the total number of edges (Bernstein and Soffer 2015). The graphical 
aspects of edges captured by this category of metrics contributes to make the identifica-
tion of patterns in the model more difficult. Increasing the length of the connectors and 
the number of segments that compose them results in distortion of the representation 
of the patterns. In order to correctly identify patterns, users must invest mental effort to 
compensate for such distortion, thereby increasing the extraneous load.

Crossing edges

This metric denotes the ratio of the number of crossing edges to the total number of 
edges (Bernstein and Soffer 2015). A model designed with multiple crossed edges may 
require the user to disentangle the edges in order to correctly follow the process flow or 
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identify patterns within the model. Such mental rearrangement impacts the extraneous 
load.

Angles

This metric denotes the ratio of the number of orthogonal segments to the total number 
of segments (Bernstein and Soffer 2015), where orthogonal segments are parts of edges 
which are aligned with a grid layout of the model. In a similar manner, when the angles 
of edges tend to be arbitrary, the user must proceed to a rearrangement of the mental 
representation, which also impacts extraneous load.

Symmetry in blocks

This metric denotes the symmetry of the elements’ arrangement inside a block of the 
model (Bernstein and Soffer 2015). In (Bernstein and Soffer 2015), the authors derived 
the notion of a block from a qualitative study and does not provide an objective defini-
tion that would allow automated detection or measurement. Since our analysis considers 
models at different levels of granularity, such a concept remains relevant to our investi-
gation, but requires a more formalized interpretation. Therefore, we adopt a refined defi-
nition that can be used in an automated detection process, whereby a block refers to all 
nodes (connectors, activities, edges, etc.) that we place between matching connectors. 
As noted by (Abbad-Andaloussi 2021), symmetry, as a modeling pattern, can facilitate 
the representation of blocks within a process model. The presence of symmetry in model 
blocks can thus help users to construct abstract mental representations and to access 
information more efficiently. This phenomenon corresponds to a reduction in extrane-
ous cognitive load, and, hence, in the required cognitive effort for the comprehension.

Flow consistency

Metrics in this category capture the extent to which a process model maintains a coher-
ent directional flow from its start to its end (Burattin et al. 2017). In (Burattin et al. 2017), 
the authors investigated several variants of flow consistency metrics, among which we 
selected the activity positioning–based variant for this study, as it demonstrated the best 
performance. In addition, it completes our set of metrics by introducing a new dimen-
sion related to activities. When the measure of flow consistency is high, models preserve 
a clear and stable directionality, which facilitates users’ ability to follow the process pro-
gression and thereby reduces the extraneous cognitive load required to construct an 
accurate mental representation of the model.

We selected the metrics presented above to capture the main sources of complexity 
relevant to process model comprehension. In the following section, they serve to opera-
tionalize the theoretical constructs of essential and accidental complexity defined in our 
study design.

Research method
This section describes the methodology used for our investigation (cf. Section Study 
Design). Then, it outlines the experimental procedure (cf. Section Experimental Proce-
dure) and, finally, presents the methodologies for data collection and data analysis (cf. 
Section Data Collection and Analysis Procedure).
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Study design

Section Research Model introduces our research model. Then, Section 4.1.2 details the 
material used during the eye-tracking experiment, while Section Participants presents 
the participants.

Research model

To address the overarching research objective of this work (i.e., understanding how pro-
cess model complexity influences users’ cognitive load), we designed a two-tiered ana-
lytical strategy:

 	• Coarse-grained analysis: Demonstrates the impact of essential and accidental 
complexity on cognitive load at the level of entire process models and complete tasks.

 	• Fine-grained analysis: Investigates users’ visual behavior and cognitive load over 
time and space while interacting with process models.

This division enables the integration of high-level insights from the coarse-grained anal-
ysis with detailed observations of behavioral patterns and cognitive processing from the 
fine-grained analysis. Together, these complementary perspectives offer a more compre-
hensive understanding of the relationship between process model complexity and users’ 
cognitive load.

Coarse-grained analysis  The coarse-grained analysis focuses on assessing how the 
complexity of entire process models affects users’ cognitive load. We divided the analysis 
into two complementary hypothesis-testing sub-models:

Model-level complexity Investigating the impact of essential and accidental complex-
ity in full models.
Task-level complexity Examining how targeted tasks involving specific model parts 
affect this relationship.

This analysis allows us to address two related research questions at a higher abstraction 
level, before zooming into the fine-grained analysis.

Hypothesis testing on model complexity  The first sub-model investigates the rela-
tionship between overall process model complexity and users’ cognitive load. It assesses 
whether models characterized by higher essential or accidental complexity result in 
greater cognitive effort during comprehension.

Figure 1 illustrates the research model. In the Treatment, we define essential and acci-
dental complexity as the theoretical constructs. We operationalized these constructs 
through process models that we classified as simple or complex, using the metrics in 
Sect. Complexity of Process Models and Comprehension Tasks. The Output of the 
model is cognitive load, operationalized via the measures introduced in Sect. Cognitive 
Load Theory, Measurements and Granularity. We test the following hypotheses:

 	• H1 Models with high essential complexity yield higher cognitive load than models 
with low essential complexity.

 	• H2 Models with high accidental complexity yield higher cognitive load than models 
with low accidental complexity.
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To investigate these hypotheses, participants complete comprehension tasks based on 
full models exhibiting either low or high complexity. The corresponding cognitive load 
measures are then compared across these two levels. This experimental design enables 
us to address RQ1:  Does process model complexity as captured by existing complexity 
metrics align with measures of users’ cognitive load?

Hypothesis testing on task complexity  The second sub-model refines the perspective 
by introducing task complexity as a factor that might affect the relationship between pro-
cess model complexity and users’ cognitive load. This sub-model examines specific tasks 
that target subparts of models with varying complexity.

The goal is to investigate whether the interaction with more or less complex regions of 
a model (via tasks on subparts of the model with varying complexity) affects users’ cog-
nitive load, even when the overall model remains the same.

Figure 2 presents the research model. As in the previous sub-model, the theoretical 
constructs in the Treatment are essential and accidental complexity. However, here we 
operationalized them through tasks targeting model parts of low or high complexity. The 
Output, once again, is cognitive load, measured using the same measures described ear-
lier. We formulate the following hypotheses:

Fig. 2  Research model for hypothesis testing at the task level. T: Theoretical construct. O: Operationalization. Full-
resolution version available in the online appendix (https://doi.org/10.5281/zenodo.17991805)

 

Fig. 1  Research model for hypothesis testing at the model level. T: Theoretical construct. O: Operationalization. 
Full-resolution version available in the online appendix (https://doi.org/10.5281/zenodo.17991805)

 

https://doi.org/10.5281/zenodo.17991805
https://doi.org/10.5281/zenodo.17991805
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 	• H3 Complex tasks addressing parts of the model with high essential complexity yield 
higher cognitive load than simple tasks addressing other parts of the same model 
with low essential complexity.

 	• H4 Complex tasks addressing parts of the model with high accidental complexity 
yield higher cognitive load than simple tasks addressing other parts of the same 
model with low accidental complexity.

In the experiment, we asked participants to complete comprehension tasks focusing on 
specific model parts differing in complexity. The resulting cognitive load data is com-
pared across the two task complexity levels. The results from this analysis will contrib-
ute to answering RQ2: Does the complexity of tasks affect the alignment between existing 
complexity metrics and measures of users’ cognitive load?

Fine-grained analysis  The fine-grained analysis adopts an exploratory approach based 
on the Goal-Question-Metric (GQM) paradigm (Basili et al. 1994). It investigates users’ 
comprehension behavior at a fine-grained level by analyzing their visual attention pat-
terns over time and across spatial AOIs within process models. This part of the analysis 
addresses three research questions (RQ3–RQ5) across two sub-models (summarized in 
Table 1).

Analysis in the time perspective only  The first analysis focuses on the temporal evolu-
tion of users’ visual behavior as they comprehend process models of varying complexity. 
It aims to uncover how comprehension unfolds over time. Thus, answering RQ3: How do 
users’ visual behaviors evolve over time during comprehension tasks on process models of 
varying complexity?

This model explores eye-tracking data by analyzing AOI visit timelines and fixation 
durations. It also includes computed measures such as comprehension time, number of 
deep mental processing fixations, and revisit ratio. These measures provide insight into 
the temporal dynamics of cognitive processing during model comprehension.

Analysis in space and time perspectives  This second exploratory analysis combines 
both spatial and temporal aspects of users’ interaction with process models. It examines 
whether and how complexity in non-task-relevant areas of a model (i.e., those not directly 

Table 1  Summary of research goals, questions, and associated measures used in the fine-grained 
analysis, structured according to the Goal-Question-Metric (GQM) template (Basili et al. 1994)
Goal Purpose Explore users’ visual behavior at a fine-grained level

Issue during comprehension tasks

Object using simple and complex process models

Question RQ3 How do users’ visual behaviors evolve over time during comprehension tasks on 
process models of varying complexity?

Measures Comprehension time, number of deep mental processing fixations, revisit ratio

Goal Purpose Explore users’ cognitive load at a fine-grained level

Issue during comprehension tasks

Object using spatial and temporal segmentation of eye-tracking data

Question RQ4/RQ5 Does the complexity of the non-task-relevant parts of process models affect mea-
sures of users’ cognitive load during comprehension tasks?

How does the complexity of the non-task-relevant parts of process models affect 
users’ cognitive load during different phases of comprehension tasks?

Measures AOI run count, number of mental and deep mental processing fixations
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involved in the task) affects users’ cognitive load. The associated research questions are: 
RQ4: Does the complexity of the non-task-relevant parts of process models affect measures 
of users’ cognitive load during comprehension tasks? and RQ5: How does the complexity of 
the non-task-relevant parts of process models affect measures of users’ cognitive load dur-
ing comprehension tasks?

To address these questions, we analyze the distribution of AOI run count, mental pro-
cessing and deep mental processing fixations on task-relevant and non-task-relevant 
parts (for RQ4) as well as in discovery and post-discovery phases (for RQ5).

Material

To investigate our hypotheses and address the research questions, we designed two sets 
of process models: Set A and Set B. Each set serves specific analytical purposes: Set A 
supports analyses related to RQ1 and RQ3; Set  B supports analyses related to RQ2, 
RQ4, and RQ5.

Set A  This set consists of three distinct models: a simple model (Fig. 3) with low essential 
and accidental complexity, and two complex models: one with high essential complex-
ity (Fig. 4) and one with high accidental complexity (Fig. 5). The simple model and the 
high essential complexity model differ in structural characteristics including size, density, 
partitionability, connector interplay, cyclicity, and concurrency (cf. Fig. 1). In contrast, the 
simple model and the high accidental complexity model differ in layout-related aspects, 
including edge style, crossings, angles, block symmetry, and flow consistency.

Set B  This second set comprises two composed models: one representing essential com-
plexity (Fig. 6) and one representing accidental complexity (Fig. 7). Each composed model 

Fig. 4  Models of set A – Complex (with essential complexity). Due to space limitations, we show this model 
partially

 

Fig. 3  Models of set A – Simple
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Fig. 6  Models of set B. Model with essential complexity – simple part, on top, and complex part at the bottom.

 

Fig. 5  Models of set A – Complex (with accidental complexity)
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is structured into two parts: a simple part (low complexity) in the upper part of the model, 
and a complex part (high complexity) in the lower part. For the model with essential 
complexity, the complex part differs from the simple part in terms of structure (i.e., size, 
density, partitionability, connector interplay, cyclicity, and concurrency). For the model 
with accidental complexity, the difference lies in visual layout (i.e., edge style, crossings, 
angles, block symmetry, and flow consistency). These distinctions enable localized task 
design targeting either simple or complex regions within the same model (cf. Fig. 2).

Activity labeling  To ensure that participants’ performance reflected cognitive process-
ing of the model structure rather than prior familiarity with a specific domain, we delib-
erately controlled the labeling of activities. In (Yan et al. 2017), the authors proposed a 
technique for generating large collections of models. This approach involved the creation 
of synthetic models or tasks that simulated realistic process structures while remaining 
domain-neutral. Nevertheless, a potential drawback of such automatically generated 
models was the possibility of introducing artificial or confusing labels for users. Previ-
ous research had shown that the style and content of activity labels could substantially 
influence comprehension. For instance, (Mendling et al. 2010) demonstrated that using 
verb–noun labels led to better model understanding compared to alternative labeling 
conventions, highlighting how semantic content shaped interpretation. However, (Woh-
lin et al. 2024) emphasized that domain knowledge could act as a confounding factor, 
potentially biasing the assessment of cognitive effort. Similarly, (Schreiber et al. 2023) 
employed generic, layman’s terminology in their models to avoid the impact of process-
specific vocabulary, while (Bernstein and Soffer 2015) went further by blurring all textual 
elements to direct attention exclusively toward the visual layout. Since this study inves-
tigated the impact of process model complexity on cognitive load, we sought to avoid 
situations where the complexity of textual elements could interfere with the complexity 
of graphical elements. In the context of this study, to minimize the influence of domain 
knowledge, all activity labels were anonymized using random two-letter codes.

Fig. 7  Models of set B. Model with accidental complexity – simple part, on top, and complex part at the bottom.
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All process models use core BPMN 2.0 elements (start/end events, activities, gateways, 
and edges) and incorporate common workflow patterns such as sequence, concurrency, 
exclusive/inclusive choice, and repetition (Muehlen and Recker 2008). This element set 
ensures realistic model behavior while enabling controlled variation in complexity. We 
achieved high essential and accidental complexities by systematically modifying base 
models or subparts until all relevant metrics indicated a meaningful increase. The final 
process models used in the experiment are available in our online appendix4.

Task design  As depicted in Fig. 8, each comprehension task consists of a unique ques-
tion (“Given this model, is the following assertion valid?”) to validate an assertion about a 
given model. To complete the task, the participant is required to answer the question by 
selecting yes, no, or I don’t know. The list of all tasks used in the experiment is available in 
our online appendix5.

Assertions  Table 2 presents the different types of assertions used for models of Set A 
(upper portion of the table) and Set B (lower portion of the table). For each type (first 
column), an example is given (second column) as well as the designation of the principal 
control flow pattern that captures this type of assertion.

We designed four distinct types of assertions related to different control flow patterns 
(Order, Choice, Repetition, Concurrency). Each type can be used to generate a new 
assertion by replacing the labels of the activities involved. To avoid confounding fac-
tors, assertions feature exactly two activities, which we have positioned at a fixed graphi-
cal distance from each other, and which we have formulated in positive terms (to avoid 
additional cognitive load resulting from negation). For example, we obtain the following 
sentence from a “Choice” assertion involving activities with labels AL and AC: “In this 
process, if activity AL is executed, activity AC never occurs, and conversely.”

4 Online appendix: https://doi.org/10.5281/zenodo.17991805
5 Online appendix: https://doi.org/10.5281/zenodo.17991805

Fig. 8  Example of a complete task. In part A, we present the question as an assertion that participants must vali-
date against the provided answers. In part B, the model is displayed in a navigable area (with movements in four 
directions and zoom in and out)

 

https://doi.org/10.5281/zenodo.17991805
https://doi.org/10.5281/zenodo.17991805
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Assertions for models in Set A allow a total of six unique tasks to be created. Using the 
same types of assertions across all models allows to ensure the comparability across con-
ditions (varying complexity types and levels) and limit the introduction of potential bias.

Regarding the assertions for models in Set B, we associated two out of three types with 
each model. Since the models are composed, each assertion has two variants-one for 
the simple part and one for the complex part—for a total of eight unique tasks. As men-
tioned in Sect. Complexity of Process Models and Comprehension Tasks, we refer to 
tasks targeting the simple part of a composed model as simple tasks, and tasks targeting 
the complex part as complex tasks.

Participants

Our experiment involved twenty-seven individuals with academic backgrounds in Com-
puter Science or Information Systems, recruited from the University of St. Gallen. The 
participant pool included fourteen subjects (11 male, 3 female) reported prior knowl-
edge of BPMN, while the remaining thirteen (8 male, 5 female) possessed no prior 
knowledge of this modeling standard. Participants’ ages averaged approximately 30 years 
(µ = 31.19, σ = 7.31).

Experimental procedure

The within-subject experiment followed a standardized protocol in controlled labora-
tory conditions. Sessions began with a comprehensive familiarization phase covering: (1) 
the relevant BPMN subset employed to design the material (cf. Section Task-Relevant 
Versus Non-Task-Relevant Analysis), (2) all assertion types used in tasks, and (3) practi-
cal exercises with support and feedback. The exercises took the form of four tasks similar 
to the experiment, with participants receiving assistance and guidance throughout. After 
the exercises, we initiated a discussion in which we examined each response to ensure 
comprehension. Subsequently, the participants were requested to evaluate the model 
understanding difficulty (self-assessment) of each task using a 5-point Likert scale. Par-
ticipants then completed a demographic survey and calibration procedure.

To ensure data quality, we implemented multiple safeguards against common human 
factors resulting in eye-tracking artifacts (Holmqvist et al. 2011). These included con-
trols of a correct posture with the eye-tracker, randomization of task sequences for each 
participant to prevent potential learning effects, and an initial practice task (excluded 

Table 2  List of assertions. An assertion always involves two activities. The label of an activity is a 
random concatenation of two letters
Type Example Control flow
Assertions for models of Set A

Choice In this process, if activity BA is executed, activity AZ never occurs, and 
conversely.

Exclusive 
gateways

Repetition This process has an execution where activity BC occurs several times 
while activity AK occurs only once.

Exclusive 
gateways, used 
to create a loop-
back sequence

Assertions for models of Set B

Order In every execution of this process, there is an occurrence of activity BL 
before any occurrence of activity AT.

Sequence

Choice In this process, if activity AP is executed, activity BN never occurs, and 
conversely.

Exclusive 
gateways

Concurrency In this process, activity BU is executed in parallel with activity AS. Parallel gateways
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from analysis, though the participants are not told it is a dummy task) for a further famil-
iarization with the recording equipment. Throughout the session, participants repeated 
the following two steps for each task: first, they completed the task (i.e., to validate an 
assertion on a provided model), and then they evaluated the difficulty of understanding 
the model via a 5-point Likert scale.

The systematic randomization of tasks and the provision of detailed information typi-
cally contributed to limit the participant’s germane load. These measures limit the pro-
cessing of new information to what is required for task execution, thereby reducing the 
necessity for new mental schemes and, hence, maintaining the germane load stable.

Data collection and analysis procedure

Data collection

Data collection proceeded through a preliminary phase of surveys (unrecorded) fol-
lowed by the experimental trials (recorded). The core recording equipment consists of 
an eye-tracker, Tobii X3-120, mounted on a 24” monitor (1920x1080 resolution) under 
controlled light conditions to mitigate recording issues (Holmqvist et al. 2011), and 
managed through the EyeMind platform (Abbad-Andaloussi et al. 2023).

Light conditions during data collection  Because pupil size is highly sensitive to light-
ing conditions and key to eye-tracking accuracy (Holmqvist et al. 2011), we controlled 
the visual environment to ensure stable measurements throughout the experiment. All 
recordings were conducted in the same laboratory room using identical hardware (a 24” 
monitor with fixed luminance settings) and under consistent artificial lighting. In detail, 
we collected data in a room with windows obscured by blinds. Furthermore, we adjusted 
the ambient light in the room to 200 lux at the desktop where the participants were seated, 
as well as the luminance of the screen in order to obtain an illumination in the range of 
50 to 80 lux at the participant’s face. These measures helped maintain uniform light lev-
els both within each participant’s session and across participants. We further ensured 
that navigation within the BPMN models (scrolling, zooming, sub-process expansion) did 
not introduce meaningful luminance variation. The diagrams consist predominantly of a 
white background with thin black contour lines, and we observed that even at extreme 
zoom levels the proportion of darker pixels remains negligible. We computed the lumi-
nance of the navigable part of the interface (part B in Fig. 8) for all models at normal zoom 
levels (i.e., when the models completely appear within the interface), as well as at extreme 
zoom levels at parts with a high density of BPMN elements. With our settings, the total 
variation in the luminance of the interface did not exceed 4%, with a mean at 98.63% and a 
standard deviation of 1.44% (the screen captures and the mean luminance graph are avail-
able in our online appendix6. As a result, navigation changes only the geometric framing 
of the same visual content without affecting the overall on-screen luminance. The inter-
face was displayed in full-screen mode, ensuring that no other on-screen content could 
alter the luminance perceived by the eye tracker.

Data collection using EyeMind  We relied on EyeMind—an open-source platform spe-
cifically designed for eye-tracking studies on large and interactive process models—to 

6 Online appendix: https://doi.org/10.5281/zenodo.17991805

https://doi.org/10.5281/zenodo.17991805
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control the experiment and to automate the mapping of gaze data to process model ele-
ments. While static stimuli (e.g., non-interactive images of small models) facilitate analy-
sis by keeping AOI locations fixed on the screen (Holmqvist et al. 2011), dynamic stim-
uli were essential for our setting to accommodate realistic model scale and complexity, 
support natural navigation behaviors (scrolling, zooming, and sub-process exploration), 
and thereby enhance ecological validity. EyeMind addresses the technical challenges of 
dynamic presentation by capturing a screen snapshot after every user interaction and 
recalculating the AOI coordinates accordingly, ensuring accurate gaze-to-AOI mapping 
even when the model is moved or rescaled (Abbad-Andaloussi et al. 2023).

Data analysis

We divided the analysis of the collected data into two main parts, reflecting the dual 
structure of our study design (cf. Section Research Model). Each part corresponds to a 
different level of analysis (i.e., coarse-grained or fine-grained) and is associated with a 
specific subset of research questions. The following paragraphs summarize the applied 
procedures; comprehensive details of the analysis are available in the Python notebooks 
included in our online appendix7.

Coarse-grained analysis  This part of the analysis addresses RQ1 and RQ2, which inves-
tigate how model-level and task-level complexity affect cognitive load.

For RQ1, we analyzed data from Set A, excluding recordings affected by eye-tracking 
issues. From a theoretical maximum of 200 recordings (2 questions × 3 models × 25 
participants), we retained 149 usable recordings across 25 participants. We excluded two 
participants entirely due to calibration problems, and one participant missed a single 
task due to an erroneous manipulation in the user interface.

We calculated cognitive load measures as defined in Sect. Cognitive Load Theory, 
Measurements and Granularity and computed both descriptive and inferential statis-
tics. Specifically, we used the non-parametric Wilcoxon Signed-Rank paired test (single-
tailed) to assess whether mean differences in cognitive load indicators between low- and 
high-complexity models were statistically significant. This test is robust against non-nor-
mal data distributions.

A similar process was applied to address RQ2, using data from Set B. With 25 partici-
pants completing all tasks, we obtained 200 recordings (2 questions × 4 tasks × 25 par-
ticipants). Cognitive load measures and statistical testing followed the same procedure 
as for RQ1.

Fine-grained analysis  This part of the analysis investigates participants’ visual behav-
ior and cognitive load during comprehension tasks. It adopts a descriptive and explor-
atory approach, complemented by inferential statistical analysis to support the findings. 
It addresses RQ3, RQ4, and RQ5.

We analyzed RQ3 using data from Set A. We generated three types of visualizations 
for each task instance (trial): (1) sequences of AOIs visited over time (AOI timeline 
plots) (Holmqvist et al. 2011), (2) AOI timelines with overlaid patterns and trend high-
lights, and (3) plots showing the evolution of fixation durations over time.

7 Online appendix: https://doi.org/10.5281/zenodo.17991805

https://doi.org/10.5281/zenodo.17991805
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Trials were grouped into categories based on model complexity: tasks on the simple 
model, tasks on the model with high essential complexity, and tasks on the model with 
high accidental complexity. This categorization allowed us to identify differences in 
visual behavior across complexity levels (see Fig. 9 for examples).

We analyzed RQ4 and RQ5 using data from Set B, which includes composed mod-
els with both simple and complex parts. We first defined additional spatial AOIs cor-
responding to these two parts of each model. This enabled the segmentation of fixation 
data based on whether a fixation occurred on the simple or complex part.

We collected 200 recordings from 25 participants, each completing 4 tasks on 2 com-
posed models8. We then computed cognitive load indicators (cf. Sect. Cognitive Load 
Theory, Measurements and Granularity) and conducted a Wilcoxon Signed-Rank paired 
test (single-tailed) to determine whether differences in cognitive load between AOIs 
(simple vs. complex parts) were statistically significant.

To further support the analysis for each task, we compared cognitive load measures 
computed separately for fixations on the simple and complex AOIs. We calculated the 
difference in proportion of indicator values between these AOIs (relative to the total per 
task). This proportion difference was then compared across task types (i.e., tasks target-
ing the simple part vs. the complex part of the model).

This analysis allows us to investigate how process model and associated task complexi-
ties influence visual behavior and cognitive load at a fine-grained level.

Findings
In this section, we present the findings from the two data analyses separately. Section 
“Coarse-grained analysis” details the coarse-grained analysis, while Sect. Fine-grained 
Analysis details the fine-grained analysis.

8 200 tasks = 4 questions × 2 models × 25 participants.

Fig. 9  Visual behavior of participant P22 on three tasks: (a) a task on a simple model, (b) a task on a model with 
high essential complexity, and (c) a task on a model with high accidental complexity. Top row: AOI visits over time; 
vertical ticks mark visit order; vertical lines show when task-relevant AOIs were first visited. Middle row: same plots 
overlaid with envelope and slope estimation lines (gray dashed). Bottom row: fixations over time by duration. This 
figure is available in the online appendix (https://doi.org/10.5281/zenodo.17991805)
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Coarse-grained analysis

The subsequent sections present the results for the coarse-grained analysis. Section 
Impact of model complexity on cognitive load outlines the results of the analysis on the 
impact of model complexity on cognitive load. Then, Section Impact of model complex-
ity on cognitive load presents the results of the analysis on the impact of task complexity 
on cognitive load.

Impact of model complexity on cognitive load

This part of the analysis addresses RQ1: Does process model complexity, as captured by 
existing complexity metrics, align with measures of users’ cognitive load? To answer this 
question, we used data from Set A, which includes one simple model and two complex 
models differing in either essential or accidental complexity (cf. Section “Material”).

The left side of Table 3 presents the results related to H1 (essential complexity), and 
the right side to H2 (accidental complexity).

For each condition, we report descriptive statistics (mean values for simple and com-
plex models, and effect size) and results from inferential testing.

The descriptive statistics indicate that models exhibiting high complexity (whether 
essential or accidental) are perceived as more challenging compared to simple models. 
Participants demonstrated lower accuracy and longer comprehension times while per-
forming tasks on these complex models. They also demonstrated an increase in AOI run 
count, in the number of mental processing fixations (with duration in the range 250-
500ms), and in the number of deep mental processing fixations (with duration greater 
than 500ms). The final measure, LHIPA, shows lower values for models with high com-
plexity compared to simple models, which also indicates a high cognitive load when per-
forming tasks on complex models (see Section Cognitive Load Theory, Measurements 
and Granularity).

These patterns are consistent with the CLT (cognitive load theory, see Section Cog-
nitive Load Theory, Measurements and Granularity) and suggest that both essen-
tial and accidental complexity contribute to increased cognitive load during model 
comprehension.

Table 3  Descriptive and inferential statistics for the impact of models’ complexity. Abbreviations: 
CL: Cognitive load; Desc. stat.: Descriptive statistics; Inf. stat.: Inferential statistics, #: Number of 
observations; Comp.: Comprehension; N.: number; P.: Processing; D.: Deep; LHIPA: Low/High Index 
of Pupil Activity; MSimple ; MComplex : calculated means for models with low and high complexity, 
respectively; ES: effect size using Cohen’s d. ES can be categorized into small (= 0.2), medium 
(= 0.5), or large (>= 0.8). A p-value < .05 means that the results of pairwise comparisons are 
significant
Impact of models’ complexity

H1: Essential complexity H2: Accidental complexity
Measure of CL Desc. Inf. Desc. Inf.

Means ES Means ES

# MSimple MComplexd p # MSimple MComplexd p

Perceived difficulty 50 0.620 2.360 > 1 <.001 50 0.620 2.280 > 1 <.001

Comp. accuracy 50 0.980 0.660 >.8 <.001 50 0.980 0.880 0.37 .0625

Comp. time 49 44.938 145.137 > 1 <.001 49 44.938 104.020 > 1 <.001

AOI run count 49 88.163 232.120 > 1 <.001 49 88.143 204.540 > 1 <.001

N. Mental P. fix. 49 27.857 85.520 > 1 <.001 49 27.857 71.200 > 1 <.001

N. D. Mental P. fix. 48 4.250 12.320 > 1 <.001 47 4.250 11.876 > 1 <.001

LHIPA 48 1.320 0.636 > 1 <.001 48 1.320 0.786 > 1 <.001
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An exception to these patterns occurs with Comprehension Accuracy for hypothesis 
H2 (comparison between simple tasks and complex tasks with accidental complexity). 
In this particular case, the observed high p-value (p = .0625) indicates that the metric 
alone is not sufficient to clearly capture the impact of the complexity in this specific con-
text. However, the inferential statistics provide further support for the ensuing interpre-
tation: for nearly all measures, the differences between simple and complex models are 
statistically significant (p < .001), thereby substantiating both H1 and H2.

Impact of task complexity on cognitive load

This part of the analysis addresses RQ2: Does the complexity of tasks affect the alignment 
between existing complexity metrics and measures of users’ cognitive load? To investigate 
this, we analyze task-level complexity using composed models from Set B (cf. Section 
Material). These models include both simple and complex parts, allowing task complex-
ity to be manipulated independently of overall model complexity.

Table 4 presents descriptive and inferential statistics for cognitive load measures 
related to H3 (essential complexity) and H4 (accidental complexity). For each hypothe-
sis, results compare performance on tasks targeting simple parts of the model (low com-
plexity) versus tasks targeting complex parts (high complexity).

The data show that, in both essential and accidental complexity conditions, complex 
tasks are perceived as significantly more difficult, lead to lower comprehension accu-
racy, and require longer comprehension time. They also result in higher AOI run counts, 
more mental and deep mental processing fixations, and lower LHIPA values—indicators 
of increased cognitive load.

Comprehension accuracy for tasks with accidental complexity shows an exception 
in its measures (similar to observations in Section “Impact of model complexity on 
cognitive load”). The difference between task types, with small practical significance 
(d = 0.35), does not reach statistical significance (p = 0.173). This exception further 
demonstrate that the metric is not adequate to clearly capture the impact of the com-
plexity in this specific context.

Table 4  Descriptive and inferential statistics for the impact of tasks’ complexity. Abbreviations: 
CL: Cognitive load; Desc. stat.: Descriptive statistics; Inf. stat.: Inferential statistics, #: Number of 
observations; Comp.: Comprehension; N.: number; P.: Processing; D.: Deep; LHIPA: Low/High Index 
of Pupil Activity; MSimple ; MComplex : calculated means for models with low and high complexity, 
respectively; ES: effect size using Cohen’s d. ES can be categorized into small (= 0.2), medium 
(= 0.5), or large (>= 0.8). A p-value < .05 means that the results of pairwise comparisons are 
significant
Impact of tasks’ complexity

H3: Essential complexity H4: Accidental complexity
Measure of CL Desc. Inf. Desc. Inf.

Means ES Means ES

# MSimple MComplexd p # MSimple MComplexd p

Perceived difficulty 50 1.100 2.280 > 1 <.001 50 0.900 1.980 > 1 <.001

Comp. accuracy 50 0.940 0.720 >.5 <.001 50 0.920 0.800 0.35 .173

Comp. time 50 89.857 143.679 >.8 <.001 50 62.347 95.298 >.5 <.001

AOI run count 50 156.980 242.540 >.8 <.001 50 122.640 180.020 >.5 <.001

N. Mental P. fix. 49 53.800 83.560 >.8 <.001 50 36.700 62.300 >.8 <.001

N. D. Mental P. fix. 49 7.327 12.300 >.5 <.001 49 5.080 10.735 >.8 <.001

LHIPA 50 0.921 0.679 >.5 <.001 49 1.143 0.849 >.5 <.001
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Notwithstanding this particular case of comprehension accuracy within accidental 
complexity, these results indicate that task complexity has a noticeable effect on cogni-
tive load, even when the underlying model remains the same.

Specifically, tasks that target complex areas of a model produce significantly higher 
cognitive load than tasks focused on simpler parts. This pattern supports both H3 and 
H4, as confirmed by the inferential statistics (p < 0.05) for nearly all cognitive load 
indicators.

Fine-grained analysis

This section reports the findings from the fine-grained analysis, which is structured 
along three analytical directions, each addressing a specific research question. Spe-
cifically, Section “Comprehension Phases” presents findings related to comprehension 
phases (RQ3), Section “Task-Relevant Versus Non-Task-Relevant Analysis” reports 
findings on task-relevant versus non-task-relevant processing (RQ4), and Section “Dis-
covery versus post-discovery analysis” presents findings comparing discovery and post-
discovery phases (RQ5).

Table 5 lists the nine observations derived from the fine-grained analysis, grouped 
according to the corresponding analytical direction.

Comprehension phases

The third part of our analysis addresses RQ3: How do users’ visual behaviors evolve over 
time during comprehension tasks on process models of varying complexity? It focuses on 
tasks from Set A.

To illustrate emerging behavioral patterns, we present eye-tracking data from a single 
representative participant (P22), who completed tasks on simple models, as well as tasks 
on models with high essential and high accidental complexity (see Fig. 9). A broader 
view of results across participants is available in the online appendix9.

In Fig. 9, in the subplots on the top and middle rows, the x axis refers to time and 
the y axis refers to the visited model elements (AOIs). In the top row (a1–c1), each dot 

9 Online appendix: https://doi.org/10.5281/zenodo.17991805

Table 5  List of observations grouped by analytical direction
Observation Label
5.2.1 Comprehension Phase—Addresses RQ3

Observation 1 Only Essential Complexity Yields Demanding Discovery Phase.

Observation 2 Complexity (Essential and Accidental) Yields Demanding Post-Discovery Phase.

Observation 3 Complexity (Essential and Accidental) Yields More Revisits During Post-Discovery than 
Discovery.

Observation 4 Accidental Complexity Yields More Revisits in the Post-Discovery Phase than Essential 
Complexity.

5.2.2 Task-Relevant Versus Non-Task-Relevant Analysis—Addresses RQ4

Observation 5 Both Task-Relevant Parts and Non-Task-Relevant Parts (Noise) Contribute to Cognitive Load.

Observation 6 Non-Task-Relevant Parts (Noise) Contribute More to Cognitive Load in Simple Tasks than in 
Complex Tasks.

5.2.3 Discovery Versus Post-Discovery Analysis—Addresses RQ5

Observation 7 Non-Task-Relevant Parts (Noise) Contribute More to Cognitive Load in Simple Tasks than in 
Complex Tasks.

Observation 8 Non-Task-Relevant Parts (Noise) Contribute to Cognitive Load in Both Phases, but Unevenly.

Observation 9 Non-Task-Relevant Parts (Noise) Have a Decreased Contribution to Cognitive Load in 
Post-Discovery.

https://doi.org/10.5281/zenodo.17991805
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represents a fixation on an AOI, with vertical placement reflecting visit order. The black 
vertical lines mark the first visit to each of the two AOIs referenced in the task assertion. 
This allows us to distinguish between two phases: one before the second vertical line, 
which we call the discovery phase and one after that line, which we call the post-discov-
ery phase. In other words, the discovery phase corresponds to the period when the AOIs 
referred to in the task assertion are not yet visited, while the post-discovery phase corre-
sponds to the period when both AOIs referred to in the task assertion have been visited.

The middle row (a2–c2) adds an envelope curve (dash-dotted) and slope approxima-
tions (dashed lines), indicating the rate of exploration. A steep slope in early task phases 
suggests active scanning, followed by a plateau in the post-discovery phase, where users 
revisit already explored AOIs. This transition is a general trend occurring across several 
participants.

In the bottom row (a3–c3), the x axis still refers to the time and the y axis refers to 
the fixation duration, in milliseconds (ms). In the graphs, the durations are visualized as 
follows: Light gray: short fixations (< 250ms); Gray: mental processing fixations (250–
500ms) and Black: deep mental processing fixations (> 500ms).

Observation 1: only essential complexity yields demanding discovery phase  Com-
paring tasks on simple models to those on models with essential complexity, we observe 
longer discovery times in the latter (e.g., 14.79s in a2 vs. 79.08s in b2 for P22). This is 
consistent across participants (Msimple = 18.96, Mess = 54.12,d > 1, p < .001). Addi-
tionally, tasks on models with essential complexity result in more deep mental process-
ing fixations during discovery (e.g., 1 in a3 vs. 8 in b3), again statistically confirmed 
(Msimple = 1.347, Mess = 3.429,d > .5, p < .001).

For accidental complexity, the effect is less pronounced. Discovery duration dif-
fers modestly (14.79s in a2 vs. 20.74s in c2 for P22)with medium practical significance 
(d > .5), but this is not statistically significant across participants (p = 0.114). Similarly, 
the number of deep processing fixations is comparable (1 in a3 vs. 0 in c3), withmedium 
practical significance (d > .5) and no significant difference (p = 0.373).

Observation 2: complexity (essential and accidental) yields demanding post-discov-
ery phase  Post-discovery durations are longer in tasks on models with high essential or 
accidental complexity compared to tasks on simple models: 137.18s and 102.16s in b2 
and c2 (for high essential and accidental complexity respectively), compared to 24.49s 
in a2 (low essential and accidental complexity). This trend is general (Msimple = 25.51, 
Mess = 90.89, Macc = 80.74,with d > 1 and p < .001 for both).

Similarly, more deep mental processing fixations occur in tasks on models with high 
essential or accidental complexity (e.g., 15 in b3, 11 in c3, vs. 7 in a3), again supported 
by broader data (Msimple = 2.816, Mess = 8.980, Macc = 9.755, alld > 1 and p < .001).

Observation 3: complexity (essential and accidental) yields more revisits during 
post-discovery than discovery  Participants tend to revisit AOIs more during post-
discovery than discovery phases. For P22, revisit ratios increase from discovery to 
post-discovery (i.e., 0.619 to 0.780 for a task on a model with essential complexity). The 
observation is statistically supported for tasks on models with high essential complex-
ity (Mdisc. = 0.606, Mpost−disc. = 0.714,d > 1, p < 0.01) and high accidental complexity 
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(Mdisc. = 0.585, Mpost−disc. = 0.778,d > 1, p < 0.01). However, an exception occurs for 
tasks on simple models wherepractical significance remains small (d = 0.256 > 0.2), and 
the p = 0.209 > 0.05,indicating no significant difference in revisit ratio between the dis-
covery and post-discovery phases.

Observation 4: accidental complexity yields more revisits in the post-discovery 
phase than essential complexity  By comparing the revisit ratios on models with essen-
tial and accidental complexity in the post-discovery phase, it emerged that accidental 
complexity yields more revisits in the post-discovery phase than essential complexity. 
For P22, this comparison is valid with ρacc = 0.864 > 0.780 = ρess. This observation is 
statistically supported for the other participants (Macc = 0.778, Mess = 0.714,d > .5, 
p < .001).

Task-relevant versus non-task-relevant analysis

This part of the analysis addresses RQ4: Does the complexity of the non-task-relevant 
parts of process models affect measures of users’ cognitive load during comprehension 
tasks?

To investigate this, we analyze data from Set B. Depending on the task, the task-rel-
evant and non-task-relevant parts of a model may correspond either to the simple or 
to the complex part of the composed model. In what follows, we refer to the non-task-
relevant part of a model as noise.

Table 6 presents two sets of results for two cognitive load indicators: AOI run count 
(cognitive integration) and the number of mental processing fixations. For both essen-
tial and accidental complexity, the table reports: (1) Descriptive statistics (MNoise and 
MRel., representing the mean values of the cognitive load measures on the noise and 
task-relevant parts of the model, respectively), along with the corresponding p-values 
from pairwise comparisons between these two model regions; (2) Difference scores (∆), 
representing the overall mean of per-task, per-participant differences in proportions of 

Table 6  Descriptive and inferential statistics. Abbreviations: #: number of observations; Noise: 
non-task-relevant part of a model; Rel.: task-relevant part of a model; MNoise and MRel. : calculated 
means for measures on the noise and the task-relevant part of a model, respectively; ES: effect size 
using Cohen’s d. ES can be categorized into small (= 0.2), medium (= 0.5), or large (>= 0.8). A 
p-value < .05 means that the results of pairwise comparisons are significant; ∆: overall mean of 
difference of proportions between the noise and the task-relevant part
Complexity type Task type Statistics

 Noise
vs Rel.

 Complex
vs Simple

# MNoise MRel. ES: d p-value # ∆ (%)  ES: d p-value
AOI Run Count

Essential Complex 50 16.72 113.4 > 1 < 0.01 50 73.82 > 1 < 0.01

Simple 49 30.78 48.98 > 1 < 0.01 39.72

Accidental Complex 49 17.45 86.2 > 1 < 0.01 48 61.88 > .5 < 0.05

Simple 49 18.98 48.08 > .5 < 0.01 50.54

Number of Mental Processing Fixations

Essential Complex 42 3.7 24.37 > 1 < 0.01 35 60.94 > 1 < 0.01

Simple 38 7.93 10.02 0.25 < 0.05 44.06

Accidental Complex 37 3.18 21.55 > 1 < 0.01 27 70.29 > 1 < 0.01

Simple 32 4.56 9.57 > .8 < 0.01 45.6
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cognitive load indicators across the task-relevant and noise parts, along with p-values 
comparing complex and simple tasks. This proportion-based view complements the raw 
values and helps identify broader trends across complexity types and task types.

After reviewing the data on deep mental processing fixations, we decided to omit 
this indicator from the fine-grained analysis. Although some differences align with our 
expectations and are statistically supported, sample sizes for deep mental processing fix-
ations are substantially low—in some cases reaching zero.

Observation 5: both task-relevant parts and non-task-relevant parts (noise) con-
tribute to cognitive load  Across all task types, the difference in proportions between 
task-relevant and non-task-relevant parts (∆, in Table 6) is consistently below 100%. This 
shows that noise also contributes to users’ cognitive load in terms of cognitive integration 
and mental processing. This holds true regardless of the complexity type.

Observation 6: non-task-relevant parts (noise) contribute more to cognitive load in 
simple tasks than in complex tasks  We observe that the difference ∆ is consistently 
lower for simple tasks than for complex tasks, indicating a greater relative contribution 
from noise during simple tasks. This is statistically supported by the p-values compar-
ing ∆ across task types (complex vs. simple), all of which are below 0.05. The effect sizes 
are globally medium to large, confirming the practical relevance of these differences.
An exception occurs for the number of mental processing fixations in simple tasks with 
essential complexity, where the practical significance is small (d = 0.25 > .2) despite a 
statistically significant result (p < 0.05). Overall, the influence of noise is significantly 
higher in simple tasks, regardless of whether complexity is essential or accidental.

Discovery versus post-discovery analysis

This part of the analysis addresses RQ5: How does the complexity of the non-task-rele-
vant parts of process models affect users’ cognitive load during different phases of compre-
hension tasks?

As RQ5 is an extension of RQ4, this analysis also focuses on composed models that 
contain parts with varying levels of complexity (i.e., Set B).

Figure 10 visualizes how mental processing fixations are distributed (as propor-
tions) across task phases—discovery and post-discovery—and task types—simple and 

Fig. 10  Proportions of mental processing fixations in tasks with essential complexity (left) and accidental com-
plexity (right). Boxplots show distributions of proportions by task type (simple or complex) and task phase (discov-
ery or post-discovery)

 



Page 29 of 37Sorg et al. Process Science             (2026) 3:2 

complex. Figure 11 shows the same structure for AOI run count (i.e., cognitive integra-
tion). The description of Fig. 10 applies analogously to Fig. 11.

Each figure is divided into two subplots: one for tasks involving essential complexity 
(left) and one for accidental complexity (right). For each task type, the proportions are 
grouped into four boxplots: two showing noise and task-relevant contributions during 
the discovery phase, and two for the post-discovery phase.

As previously discussed in Sect. Discovery Versus Post-Discovery Analysis, the 
absence of results for deep mental processing fixations stems from their very low (and in 
some cases null) sample sizes.

Observation 7: non-task-relevant parts (noise) contribute more to cognitive load in 
simple tasks than in complex tasks  Across both measures (mental processing fixations 
and AOI run count), the median values of noise-related boxplots (i.e., boxplots without 
hatching and with vertical hatching) are generally higher for simple tasks than for com-
plex tasks (except for AOI run count for accidental complexity). This confirms earlier 
findings (Sect. Discovery Versus Post-Discovery Analysis) that noise contributes more 
strongly to mental processing and cognitive integration in simple tasks compared to com-
plex tasks.

Observation 8: non-task-relevant parts (noise) contribute to cognitive load in both 
phases, but unevenly  Noise-related fixations occur throughout the task, as shown by 
their presence in both the discovery and post-discovery phases. However, the distribution 
is not uniform: noise is clearly more prominent during the discovery phase. This is par-
ticularly visible in the mental processing fixation plots, where boxplots representing noise 
(no hatching) often overlap those for task-relevant fixations (with diagonal hatching), 
suggesting that the differences may not be statistically significant. An exception occurs in 
complex tasks with essential complexity, where task-relevant fixations are clearly domi-
nant even during discovery.

Observation 9: non-task-relevant parts (noise) have a decreased contribution to 
cognitive load in post-discovery  In the post-discovery phase, a marked separation 
appears between task-relevant and noise boxplots. Boxplots for task-relevant areas (with 
cross-hatching) show higher medians than those for noise (with vertical hatching), indi-

Fig. 11  Proportions of AOI run count in tasks with essential complexity (left) and accidental complexity (right). 
Boxplots show distributions of proportions by task type (simple or complex) and task phase (discovery or 
post-discovery)
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cating that attention shifts toward task-relevant areas once the model has been partially 
explored. This pattern holds across both indicators and both complexity types and is par-
ticularly pronounced in complex tasks.

This time-based perspective adds granularity to the findings of RQ4. It shows that 
while noise contributes to cognitive effort throughout the task, it plays a more signifi-
cant role early on—especially in simple tasks—and diminishes in the later stages as users 
focus on task-relevant areas. This highlights the exploratory nature of the discovery 
phase and confirms the reduced impact of noise in post-discovery.

Discussion
The discussion first focuses on the results from the coarse-grained analysis, followed 
by the results from the fine-grained analysis. Subsequently, the discussion continues 
with the presentation of our study’s implications, before addressing potential threats to 
validity.

Coarse-grained analysis

To address RQ1, we performed a coarse-grained analysis grounded in a research model 
that investigates the impact of model complexity on cognitive load. Using a comprehen-
sive suite of metrics, each designed to capture specific aspects of essential and accidental 
complexity, the results demonstrate two key findings: (1) When the complexity of two 
process models is clearly distinguishable across all selected metrics, we can expect cor-
respondingly distinct estimates of cognitive load. (2) The direction of specific complex-
ity metrics (i.e., whether a model is “more” or “less” complex) consistently aligns with 
selected indicators of cognitive load (i.e., higher complexity correlates with higher load).

In summary, these findings show that when a comprehensive set of complexity metrics 
indicates a significant difference between two models, this distinction is also reflected in 
the cognitive load of users during tasks involving these models.

This result contrasts with previous findings in empirical software engineering, where 
no significant relationship was found between complexity and cognitive load (Couceiro 
et al. 2019), or could only be established to a very limited degree (Peitek 2022; Hao et al. 
2023).

To address RQ2, we performed a complementary coarse-grained analysis based on a 
research model that incorporates task complexity as a factor that affects the relationship 
between model complexity and cognitive load.

Our results indicate: (1) When two tasks are clearly distinct in complexity, that is, they 
target model regions with varying complexity measures, differences in cognitive load 
are again observable. (2) The selected cognitive load indicators follow a trend that aligns 
with the complexity of the parts of the model addressed by the respective tasks. A minor 
exception concerns comprehension accuracy, which seems to reach a practical limit in 
our composed models. This can be explained by the fact that, under accidental complex-
ity, both model parts depict the same process and differ only in their graphical represen-
tation, leading to small practical differences despite visual variations.

These findings show that task characteristics significantly impact the observed rela-
tionship between process model complexity and cognitive load, qualifying the answer to 
RQ2. Thus, both the structure of the model and the task jointly influence the cognitive 
demands.



Page 31 of 37Sorg et al. Process Science             (2026) 3:2 

The relationship between complexity metrics and cognitive load has been relatively 
underexplored in the process modeling literature, with few exceptions (Abbad-Andal-
oussi et al. 2023). Previous studies have more commonly examined how the complexity 
of the process model relates to user performance (e.g., in terms of comprehension or 
error rates) and perceived difficulty (Mendling 2007; Figl and Laue 2011; Mendling et 
al. 2012; Burattin et al. 2017). In contrast, our work provides additional and stronger 
empirical evidence that both essential and accidental complexity metrics correlate with 
cognitive load. This is achieved using a broader set of indicators, including behavioral 
and physiological responses, thus offering a deeper understanding of the underlying cog-
nitive processes. Furthermore, our results clearly demonstrate that task characteristics 
play a critical role in shaping the relationship between complexity metrics and cognitive 
load. This finding underscores the limitation of relying solely on complexity metrics for 
predicting cognitive load as such predictions risk being incomplete or misleading if the 
task characteristics are not taken into account.

Fine-grained analysis

The second part of our analysis builds upon the previously established relationships and 
shifts the focus towards fine-grained explorations of user behavior and cognitive load.

To explore RQ3, we performed an inductive analysis of visual behavior over time. We 
introduce the concept of the task envelope as a coarse temporal boundary that divides 
task execution into two distinct phases: discovery and post-discovery. The discovery 
phase shows by short duration, low revisit ratios, and relatively low cognitive load—sug-
gesting an initial exploration or “search” stage (Wolfe 1994). The post-discovery phase 
is longer, with higher revisit ratios and increased indicators of deep mental processing 
(e.g., long fixations), similar to an “inference” phase (Kim et al. 2000) in which partici-
pants cognitively manipulate and relate the discovered information.

The distinction between these phases is consistent with prior findings on how pro-
cess model comprehension evolves from perceptual to semantic reasoning. (Reijers 
and Mendling 2011) observed that understanding develops as users shift from syntac-
tic parsing of model elements toward semantic integration of their relations, reflecting 
a transition from surface-level to deeper cognitive processing. Similarly, Pinggera et al. 
(2012) identified alternating cognitive modes during process modeling, ranging from 
exploratory to analytical behaviors, which parallel the dynamics observed here between 
discovery and post-discovery. Taken together, these results align with the information-
foraging and processing phases described in sensemaking practices (Chen et al. 2025), 
clarifying how cognitive processes unfold temporally during interaction with process 
models.

Additionally, by comparing models with predominantly accidental versus essential 
complexity, we found that models with more layout-induced (accidental) complexity 
tend to elicit higher revisit ratios in the post-discovery phase, suggesting a more effortful 
mental reorganization process. This suggestion aligns with the outcomes of the research 
in (Figl et al. 2024) emphasizing the negative cognitive effects of bad model layout 
emerging from high accidental complexity.

To answer RQ4 and RQ5, we introduced the notion of “noise”—defined as the non-
task-relevant parts of the process model. For RQ4, we compared the cognitive impact 
of task-relevant versus non-task-relevant (noise) regions. Our results show that both 
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contribute to cognitive load, but noise has a proportionally greater effect in simpler 
tasks, likely due to the lower cognitive demand of the task itself, making distractions 
more impactful. We observed a minor exception for the number of mental processing 
fixations in simple tasks with essential complexity. In this configuration, the noise cor-
responds to the complex part of the model, which is typically skimmed during an initial 
discovery phase and thus requires only limited mental effort. Conversely, the relevant 
part corresponds to the simple portion of the model, where mental processing demands 
are also expected to be low. As a result, only a few mental processing fixations (as mani-
festations of cognitive load) occur in both regions, leading to a low practical significance. 
This pattern is consistent with other results showing reduced cognitive load on simple 
models and less intensive visual behavior during the discovery phase, suggesting that it 
reflects a general phenomenon rather than an anomaly. Overall, these findings confirm 
that task-relevant and non-task-relevant regions both contribute to cognitive load, with 
noise having a proportionally greater impact in simple tasks.

For RQ5, we examined how the effect of noise evolves over time. We found that noise 
does not affect users uniformly throughout the task: In the discovery phase, noise plays 
a more prominent role. In the post-discovery phase, its effect diminishes as users shift 
their attention to the relevant parts of the model. These findings not only confirm that 
noise contributes to cognitive load, but also highlight when and how this impact occurs. 
Moreover, they advance existing research that assigns cognitive load to task-relevant 
information (Petrusel and Mendling 2013) by demonstrating that the characteristics of 
the non-task-relevant information also influence cognitive load, particularly in the early 
stages of comprehension.

Finally, our observations suggest that most visual attention in the post-discovery phase 
is focused on task-relevant areas, supporting the interpretation that this phase corre-
sponds to goal-directed inference rather than general exploration.

Implications

This study refines and extends existing knowledge on how process model complexity 
relates to cognitive load by revealing the joint influence of model- and task-related fac-
tors. Whereas prior work primarily focused on static model characteristics Mendling 
2007; Bernstein and Soffer 2015; Burattin et al. 2017, our results demonstrate that the 
complexity of the task addressing a model region significantly modulates users’ cogni-
tive effort. This challenges the implicit assumption in many BPM complexity studies that 
model complexity alone can predict cognitive load, suggesting instead that comprehen-
sion depends on an interaction between model structure and task demands.

Furthermore, by uncovering distinct ‘discovery’ and ‘post-discovery’ gaze phases, our 
findings complement the dual-phase cognitive processing models proposed in sense-
making theory (Chen et al. 2025). These results indicate that process model compre-
hension involves an initial phase of exploration and orientation followed by a phase of 
reasoning and integration—each exhibiting different patterns of response to complexity 
and task relevance.

From a practical standpoint, our findings encourage BPM practitioners and tool 
developers to move beyond global complexity assessments. Designers should con-
sider how task scope and spatial focus shape users’ cognitive load and employ adaptive 
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visualization mechanisms to minimize the impact of non-task-relevant elements (i.e., 
noise), especially during early discovery phases.

Methodologically, this study advances the empirical toolkit for BPM research by 
demonstrating how to integrate a cognitive approach into the study of process model 
comprehension. By leveraging eye-tracking, our approach combines behavioral and 
physiological indicators of cognitive load with temporal segmentation, enabling a more 
precise mapping of cognitive load dynamics over time. The experimental design pro-
posed in this study provides a replicable framework for future research seeking to dis-
entangle essential from accidental complexity while balancing experimental control and 
ecological validity.

Threats to validity

Our work can be subject to internal, ecological and external validity threats presented in 
the following paragraphs.

Internal validity

Two primary concerns may affect internal validity: (1) Whether the models used were 
sufficiently realistic, and (2) Whether cognitive load was accurately captured.

To address (1), we followed an incremental modeling strategy. Models were developed 
progressively—from basic ones with clear complexity differences (used in prior studies), 
to more advanced ones containing parts with varying complexity, better reflecting real-
istic conditions.

Regarding (2), we took several measures to mitigate confounding factors (see Section 
Research Method). These measures include creating a limited number of tasks to reduce 
potential learning effects due to repeated exposure to the models, and randomizing the 
tasks among participants. In addition, we controlled the experimental setup and pro-
vided all participants with a standardized introduction to BPMN and the task structure. 
Finally, we measured cognitive load using multiple complementary indicators, includ-
ing subjective, performance, physiological and behavioral measures that previous studies 
have successfully used (Abbad-Andaloussi et al. 2023). Together, these design choices 
enhance confidence in the validity of our findings.

Ecological validity

The use of non-realistic activity labeling (i.e., random two-letter codes) in the modeling 
design of our material had a potential impact on ecological validity, as the results might 
not fully hold for domain-specific or semantically rich models. To address this threat, we 
acknowledged that anonymized, semantically reduced activity labels could limit the eco-
logical validity of our findings, since process models in real-world settings typically con-
tain domain-specific terminology that supports comprehension through semantic cues.

In addition, the study’s focus on binary assertion verification tasks—although advanta-
geous for ensuring experimental control and comparability—further constrains gener-
alizability, as it does not capture the diversity of modeling-related activities that process 
models support in practice, such as explanation, problem-solving, or redesign.

Nevertheless, our primary goal was to isolate the effects of structural complexity 
on cognitive load while minimizing confounding influences from domain familiarity, 
semantic richness, and task variability. By controlling for these factors, we ensured that 
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the observed differences in participants’ cognitive effort stemmed primarily from the 
graphical characteristics and inherent structural content of the models rather than from 
textual or task-related artifacts. Consequently, while our findings may not fully gener-
alize to domain-specific or task-diverse modeling contexts, they provided a controlled 
basis for understanding how visual and structural features contribute to cognitive load 
independently of semantic knowledge and task complexity.

External validity

The relatively small sample size may limit generalizability. However, this is consis-
tent with previous studies that involve eye tracking in similar domains (Petrusel and 
Mendling 2013; Peitek 2022; Hao et al. 2023), reflecting the methodological complex-
ity of such experiments (Holmqvist et al. 2011). To enhance transferability, we based all 
models on well-known control-flow BPMN patterns (Muehlen and Recker 2008), which 
improves comparability and applicability to broader contexts.

Conclusion and future work
This study extends our research presented in (Sorg et al. 2025). Building upon our pre-
vious investigations, it further explores the relationship between complexity metrics 
and users’ cognitive load by introducing the task as a factor affecting this relationship. 
Additionally, the investigation of user visual behavior is expanded through the imple-
mentation of descriptive and inferential statistics, thereby substantiating our findings. 
Our multi-granular research method allows a comprehensive analysis of the different 
aspects of the relationship between process model complexity and cognitive load. At a 
coarse-grained level, the findings demonstrate first that an extensive set of essential and 
accidental complexity metrics can align well with cognitive load during comprehension 
tasks on simple and complex process models. However, in a complementary manner, the 
findings also clearly demonstrate the influence of the task on the relationship between 
complexity and cognitive load. At a fine-grained level, the exploration of users’ visual 
behavior over time allowed the identification of two comprehension phases (i.e., discov-
ery and post-discovery) which relate to information search and inference and underlie 
different levels of cognitive processing. Moreover, our analysis showed that task-relevant 
and non-task-relevant parts of process models contribute to cognitive load differently 
during both phases.

As future work, it is important to delve deeper into users’ cognitive processes, particu-
larly those underlying information search and inference, as well as mental reorganization 
and cognitive integration, which are likely elicited by essential and accidental process 
model complexity. A deeper understanding of these mechanisms would ultimately 
support the anticipation of comprehension problems, the reduction of cognitive load, 
and the prevention of modeling errors. An important direction to advance this line of 
research is to extend the investigation beyond binary assertion verification and include 
more elaborated tasks—such as explanation, problem-solving, or model redesign—that 
better reflect how process models are used in practice and strengthen the ecological 
validity of future studies. In this regard, exploring how process model complexity influ-
ences users’ performance and cognitive effort appears promising, as both characteristics 
reflect how objective complexity translates into felt difficulty and cognitive demand dur-
ing comprehension. Attention should also be given to user characteristics (e.g., level of 
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process modeling expertise) and their interaction with complexity and visual behavior 
across search and inference phases, as these factors are likely to modulate the mecha-
nisms of comprehension and cognitive load regulation. Extending this research to expert 
modelers and real-world business contexts would represent a natural progression of this 
line of research, allowing practical implementation and validation of these mechanisms 
in professional modeling environments. In support of the aforementioned research, the 
use of eye-tracking technology offers opportunities to develop novel methodological 
approaches. Future studies could leverage eye-tracking data through machine learning 
techniques to identify complex patterns of cognitive processing. Combining these devel-
opments may lead to adaptive systems capable of automatically anticipating error-prone 
situations by continuously analyzing users’ visual behavior with greater accuracy.
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