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Abstract

Software testing encompasses a variety of cognitively demanding
activities, including code comprehension, fault identification, and
test case design. Understanding the cognitive demands associated
with these activities is important for improving testing processes,
training programs, and tool support. However, despite the central
role of software testers in software quality assurance, the cognitive
processes underlying testing activities remain relatively underex-
plored. In this paper, we investigate neural activity and performance
during software testing using electroencephalography (EEG). We
conducted a controlled experiment with eight professional software
testers performing four common testing activities: test code compre-
hension, syntax error identification, logic error identification, and
test case design. Our results provide descriptive evidence of varia-
tion in neural activity across software testing activities, although
the Friedman tests did not reveal statistically significant differences
among activities. Logic Error Identification produced the largest
reduction in Alpha activity and the lowest participant accuracy,
suggesting greater attentional and analytical demands. Test Case
Design, meanwhile, exhibited the highest Theta and Delta activ-
ity levels while maintaining relatively high performance, suggest-
ing greater engagement of cognitive resources, including working
memory. Furthermore, a strong positive association was observed
between Theta activity and performance during Logic Error Iden-
tification (p = 0.77, p = 0.025). Overall, these findings provide
preliminary evidence that software testing activities may involve
different cognitive demands, motivating further investigation into
how cognitive insights can inform testing practices, training strate-
gies, automation techniques, and Al-assisted testing tools.
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1 Introduction

Software testing is a cornerstone of software engineering, ensur-
ing that software systems meet the highest standards of quality,
reliability, and security [18]. Modern testing activities encompass
a broad range of tasks, including test automation, fault detection,
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debugging, and test case design, each requiring different forms
of reasoning and decision-making [20]. The effectiveness of these
activities directly impacts software quality, development costs, and
the successful adoption of testing tools and automation techniques.

Despite significant advances in testing processes, automation
frameworks, and Al-assisted testing approaches, software testing
remains a highly human-centered activity. Testers are constantly
required to comprehend test artifacts, identify faults, reason about
system behavior, and design effective test cases [9, 18, 26]. These
activities impose different cognitive demands that may influence
testing effectiveness and productivity. However, little is known
about how software testers cognitively process these activities and
which testing tasks impose the greatest mental effort.

Understanding the cognitive demands associated with software
testing activities can provide valuable insights for improving tester
training, designing more effective testing processes, and develop-
ing intelligent tools that better support testers during cognitively
demanding tasks.

Previous studies have examined the mental and neural demands
of programming-related tasks, including code comprehension, de-
bugging, and algorithmic reasoning [4, 15, 21, 37]. These studies
reveal that such activities engage distinct cognitive processes that
vary across individuals and experience levels. Experienced devel-
opers, for instance, tend to exhibit enhanced memory activation
[6, 12, 16, 33] and reduced cognitive workload [6]. However, soft-
ware testing, despite being equally complex and cognitively de-
manding, has received comparatively little attention from the neu-
rocognitive perspective.

Testing differs fundamentally from development. While develop-
ment emphasizes constructive reasoning and solution creation, test-
ing centers on evaluative reasoning, fault detection, and hypothesis-
driven exploration [10, 34]. These cognitive distinctions are likely
to engage different neural mechanisms, potentially resulting in
distinct patterns of brain activation. Yet, to date, these differences
have not been systematically explored.

This distinction is particularly relevant as modern software test-
ing increasingly relies on automation frameworks and Al-assisted
tools, whose effectiveness depends on understanding the challenges
faced by testers during fault detection and test design activities.
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Recent advances in neuroimaging provide promising tools for
bridging this gap. Techniques such as electroencephalography (EEG)
and functional magnetic resonance imaging (fMRI) have long been
employed to investigate cognitive states and brain activity in com-
plex problem-solving tasks [35]. Applying these methods to soft-
ware testing offers a novel opportunity to explore the cognitive
underpinnings of evaluative reasoning in software engineering.

In this study, we investigate the cognitive demands associated
with different software testing activities through electroencephalog-
raphy (EEG). Our goal is not only to characterize neural activation
patterns during testing tasks, but also to better understand which
testing activities impose higher cognitive load and may therefore
benefit from improved processes, training strategies, and tool sup-
port. To this end, we conducted a controlled experiment with eight
professional software testers performing four common testing ac-
tivities: test automation code comprehension, syntax error identifi-
cation, logic error identification, and test case design.

To better understand the cognitive demands associated with soft-
ware testing activities, this study addresses the following research
questions:

RQ1: How do different software testing activities differ in terms
of neural activation? Different testing activities require distinct
cognitive processes, ranging from code comprehension and fault
detection to test case design. Understanding whether these activi-
ties show different patterns of neural activation may provide ex-
ploratory insights into their cognitive demands.

RQ2: Which testing activities impose higher cognitive load on soft-
ware testers?

Understanding which activities impose higher cognitive load can
help identify tasks that are more mentally demanding for testers and
therefore may benefit from improved training or process support.
Such insights may contribute to improving both tester effectiveness
and software quality.

RQ3: Is cognitive load associated with testing performance?

Understanding whether cognitively demanding activities are also
associated with lower task performance may help identify testing
activities that would benefit most from improved tool support,
automation, or Al-assisted solutions.

Our results provide preliminary descriptive evidence of variation
in neural activity and performance across testing activities, with
fault identification and test case design showing comparatively
stronger indicators of cognitive effort.

In summary, this work contributes to software testing research

in three main ways:
e We provide the first empirical EEG-based investigation of

cognitive demands during software testing activities.

e We characterize the cognitive demands of four common
testing activities, including test code comprehension, syntax
error identification, logic error identification, and test case
design.

e We publicly release all experimental materials, tasks, and
data to support replication and future research on human
factors in software testing.

2 Background and Related Work

Software quality assurance (QA) aims to ensure that software engi-
neering processes, methodologies, and deliverables comply with
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established standards and requirements, ultimately contributing
to software quality, reliability, and safety [25]. Within QA, soft-
ware testing plays a central role in identifying defects, validating
system behavior, and ensuring that software meets functional and
non-functional requirements.

Software defects remain a persistent challenge for both industry
and society, generating substantial economic and operational costs
[19]. Consequently, improving the effectiveness of software testing
activities is an important research objective. Although significant
advances have been achieved in testing methodologies, automation
frameworks, and Al-assisted testing approaches, software testing
remains a highly human-centered activity. Testers must compre-
hend testing artifacts, identify defects, evaluate system behavior,
and design effective test cases. Understanding the cognitive de-
mands associated with these activities may contribute to improved
testing processes, training strategies, and tool support.

Recent advances in neuroscience and neuroimaging have opened
new opportunities for investigating cognitive processes in software
engineering. Techniques such as electroencephalography (EEG)
and functional magnetic resonance imaging (fMRI) have been in-
creasingly employed to study how software professionals perform
cognitively demanding tasks [14, 23, 24, 30, 31, 33, 35, 37]. While
fMRI provides high spatial resolution and enables precise localiza-
tion of brain activity, its high cost and operational constraints often
limit its applicability in software engineering research.

In contrast, EEG offers a more practical and cost-effective alter-
native for studying software engineering activities. Besides being
non-invasive and relatively inexpensive, EEG provides high tem-
poral resolution, allowing researchers to capture rapid changes
in brain activity during task execution [35]. These characteristics
make EEG particularly suitable for investigating cognitive load,
attention, and mental effort during software-related activities.

The remainder of this section is organized as follows. First, we
provide a brief overview of EEG and its main characteristics. Next,
we review previous neuroimaging studies in software engineering
and discuss the research gap that motivates this work.

2.1 Electroencephalogram (EEG)

The first human electroencephalogram (EEG) recording was per-
formed by Hans Berger in 1924 [27]. Since then, EEG has become
one of the most widely adopted tools for investigating cognitive
processes in neuroscience and, more recently, software engineering
research [6, 15, 16, 22].

EEG measures voltage fluctuations generated by ionic currents
associated with neuronal activity in the cerebral cortex [27]. Using
electrodes positioned on the scalp, EEG captures synchronized post-
synaptic activity from large populations of neurons with millisecond-
level temporal precision [35]. This temporal resolution makes EEG
particularly suitable for studying dynamic cognitive processes dur-
ing software-related tasks.

The EEG signal consists of multiple oscillatory wave patterns,
commonly categorized into four primary frequency bands: Delta,
Theta, Alpha, and Beta. These bands have been associated with
different cognitive and physiological states, as summarized in Table
1. In cognitive tasks, Alpha activity is often associated with relaxed
mental states and tends to decrease as cognitive demand increases,



Cognitive Demands in Software Testing: An EEG-Based Study

whereas Theta activity is frequently linked to working memory
and cognitive processing [13]. These characteristics make EEG
particularly useful for investigating cognitive load and mental effort
during software engineering activities.

Table 1: EEG Frequencies and Associated Cognitive States

EEG Frequency Associated Cognitive State

Delta (0.5-4 Hz)
Theta (4-8 Hz)

Alpha (8-13 Hz)
Beta (13-30 Hz)

Deep sleep and low-arousal states

Working memory and cognitive processing
Relaxed state; decreases with cognitive effort
Attention and active cognitive processing

Understanding the cognitive demands associated with software
engineering activities has become an important research topic.
Neuroimaging studies have provided valuable insights into factors
such as cognitive load, attention, expertise, and task performance
during software development activities. However, relatively little is
known about the cognitive processes involved in software testing,
despite its central role in software quality assurance.

Most neuroimaging studies in software engineering have focused
on programming-oriented tasks, including code comprehension, de-
bugging, and code review [6-8, 12, 16, 22, 38]. These studies demon-
strate that neurophysiological measurements can reveal meaningful
differences in cognitive workload and performance during software
development activities.

Calcagno et al. [4] used EEG to investigate software development
tasks and observed increases in Delta and Theta activity associated
with working memory and mental workload, as well as elevated
Beta activity related to attention and task engagement.

Lin et al. [16] combined EEG and eye tracking to compare novice
and experienced programmers. Their results suggest that high-
performing programmers exhibit stronger working memory activa-
tion and attentional control, reflected in distinct Theta and Alpha
activity patterns.

Similarly, Peitek et al. [22] analyzed EEG and eye-tracking data
from programmers performing code comprehension tasks. They
found that more effective programmers exhibited lower cognitive
load, reduced Beta activity, and increased Alpha activity during
task execution.

Taken together, these studies consistently demonstrate that software-

related activities impose measurable cognitive demands and that
neurophysiological signals can reveal differences associated with
expertise, task complexity, cognitive workload, and performance.
However, the existing body of evidence remains concentrated on
programming-oriented activities.

Software testing differs fundamentally from software develop-
ment. While programming activities primarily focus on solution
construction, software testing emphasizes fault detection, valida-
tion, and hypothesis-driven reasoning [10, 34]. Testers must contin-
uously evaluate system behavior, identify defects, analyze testing
artifacts, and design effective test cases. These activities involve cog-
nitive processes that may differ substantially from those observed
during code comprehension and software development tasks.

Despite the growing body of neuroimaging research in software
engineering, software testing remains largely unexplored from a
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neurocognitive perspective. As modern testing increasingly relies
on automation frameworks, continuous integration pipelines, and
Al-assisted testing tools, understanding the cognitive demands as-
sociated with testing activities becomes particularly relevant. Such
insights may help identify testing activities that would benefit from
improved training, enhanced tool support, or additional automa-
tion.

To the best of our knowledge, no prior EEG study has specifically
investigated the cognitive processes associated with common soft-
ware testing activities performed by professional software testers.
This study addresses this gap by examining neural activation and
cognitive load during test automation code comprehension, syntax
error identification, logic error identification, and test case design
activities.

3 Experimental Study

In this section, we describe the participants, experimental design,
software testing tasks, EEG acquisition procedures, and statistical
analyses used to investigate the cognitive demands associated with
different software testing activities.

3.1 Participants

We conducted a controlled experiment with eight software testing
professionals who performed software testing tasks while their
brain activity was recorded using an EEG. The study was approved
by the Research Ethics Committee of the School of Nursing, Federal
University of Bahia (UFBA), Bahia, Brazil, in May 2024 (Approval
No. 78645624.2.0000.5531).

Participants were recruited through convenience sampling [36]
from local software companies. All participants had prior experi-
ence with software testing and test automation using Java, ensuring
familiarity with the types of activities performed during the experi-
ment. This selection criterion was adopted to increase the ecological
validity of the study and ensure that the tasks reflected activities
commonly encountered in industrial software testing practice.

Table 2 summarizes the demographic characteristics of the par-
ticipants.

Table 2: Demographic Information of the Participants

Gender Expertise Level

Men Women Novice Intermediate Advanced

5 3 2 3 3

3.1.1  Exclusion Criteria. Exclusion criteria for this study included
individuals using psychotropic drugs or medications that could
impact brain function. Additionally, participants with cognitive
deficits, visual impairments, or any other medical condition listed
in the pre-experiment medical form were excluded.

3.2 Experimental Design

The experiment consisted of a baseline condition followed by four
software testing task blocks. The baseline condition served as a
reference for identifying task-related changes in neural activation
and cognitive load during testing activities.
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During the baseline condition, participants remained seated with
their eyes open for three minutes while focusing on a fixation cross
displayed on the screen. This procedure is commonly adopted in
EEG studies to establish a stable neural reference condition.

Following the baseline period, participants completed four blocks
of software testing activities. Task completion time varied across
participants. Figure 1 illustrates the overall experimental protocol.

Baseline with open eyes (3 minutes)

BL 01 BL 02 BL 03 BL 04
Test code . Test case
comprehension Syntax error Logic error creation
(open-ended (multiple choice (multiple choice (open-ended
P X question) question) P X
question) question)

Rest (30 sec) Rest (30 sec) Rest (30 sec) Rest (30 sec)

Test code . Test case

comprehension Syntax error Logic error creation
(open-ended (multiple choice (multiple choice (open-ended

question) question) question) question)

Rest (30 sec) Rest (30 sec) Rest (30 sec) Rest (30 sec)

Test code . Test case

comprehension Syntax error Logic error creation
(open-ended (multiple choice (multiple choice (open-ended

question) question) question) question)

Rest (30 sec) Rest (30 sec) Rest (30 sec) Rest (30 sec)

Figure 1: Visualization of the experiment design, which
shows four blocks of tasks (BLO1-BL04).

3.3 Experimental Tool

We used PROPHET, a Java-based infrastructure for software engi-
neering experiments that supports task presentation and response
collection [32]. The source code is publicly available at https://
github.com/feigensp/Prophet.

3.3.1  Programming Language. Java was selected because it is widely
used in software testing and test automation practice [2] and is
frequently adopted in software engineering experiments involving
code comprehension and maintenance tasks [3, 21, 31, 33, 37].

3.4 Testing Tasks

The selected tasks were designed to represent common activities
performed by software testers during test automation and quality
assurance processes. Together, they cover test code comprehension,
fault identification, and test case design activities that are frequently
encountered in industrial software testing practice.

The tasks were refined through pilot studies conducted prior to
the experiment to ensure appropriate difficulty and clarity. All task
materials are available in the replication package.

e BLO1 - Test Code Comprehension: Participants analyzed
test automation code snippets and answered open-ended
questions regarding their behavior and expected outputs.

e BL02 - Syntax Error Identification: Participants inspected
test automation code and identified syntactic defects through
multiple-choice questions.
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e BL03 - Logic Error Identification: Participants analyzed
test automation code and identified behavioral defects affect-
ing test execution.

e BL04 — Test Case Design: Participants designed and ex-
tended test cases based on software requirements and ex-
pected system behavior.

Together, these four task categories capture complementary as-
pects of software testing activities, enabling the investigation of
cognitive demands associated with code comprehension, fault de-
tection, and test design.

3.5 EEG Acquisition and Analysis

Brain electrical activity was recorded using a 64-channel EEG sys-
tem following the international 10-10 electrode placement standard.
The reference electrode was positioned at Cz, and electrode-skin
impedance was maintained below 50 kQ throughout data acqui-
sition. Signals were sampled at 1000 Hz to ensure high temporal
resolution.

EEG preprocessing and analysis were performed using EEGLAB
in MATLAB R2018b. Raw signals were filtered using a band-pass
filter between 0.5 and 50 Hz to remove low-frequency drifts and
high-frequency noise. The continuous EEG recordings were initially
segmented into 1.5-second epochs during preprocessing to facilitate
artifact detection and signal inspection.

To improve data quality, Independent Component Analysis (ICA)
was applied to automatically identify and remove ocular, elec-
tromyographic, and electrocardiographic artifacts.! Additionally,
epochs containing signal amplitudes exceeding +100 pV were auto-
matically rejected, as such amplitudes typically indicate excessive
noise or movement-related artifacts [5]. A subsequent manual visual
inspection was performed to identify and remove any remaining
artifacts.

Following preprocessing, quantitative EEG (qQEEG) analysis was
conducted to characterize neural activity across different frequency
bands [17]. Using custom MATLAB scripts, power spectral den-
sity (PSD) analysis was performed on artifact-free 1-second non-
overlapping epochs. Welch’s method was employed to estimate the
average PSD for each participant and task condition.

The analysis focused on four frequency bands commonly asso-
ciated with cognitive processing: Delta (1-4 Hz), Theta (4-8 Hz),
Alpha (8-13 Hz), and Beta (13-30 Hz). For each frequency band,
absolute power values were computed to quantify neural activation
during the baseline condition and software testing activities.

Figure 2 summarizes the EEG processing pipeline, including data
acquisition using Profusion software, preprocessing procedures
conducted in MATLAB, and the subsequent statistical analyses
performed in SPSS.

3.6 Statistical Analysis

Before performing the statistical analyses, data normality was as-
sessed using the Shapiro-Wilk test [28]. Given the small sample
size (N = 8) and the non-normality observed in several EEG vari-
ables, non-parametric statistical methods were used throughout
the analysis [29].

! Artifacts correspond to non-neural signals that may contaminate EEG recordings.
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ProFusion EEG Data Band-pass ICA Artifact Visual
A(qu\smon Filter (0.5-50hz) Removal Inspection

Epoch PSD Delta | Theta Statistical Analysis
Segmentatlun (Welch Method) Alpha| Beta ! 4

Figure 2: Overview of the EEG processing pipeline used in this study, including signal preprocessing, artifact removal, epoch
segmentation, power spectral density analysis, frequency band extraction, and statistical analysis.

To investigate whether neural activation differed across the four
testing activities (BLO1-BL04), we employed the Friedman test, a
non-parametric alternative to repeated-measures ANOVA suitable
for within-subject experimental designs. The Friedman test was
applied independently to each EEG frequency band (Alpha, Beta,
Theta, and Delta), accounting for repeated measurements from each
participant.

Effect sizes were quantified using Kendall’s coefficient of con-
cordance (W), which provides an estimate of the magnitude of
differences among repeated measurements independently of statis-
tical significance.

Descriptive analyses were additionally conducted by comparing
the average EEG activity observed during each testing activity with
the corresponding baseline condition. These baseline differences
were used to facilitate the interpretation of the neural activation
patterns but were not subjected to inferential statistical testing. All
statistical analyses adopted a significance level of @ = 0.05, and
hypothesis tests were evaluated using two-tailed p-values.

Given the exploratory nature of this study and the challenges
associated with recruiting experienced software testing profes-
sionals for EEG experiments, the findings should be interpreted
as preliminary evidence rather than definitive conclusions. The
repeated-measures experimental design mitigates inter-participant
variability; however, the limited sample size reduces the statistical
power to detect small effects. Consequently, the reported results
should be viewed as an initial characterization of the neural activ-
ity associated with software testing activities, motivating future
confirmatory studies involving larger and more diverse participant
samples.

4 Results

This section presents the results of the statistical analyses per-
formed to investigate neural activation, cognitive load, and task
performance during software testing activities. Following the re-
search questions introduced in Section 1, we first analyze differences
in neural activation across testing activities (RQ1), then identify
which activities impose higher cognitive load (RQ2), and finally ex-
amine whether cognitive load is associated with task performance

(RQ3).

4.1 RQ1: How Do Different Software Testing
Activities Differ in Terms of Neural
Activation?

To investigate differences in neural activation across software test-
ing activities, we analyzed the average EEG power in the Alpha,
Beta, Theta, and Delta frequency bands within the frontal brain
region. This region was selected because it is strongly associated
with executive cognitive functions, including reasoning, decision-
making, and working memory [13].

Figure 3 presents the average EEG Power Spectral Density (PSD)
observed across all participants for each testing activity and fre-
quency band. Warmer colors indicate higher activity, whereas
cooler colors indicate lower activity, allowing direct comparison of
neural activation patterns across tasks.

Average EEG Activity Across Testing Activities and Frequency Bands

Alpha
(8-13 Hz) 2.20 2.40 1.81 I
L] s
el
5 Beta T
3 (13-30 Hz) z
Q -0 o
c a
] ]
3 Theta N o
§ (@-7Hz) ©13 .8
“ =
Delta
(1-4 H2)
BLO1 BLO2 BLO3 BLO4
Test Code Syntax Error Logic Error Test Case
Comprehension Identification Identification Design

Testing Activity

Figure 3: Average frontal EEG power across software testing
activities and frequency bands.

Distinct activation profiles emerged across the evaluated activ-
ities. Test Case Design (BL04) exhibited the highest Theta (0.70)
and Delta (6.20) activity levels, while Syntax Error Identification
(BL02) showed the highest Beta activity (-3.46). Logic Error Identifi-
cation (BL03) presented the lowest Alpha activity (-2.40), suggesting
a different neural activation pattern compared to the remaining
tasks.

To better understand task-related changes, Table 3 presents the
average deviation from the baseline condition.

Table 3: Average deviation from baseline EEG activity.

Band BL01 BL02 BL03 BL04
Alpha -0.36 -0.05 -0.56 +0.03
Beta +1.89 +2.89 +135 +1.82
Theta +0.63 +0.73 +0.22 +1.06
Delta +0.61 +0.68 +0.33 +1.27

All testing activities produced increases in Beta, Theta, and Delta
activity relative to the baseline condition. The largest deviations
were observed during Test Case Design (BL04), particularly for
Theta (+1.06) and Delta (+1.27). Syntax Error Identification (BL02)
produced the strongest increase in Beta activity (+2.89), whereas
Logic Error Identification (BL03) exhibited the largest reduction in
Alpha activity (-0.56).

To assess whether the observed activation differences were sta-
tistically significant, we performed Friedman tests across the four
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testing activities for each EEG frequency band. Table 4 summarizes
the results.

Table 4: Friedman test results comparing EEG activity across
testing activities.

Band y%(3) p Kendall’s W
Alpha 1.05 0.789 0.044
Beta 1.05 0.789 0.044
Theta 495 0.175 0.206
Delta 4.05 0.256 0.169

The Friedman tests did not reveal statistically significant differ-
ences among the four testing activities for any of the analyzed
frequency bands (p > 0.05). These results indicate that, within the
studied sample, the observed variations in EEG activity cannot be
considered statistically distinguishable across activities.

Nevertheless, differences in effect size were observed across
frequency bands. Theta activity presented the largest effect size
(Kendall’s W = 0.206), followed by Delta activity (W = 0.169).
Although these effect sizes are small, they suggest that task-related
variations may be more pronounced in the lower-frequency bands,
particularly Theta, which has often been associated with working-
memory and cognitive-control processes.

RQ1 Summary. Descriptive variation in EEG activity was ob-
served across the evaluated software testing activities. Test Case
Design (BL04) exhibited the highest Theta and Delta activity
levels, whereas Logic Error Identification (BL03) showed the
lowest Alpha activity.

Although the Friedman tests did not reveal statistically signifi-
cant differences among activities in any EEG frequency band,
Theta exhibited the largest observed effect size (W = 0.206).
These results should be interpreted as exploratory patterns
rather than evidence of statistically established differences in
neural activation.

4.2 RQ2: Which Testing Activities Impose
Higher Cognitive Load on Software Testers?

According to Antonenko et al., mental effort is a fundamental com-
ponent of cognitive load, as it reflects the cognitive resources al-
located to addressing task demands [1]. To investigate cognitive
load during software testing activities, we analyzed changes in EEG
activity relative to the baseline condition, focusing primarily on
the Alpha and Theta frequency bands.

Prior EEG research associates reductions in Alpha activity with
increased cognitive effort and attentional demands, whereas in-
creases in Theta activity are commonly linked to working-memory
engagement and mental workload [11, 13]. Therefore, deviations
in these frequency bands may serve as useful indicators of the
cognitive demands imposed by different testing activities.

To interpret the observed activation patterns in terms of cog-
nitive load, we focused on deviations from the baseline condition
in the Alpha and Theta bands, which are widely associated with
attentional effort and working-memory demands, respectively.

Among the evaluated activities in Table 3, Logic Error Identifi-
cation (BL03) produced the strongest Alpha suppression relative
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to baseline, whereas Test Case Design (BL04) generated the largest
increase in Theta activity.

In contrast, Test Code Comprehension (BL01) exhibited the low-
est Beta increase among all activities (+1.89), while achieving the
highest accuracy, suggesting that participants were generally able
to perform this task with comparatively lower active cognitive pro-
cessing demands. Syntax Error Identification (BL02) produced the
strongest increase in Beta activity relative to baseline (+2.89).

Theta activity has frequently been associated with working-
memory utilization and mental workload in neuroscience stud-
ies [13]. Therefore, the elevated Theta activity observed during
BL04 (+1.06) — the highest among all activities — may indicate
greater engagement of cognitive resources related to planning, rea-
soning, and decision-making. Notably, BL01 and BL02 also showed
positive Theta deviations (+0.63 and +0.73, respectively), while
BLO03 presented the lowest Theta increase (+0.22), suggesting that
working-memory demands were comparatively lower during logic
error identification than during the remaining activities.

From a cognitive perspective, these patterns may reflect different
forms of mental demand. The Alpha suppression observed during
BLO03 may indicate increased attentional effort and analytical rea-
soning associated with fault localization and behavioral analysis,
consistent with the well-established relationship between Alpha
decreases and cognitive effort (Table 3). In contrast, the increased
Theta and Delta activity observed during BL04 may reflect greater
working-memory engagement required to design test cases, rea-
son about alternative execution scenarios, and anticipate system
behavior.

When these neural findings are considered together with the per-
formance results presented in RQ3, an interesting pattern emerges.
BLO03 exhibited both the strongest Alpha suppression and the lowest
participant accuracy, suggesting comparatively greater attentional
demands in this sample. Conversely, BL04 generated the strongest
overall Theta and Delta activation while maintaining relatively high
performance levels, indicating that cognitively demanding activi-
ties, particularly those requiring planning and working-memory
engagement, do not necessarily lead to poorer outcomes.

RQ2 Summary. Logic Error Identification (BL03) and Test Case
Design (BL04) exhibited comparatively stronger descriptive
indicators of cognitive effort. BL03 showed the largest reduction
in Alpha activity relative to baseline, while BL04 showed the
largest increases in Theta and Delta activity. These patterns may
indicate greater attentional and working-memory demands,
respectively, but should be interpreted cautiously given the
small sample size.

4.3 ROQ3:Is Cognitive Load Associated With
Testing Performance?

Participant performance was calculated as the percentage of cor-
rectly answered questions within each activity block. Figure 4
presents the average accuracy achieved by participants across the
evaluated testing activities.

Substantial performance differences were observed among activi-
ties. Test Code Comprehension (BL01) achieved the highest average
accuracy (79.17%), followed by Test Case Design (BL04) with 70.83%.
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Average Participant Accuracy Across Testing Activities

100

79.17
80 70.83

60 54.17

40 33.33

Mean Accuracy (%)

20

BLO1 BL02 BL03 BL04

Figure 4: Average participant accuracy across the four testing
activities.

Syntax Error Identification (BL02) produced intermediate perfor-
mance (54.17%), whereas Logic Error Identification (BL03) yielded
the lowest accuracy (33.33%).

These results suggest that activities involving fault identification,
particularly behavioral fault detection, showed lower observed
accuracy than code comprehension and test case design tasks.

To further explore the relationship between neural activity and
performance, we computed Spearman’s rank correlations between
EEG activity and participant accuracy. A strong positive association
was observed between Theta activity and performance during BL03
(p = 0.77, p = 0.025), as illustrated in Figure 5. In contrast, no
statistically significant association was observed between Alpha
activity and performance during the same activity (p = 0.54, p =
0.167). Given the small sample size and the exploratory nature of
the analysis, these associations should be interpreted cautiously
and require confirmation in larger studies.

Relationship between Theta Activity and Performance
during Logic Error Identification (BLO3)
100

[ Spearman's p = 0.77
p=0025
80+
P5 P3 P2
= . ° °
& 604
o
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g
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5 404
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204
P1 P8
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Theta Activity (BLO3)

Figure 5: Relationship between Theta activity and participant per-
formance during BL03. Each point represents one participant (P1-
P8). A strong positive Spearman correlation was observed between
Theta activity and task accuracy (p = 0.77, p = 0.025), suggesting an
association between higher Theta activity and better task perfor-
mance.

SAST 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

The positive correlation between Theta activity and performance
suggests that participants exhibiting stronger Theta activation dur-
ing BL03 tended to achieve higher accuracy. Since Theta activity is
commonly associated with working memory engagement and cog-
nitive processing, this pattern may reflect an association between
Theta activity and successful fault identification.

Interestingly, Test Case Design (BL04) exhibited the strongest
overall neural activation while maintaining relatively high perfor-
mance levels. Conversely, Logic Error Identification (BL03) pro-
duced the lowest performance despite not exhibiting the highest
activation levels across all EEG frequency bands. Together with
the Alpha suppression observed in RQ2, these findings identify
BLO03 as a potentially relevant activity for further investigation of
attentional and analytical demands.

Taken together, the results indicate that cognitive activation
and task performance are related but not equivalent constructs.
Activities producing stronger neural responses do not necessarily
correspond to lower performance. Instead, the findings suggest
that distinct software testing activities engage different cognitive
mechanisms and that successful performance in fault identification
may be associated with increased working-memory engagement.

RQ3 Summary. Participant accuracy varied descriptively
across the four testing activities, with Logic Error Identification
(BL03) showing the lowest observed accuracy. A strong positive
association was observed between Theta activity and perfor-
mance during BL03 (p = 0.77, p = 0.025). Overall, the observed
patterns suggest that neural activation and task performance
may be related, but the present data do not support causal or
confirmatory conclusions.

5 Discussion

This study investigated neural activity and performance during four
software testing activities: Test Code Comprehension (BL01), Syn-
tax Error Identification (BL02), Logic Error Identification (BL03), and
Test Case Design (BL04). The results provide preliminary descrip-
tive evidence of variation in neural activity and performance across
four software testing activities. Within this exploratory study, BL03
and BL04 showed comparatively stronger descriptive indicators of
cognitive effort, although these patterns require confirmation in
larger samples.

5.1 Cognitive Demands Across Testing
Activities

The results suggest that software testing activities should not be
treated as cognitively equivalent. While all activities required par-
ticipants to analyze software artifacts and reason about program
behavior, the observed EEG patterns provide preliminary indica-
tions that different testing activities may involve different cognitive
demands.

Logic Error Identification (BL03) exhibited the largest reduction
in Alpha activity relative to baseline and produced the lowest partic-
ipant accuracy. Since Alpha suppression has been associated with
increased attentional effort and cognitive workload [13], these find-
ings suggest that identifying behavioral faults may require substan-
tial analytical reasoning and sustained attention. The combination
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of reduced Alpha activity and poor performance further suggests
that this activity showed the strongest descriptive indicators of
cognitive demand in the present sample.

In contrast, Test Case Design (BL04) produced the largest in-
creases in Theta and Delta activity while maintaining relatively
high performance levels. This pattern suggests strong engagement
of working-memory processes and mental planning without a cor-
responding decline in task effectiveness. This descriptive pattern
is consistent with substantial cognitive engagement during BL04
despite relatively high observed performance, although this inter-
pretation requires confirmation in larger samples.

These findings reinforce the notion that different testing activi-
ties rely on distinct cognitive resources and mental strategies. Con-
sequently, studies investigating software testing behavior should
consider the specific characteristics of each testing activity rather
than treating testing as a homogeneous cognitive process.

5.2 Implications for Software Testing Practice

The observed patterns may have implications for future research
on software testing practice and quality assurance processes.

First, Logic Error Identification showed the lowest observed ac-
curacy and the largest reduction in Alpha activity in this sample,
making it a potentially relevant target for further investigation
and tool-support studies. This suggests that behavioral fault detec-
tion may benefit from additional methodological and technological
support. For example, advanced debugging environments, fault
localization techniques, and Al-assisted code analysis tools may
help reduce the cognitive burden associated with understanding
complex program behavior.

Second, the results indicate that cognitively demanding activities
do not necessarily impair performance. Although Test Case De-
sign produced the strongest neural activation patterns, participants
maintained relatively high accuracy. This suggests that certain test-
ing activities may require substantial cognitive effort while still
allowing effective task execution when testers possess adequate
knowledge and task understanding.

Finally, the observed relationship between Theta activity and
performance during BL03 suggests that successful execution of chal-
lenging testing activities may depend on the ability to effectively
allocate cognitive resources. This finding highlights the importance
of training strategies that strengthen analytical reasoning, working-
memory utilization, and systematic fault investigation skills.

5.3 Cognitive Hotspots for Tool Support

The observed patterns identify potential cognitive hotspots within
software testing activities. In particular, Logic Error Identification
and Test Case Design exhibited comparatively stronger descriptive
indicators of cognitive effort.

From a software engineering perspective, these activities rep-
resent promising targets for intelligent tool support. Techniques
such as Al-assisted debugging, automated fault localization, test
case generation, and recommendation systems may help reduce
cognitive effort while improving testing effectiveness.

Rather than uniformly supporting all testing activities, tool
designers may achieve greater benefits by prioritizing activities
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that demand substantial attentional effort, reasoning, and working-
memory engagement. The identification of cognitive hotspots may
therefore contribute to more effective allocation of research and
development efforts in software testing technologies.

5.4 Future Work

This study represents an exploratory investigation of neural ac-
tivity during software testing and presents several opportunities
for future research. First, the sample size should be expanded to
improve statistical power and enable stronger inferential analy-
ses. Second, future studies should investigate professional software
testers and compare their neural activation patterns with those of
less experienced participants.

Additional testing activities, including exploratory testing, re-
gression testing, usability testing, and security testing, should also
be examined to determine whether similar cognitive patterns emerge.
Furthermore, combining EEG with complementary techniques such
as eye tracking, physiological monitoring, or higher-resolution neu-
roimaging technologies may provide a more comprehensive under-
standing of the cognitive processes involved in software testing.

By further exploring the relationship between neural activity,
cognitive load, and testing performance, future research may con-
tribute to the development of testing methods and tools that better
support software testers and improve software quality.

6 Threats to Validity

In this section, we describe the following threats to the validity of
our study.

Construct Validity

A potential threat to construct validity concerns whether the exper-
imental tasks adequately represent the software testing activities
investigated in this study. To mitigate this threat, the experiment
was designed around common testing activities routinely performed
by professional software testers, including test code automation,
syntax error identification, logic error identification, and test case
design. These activities were selected because they capture distinct
aspects of software testing practice and are representative of tasks
frequently encountered in industrial settings.

Another potential threat relates to the measurement of cognitive
load through EEG signals. Cognitive load is a complex construct
that cannot be observed directly and must therefore be inferred
from neurophysiological indicators. To reduce this threat, we re-
lied on well-established EEG measures and analysis procedures
that have been widely adopted in neuroscience and software engi-
neering research. In addition, all participants performed the same
tasks under controlled experimental conditions, reducing variability
caused by environmental factors.

Task difficulty and time constraints may also influence partici-
pants’ cognitive responses. To minimize this risk, the experimental
tasks were carefully designed to be neither trivial nor excessively
complex and were refined through a series of pilot studies. These
pilot studies helped validate the experimental protocol, adjust task
duration, and ensure that the activities could be completed within
the constraints of the EEG experiment while remaining representa-
tive of realistic software testing scenarios [36].
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Internal and External Validity

This study has several limitations that may affect its internal and
external validity. First, the experiment was conducted in a controlled
environment using relatively short testing tasks. While this design
was necessary to minimize confounding factors and ensure reliable
EEG data collection, it may not fully capture the complexity and
dynamics of industrial software testing activities, where testers
must continuously adapt to evolving requirements, larger code
bases, and more complex testing scenarios [1]. Consequently, the
cognitive demands observed in this study may differ from those
experienced in real-world testing environments.

A second limitation concerns the sample size. The study involved
eight professional software testers, which restricts statistical power
and limits the generalizability of the findings. Consequently, the
results should be interpreted as exploratory evidence regarding
the cognitive demands of software testing activities rather than
definitive conclusions.

The limited sample size may also have reduced the statistical
power required to detect significant differences across activities.
The largest observed effect size was found for Theta activity (W =
0.206), indicating a small observed effect that may warrant further
investigation with larger samples.

Small sample sizes are common in EEG-based studies due to
the substantial effort associated with participant recruitment, ex-
periment preparation, signal acquisition, preprocessing, and analy-
sis. Recruiting experienced software testing professionals presents
an additional challenge, as the target population is considerably
smaller and more specialized than the general population of soft-
ware developers.

Although descriptive variation in neural activity was observed
across testing activities, the Friedman tests did not reveal statis-
tically significant differences between activities. This limitation
is likely influenced by the small sample size and highlights the
need for replication studies involving larger participant popula-
tions. Therefore, the findings should be interpreted as exploratory
evidence until replicated with larger participant populations.

Finally, the experiment focused on four specific software testing
activities. While these activities were selected because they rep-
resent common testing practices, other forms of testing such as
exploratory testing, regression testing, usability testing, and secu-
rity testing may involve different cognitive processes. Therefore,
caution should be exercised when generalizing the results beyond
the activities investigated in this study.

7 Conclusion and Future Work

Understanding the cognitive demands associated with software
testing activities is important for both researchers and practition-
ers, as it may provide insights into the mental processes involved
in testing effectiveness and software quality. Although previous
studies have investigated cognitive aspects of software engineering
activities, the perspective of software testers remains relatively
underexplored. In this study, we conducted a controlled experiment
using electroencephalography (EEG) to investigate neural activ-
ity and task performance during four software testing activities:
Test Code Comprehension, Syntax Error Identification, Logic Error
Identification, and Test Case Design.

SAST 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

Our results provide descriptive evidence of variation in neural
activity and performance across the evaluated testing activities.
Logic Error Identification (BL03) exhibited the largest reduction
in Alpha activity and the lowest participant accuracy, suggesting
greater attentional and analytical demands. Test Case Design (BL04)
exhibited the highest Theta and Delta activity levels while maintain-
ing relatively high performance, suggesting greater engagement
of cognitive resources. However, the Friedman tests did not reveal
statistically significant differences among activities in any of the
analyzed EEG frequency bands. Therefore, the observed neural
patterns should be interpreted as exploratory findings rather than
evidence of statistically established differences in neural activation
or cognitive demand.

The Theta band exhibited the largest observed effect size (Kendall’s
W = 0.206), indicating comparatively greater variation across test-
ing activities than the other frequency bands. In addition, a strong
positive association was observed between Theta activity and per-
formance during Logic Error Identification (p = 0.77, p = 0.025).
Given the exploratory nature of the analysis, this association should
be interpreted as hypothesis-generating evidence rather than a con-
firmatory finding.

From a practical perspective, the observed patterns identify Logic
Error Identification and Test Case Design as potentially relevant
targets for further investigation of cognitive demands in software
testing. These activities may provide promising contexts for study-
ing whether methodological support, training strategies, automa-
tion techniques, and Al-assisted tools can help manage cognitive
demands while preserving testing effectiveness.

Future work should involve larger samples to improve statistical
power and assess the robustness of the observed patterns. Replica-
tion studies should also include a broader range of software testing
activities, such as exploratory, regression, usability, and security
testing, to examine whether similar cognitive demands emerge
across different testing contexts. Finally, combining EEG with com-
plementary measures, such as eye tracking and physiological mon-
itoring, may provide a more comprehensive characterization of the
cognitive processes involved in software testing.

Artifact Availability

To support reproducibility, all artifacts associated with this study
are publicly available. The GitHub replication package? contains
the experimental protocol, testing tasks, participant forms, the cus-
tomized Prophet environment used during the experiment, MAT-
LAB scripts for EEG preprocessing, Python scripts implementing
the statistical analysis pipeline, and the statistical results reported
in this paper.

The complete raw EEG dataset is available on Zenodo?, including
all EEG recordings collected during the experiment in European
Data Format (EDF).
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