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Abstract

Software testing is a cognitively demanding task in which human
factors such as attention, stress, and fatigue critically influence
tester performance. While music is commonly used by profession-
als to enhance focus, its effects on the brain activity of software
testers remain unexplored. This study investigates the influence of
instrumental LoFi music on the cognitive performance and neural
activity of professional software testers through a controlled EEG
experiment. Fourteen experienced testers were divided into music
and control groups and performed 12 testing tasks spanning code
comprehension, syntax error detection, logic error identification,
and test case creation. EEG data were recorded using a 64-channel
cap and analyzed for power spectral density and event-related
desynchronization/synchronization (ERD/ERS) across Delta, Theta,
Alpha, and Beta frequency bands. The Music group exhibited signifi-
cantly lower frontal Delta power across all task blocks (d = —1.28 to
—1.69, p < .033), indicating sustained neural readiness, and signifi-
cant Theta differences in mid-experiment tasks (p < .044). Alpha
and Beta bands showed large directional effect sizes (d ~ —0.81 to
—0.88) consistent with a flow-like attentional state, though under-
powered for formal confirmation. Behaviorally, the Music group
outperformed controls in comprehension (87.5% vs. 79.17%), syntax
error detection (66.67% vs. 54.17%), and logic error identification
(45.83% vs. 33.33%). In test case creation, however, the Music group
scored below controls (66.67% vs. 70.83%), a result neurophysiolog-
ically explained by Alpha synchronization indicating attentional
drift during generative reasoning.
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1 Introduction

Software testing is a fundamental pillar of software engineering, en-
suring that systems meet stringent quality and reliability standards
[31]. Its primary goal is to verify that software processes, method-
ologies, and deliverables adhere to established requirements [44],
while assessing functional correctness, stability, and robustness
under diverse operational conditions [16, 46]. By embedding rigor-
ous evaluation practices throughout development, testing supports
engineering decisions and the delivery of reliable and deployable
software [31, 56].
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Despite its critical role, software defects remain a persistent
challenge, with defect density imposing substantial costs on both
the software industry and society [33]. By exploring the cogni-
tive processes of software testers during testing activities, targeted
strategies can be developed to better support their work, enhancing
performance and improving overall software reliability.

As testing environments become increasingly complex, there
is growing interest in the human factors that influence testing
effectiveness. Cognitive states such as attention, stress, and fatigue
can significantly impact a tester’s performance, presenting a critical
challenge for both research and practice. Given the meticulous and
cognitively demanding nature of testing, maintaining high levels
of concentration and productivity is essential.

One potential approach to supporting focus in such demanding
environments is the use of background music. Many profession-
als, including software developers, routinely listen to music while
working [3, 14]. Although the emotional and cognitive effects of
music have been explored in previous studies [19, 35], this topic
remains underexplored in the specific context of software testing.

Understanding how music influences software testers’ perfor-
mance can provide valuable insights into potential strategies for
supporting their work. In particular, music may serve as a cognitive
aid to enhance testing efficiency—an increasingly relevant need
given the growing complexity of modern software systems and the
demand for more accurate and reliable testing processes [18]. More-
over, as a fundamental aspect of human cognition, music provides
rich sensory, cognitive, emotional, and social stimulation [55]. Its
documented ability to regulate emotions, enhance mood, and reduce
stress [2, 5, 24, 27, 28] suggests that it may positively influence both
the emotional state and concentration of software testers. However,
its effects on performance in software testing tasks remain largely
unexplored, highlighting the need for empirical investigation.

To better understand this potential, it is essential to examine
not only the behavioral effects of music but also the underlying
cognitive processes and brain activity of testers during testing tasks.
Current research still lacks insight into how testers perceive and
analyze code, the cognitive load associated with these activities,
and how external factors such as music may influence these pro-
cesses. Addressing this gap aligns with the growing interest in
neuroscience within software engineering, where techniques such
as EEG and functional magnetic resonance imaging (fMRI) have
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been increasingly adopted to study developers’ cognitive states
[10, 25, 26, 29, 39-41, 50, 51, 54].

Prior studies have made important advances by investigating
activities such as code comprehension, cognitive load, program-
ming tasks, and differences across experience levels [8, 10, 11, 13,
20, 26, 27, 29, 39, 54, 66]. The findings indicate, for instance, that
experienced developers exhibit enhanced memory-related brain
activation [10, 20, 29, 54] and lower cognitive workload during
development tasks [10].

In this paper, we investigate the influence of music on the cog-
nitive processes and brain activity of experienced software testers
during testing tasks, through a controlled experiment with 14 par-
ticipants, each with at least three years of experience. By analyzing
both neural and behavioral data, we aim to understand how testing
activities affect cognitive functions and how music may modulate
these effects. To guide our investigation, we address the following
research questions:

RQ1: What are the effects of music on the brain activity
patterns of software testers during testing tasks?

This research question investigates whether listening to music
influences neural activity during software testing. We analyze EEG
data and cognitive load indicators to identify significant differences
in brain activity patterns between music and non-music conditions.

RQ2: How does listening to music influence the perfor-
mance of software testers across different testing tasks?

Different testing activities impose varying cognitive demands,
which may interact differently with external stimuli such as music.
By examining performance across tasks of distinct nature, such
as code comprehension, error detection, and test case writing, we
aim to understand whether the effects of music are consistent or
task-dependent. This analysis enables us to identify how music
may enhance or hinder performance depending on the cognitive
requirements of each task, providing a more nuanced understanding
of its role as a potential cognitive aid in software testing.

Our results indicate that participants exposed to music exhibited
more stable neural patterns, particularly in the Beta and Delta
bands, which are commonly associated with sustained attention
and cognitive engagement [22, 47]. In addition, we observed event-
related desynchronization (ERD) [42] in the Theta, Alpha, and Beta
bands, suggesting increased cortical activation and task-related
cognitive processing. These neural patterns were accompanied by
improved task accuracy, supporting the potential of music as a
non-invasive aid to enhance focus and performance in software
testing.

In summary, our study makes the following contributions:

o To the best of our knowledge, this is the first study to employ
EEG to investigate brain activity in software testers across a
range of testing tasks.

o We designed a set of 12 testing tasks, including test automa-
tion code comprehension, syntax and logic error detection,
and test case writing, providing reusable resources for future
research.

e We provide all the necessary artifacts for replicating this
study (see Section Artifacts Availability).

Tavares et al.

2 Background and Related Work

This study lies at the intersection of software engineering and
neuroscience, requiring an integrated view of how human cogni-
tion influences software testing tasks. In this section, we review
three key areas that ground our work. First, we introduce elec-
troencephalography (EEG) as a method for capturing cognitive
processes through brain activity signals. Second, we discuss prior
EEG-based studies in software engineering, highlighting insights
into cognitive load, expertise, and task-dependent neural responses.
Finally, we examine research on the cognitive and emotional effects
of music, with a focus on its potential role in modulating attention,
stress, and performance. Together, these perspectives motivate our
investigation of music as a contextual factor influencing software
testers’ cognitive states and behavior.

2.1 Electroencephalography in Cognitive
Analysis

EEG is a widely used non-invasive technique for measuring brain
activity through electrical signals generated by neuronal firing [47].
Its high temporal resolution and relative cost-effectiveness make it
particularly suitable for studying dynamic cognitive processes in
software engineering tasks [61].

EEG captures oscillatory activity across distinct frequency bands,
commonly associated with different cognitive states. Delta (0.5-4
Hz) has been linked to cognitive load in alert individuals, Theta
(4-8 Hz) to working memory and sustained attention, Alpha (8-13
Hz) to relaxed wakefulness and its suppression during cognitive
engagement, and Beta (13-30 Hz) to active thinking and focused
problem-solving. Table 1 summarizes these bands and their associ-
ated brain states.

Table 1: EEG Frequencies and Associated Brain States

EEG Frequency Associated State of Brain

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

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

Deep sleep

Creativity / Memory / Light Sleep

Relaxed mental activity / No Concentration
Focused / High Mental Activity

These frequency-based markers provide a foundation for inter-
preting cognitive effort, attention, and mental workload during
software-related activities, making EEG a valuable tool for investi-
gating how external factors—such as music—may influence tester
cognition.

2.2 EEG in Software Engineering

Research at the intersection of software engineering and neuro-
science has increasingly adopted EEG to investigate cognitive pro-
cesses during development tasks. Compared to fMRI, EEG offers
a practical balance between temporal resolution, cost, and experi-
mental flexibility [17, 34, 61].

Early studies primarily focused on novice programmers perform-
ing code comprehension tasks. For example, Calcagno et al. [8]
observed increased Delta, Theta, and Beta activity during code anal-
ysis, associating these patterns with working memory engagement
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and cognitive effort. Subsequent work has examined differences
across expertise levels, showing that experienced developers tend
to exhibit lower cognitive load and more efficient neural patterns
[29, 39].

More recent research highlights that neural responses vary sig-
nificantly depending on task characteristics. Tasks requiring deeper
reasoning, such as logic understanding, tend to elicit stronger Theta
and Beta engagement compared to syntactic reading [26, 66]. These
findings reinforce that cognitive processes in software engineer-
ing are highly task-dependent. Despite these advances, EEG-based
studies focusing specifically on software testers remain scarce, mo-
tivating the present investigation.

2.3 Music and Cognitive Processes

Music plays a central role in human cognition, particularly in the
regulation of emotions, attention, and mental effort [55]. Its ability
to evoke affective responses makes it a valuable lens for studying the
interaction between emotional and cognitive processes, as well as
their neural correlates [24]. Recent advances in neuroscience have
further highlighted the mechanisms underlying music-induced
experiences, showing that neural synchronization—especially be-
tween frontal and temporal regions in the theta band—is associated
with emotional engagement and pleasurable responses to music
[60].

Beyond its emotional effects, music has been widely investigated
as a contextual factor influencing performance and productivity in
work environments. Early studies explored its role in industrial and
routine tasks, suggesting that music can reduce perceived workload
and improve job satisfaction [36, 37, 57]. In knowledge-intensive
domains, such as software engineering, more recent work indicates
that professionals frequently use music to regulate mood, maintain
focus, and cope with stress during cognitively demanding activities
[3].

From a cognitive perspective, music may influence performance
through multiple pathways. On one hand, it can enhance sustained
attention, stabilize emotional states, and reduce mental fatigue,
potentially supporting task execution. On the other hand, music
may also act as a competing stimulus, particularly in tasks that
require complex reasoning or generative thinking, where additional
cognitive resources are needed.

3 Experimental Study

This section describes the design of our empirical study. We first
present the participant recruitment process, followed by the exper-
imental design, including tasks, tools, and procedures. Finally, we
detail the data acquisition and analysis methods.

3.1 Participants

We conducted a controlled experimental study with 14 software
testers who performed testing tasks while undergoing EEG record-
ing. The study was approved by the Research Ethics Committee
of School of Nursing, Federal University of Bahia - UFBA, in May
2024 (Approval No. 78645624.2.0000.5531).

Participants were recruited through convenience sampling [64]
from local companies. All participants had professional experience
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in test automation using Java, as well as prior exposure to Selenium
and XPath, which served as inclusion criteria.

Table 2 summarizes participants’ demographic characteristics.
The sample included professionals with varying levels of expertise,
providing a realistic representation of industry testers.

Table 2: Demographic Information of the Participants

Demographic Variables
Gender Participants
Men 10
Women 4

Expertise Level

Novice (0-3 years as a tester) 6

Intermediate (4-9 years as a tester) 5

Advanced (10+ years as a tester) 3

Experience Mean (Median, SD)
Years of Programming Experience 9 (7, 5.3)

Years of Java Experience 6.6 (6.0, 5.1)

Years of Testing Experience 6.1 (5.0, 4.4)

Participants were randomly assigned to two groups of equal size
(n=7). The control group performed all tasks without music, while
the experimental group completed the same tasks while continu-
ously listening to a standardized LoFi playlist via headphones.

To reduce confounding effects, we excluded individuals using
psychotropic medication or presenting conditions that could affect
cognitive processing, such as neurological impairments or signifi-
cant visual deficiencies.

3.2 Choice of Musical Stimuli

Previous studies have shown that music can enhance productivity;
however, certain types—particularly those with lyrics or highly
danceable rhythms—may instead divert attention from the task at
hand [3, 27, 28, 37]. Instrumental genres such as LoFi, classical,
or ambient music are often considered less distracting and more
suitable for supporting focus. While music preference is inherently
subjective, we selected instrumental LoFi tracks for this study, as
they typically lack vocals or lyrical content [63]. Specifically, four al-
bums from LoFi Girl were chosen as the auditory stimulus (available
in the supplementary material, see Section Artifacts Availability).

To ensure methodological rigor, all participants listened to the
same LoFi playlist. Allowing personal music choices could introduce
confounding variables—such as genre, emotional associations, and
individual preferences—making it more difficult to isolate the effects
of music on cognitive performance and brain activity. Standardizing
the musical stimulus improved experimental control, EEG data
comparability, and internal validity.

By standardizing the stimulus, we aimed to isolate the physio-
logical impact of music from idiosyncratic emotional or cognitive
reactions associated with personal preferences. Furthermore, to ver-
ify the suitability of this choice, brief post-experiment interviews
were conducted; none of the participants reported an aversion to
the selected LoFi tracks, suggesting that the stimulus was generally
well tolerated and did not introduce significant negative bias.
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3.3 Experimental Design

The experiment consisted of two phases: a baseline phase and a task
execution phase. In EEG experiments, the baseline phase serves
as a reference point for detecting changes in brain activity and
as a benchmark for comparing task-related EEG data. During the
baseline phase, participants remained seated with eyes open for
three minutes while focusing on a fixation cross.

In the task phase, participants performed four blocks of test-
ing activities (see Figure 1). Each block corresponded to a distinct
testing task. A 30-second rest period was included between tasks
to minimize cognitive carryover effects. Participants in the music
group listened to the LoFi playlist continuously throughout both
phases, while the control group performed the experiment under
silent conditions.

Each experimental session, comprising the baseline phase and
all four task blocks, was completed in a single sitting on the same
day, with a total duration of approximately 35 minutes per partici-
pant. Sessions were scheduled during working hours (morning or
afternoon, depending on participant availability), and both groups
were distributed across similar time slots to minimize potential
confounding effects related to circadian variation in alertness.

Baseline with open eyes (3 minutes)

BLO1 BL 02 BLO3 BL 04
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)

Test code . Test case
comprehension Syntax error Logic error creation
(open-ended (multiple choice (multiple choice (open-ended
) question) question) P X
question) question)

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

Figure 1: Visualization of the experimental design, illustrat-
ing the four task blocks.

3.4 Experimental Tool

We utilized PROPHET?, a Java-based infrastructure designed for
program comprehension experiments. This tool has been widely
used in empirical studies since 2012 [12, 21, 50, 52, 53].

Java was selected as the programming language for several rea-
sons. It is widely preferred in test automation due to its robust
features and frequent adoption in program comprehension research
[6]. Additionally, Java is among the most commonly used languages
in code comprehension experiments [65], and prior research on

I The source code is available at https://github.com/feigensp/Prophet
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program comprehension frequently includes Java code snippets
[7, 38, 51, 54].

3.5 Testing Tasks

We designed four types of testing tasks to reflect common software
testing activities.

BLO1 - Test Code Comprehension: This block comprised
three open-ended questions aimed at assessing participants’ un-
derstanding of test code. Participants were provided with a code
snippet written in the designated programming language and were
required to determine the test code’s output. The objective of this
block was to evaluate participants’ ability to comprehend and in-
terpret the provided code, simulating activities such as reviewing
test logic and interpreting automated test results.

BLO02 - Syntax error: This block included three multiple-choice
questions centered on finding syntax errors. Participants were
shown a snippet written in the specified programming language and
asked to identify the line they believed contained a syntax error. The
goal of this block was to evaluate participants’ debugging skills and
their ability to detect syntax issues in test code simulating activities
such as static analysis, code review, and test code maintenance.

BLO03 - Logic error: This block, similar to the previous one, com-
prised three multiple-choice questions focused on finding logic
errors. Participants were required to identify the line they believed
contained a logic error in the given snippet. The purpose of this
block was to assess participants’ ability to debug test code and
identify logical flaws, simulating activities such as fault localization
and test behavior validation.

For instance, Listing 1 presents a sample snippet that demon-
strates the interaction with a dynamic list of web elements using
Selenium in Java. In this snippet, the error occurs on line 6, where
the xpath expression is incorrectly formatted, which may lead to
runtime issues. Additionally, the loop logic may cause an IndexOut-
OfBoundsException due to the incorrect starting index (i = 1 instead
of i =0).

public class LogicError {

List <WebElement> ListofItems = wd.findElements (By.xpath("//«[
starts ~with (@id, 'result_ ') ]//div//div[1]//div//a//img"));

for (int i = 1; i <= Listofltems.size (); i++) {
Listofltems = wd.findElements (By.xpath("//«[starts —with(
@id, 'result_ ") ]//div//div[1]//div//a//img"));

ListofItems.get(i).click();

wd. manage () . timeouts () . implicitlyWait (30, TimeUnit.SECONDS
)i

System.out.print(i + "

System.out.println("pass");

wd. navigate () . back () ;

element clicked\t--");

Listing 1: Test code in Selenium/Java with syntax error

BLO04 - Test Case Creation: This block consisted of three ques-
tions centered on test case writing. Participants were tasked with
drafting test scenarios for a given problem and extending a test case
in the specified programming language. The objective of this block
was to evaluate participants’ proficiency in creating test cases in
natural language and their expertise in test automation through
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maintenance-related tasks, including designing new tests and re-
fining existing test suites.

3.6 Data Acquisition and Analysis

The data collection process followed standard neurophysiological
protocols recommended by the International Federation of Clini-
cal Neurophysiology (IFCN). To ensure methodological rigor and
data integrity, two researchers supervised each session. One re-
searcher maintained a detailed logbook to document any behavioral
or technical anomalies, such as involuntary participant movements,
sneezes, or transient equipment malfunctions. Simultaneously, the
second researcher monitored EEG signals in real time to manage the
experimental flow and ensure consistent signal quality. Anomalies
recorded in the logbook were cross-referenced during preprocess-
ing; segments corresponding to significant behavioral artifacts or
hardware instability were flagged for manual inspection and subse-
quent exclusion to prevent data contamination.

Brain electrical activity was recorded using a Compumedics Neu-
roscan Neuvo 64-channel EEG system, with the EEG cap configured
according to the international 10-10 system, which provides stan-
dardized electrode placement across the scalp. The Cz electrode
served as the reference. To optimize signal conduction, electrode-
skin impedance was strictly maintained below 50 kQ. Data were
sampled at 1000 Hz, ensuring high temporal resolution for analyz-
ing fast-changing neural dynamics. All recordings were captured
using Profusion® software.

To differentiate between cognitive states, we employed an en-
semble approach rather than relying solely on raw EEG traces. This
methodology integrated five techniques: (i) task-based baseline
normalization, (ii) frequency-specific spectral markers, (iii) cortical
topography, (iv) event-related dynamics (ERD/ERS), and (v) con-
vergence with behavioral performance. This integration reduces
ambiguity when different cognitive states might produce superfi-
cially similar EEG patterns.

Preprocessing was conducted using EEGLAB in MATLAB R2018b.
The data were band-pass filtered between 0.5 and 50 Hz to isolate
relevant neural components and to remove power-line noise. The
continuous signal was segmented into 1.5-second epochs. To ensure
a clean dataset, we applied Independent Component Analysis (ICA)
to identify and remove physiological artifacts (eye blinks, cardiac
signals, and muscle activity). Furthermore, epochs with amplitudes
exceeding +100 ;V were automatically rejected, as such values typ-
ically indicate non-neural interference [9]. Finally, the researchers
performed a manual inspection, guided by the session logbook, to
confirm the removal of any remaining noise.

Following artifact removal, Power Spectral Density (PSD), a mea-
sure of signal power across frequency bands, was estimated using
Welch’s method [62] on 1-second non-overlapping epochs. Abso-
lute power was calculated for four frequency bands: Delta (0.5-4
Hz), Theta (4-8 Hz), Alpha (8-13 Hz), and Beta (13-30 Hz). For the
Fast Fourier Transform (FFT) analysis, a Bonferroni correction was
applied to account for multiple comparisons across the frequency
bands, ensuring the statistical validity of the findings [62].

To assess the normality of the data, we applied the Shapiro-Wilk
test [49], however, because N has a limited value, this test rarely

Zhttps://www.compumedics.com.au/en/products/profusion-eeg/
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rejects normality. To account for this uncertainty, we adopted a
dual-test strategy: the Mann-Whitney U test [30] was applied as
the primary nonparametric method, given its robustness to distri-
butional assumptions, and was supplemented by an independent
samples ¢-test [58] to increase sensitivity under the tentative as-
sumption of normality.

4 Results

This section presents the analysis of the processed data, aimed at
addressing the research questions outlined in the study. The results
are organized to highlight key patterns and statistically significant
findings, offering insights into the cognitive effects observed under
the experimental conditions.

4.1 RQ1: What Are the Effects of Music on the
Brain Activity Patterns of Software Testers
During Testing Tasks?

The analysis of brain activity amplitudes, segmented by cortical
regions and frequency bands, reveals clear differences between
the Music (Experimental) and NoMusic (Control) groups. As illus-
trated in Figure 2, in the frontal and central regions, the NoMu-
sic group consistently exhibited higher Delta and Theta ampli-
tudes—established biomarkers of increased working memory load
and mental effort. This pattern suggests that testers in silence re-
quired greater neuronal recruitment to perform the same tasks.
In contrast, the reduced amplitudes observed in the Music group
indicate that music may have facilitated information processing
with lower cognitive expenditure, consistent with the concept of
neural efficiency.

The Alpha band exhibited smaller and more stable amplitudes
in the Music group, suggesting more consistent cortical engage-
ment, whereas the NoMusic group showed greater oscillations be-
tween states of focus and mind-wandering. Regarding the Beta
band, the NoMusic group presented higher amplitudes, particularly
in the parietal and temporal regions—a pattern often associated
with stress and mental fatigue under pressure. In contrast, the Music
group maintained lower and more controlled Beta levels, indicative
of a flow-like state characterized by high precision and reduced
psychophysiological effort. Moreover, the temporal and occipital
regions showed no signs of sensory congestion in the Music group,
despite the additional auditory stimulus, suggesting that music
functioned as an anxiety regulator rather than a distractor, thereby
optimizing cortical resource allocation.

4.1.1 Event-Related Desynchronization and Synchroniza-
tion (ERD/ERS). Event-Related Desynchronization and Event-
Related Synchronization [42] are widely used metrics in EEG re-
search to assess dynamic changes in the power of brain oscillations
in response to specific events, such as sensory stimuli, cognitive
demands, or motor actions [8, 15, 23, 48, 59].

To quantify these changes, ERD/ERS is typically calculated as
the percentage of power variation between a reference (baseline)
interval and a task-related interval. The calculation for a single
electrode is defined in Equation 1, while the average for a specific
cortical region is defined in Equation 2, following the methodology
proposed by Pfurtscheller and Lopes Da Silva [43]:
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Region: Frontal

Region: Central
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Figure 2: Box plot showing the distribution of EEG Band amplitudes across different brain regions for both control and

experimental groups.

task

RD P,
E /ERSElectrode(%) = ref— X 100 (1)
Pref
N
.~ ERD/ERS )
ERD/ERSRegion (%) = Zint /N electrode; (2)
Where:

o P, represents the average power of a given frequency band
during the baseline period;

o Py, represents the power during the task or event-related
interval;

e N represents the number of channels (electrodes) in the
region.

Negative ERD/ERS values indicate a task-related decrease in
band power relative to the baseline and are interpreted as ERD,
reflecting reduced oscillatory activity. Conversely, positive values
indicate a task-related increase in band power compared to the
baseline and are interpreted as event-related synchronization
(ERS), reflecting enhanced oscillatory activity [23, 43].

Figure 3 presents the average ERD/ERS (%) values grouped by
frequency band (Beta, Alpha, Theta, and Delta) and experimen-
tal condition (with and without music), and organized by testing
task (BLO1, BL02, BL03, and BL04) in the frontal cortex, a region
associated with key cognitive processes.

ERD/ERS at BLO1: In Figure 3 (a) The Music group showed
stronger Alpha ERD than the NoMusic group, suggesting greater
concentration, while Theta remained similarly low in both groups,
indicating reduced working memory load. Beta desynchronization
was more pronounced in the NoMusic group.

ERD/ERS at BL02: As shown in Figure 3 (b), Alpha ERD was
markedly stronger in the Music group. Theta showed a divergent
pattern—strong desynchronization in the NoMusic group versus
slight synchronization (ERS) in the Music group, suggesting com-
paratively higher working memory engagement under music. Beta
desynchronization was again stronger in the NoMusic group.

ERD/ERS at BL03: As shown in Figure 3 (c), Alpha ERD was
more pronounced in the Music group, though a similar pattern was
observed in the NoMusic group at lower magnitude. Theta showed
a divergent pattern—synchronization (ERS) in the Music group
versus strong desynchronization in the NoMusic group, indicating
comparatively greater working memory activity under music. Beta
desynchronization was again less pronounced in the Music group.

ERD/ERS at BL04: As shown in Figure 3 (d), this block shows the
sharpest contrast between conditions: the Music group shifted from
Alpha ERD (seen in BL01-BL03) to Alpha ERS, suggesting reduced
concentration, while the NoMusic group maintained ERD. Theta
also inverted, with the Music group now showing synchronization
and the NoMusic group desynchronization. Beta followed the same
directional pattern observed in prior blocks.

4.1.2 Statistical Analysis of Power Spectral Density. To com-
plement the ERD/ERS analysis, we conducted a formal statistical
comparison of Power Spectral Density (PSD) values between the
Music and NoMusic groups across all task blocks (BL01-BL04) for
each frequency band in the frontal lobe. Before the inferential anal-
ysis, normality was assessed using the Shapiro-Wilk test [49]; how-
ever, given the small sample size (n = 7 per group), this test has
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Figure 3: Mean ERD/ERS (%) by Frequency Band and Experimental Condition (with and without music) across Testing Tasks in

the Frontal Cortex.

Table 3: Mann-Whitney U Test and Independent Samples t-
Test Results (Music vs. NoMusic)

Mann-Whitney U t-Test
Band Task U Z p r t p d
BLO1 19.0 -0.703 0.535 0.188 | —0.670 0.516 —0.358
BL02 14.0 -1.342 0.209 0.359 | —1.638 0.127 —0.876
BL03 16.0 —1.086 0.318 0.290 | —1.259 0.232 —0.673
BL04 16.0 —1.086 0.318 0.290 | —1.093 0.296 —0.584
BLO1 19.0 -0.703 0.535 0.188 | —0.772 0.455 —0.413
BL02 14.0 —1.342 0.209 0.359 | —1.517 0.155 -0.811

Alpha

Beta BL03 17.0 —0.958 0.383 0.256 | —0.862 0.406 —0.461
BL04 20.0 —0.575 0.620 0.154 | —0.469 0.647 —0.251
BLO1 7.0 —2.236 0.026 0.598 | —2.635 0.022 —1.408
Delta BLO2 5.0 —2.492 0.011 0.666 | —2.658 0.021 —1.421
BLO3 5.0 —2.492 0.011 0.666 | —3.163 0.008 —1.691
BL04 9.0 —1.981 0.053 0.529 | —2.403 0.033 —1.284
BLO1 11.0 —1.725 0.097 0.461 | —1.913 0.080 —1.023
Theta BL02 8.0 -—2.108 0.038 0.563 | —2.254 0.044 —1.205

BL0O3 10.0 —1.853 0.073 0.495 | —2.317 0.039 —1.238
BL04 9.0 —1.981 0.053 0.529 | —2.037 0.064 —1.089
Effect: Sm. r<.30/d<.50; Med. r<.50/d<.80; Lg. r>.50/d >.80

limited statistical power and its results cannot be considered con-
clusive, and a failure to reject normality does not reliably confirm a
normal distribution under such conditions [45]. To account for this
uncertainty, we adopted a dual-test strategy: the Mann-Whitney U
test [30] was applied as the primary nonparametric method, given
its robustness to distributional assumptions, and was supplemented
by an independent samples t-test [58] (with Levene’s test for ho-
mogeneity of variances) to increase sensitivity under the tentative
assumption of normality. Convergence between both tests was used
as a criterion for greater confidence in the findings. Full results are
presented in Table 3, with effect sizes reported as r = Z/VN and
Cohen’s d, respectively.

Delta Band: The Delta band yielded the most robust and con-
sistent between-group differences. As shown in Table 3, the Mann-
Whitney U test identified significant effects in BL01, BL02, and

BLO3 (all p < .026, r > .598), with BL04 approaching significance
(p = .053, r = .529). The t-test extended these findings to all four
task blocks (all p < .033, |d| > 1.28). The consistently negative
direction of U, Z, and d across all blocks indicates that the Music
group exhibited systematically lower frontal Delta PSD throughout
the experiment. Since the elevated frontal Delta in alert adults re-
flects reduced cortical engagement [4], this reduction is interpreted
as evidence of greater neural activation and cognitive readiness in
the Music group.

Theta Band Significant differences emerged in the mid-experiment
blocks. The Mann-Whitney test detected a significant effect in BL02
(p = .038, r = .563), while the t-test additionally reached signifi-
cance in BLO3 (p = .039, d = —1.24), as detailed in Table 3. Although
BLO01 and BL04 did not reach significance, both presented large ef-
fect sizes (|d| ~ 1.02-1.09), suggesting that the limited sample size
may have constrained statistical power.

Alpha and Beta Bands: Neither band reached statistical signif-
icance across any task block (all p > .12; see Table 3). Nevertheless,
Cohen’s d values were large for Alpha BL02 (d = —0.88) and Beta
BL02 (d = —0.81), indicating potentially meaningful effects that the
current sample size was insufficient to confirm. These results are
consistent with the ERD/ERS patterns described in Subsection 4.1.1,
where directional differences in Alpha and Beta were observed, but
showed greater inter-participant variability.

4.2 RQ2: How Does Listening to Music
Influence the Performance of Software
Testers Across Different Testing Tasks?

To address this research question, the study analyzed the accu-

racy of participants’ responses across four distinct testing tasks. As

illustrated in Figure 4, participants in the music condition consis-
tently achieved higher average accuracy in three out of the four



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

Average Score on Tasks
\ \

100 — -
87.5
79.17
66.67 ()().(777£3
® 54.17
L 50| 45.83 |
3
n 33.33
o = [ S
T T T T
BLO1 BL02 BLO03 BL04

[ 0 Music [ 0 Without Music

Figure 4: Average performance across the four software test-
ing tasks.

task blocks (BL01, BL02, and BL03), which involved comprehen-
sion of test code, identification of syntax errors, and recognition
of logic flaws, respectively. These results suggest that music may
contribute positively to cognitive processing and problem-solving
capabilities required in these specific testing activities. While these
results are promising, additional studies are needed to strengthen
this evidence.

However, in the test case creation task (BL04), participants who
listened to music achieved a slightly lower average score compared
to those in the control group (66.67% vs. 70.83%). Taken together,
the findings support that music can enhance task performance by
promoting cognitive stability and sustained attention—particularly
in analytical tasks—while its effects may vary depending on the
nature of the activity.

5 Discussion

Overall, our results indicate that music influenced both brain ac-
tivity patterns and task performance, with effects varying across
cognitive demands and testing activities.

The most robust neurophysiological finding concerns the Delta
band, which showed significantly lower frontal power in the Music
group across all task blocks (d = —1.28 to —1.69), indicating sus-
tained neural readiness throughout the experiment. Theta reached
significance in BL02 and, more tentatively, in BLO3 (see Section 5.1
for a discussion of the discrepancy between the Mann-Whitney and
t-test results in this block), while Alpha and Beta showed large di-
rectional effect sizes (d ~ —0.81 to —0.88) consistent with a flow-like
attentional state, though underpowered for formal confirmation
and thus interpreted here as exploratory rather than conclusive
evidence. Behaviorally, the Music group outperformed controls in
comprehension (+8.33 pp), syntax (+12.5 pp), and logic error de-
tection (+12.5 pp). The exception, test case creation (BL04, —4.16
pp), is not an anomaly but a theoretically meaningful boundary
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condition: Alpha ERS in that block is directionally consistent with
attentional drift precisely when open-ended generative reasoning
was required, suggesting that music’s benefits may be specific to
convergent analytical tasks, a hypothesis that future work with
larger samples should formally test.

The Theta band showed a more task-dependent pattern. Sig-
nificant differences emerged in BL02 (Mann-Whitney: p = .038,
r = .563) and BLO3 (¢-test: p = .039, d = —1.24), while BLO01
and BL04, although non-significant, presented large effect sizes
(|d| ~ 1.02-1.09). The ERD/ERS analysis adds interpretive depth in
BL01 and BL02, where both groups showed Theta desynchroniza-
tion (low working memory load), whereas in BL03, the Music group
exhibited Theta ERS, a synchronization, indicating comparatively
greater working memory engagement during the most cognitively
demanding analytical task (logic error detection). This is consis-
tent with BL03 being the task in which the Music group showed
the largest absolute performance advantage (45.83% vs. 33.33%),
and with Alpha ERD being most pronounced in the music con-
dition, jointly suggesting a state of focused, memory-supported
engagement.

For Alpha and Beta bands, no result reached statistical signifi-
cance (all p > .12). However, this limitation should be interpreted
in light of the effect sizes: Alpha BL02 (d = —0.88) and Beta BL02
(d = —0.81) both cross the conventional threshold for large effects,
suggesting that the null results reflect insufficient statistical power
(n = 7 per group) rather than the absence of true differences. Re-
garding ERD/ERS patterns, the Music group showed stronger Alpha
desynchronization in BL01, BL02, and BL03, while the NoMusic
group exhibited higher Beta amplitudes in parietal and temporal
regions. These ERD/ERS patterns are descriptive and directionally
consistent with, but do not statistically confirm, the interpretation
of Alpha desynchronization as a marker of active cortical engage-
ment and reduced idling, or of the observed Beta amplitude pattern
as reflecting stress and psychophysiological load.

Together, these directional consistencies suggest that music pro-
motes a flow-like cognitive state: high focus with low mental strain,
even if the sample size prevented formal confirmation for these

bands.

5.1 Task-Specific Modulation: From Neural
Signal to Behavioral Outcome

The behavioral results in Figure 4 largely mirror the neurophysio-
logical profile; however, this correspondence is not uniform across
tasks, and this variability is itself theoretically meaningful.

In BLO1 (comprehension), the Music group outperformed the
control group by 8.33 percentage points (87.5% vs. 79.17%). The
ERDV/ERS profile for BLO1 shows pronounced Alpha ERD in the
Music group, alongside comparable Theta levels between groups,
suggesting that music enhanced attentional engagement without
significantly increasing working memory demands. It is worth
noting that, while Theta levels were formally compared between
groups via Mann-Whitney/t-test, the Alpha ERD pattern itself was
not subjected to statistical testing; its interpretation as reflecting
attentional engagement is therefore descriptive and should be re-
garded as exploratory rather than confirmatory. With this caveat in
mind, this represents a favorable configuration for comprehension
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tasks, which require sustained reading and inference, but not active
generative processing.

In BLO2 (syntax error detection), the Music group showed the
largest neural differentiation among the four blocks. Alpha ERD was
markedly stronger, Beta desynchronization was more controlled,
and Theta showed slight ERS under the music condition—accompanied
by the largest effect sizes observed for non-Delta bands in the
dataset (d ~ —0.81 to —0.88), although neither band reached sta-
tistical significance (Table 3). The behavioral advantage was 12.5
percentage points (66.67% vs. 54.17%). Taken together, these direc-
tional patterns are consistent with a neural profile of heightened
focus and moderate working memory engagement, which would be
well suited for pattern-matching tasks—though this interpretation
remains exploratory given the lack of formal statistical confirmation
for Alpha and Beta.

In BLO3 (logic error detection), despite being the most difficult
task overall (scores of 45.83% and 33.33% respectively), the Music
group maintained its advantage (+12.5 points). Uniquely in this
block, the Music group exhibited Theta ERS, while the NoMusic
group showed Theta ERD, an inversion that may indicate music
helped participants preserve working memory resources that the
control group struggled to maintain. It is worth noting that this
Theta effect reached significance in the t-test (p = .039, d = —1.24)
but not in the Mann-Whitney U test (p = .073), so this interpretation
should be treated as tentative rather than conclusive. If confirmed by
future work with larger samples, these findings would suggest that
music may not only reduce cognitive load but also help preserve
the cognitive capacity required for deeper analytical reasoning.

BLO4 (test case creation) stands as the critical exception. In
this task, the Music group scored 4.16 percentage points below
the control group (66.67% vs. 70.83%), and the ERD/ERS profile
helps explain this result. The Music group shifted from Alpha ERD
(observed in BL01-BL03) to pronounced Alpha ERS, indicating a
transition toward reduced concentration or potential distraction.
At the same time, Theta ERS in the Music group reflects increased
working memory engagement, a combination that may be counter-
productive for a creative, generative task requiring flexible ideation
rather than focused error detection. It should be noted that BL04
was consistently the last block performed by all participants, so
cumulative fatigue represents a plausible alternative or contribut-
ing explanation for the performance decline, independent of the
neural interpretation offered above. Disentangling task-order fa-
tigue effects from task-type effects was beyond the scope of this
study and is an important direction for future work employing
counterbalanced task ordering.

These findings suggest that the regulatory effect of music has an
important boundary condition: when tasks require open-ended gen-
eration and verbal-creative reasoning, the same auditory stimulus
that stabilizes attention in analytical contexts may instead compete
for the cognitive resources necessary for free-form thinking. This
interpretation aligns with Furnham and Bradley’s [14] observa-
tion that background stimuli can differentially affect performance
depending on task demands, and extends this perspective to the
context of software testing.
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5.2 Integration with Prior EEG Research in
Software Engineering

Our findings both replicate and extend prior EEG-based studies in
software engineering. Calcagno et al. [8] reported elevated Delta,
Theta, and Beta power during code comprehension, interpreting
these as markers of working memory load and cognitive alertness.
Our results show that music systematically lowers frontal Delta —
with statistically significant, large effects — which, taken together
with Calcagno et al’s framework, implies that music reduces the
cognitive expenditure required for the same comprehension tasks,
consistent with the concept of neural efficiency. Lin et al. [29] and
Peitek et al. [39] established that high-performing programmers
exhibit lower cognitive load signatures (reduced Beta, increased Al-
pha) compared to novices. The Music group’s neural profile shares
characteristics with these high-performance signatures, suggesting
that music may partially emulate, at the neural level, the efficiency
gains typically associated with greater expertise.

5.3 Practical Implications

The findings of this study can be translated into concrete strategies
aimed at enhancing both the work environment and the perfor-
mance of software testers.

Task-contingent use of music: A single, generalized recom-
mendation (e.g., "use music at work") is insufficient. Practitioners
should consider adopting music selectively, during analytical ac-
tivities such as debugging, code review, or fault localization, while
pausing it for open-ended tasks such as test design or exploratory
testing, where it may induce attentional drift.

Music as a low-cost cognitive intervention: The consistently
large Delta effect sizes observed across nearly all tasks, combined
with the behavioral improvements reported in Section 4.2, support
positioning music as a feasible, low-cost, and non-invasive cognitive
aid, particularly for high-volume, repetitive testing activities where
sustained attention is critical.

Scheduling and cognitive load management: The gradient
of task difficulty observed across blocks, with music providing the
most differentiated neural support in the most demanding task
(BL03), suggests it may be especially beneficial during cognitively
taxing testing phases, potentially buffering against fatigue-related
performance decline.

5.4 Implications for Academia

This pioneering study opens a novel line of inquiry at the intersec-
tion of neuroscience, software engineering, and music.

Establishing a New Research Line: As the first EEG study on
software testers, this work provides a methodological foundation
for future research, including a validated set of 12 testing tasks
and publicly available artifacts and datasets (see Section Artifacts
Availability).

Exploring Individual Differences: While the musical stimulus
was standardized, individual factors such as music preference and
personality may mediate its effects [14] and warrant investigation
in future work.

Adopting Multimodal Approaches: Future research should
extend this multimodal design by integrating EEG with comple-
mentary techniques such as eye tracking [39], and by including
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more diverse, realistic testing activities—such as exploratory testing,
security testing, or test suite refactoring.

6 Threats to Validity

In this section, we discuss potential threats to the validity of our
study, following the guidelines proposed by Wohlin et al. [64].

Internal Validity: The controlled experimental setting may not
fully replicate the complexity and dynamic nature of real-world
software testing, where problem-solving demands and contextual
variability are considerably higher [1]. Moreover, the use of short,
simplified code snippets, necessary to accommodate EEG recording
constraints, may not have consistently elicited the cognitive load
levels found in real tasks. However, internal validity was strength-
ened through a controlled protocol: participants were randomly
assigned to music or non-music groups, performed identical tasks,
and followed standardized procedures. The use of a fixed instrumen-
tal playlist also helped reduce variability due to individual music
preferences, improving the reliability of the observed effects. A fur-
ther threat concerns the potential influence of the EEG apparatus
itself on participant behavior: being monitored via a 64-channel
cap may have induced heightened self-awareness or altered natural
task engagement (a Hawthorne-like effect [32]), independent of the
music condition. Since this effect would presumably apply similarly
to both groups, it is unlikely to explain the between-group differ-
ences observed, but it may affect the generalizability of absolute
performance and neural values to unmonitored, real-world settings.

External Validity: Generalizability is constrained by the mod-
est sample size and unbalanced gender distribution, both influenced
by the requirement for participants with software testing expertise
and the logistical demands of EEG-based studies. Although the
sample size constrains statistical inference, the primary goal of this
study was to assess the feasibility of applying neuroscience meth-
ods—particularly EEG—in studies involving professional software
testers. Future studies should aim for larger samples of industry pro-
fessionals to enable deeper subgroup analysis. Still, recruiting expe-
rienced professionals from industry settings supports the practical
relevance of our findings and supports their potential applicability
in real-world software testing contexts.

Construct Validity: A central threat to construct validity is
the challenge of capturing the complexity of real testing activities
in a controlled experimental environment. Although we used a
commonly adopted programming language and tasks aligned with
industry practice, experimental tasks inevitably simplify real-world
conditions. To address this, we conducted iterative pilot studies
to fine-tune task difficulty, ensuring they were neither too sim-
ple nor unrealistically complex. This calibration, combined with
established methodologies from software engineering and neuro-
science, supported valid assessments of cognitive load and perfor-
mance. Additionally, this study did not collect subjective measures
of workload, stress, enjoyment, or perceived concentration (e.g.,
via instruments such as the NASA-TLX), which could help explain
or corroborate the observed neural and behavioral patterns. Future
work should incorporate such self-report measures to complement
the physiological and performance data.
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7 Conclusion

This study presents the first EEG-based investigation of how in-
strumental background music influences the neural activity and
task performance of professional software testers. By combining
power spectral density, ERD/ERS analysis, and behavioral accu-
racy across four testing tasks, we provide neurophysiologically
grounded evidence that music functions as a task-contingent cog-
nitive modulator.

The most robust neurophysiological finding concerns the Delta
band, which showed significantly lower frontal power in the Music
group across all task blocks (d = —1.28 to —1.69), indicating sus-
tained neural readiness throughout the experiment. Theta reached
significance in BL02 and, more tentatively, in BL03 (see Section 5.1
for a discussion of the discrepancy between the Mann-Whitney and
t-test results in this block), while Alpha and Beta showed large di-
rectional effect sizes (d ~ —0.81 to —0.88) consistent with a flow-like
attentional state, though underpowered for formal confirmation.
Behaviorally, the Music group outperformed controls in compre-
hension (+8.33 pp), syntax (+12.5 pp), and logic error detection
(+12.5 pp). The exception — test case creation (BL04, —4.16 pp) — is
not an anomaly but a theoretically meaningful boundary condition:
Alpha ERS in that block is directionally consistent with attentional
drift precisely when open-ended generative reasoning was required,
suggesting that music’s benefits may be specific to convergent an-
alytical tasks, a hypothesis that future work with larger samples
should formally test.

These findings extend prior EEG research in software engineer-
ing to a previously unstudied professional role and provide a repli-
cable protocol, a validated task set of 12 testing activities, and
publicly available artifacts for future research. Key limitations in-
clude the small sample (n = 14), fixed playlist, and simplified code
snippets, which constrain generalizability. Future work should pur-
sue larger-sample replications to confirm Alpha and Beta effects,
experimentally isolate the music-by-task-type interaction observed
at BL04, and examine individual factors such as music preference
and personality. As cognitive demands on software testers continue
to grow, understanding how environmental factors modulate tester
cognition carries direct practical relevance for software quality.

Artifact Availability

For replication purposes, all source code used for analysis and exper-
imental tasks is publicly available, the supplementary materials and

source code can be accessed at: https://github.com/DhyegoTavares/eeg-

music-testing-replication. The raw and anonymized EEG data is
available on Zenodo DOI: https://doi.org/10.5281/zenodo.22119099.
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