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Summary

Karpishyna, K. (2026). Examining the Effects of Audio Stimuli on Cognitive Flexibility in
Adults with Varying Levels of Depressiveness: Evidence from Eye-Tracking (Master Thesis in
Clinical Health Psychology). Supervisor. Linas Leonas. Lithuanian University of Health Sciences,
Medical Academy, Faculty of Public Health, Department of Health Psychology: Kaunas. — 61 p.

People are constantly surrounded by various noises that are often irrelevant to the work they
are doing. Having distracting stimuli taxes people’s cognitive capacity and affects their performance.
Dealing with multiple stimuli, like background noise or music, and performing a task requires
cognitive flexibility, which would potentially be constrained due to the already limited cognitive
resources. Additionally, cognitive flexibility, such as other executive functions, seems to suffer in
people with depressiveness. The existing research does not expand to the whole spectrum of cognitive
flexibility functioning in individuals who do not meet the criteria for clinical diagnosis of depression.
Furthermore, the researchers often use self-report tools to assess cognitive flexibility. Therefore, the
aim of this study was to examine how audio stimuli affect cognitive flexibility in adults with varying
levels of depressiveness using eye-tracking as an objective measure for assessing cognitive flexibility.
Participants were 60 Lithuanian adults aged 18 to 49 and had some level of depressiveness based on
the score of PHQ-9. This experimental study implemented a modified Stroop task to measure
cognitive flexibility using rule-changing trials when congruent-incongruent conditions differed (p =
.025). Some audio conditions significantly impacted cognitive flexibility (p = .027), by leading to
slower reaction times under especially demanding conditions, like people's conversations (M = 1851
ms, SD = 315) and faster reaction times in silence (M = 1751 ms, SD = 243). They also lead to more
mistakes (p = .032) and overall fewer error corrections (p < .001). However, depressiveness did not
seem to directly impact cognitive flexibility (p = .093). Depressiveness only moderated the mistake
rates (p = .022) and error correction rates (p < .001) when people’s conversations were in the
background, leading to more mistakes and fewer error corrections. Overall, the findings are not
conclusive to support the idea that audio conditions affect cognitive flexibility in adults with varying
levels of depressiveness.

Keywords: cognitive flexibility, depressiveness, background noise, multiple stimuli, cognitive

capacity



Santrauka

Karpishyna, K. (2026). Garso stimuly poveikis kognityviniam lankstumui suaugusiesiems, turintiems
skirtinga depresiSkumo lygj: akiy judesiy sekimo tyrimas (magistrinis darbas klinikinés sveikatos
psichologijos srityje). Vadovas — Linas Leonas. Lietuvos sveikatos moksly universitetas, Medicinos
akademija, Visuomenés sveikatos fakultetas, Sveikatos psichologijos katedra: Kaunas. — 61 p.
Zmonés nuolat yra apsupti jvairiy garsy, kurie daznai nesusije su atlickamu darbu. Blagkantys
stimulai apkrauna kognityving Zzmogaus talpg ir daro jtaka jo veiklai. Susidoroti su keliais stimulais
vienu metu, pavyzdziui, foniniu triukSmu ar muzika, ir atlikti uzduotj reikalauja kognityvinio
lankstumo, kuris gali biiti apribotas dél jau ir taip riboty kognityviniy iStekliy. Be to, kognityvinis
lankstumas, kaip ir kitos vykdomosios funkcijos, atrodo, nukencia Zmonéms, turintiems
depresiSkumo pozymiy. Esami tyrimai neapima viso kognityvinio lankstumo funkcionavimo spektro
asmenims, neatitinkantiems klinikinés depresijos diagnozés kriterijy. Be to, tyréjai daznai naudoja
saves vertinimo priemones kognityvinio lankstumo jvertinimui. Todél Sio tyrimo tikslas buvo istirti,
kaip garso stimulai veikia kognityvinj lankstumg suaugusiesiems, turintiems skirtingg depresiskumo
lygi, naudojant akiy judesiy sekimg kaip objektyvia kognityvinio lankstumo vertinimo priemong.
Tyrime dalyvavo 60 lietuviy suaugusiyjy nuo 18 iki 49 mety, kurie pagal PHQ-9 balg tur¢jo tam tikra
depresiskumo lygj. Siame eksperimentiniame tyrime buvo naudojama modifikuota Stroop uzduotis
kognityvinio lankstumo matavimui, taikant taisykliy keitimo bandymus, kai skyrési kongruentinés ir
inkongruentinés salygos (p = .025). Kai kurios garsinés salygos reikSmingai paveiké kognityvinj
lankstumg (p = .027), sukeldamos létesnius reakcijos laikus ypac reikliomis salygomis, pavyzdziui,
zmoniy pokalbiy fone (M = 1851 ms, SD = 315), bei greitesnius reakcijos laikus tylos saglygomis (M
= 1751 ms, SD = 243). Jos taip pat lémé daugiau klaidy (p = .032) ir bendrag maZzesn;j klaidy taisyma
(p <.001). Taciau depresiskumas, atrodo, tiesiogiai netur¢jo jtakos kognityviniam lankstumui (p =
.093). Depresiskumas tik moderavo klaidy (p = .022) ir klaidy taisymo rodiklius (p < .001), kai fone
skambe¢jo zmoniy pokalbiai, I1ém¢é daugiau klaidy ir maziau klaidy taisymy. Apskritai, rezultatai néra
pakankamai jtikinami, kad patvirtinty id¢ja, jog garso salygos veikia kognityvinj lankstumag
suaugusiesiems, turintiems skirtingg depresiskumo lygi.
Raktiniai ZodZiai: kognityvinis lankstumas, depresiSkumas, foninis triukSmas, keli stimulai,

kognityviné talpa.



Key Concepts

Cognitive flexibility, also known as shifting or task-shifting, is the ability to switch between
tasks and rules and addresses adaptive and mental efforts connected with problem solving, creativity,
emotional resilience, and learning (Diamond, 2012; Gunzenhauser & Niickles, 2021; Tong et al.,
2024).

Cognitive Load Theory (CLT) is a model that explains how information processing happens
within the limited capacity of cognitive resources and working memory (Sweller & Chandler, 1991;
Sweller, 1998).

Depressiveness is a tendency to negative affect and negative cognitive bias (Diamond & Ling,
2015; Liu et al., 2024).

Executive functions is the top-down higher cognitive processes, executive functions, that
manage, regulate, and coordinate thoughts when automatic processes are insufficient (i.e., cognitive
flexibility, inhibition, and working memory) (Miyake et al., 2000; Diamond, 2012; Siregar, 2021).

Eye tracking is the non-invasive measurement of gaze position, eye movements, fixations,
and pupil size that provides real-time insights into visual attention and cognitive processing (Querino
etal., 2015).

Working memory is the ability to hold and manipulate information in mental space

(Diamond, 2012; Toh et al., 2021).



Abbreviations

CLT -Cognitive Load Theory

LC-NE - Locus Coeruleus Norepinephrine system
WCST — Wisconsin Card Sorting Test

dIPFC — dorso-lateral prefrontal cortex

VIPFC — ventro-lateral prefrontal cortex

ACC — anterior cingulate cortex

CFI — Cognitive Flexibility Inventory

CFS - and the Cognitive Flexibility Scale

RT — reaction time

PHQ-9 — Patient Health Questionnaire 9 items

CI -Confidence Intervals



1. Introduction

1.1. Background

The phenomenon of dealing with multiple stimuli has become a new normal in the
contemporary world (Sweller et al., 1998; Monsell, 2003; Ettinger & Cohen, 2019). In addition to
being surrounded by background noise, people constantly receive notifications and messages, listen
to music while performing various activities, talk to friends while working, and engage in multimedia
and online learning. Despite the belief that dealing with multiple stimuli means productivity, such
ways of performing tasks tax people’s attention and memory capacity (Sweller et al., 1998; Van der
Heiden et al., 2020). Let's take the most observed example of students and the places they choose for
studying. While some students choose public places like coffee shops, others seem to prefer quiet
places like libraries. Interestingly, the claim is that background noise helps to concentrate, while, on
the other hand, it is very disruptive (He et al., 2022; Mones & Massonnié, 2022). Such claims lead to
the question of how the choice of the environment affects learning and task performance.
Furthermore, if students choose to study in an environment with background noise like a coffee shop,
how does dealing with multiple stimuli affect them? To take it a step further, just like external stimuli,
internal stimuli, such as emotional state, influence cognition, which is a multi-level system of mental
processes used to organize thoughts and actions to align with specific goals and contexts (Plass &
Kalyuga, 2019; Hammar et al., 2022). More specifically, depression influences cognitive functions,
including those needed when completing tasks and learning (Murphy et al., 2011; Hammar et al.,
2022). Therefore, the question is how students struggling with depressiveness would perform in
environments with background noise. To answer these questions, researchers have been trying to look
separately into specific parts of cognition, cognitive abilities in depressed individuals, and how
different types of tasks, their complexity, and chosen environments influence performance (Miyake
et al., 2000; Capri et al., 2019). Yet these multiple aspects have not been looked at together using
physiological measures instead of self-report and observation.

Importantly, to process any kind of information, executive functions, or higher-order
mechanisms of cognition like cognitive flexibility or shifting, inhibition of prepotent responses, and
working memory, enable people to attend to and comprehend the stimuli meaningfully (Miyake et
al., 2000; Diamond, 2012). On the one hand, while automated or earlier learned knowledge bypasses
conscious processing, novel information requires people to engage in controlled cognitive
mechanisms (Baddeley, 2012, as cited in Kumaradevan et al., 2020; Querino et al., 2015). On the
other hand, continuous exposure to changing stimuli requires the controlled allocation of attention

toward a relevant stimulus while ignoring competing information (Monsell, 2003; Lachter et al.,



2004). In either case, people use cognitive flexibility, or the ability to switch between relevant tasks
and goals and adapt to a changing environment (Diamond, 2012; Braem & Egner, 2018). In other
words, the information processing involves choosing and actively attending to the stimuli and
performing mental efforts to make sense of them, requiring both attention and working memory
capacities (Koster et al., 2010; Capri et al., 2019). Not only attention, but also the demands placed on
working memory during stimulus processing may influence cognitive flexibility performance
(Sweller et al., 1998; Skulmowski & Xu, 2021). According to Cognitive Load Theory, when cognitive
resources are taxed by environmental factors such as audio stimuli or internal factors such as
depressiveness, the capacity available for cognitive flexibility and, therefore, relevant task-switching
and maintaining the tasks may be reduced (Sweller et al., 1998; Koster et al., 2010; Fernandez et al.,
2019). In other words, by having background noise or listening to music while studying, students
add to the processing of the information not relevant to the task, which potentially constrains their
cognitive resources. Nevertheless, even with additional stimuli like noise and music, students seem
to complete the required task even when their attention jumps from one thing to another. Therefore,
depending on the demands placed on working memory and inhibitory control, the ability to shift
between tasks may be facilitated or constrained by the cognitive resources available at the time of
processing.

Not only external distractors, but also emotional affect, like depressiveness, constrain
cognitive flexibility. More specifically, depressiveness, or the tendency to negative affect and
rumination, such as repetitive overthinking of negative thoughts, makes it difficult for people to
disengage from previous mental sets (Siegle et al., 2003; Diamond & Ling, 2015; Hammar et al.,
2022). In other words, such an emotional state influences cognition by disrupting the mental
mechanisms required to shift between tasks and disengage from irrelevant information. Interestingly,
the researchers observe the obstruction of cognitive flexibility in emotionally valanced tasks which
also persists in subsequent non-emotional tasks (Siegle et al., 2003; Murphy et al., 2011). Knowing
that cognitive abilities suffer in people with depression even after recovery, we see how emotion and
cognition are interconnected and affect each other (Murphy et al., 2011; Plass & Kalyuga, 2019;
Hammar et al., 2022). This leads to the ongoing discussion in the literature on how depressiveness
constrains cognitive flexibility, and difficulties in cognitive flexibility may increase vulnerability to
depressiveness.

Subsequently, researchers have used a variety of tools to examine the relationship between
cognitive flexibility and depression across different populations. For each construct, researchers used
different tools separately: switching paradigms for cognitive flexibility, questionnaires, physiological
measures, and tasks with different emotional valence for depression, with eye-tracking and reaction

time measures often used to infer cognitive resource demands during task performance (Siegle et al.,
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2003; Diamond & Ling, 2015; Yu et al., 2024). Firstly, cognitive flexibility becomes evident in task-
switching, or shifting between two goals or rules, like in the Wisconsin Card Sorting Task (WCST)
(Hsieh & Lin, 2019; Liu et al., 2024). To perform such tasks, participants need to focus on the relevant
task or rule while keeping both rules in working memory. Furthermore, amplitudes on the EEG and
pupil dilation in pupillometry allow researchers to see the demands placed on cognitive resources
during task performance (Siegle et al., 2003; Giller et al., 2020). Higher amplitudes and larger pupils
are associated with greater working memory engagement, reflecting increased cognitive demands as
described within the Cognitive Load Theory framework. Lastly, comparison of individuals with
varying levels of depressiveness on tasks such as switching paradigms, using questionnaires, self-
report, and physiological measures, reveals the effects of depressiveness on cognitive flexibility
(Siegle et al., 2003; Yu et al., 2019; Liu et al., 2024). Although established instruments are available
to measure each of the variables considered in this research, existing studies have generally examined
them independently. Research simultaneously investigating these constructs while employing
objective physiological indicators remains limited.

On the whole, dealing with multiple stimuli appears to be a given in many contexts of
everyday life. While people process some information automatically, novel and multiple sources of
information require more effort and mental capacity, which tax attention and working memory.
Additionally, not only the type or number of stimuli, but also a person's emotional state, such as
negative affect, influences cognitive flexibility. Therefore, understanding how cognitive resource
demands and depressiveness influence this ability can help explain why some individuals experience

greater difficulty managing complex or rapidly changing environments.

1.2. Novelty and Relevance

Considering that scientists predominantly examine cognitive flexibility and depressiveness
separately, this thesis offers a novel contribution to the understanding of the executive functions in
non-clinical populations by exploring how auditory context modulates cognitive flexibility. While
there are different kinds of stimuli affecting cognitive capacity, using audio stimuli allows to
manipulate and measure how this stimulus interacts with cognitive flexibility (Sweller et al., 1998;
Diamond & Ling, 2015; Kalyuga & Singh, 2016). Furthermore, while clinical populations with
depression have been researched, individuals whose level of depressiveness does not qualify for
diagnosis have not been researched much (Gunzenhauzer & Knuckle, 2012; Liu et al., 2024).
Considering the connection between executive functions, specifically cognitive flexibility, and
depression, it is not clear how and if varying levels of depression influence the cognitive abilities of

these individuals. Using a task targeting cognitive flexibility alongside eye-tracking, it is possible to
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examine how auditory context may induce cognitive overload or attentional inertia, reflected in
physiological responses such as gaze fixation patterns and the inability to redirect gaze mid-action
during task performance (Miyake et al., 2000; Hocking et al., 2020; Murphy et al., 2011). By offering
a measure of biological factors of cognitive flexibility in real time, this study makes it possible to
combine these cognitive processes affected by depressiveness, which has not been done before.
Therefore, this thesis attempts to bridge both theoretical and methodological gaps in
examining cognitive flexibility in individuals with pre-existing depressiveness in varying auditory
conditions. The ambient noise and dealing with multiple tasks at once have become a new normal in
the contemporary world (Ettinger & Cohen, 2019; Mones & Massonnie, 2022). Moreover, the
research does not focus on the populations that do not meet the criteria for the diagnosis of depression
when it comes to cognitive flexibility (Ettinger & Cohen, 2019; Liu et al., 2024). Hence, by
incorporating real-time physiological measures like eye tracking and audio modulation of external
conditions, this approach can contribute to expanding the understanding of cognitive flexibility
aspects and functions in individuals with potential cognitive deficits before the diagnosis of

depression.

1.3. Literature Review

This literature review provides an overview of cognitive flexibility, depressiveness, auditory
conditions influence, and eye tracking as an objective measure for assessing cognitive flexibility. The
literature review is organized in themes and consists of four major parts: firstly, an overview of
executive functions and cognitive flexibility, its definition, and functions. Secondly, it continues with
an overview of Cognitive Load Theory, its definition and types, and how background noise and music
may tax working memory resources and thereby influence cognitive flexibility and stimulus
processing. Thirdly, it describes the effects of depressiveness on cognition and cognitive flexibility.
Lastly, it describes eye-tracking and its use in measuring cognitive flexibility under different auditory
conditions in individuals with pre-existing depressiveness. The review provides a logical progression
from the existing understanding of cognitive flexibility and depressiveness to the existing research

gap in theory and methodology.

1.3.1 Executive functions: cognitive flexibility
When multiple or irrelevant to the task stimuli are present, people need to effectively make
sense of and attend to the relevant ones. To do so, they need to engage in top-down higher cognitive
processes, executive functions, that manage, regulate, and coordinate thoughts when automatic
processes are insufficient (Miyake et al., 2000; Diamon, 2012; Siregar, 2021). Diamon (2012)

identifies three core executive functions that include cognitive flexibility, working memory, and
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inhibition. Before defining each of them, it is pertinent to this research to consider the ongoing debate
regarding the challenge of stating whether these executive functions are genuinely three separate
processes. Miyake et al. (2000) report that both views hold true. To show the unity and separability
of the three core executive functions, the researchers conducted Exploratory Factor Analysis (EFA)
and Confirmatory Factor Analysis (CFA) using the most popular tasks to evaluate cognitive
flexibility, working memory, and inhibition in different populations. Firstly, the researchers reported
that the three-factor model with latent variables (i. e., shifting, inhibition, and working memory
updating) provided a significantly better fit than a unitary model, Ay?(3) = 15.88, p <.01, suggesting
that each function has separate aspects. Further, the researchers reported that different tasks can show
the results for each executive function separately: factor loading primarily landing on shifting in
Number-Letter task: .58, Local-Global task: .58, Plus-Minus task: .40 tasks; updating working
memory in Keep Track task: .58, and Letter Memory task: .57; and inhibition in Antisaccade: .44,
Stop-Signal task: .38, Stroop task: .43. Although the three functions were separable, they were
moderately correlated, indicating shared underlying mechanisms: Updating and Shifting: » = .56,
Updating and Inhibition: » = .63, and Shifting and Inhibition: » = .42. In other words, the three
functions share common variance, and completely independent variables would fit the data poorly,
Ay? (3) = 26.74, p < .001. Therefore, the three main executive functions both share common
mechanisms among each other while also function and can be assessed separately.

Taking into account this conceptualization of executive functions as both unified and distinct,
the following definitions can be better contextualized. Firstly, working memory is the ability to hold
and manipulate information in mental space (Diamond, 2012; Toh et al., 2021). It is a limited-capacity
system distinct from short-term memory because it is specifically the place where people manipulate
information (Toh et al., 2021; He et al., 2022). Secondly, inhibition is the ability to impede the
irrelevant information and responses that interfere with the task (Miyake et al., 2000; Diamond,
2012). In other words, it helps to suppress automated responses like thoughts, memories, or earlier
learned irrelevant information to ensure the functioning of executive functions according to the task.
Lastly, cognitive flexibility, also known as shifting or task-shifting, is the ability to switch between
tasks and rules and addresses adaptive and mental efforts connected with problem solving, creativity,
emotional resilience, and learning (Diamond, 2012; Gunzenhauser & Niickles, 2021; Tong et al.,
2024). Specifically, cognitive flexibility makes it possible to disengage from the irrelevant task and
effectively navigate the goal in the presence of multiple stimuli. Nevertheless, defining cognitive
flexibility has two challenges. First, cognitive flexibility has been used interchangeably with other
kinds of flexibility and perspective-taking in other research (Diamond, 2012; Hohl & Dolcos, 2024).
In other words, researchers use the term cognitive flexibility to describe the abilities that vary from

adapting to new tasks and being able to take the perspective of the other person. Secondly, cognitive
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flexibility is considered a pinnacle of executive control because it builds upon the working memory
capacity and inhibition ability (Miyake et al., 2000; Mones & Massonni¢, 2022; Schmitz & Kramer,
2023). In other words, to successfully shift tasks or rules, the individual needs to suppress task-
irrelevant information and keep in mind the goal and rules while activating the new ones if needed.
For instance, if the task rules changed, the person would need to suppress the responses based on
previously learned rules and incorporate the new rule to reach the goal, using cognitive
flexibility. Therefore, these two aspects often cause the confusing of what the term cognitive
flexibility refers to and what aspects of higher cognitive functioning it addresses.

In light of the struggle for a unified definition of cognitive flexibility, the types of
measurement used to discover and research this cognitive function help to better understand the
process of shifting. The idea of cognitive flexibility emerged from Grant and Berg's (1948) WCST as
cited in Hohl & Dolcos (2024), which quantified perseverative set-shifting deficits in patients with
damage to the prefrontal regions. Using WCST, the researchers tested patients with frontal lobe
damage while they had to shift sorting rules of the cards, revealing perseverations, or repeated failure
to shift the instructions. On the other hand, their healthy counterparts shifted tasks successfully. This
started the attempts to explain whether this was a thinking-shifting error or something more specific.
Following the findings, Milner (1964), as cited in Diamond (2012), made a clear distinction that the
inability to inhibit the previous response and, as a result, to shift between sets in WCST in patients
with frontal lobe damage is the specific executive function deficit. Later, Monsell (2003), as cited in
Schmitz & Kramer (2023), described his previous research where the researcher quantified cognitive
inertia through task-switching costs by describing accuracy differences reflecting executive
reconfiguration. Continuing the research on set-shifting and executive set configuration, Meiran
(1996), as cited in Hohl & Dolcos (2024), isolated preparation versus interference via explicit cueing,
operationalizing cognitive flexibility as dynamic set-shifting. In 2000, Miyake et al., using latent
variable analysis, confirmed shifting to be a distinct ability that built upon inhibition and working
memory as reported earlier. In other words, the researchers confirmed that shifting meant disengaging
from previous task sets, inhibiting interference, and activating the new and relevant task sets. The
contemporary view combines the years of research and refers to this ability as cognitive flexibility,
the pinnacle of executive functions, building on inhibition and working memory supported by neural
consensus on dorsolateral prefrontal cortex (dIPFC), ventrolateral prefrontal cortex (vIPFC), anterior
cingulate cortex (ACC), and frontoparietal networks (Diamond, 2012; Hohl & Doclos, 2024) (Figure
1). Therefore, now we recognize cognitive flexibility as strategies per contextual demands, involving
inhibition, working memory, salience detection, attention, and monitoring to disengage impulsivity

and pursue new goals.
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Figure 1. Brain Regions Involved in Cognitive Flexibility (dIPFC, vIPFC, ACC).
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Source: Adapted from Macdonald et al. (2016).

Knowing the functions of cognitive flexibility, researchers have used various ways, such as
neuropsychological paradigms and self-reports, to measure and assess it. The most frequently used is
the task-shifting paradigm, which requires participants to shift between the sets and rules, including
the WCST and Stroop paradigm tasks (Koster et al., 2010; Diamond & Ling, 2015). Firstly, let's look
into the WCST. This card sorting task is a classical neuropsychological task that researchers and
psychologists use to assess task-switching and problem-solving abilities that require frontal lobe
functions (Diamond, 2012; Schmitz & Krdmer, 2023). The participants must discover the rule
according to which they are sorting the cards (i.e., shape or colour) while getting indirect feedback
(i.e., responses being marked as correct or incorrect). Throughout the task, the rules change without
previous notice to the participants, so in that case, the participant needs to change the strategy, inhibit
the previously learned rule, and apply the new information. If the participant continues with
perseveration as described earlier, this inability to shift between the rules shows attentional inertia,
or the tendency to focus on the previously learned information (Koster et al., 2010). This task allows
for observing the ability to utilize cognitive flexibility by reflecting reconfiguration and interference
resolution abilities. The participants whose cognitive flexibility is constrained due to frontal lobe
damage, affective disorders, or neurodevelopmental challenges tend to fail the task (Miyake et al.,
2000; Koster et al., 2010; Liu et al., 2024). Secondly, the Stroop paradigm is another classic way to

assess and evaluate cognitive flexibility, inhibition, and cognitive control (Monsell, 2003; Diamond
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& Ling, 2015). The Stroop task is designed to measure the Stroop effect, which occurs when a
dominant, automated response (i.e., reading a word) interferes with a subdominant, goal-directed task
(i.e., naming the colour of the ink). The Stroop paradigm focuses on the inhibitory part of flexibility
since the attentional inertia needs to be suppressed. This allows prediction of cognitive flexibility
through inhibitory capacity and the ability to utilize top-down processes to maintain goal-directed
behavior when distractors are present.

While using classical neuropsychological tasks, researchers also employ self-reports to
measure cognitive flexibility. The main reason for the use of self-reports is their inexpensiveness and
significantly shorter time needed to administer (Hohl & Doclos, 2024). The researchers utilize these
instruments as part of other questionnaires to assess adaptability and flexibility, linking them to other
traits based on participants' subjective judgment. The most frequently used self-reports to assess
flexibility include the Cognitive Flexibility Inventory (CFI) and the Cognitive Flexibility Scale (CFS)
(Plass & Kalyuga, 2019; Hohl & Dolcos, 2024). CFI is a 20-item scale that measures an individual's
cognitive flexibility when faced with stressful life events, where cognitive flexibility serves as a skill
to avoid maladaptive patterns of thinking (Yu et al., 2019; Hohl & Dolcos, 2024). CFS is a 12-item
self-report scale that measures an individual's cognitive flexibility through the awareness of
alternative options, adaptation willingness, and self-efficacy in being flexible (Yu et al., 2019; Hohl
& Dolcos, 2024). Both instruments take relatively little time to be completed and address various
aspects of cognitive flexibility. The problem with self-reports is their proneness to bias and socially
desirable responses, as well as insufficient evidence that indicates self-reports assess cognitive
flexibility as well as task-shifting paradigms do (Hohl & Dolcos, 2024). These self-reports (CFI, CFS)
capture perceived flexibility but show null correlation (» = .01) with the WCST and task-switching
paradigms (Hohl & Dolcos, 2024; Dennis & Vander Wal, 2010). In other words, it is not possible to
claim that self-reports assess the targeted flexibility or other underlying constructs related or not
related to it.

In contrast to evidence about the traditional tasks, the underlying unity of executive functions
and methodological issues shows controversial evidence for measuring cognitive flexibility. Firstly,
knowing that executive functions operate on one another, the results for one function can be obscured
by the constraints of the other (Miyake et al., 2000; Hohl & Dolcos, 2024). That means the paradigms,
like the WCST task, might be measuring other abilities, like partial perception, while dual-task
paradigms do not rely on core executive functions only. In other words, participants might rely on
other functions to remember, problem-solve, and complete the tasks, rather than the ability to switch
and incorporate new information. Additionally, there is no convergent validity reported across
neuropsychological tests, self-reports, and experimental tasks (Grant & Cassidy, 2022; Hohl &
Dolcos, 2024). The absence of such makes it harder to conclude that one or the other task definitely
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measures a specific executive function. Furthermore, there is evidence of intact cognitive flexibility
in neutral tasks compared to emotionally valanced tasks in depressed individuals (Hsieh & Lin, 2019;
Tong et al., 2024). That raises questions not only about how we measure, but also how we define
flexibility. Overall, all these issues complicate the measurement of cognitive flexibility by suggesting
the need for a more direct and real-time measurement that would catch the biological aspects of
cognitive flexibility.

Considering the need for more direct measures of cognitive flexibility, existing research
suggests different ways to measure it, including speed and accuracy of performance. To begin with,
the speed of responses is used the most often. The researchers describe that differences in RT,
specifically slower RT on rule-switching trials, such as in the Stroop paradigm (Monsell, 2003;
Diamond, 2012). The speed, or specifically RT, allows to see how effectively the prefrontal cortex
manages to reconfigure the task set and produce the response (Kumaradevan et al., 2020).
Furthermore, the accuracy of the responses in task-switching also reflects cognitive flexibility.
Mistakes, which are usually perseverative errors when participants continue responding according to
the previous rule when the rule has already changed, also show the ability to reconfigure the task set
(Diamond, 2012; Kumaradevan et al., 2020). In this case, the cognitive flexibility lies in the ability
to retrieve new goals and rules into the working memory while disengaging from the previous ones.
It is quite a complex action that, together with RT, allows for determining if the performance changes
are due to capacity limits or a deliberate shift in processing strategy (He et al., 2022; Schmitz &
Kriamer, 2023). Besides speed and accuracy, cognitive flexibility is also seen in conflict processing
when the person makes a mistake and corrects it. Querino et al. (2015) explained that error correction
demonstrates not only the ability to adapt to changing rules, but specifically to recognize when one
is making a mistake and readjust. This process comes not only from the changed rule, but also from
the internal signal of making a mistake, which adds an additional layer to the process. So, overall,
cognitive flexibility could be looked at through the multiple measures that include speed, accuracy,
and the ability to notice mistakes and correct them. The existing research usually focuses on one of
the measurements for cognitive flexibility, while taking all three together could help to have a broader
picture of the aspects of cognitive flexibility functioning.

While it is clear how cognitive flexibility is constrained in individuals with frontal lobe
damage, it is not clear how affective states like depressiveness influence cognitive flexibility. On the
one hand, using various tasks and paradigms to measure cognitive flexibility, researchers established
that tasks that are not emotionally valenced, or so-called “cold” tasks, do not tax any resources,
therefore not constraining cognitive flexibility (Murphy et al., 2011; Singh et al., 2025). In other
words, if the information or the stimuli in the task are emotionally neutral, depression should not

affect the performance. Specifically, participants exhibit significant inflexibility on emotionally
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salient or “hot” tasks involving real-world coping scenarios or self-referent negative beliefs (Murphy
et al., 2011; Singh et al., 2025). This suggests that the deficit is not a global failure of the shifting
mechanism but is potentially exacerbated by emotional interference. In other words, even if the
person is depressed, the task that does not evoke an emotional response should not put any constraints
on the person’s performance.

Nevertheless, researchers report that the performance on the Stroop tasks is lower in
populations with cognitive rigidity, such as depressed individuals, especially in the presence of
additional task-irrelevant information and ambient noise (» =32, p < .001) (Miyake et al, 2000;
Diamond & Ling, 2015; Kumaradevan et al., 2020). Other findings show elevated WCST
perseverations (30% £ 11.4% vs. 18% + 9.97% in controls, U = 0.01, p <.03) and switch costs (~62
ms larger among depressed individuals, 7 (25) = 6.26, p <.001) (Rady et al., 2012; Whitmer & Gotlib,
2012). Additionally, depression severity contributed to the level of cognitive flexibility and cognitive
control. Diamond & Ling (2015) reported that participants with higher level of depression showed
significantly lower flexibility on WCST (F(1,162) = 10.71, p = .001, #? = .062) and higher switch
cost (¢ (162) = —2.89, p = .004, d = 0.45, where cognitive control partially mediated the depression-
flexibility relationship (8 = —0.28, p <.01), explaining 32% of variance. These findings suggest that
not only depression but also its level potentially affects cognitive flexibility. Moreover, these findings
posit that cognitive control required for cognitive flexibility comes from the correct functions of the
dIPFC, ACC, amygdala, and locus-coeruleus norepinephrine system - all the systems compromised
in individuals with depression (Giller et al., 2020; Hohl & Dolcos, 2024). Furthermore, depressed
individuals have a harder time disengaging from irrelevant information (i.e., old rules in the task) and
get tired faster performing the task due to additional attempts to inhibit the negative thinking and
irrelevant stimuli (Koster et al., 2010; Murphy et al., 2011). That means that rumination depletes the
working memory resources required to perform the task, leaving less memory capacity and
constrained inhibition in individuals with depression. Furthermore, increased amygdala activity
reduces attentional control and adds to the competition for cognitive resources (Koster et al., 2010;
Murphy et al., 2011; Plass & Kalyuaga, 2019). That means that a depressed individual struggles to
shift their attention away from negative mental representations, resulting in the cognitive rigidity.
This failure to disengage creates a “bottleneck” in processing, making it hard to focus on new goals
or adapt to changing circumstances (Giard, 2000; Diamond, 2012). Overall, it is hard for the brain to
have an optimal arousal state and an effective distribution of cognitive resources to be cognitively
flexible when the individual's systems are affected by depression and its severity.

With regard to depressiveness constraining cognitive flexibility, the cognitive deficits in such
individuals may be sensitive to the changes in the environment. Given that cognitive flexibility relies

on the dynamic allocation of limited cognitive resources, external stimuli such as background music
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or noise may modulate this process by altering cognitive demands and arousal (Kumaradevan et al.,
2020; Toh et al., 2021; He et al., 2022). Thus, under certain conditions, such auditory input may not
only impose additional demands but could also facilitate attentional engagement, potentially
improving cognitive flexibility in individuals with different levels of depressiveness (Kumaradevan
et al., 2020; Mones & Massonni¢, 2022). As described earlier, having cognitive flexibility already
constrained, task-irrelevant information can further deplete the scarce cognitive resources in
depressed individuals. The additional information to process, like background or ambient noise,
proves unproductive for people whose cognitive resources are already limited by rumination and
attentional rigidity (Mones & Massonni¢, 2022). However, the effects of ambient noise or background
music can be moderated by an individual’s level cognitive flexibility and the nature of the
environment (Sklumowski & Xu, 2021; Mones & Massonni¢, 2022). Since depressiveness by itself
can lower cognitive flexibility or lower cognitive flexibility can prompt depressiveness, individual
characteristics can lead to different reactions of individuals on various audio conditions
(Kumaradevan et al., 2020; Hammar et al., 2022). In other words, depending on the type of noise
and music and the external environment, it could potentially aid rather than deplete attention and
cognitive resources. Kumaradevan et al. (2020) described that background music increases arousal
and improves focus. In the study, young people who performed the Stroop Colour and Word Test in
three conditions (i.e., silence, classical music, and heavy metal), both classical and heavy metal music,
led to significantly faster RT (p <.001) with classical music producing the largest improvement ( =
39.59 £ 0.81 s) in comparison to heavy metal music (RT = 40.21 + 0.86 s). Consequently, high-
arousing or preferred music, as well as the presence of some background noise overall, seems to
facilitate higher processing speeds and better attention abilities (Kumaradevan et al., 2020;
Sklumowski & Xu, 2021; Mones & Massonnié, 2022). So, in the presence of background noise and
music, individuals with depressiveness can shift their focus from one stimulus to another, potentially
reducing negative affect. Although auditory stimuli may aid attention and reduce negative affect, it
remains unclear whether they constrain or instead increase cognitive demands in individuals with
depressiveness. This question can be addressed by understanding the limitations of cognitive
resources under the competing demands of dealing with multiple stimuli and varying levels of

depressiveness.

1.3.2 Cognitive Resources and Cognitive Flexibility
As described earlier, cognitive flexibility builds upon the other two executive functions:
working memory and inhibition (Siregar, 2021; Toh et al., 2021). This means that, despite limited
capacity, cognitive flexibility enables one to disengage from the previous task, inhibit attentional

inertia, and switch to the new task. Increasing the task demands, including design complexity,
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emotional valence, or environmental distractions, takes a toll on working memory capacity (Plass &
Kalyuga, 2019; Tong et al., 2024). Additional demands on task performance reduce working memory
capacity for task switching (Sweller et al., 1998; Schmitz & Krémer, 2023). It is then logical to concur
that cognitive flexibility is sensitive to variations in task demands and task conditions. These
limitations in available cognitive resources are central to the cognitive effort or working memory
capacity required to perform the task (Sweller et al., 1998; Rodemer et al., 2023). More specifically,
Cognitive Load Theory (CLT) is a model that explains how information processing happens within
the limited capacity of cognitive resources and working memory (Sweller & Chandler, 1991; Sweller,
1998). Additionally, CLT, just like cognitive flexibility, emphasizes the importance of managing
cognitive effort effectively. Cognitive Load Theory by Sweller (1988) provides a useful theoretical
lens for interpreting how varying auditory conditions may differentially tax working memory
resources, though it is not operationalized as a variable in the present study. To understand how
changes and types of load influence cognitive flexibility, it is important to examine Cognitive Load
Theory.

The idea of Cognitive Load Theory emerged when Australian educational psychologist John
Sweller (1988) sought to explain how problem-solving strategies affect learning outcomes. To
explore that, the researcher compared the novices and experts in solving mathematical problems,
noticing visible differences in the strategies used. Novices overwhelmed working memory via means-
end analysis by simultaneously holding goals, rules, and solution paths in their working memory,
while experts applied chunked schemas from long-term memory, freeing capacity for learning
(Sweller & Chandler, 1991). The conclusion followed that reducing the unnecessary problem-solving
demands facilitates learning by freeing cognitive capacity for schema formation (Sweller & Chandler,
1991). Hence, the CLT posits that learning happens when information processed in working memory
is successfully encoded into long-term memory (Rodemer et al., 2023). Consequently, cognitive
overload happens when the capacity of limited working memory is exceeded, learning does not
happen, and cognitive processing is constrained. So, when cognitive overload constrains the cognitive
processing, operations like rule- and task-switching also appear to be constrained (Monsell, 2003).
Therefore, cognitive overload leads to reduced cognitive flexibility.

To understand in which cases cognitive overload happens according to the Cognitive Load
Theory, it is important to discern the kinds of cognitive load. Typically, cognitive load is described
to consist of three interrelated types of loads which include extraneous, intrinsic, and germane loads
(Sweller et a., 1998; Sklumowski & Xu, 2021). Each load represents a different mental effort needed
to process information. Furthermore, these load types determine the effectiveness of processing,
storing, and integrating the information, as well as how external and internal factors influence the

cognitive performance.
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To begin with, extraneous cognitive load refers to the information that is irrelevant to the task
completion and leads to unnecessary cognitive demands (Sweller, 1988; Sweller & Chandler, 1991;
Sklumowski & Xu, 2021). Poor layout, redundant text, and background sounds create environmental
constraints for effective task processing. As an illustration, Mones and Massonni¢ (2022) described
that ambient noise simply distracts people when it is unrelated to the task, taxing their attention and
working memory capacity. It creates a higher extraneous load, which leads to an increase in switching
costs between attending to the tasks and suppressing the distraction. While specific timings vary by
study, general switch costs involve substantial initiation delays that often are 200 ms or more when
moving between mental sets (Diamond, 2012; Mones and Massonnié, 2022). Additionally, Murphy
et al. (2011) observe the heightened extraneous load in depressed individuals when one of the task
stimuli is emotionally valenced. Emotional stimuli trigger amygdala activation while simultaneously
downregulating dIPFC activity, flooding working memory with task-irrelevant negative information,
and impairing cognitive filtering during rule-switching. It seems that even if the auditory stimulus is
neutral to the task, it still leads to the competition between the shared attentional resources that are
required to process inputs from different sensory modalities simultaneously (He et al., 2022).
Therefore, if the executive system is not taxed by the external noise, the individual maintains a
maximal reserve of cognitive resources for completing the task, supporting efficient cognitive
flexibility and switching.

Secondly, intrinsic cognitive load represents the mental effort in working memory needed
based on the way the information is presented and its difficulty (Sweller, 1998; Szulewski et al.,
2020). While extraneous load depends on the task goal and other information present, intrinsic load
depends on the presentation of the material and previous expertise in it. If the task is complex or
contains a lot of interacting elements, the individual would need to use more of the working memory
capacity to complete it (Sweller et al., 1998; Rodemer et al., 2023). Therefore, if the task is too
complex or contains too many elements, it can lead to overload and constraint of cognitive
functioning. However, if the individual had prior knowledge connected to the task, they will operate
its elements in one big schema that is retrieved from the long-term memory, reducing the intrinsic
load (Sklumowski & Xu, 2021; Gunzenhauser & Niickles, 2021). So, to reduce the load, it is crucial
to reduce the number of elements in the task or provide prior training to ensure familiarity.
Furthermore, intrinsic cognitive load can be role specific. In contexts such as emergency medicine,
dealing with multiple stimuli and managing tasks in a cognitively demanding environment, intrinsic
load depends on the person's role definition (Plass & Kalyuga, 2019; Szluewski et al., 2020). Thus,
emotional and physiological factors, such as stress and uncertainty, when inherent to the task, increase
the intrinsic load, as it happens in medical interns in comparison to medical doctors. Also, in Stroop-

like rule-switching paradigms, intrinsic load arises from the executive demands of task-set
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reconfiguration, like inhibiting the prior rule (e.g., color naming), activating the new rule (e.g., word
reading), and resolving stimulus-response conflict, which cannot be reduced but varies with
participants' executive function proficiency (Monsell, 2003). Hence, the reduction of the complexity
and number of elements, the role of the participant, and prior knowledge of the task help to prevent
intrinsic cognitive overload and leave more working memory capacity to process the information.

Thirdly, germane cognitive load, which was discovered somewhat later, explains the
meaningful learning and transfer of information by making connections to the existing knowledge
and creating lasting schemas for deeper understanding (Sweller et al., 1998; DeLeecuw & Mayer,
2008). DeLeeuw and Mayer (2008) describe germane processing as a “deep cognitive processing”,
where learners mentally organize new material and relate it to prior knowledge. This effort directly
relates to the part of working memory devoted to schema construction and the integration of
information into the existing cognitive framework. Moreover, germane cognitive load manages both
extraneous and intrinsic cognitive loads to facilitate effective learning (Szulewski et al., 2020;
Rodemer et al., 2023). Therefore, it is not surprising that researchers mention motivation to be one of
the examples of germane load (DeLeeuw & Mayer, 2008; Sklumowski & Xu, 2021). Furthermore,
brain activity patterns between working memory and reward system support this idea, implying that
motivation and cognition are closely interconnected within germane processing (Plass & Kalyuga,
2019; Sklumowski & Xu, 2021). However, depressiveness negatively affects germane cognitive load
through rumination, reduced motivation, and deficient executive monitoring, directly opposing the
positive effects of motivation on schema construction and learning (Siegle et al., 2003; Liu et al.,
2024). On the whole, germane load facilitates meaningful learning, manages other cognitive loads,
and can be affected by factors like motivation and emotional affect that enhance or constrain cognitive
abilities.

Regardless of the type of load, cognitive overload occurs when the demands exceed working
memory capacity, leading to poorer cognitive abilities, specifically decreasing cognitive flexibility
(Sweller et al., 1998; Szulewski et al., 2020). While extraneous, intrinsic, and germane cognitive
loads reflect different roles in the cognitive processing required by a task, they interact in the overall
cognitive demands imposed on working memory (Sweller et al., 1998). Distinguishing the type of
load and its contribution can be challenging in dynamic paradigms like task-switching, especially
when moderated by emotional affect like depresisveness (Miyake et al., 2000; Szulewski et al., 2020;
Hohl & Doclos, 2024). Introducing a controlled source of cognitive demands, such as an auditory
stimulus, while providing participants with a practice period to learn the task rules, allows for
effective assessment of how varying levels of cognitive demands influence cognitive flexibility.
Depressiveness is examined as a moderating factor in this process. To build on this, it is important to

examine how researchers measure cognitive load overall, assess it in task-switching paradigms, and
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implement auditory stimuli as a controlled source of load, particularly in the context of individual
differences such as depressiveness.

Researchers have used various behavioral measures to examine cognitive resource demands
during task performance, including dual-task and Stroop-like paradigms (Sweller et al., 1998;
DeLeeuw & Mayer, 2008; Querino et al., 2015). While subjective measures such as effort and
difficulty ratings provide insight into perceived mental demands, they often lack the ability to capture
rapid moment-to-moment fluctuations during a task (DeLeeuw & Mayer, 2008). More objective
behavioral measures, such as reaction time (RT), provide indices of how cognitive resources are
engaged during performance, with typical RTs of 1000-1300 ms and switching costs of 200-350 ms
reported in Stroop-like and dual-task paradigms (DeLeeuw & Mayer, 2008; Braem & Egner, 2018;
Vaportzis, 2013). These paradigms demonstrate adequate reliability for detecting cognitive demand
effects (r = 0.61), though test-retest stability varies across measures (» = 0.27-0.45) (Querino et al.,
2015; Rodemer et al., 2023; Szulewski et al., 2020). Furthermore, each additional switch competes
for limited cognitive resources, challenging the notion of successful dealing with multiple stimuli
(Monsell, 2003; Toh et al., 2021). Importantly, when auditory stimuli are introduced during task
switching, the additional processing demands may further tax available cognitive resources, resulting
in increased switching costs and slower reaction times, thereby constraining cognitive flexibility.

As discussed earlier, auditory stimuli not only place demands on cognitive resources but also
provide a controlled way to manipulate the processing environment while preserving task-switching
demands, making them ideal for investigating constraints on cognitive flexibility (Kumaradevan et
al., 2020; Mones & Massonnié, 2022; Rodemer et al., 2023). When the noise is irrelevant, or ambient,
it distracts and disrupts the individual performing the task by requiring more inhibition and processing
in working memory (Van Der Heiden et al., 2020; Kumaradevan et al., 2020). Interestingly, according
to Mones and Massonnié (2022), individuals who report lower cognitive flexibility are significantly
more distracted by noisy environments. Conversely, those with high cognitive flexibility may use
moderate noise to "defocus" attention, potentially aiding divergent thinking. Additionally, the tempo
and style of music may facilitate faster processing or slow the responses by affecting the brain circuits
(Fernandez et al., 2019). In other words, while for some people ambient noise can be distracting, for
others it can potentially aid in focus. Furthermore, modulation of cognitive flexibility becomes easier
since researchers can control the type of noise, loudness, and its emotional valence (Giard, 2000;
Rodemer et al., 2023). Diverse noise types such as white (high-frequency broadband), pink/brown
(lower-frequency calming), Lo-Fi music (rhythmic distraction), and speech (semantic interference)
differently tax attentional resources and filtering mechanisms, with the verbal stimuli showing the
strongest dual-task costs due to verbal working memory overlap between the auditory stimulus and

the task (Giard, 2000; Fernandez et al., 2019). In other words, the characteristics of the noise affect
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the switching costs, making it possible to manipulate the environment to assess cognitive flexibility
through the auditory conditions requiring additional cognitive demands. Furthermore, keeping the
audio stimuli neutral and varying their types allows comparison of the influence of competing and
non-competing stimuli on cognitive flexibility (i.e., human speech in the background versus white
noise while performing the verbal Stroop task).

Auditory stimuli alter cognitive demands and arousal, which in turn modulate the efficiency
of cognitive flexibility, particularly in individuals with elevated depressiveness who exhibit reduced
adaptive control. Just like with cognitive flexibility, emotional affect, specifically depression,
constrains cognitive functions through rumination, attention struggles, and compromised interference
regulation (Plass & Kalyuga, 2019; Liu et al., 2024). Liu et al. (2024) reported that depression-prone
individuals to have higher switching costs in switch trial (RT = +100-250 ms) in comparison to
healthy individuals. Furthermore, individuals with depression-prone symptoms based on PHQ-9
exhibited persistently lower cognitive flexibility during task-switching, even when stimuli lacked
emotional valence (Montvidas, 2018; Liu et al., 2024). In other words, task-unrelated rumination,
negative bias, and emotional reactions seem to moderate the relationships between the cognitive
demands and cognitive flexibility. Nevertheless, existing approaches to measure switching costs in
the population prone to depression or with depression struggle to discern whether observed deficits
reflect cognitive flexibility limitations, cognitive demands, or specific to depression cognitive
constraints in tasks like the Stroop paradigm, dual-tasks, and auditory tasks (Plass & Kalyuaga, 2019;
Zekveld et al., 2019; Hohl & Dolcos, 2024). Consequently, this raises the critical question of how to
effectively measure these dynamic processes and disentangle the interactions among depressiveness,

background noise, and cognitive flexibility.

1.3.3 Eye Tracking as a Real-Time Measure of Cognitive Flexibility

In an attempt to address the limitations of self-report questionnaires and behavioral measures
such as the WCST, biological measures captured in real time seem to have potential in the research
of cognitive flexibility. Since cognitive flexibility is the process of “overriding” the automatic
response when the task or rule changes, behavioral measures or questionnaires do not capture the
response before this “override” occurs. Finding a way to look at the initial response and evaluating if
the override was initially successful, corrected, or unsuccessful would bring more insight into how
different internal and external conditions influence cognitive flexibility. One of the ways to look at
the initial response is eye gaze, since it is among the fastest and most automated responses in the
human body before the voluntary response selection takes place (Hohl & Dolcos, 2024; Liu et al.,
2024). In other words, eye tracking offers an opportunity to separate the initial response that cannot

be recorded after the controlled selection occurred, like pressing a button or writing a response.
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Moreover, eye tracking proves particularly sensitive to attentional disruptions under different noise
conditions, revealing cognitive struggles that reaction time alone obscures (Rodemer et al., 2023; Liu
et al.,, 2024). Therefore, by capturing moment-to-moment lapses, eye tracking would show more
accurate data on the participants” responses in different audio conditions that potentially affect their
cognitive flexibility. Furthermore, in individuals with depressiveness, whose emotional state affects
cognitive functions, observation of gaze and pupils gives more accurate information about their
cognitive processing and flexibility (Liu et al., 2024; Giller et al., 2020). Specifically, individuals
with depressiveness show perseverative tendencies during task-switching, such as prolonged fixation
durations (~150-200 ms beyond RT peaks) and increased scanning inefficiency under cognitively
demanding conditions, reflecting impaired disengagement from prior task sets (Siegle et al., 2003;
Giller et al., 2020; Liu et al., 2024). Taking this into account, eye tracking provides an opportunity to
effectively and directly measure the cognitive flexibility and obtain more accurate and precise
information about how it functions in different internal and external conditions.

Interestingly, researchers have already used eye tracking to map cognitive flexibility in task-
switching paradigms. However, they used pro-and antisaccade tasks to do so. When given an
antisaccadic task, it appeared that when the task rule changed, reaction times for task-switch saccades
were consistently longer and more variable than task-repetition trials (RT difference = ~120-180 ms)
(Weiler & Heath, 2012; Egner & Siqi-Liu, 2024). That is, the competition between the directions of
the gaze and the time difference it produces allows us to look at the cognitive function before the
deliberate correction. The same gaze-tracking principle used in antisaccade tasks also works for
Stroop tasks with rule changes. Initial wrong fixations show when people get stuck on the old rule
before switching to the new one (Munoz & Everling, 2004; Weiler & Heath, 2012). Additionally, the
shifting process involves disengagement of an irrelevant task set and subsequent active engagement
of a relevant one, so eye tracking makes this disengagement failure directly visible as an initial gaze
error before correction (Miyake et al., 2000; Weiler & Heath, 2012). Looking at the gaze allows for
more accurate notice when and if mistakes were made, while behavioral measures like pressing a
button show fewer mistakes (Munoz & Everling, 2004; Querino et al., 2015; Liu et al., 2024).
Therefore, making an error in the gaze direction shows task inertia more clearly in comparison to
inferring it from the reaction time. That is because the eye cannot change the movement mid-gaze,
while the motor response can be delayed, allowing for processing that cannot be noticed based on the
reaction time (Monsell, 2003; Schmitz & Kramer, 2023; Egner & Siqi-Liu, 2024). In other words,
eye tracking provides information on how people engage, adapt, and fatigue during the task-switching
paradigms, allowing for a continuous and non-invasive way to record subtleties of cognitive

flexibility across sensory modalities and populations.
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Next, individuals with major depression and prone to depression exhibit impaired cognitive
control, thus lower cognitive flexibility (Liu et al., 2024; Singh et al., 2025). Not only do they show
more perseverative errors in task-switching, but they also have psychomotor slowing that affects
responses in behavioral tasks (Hammar et al., 2022; Liu et al., 2024). In other words, when testing
cognitive flexibility in individuals with depressiveness, there is a chance that the behavioral responses
indicate the emotional state rather than cognitive functioning. Nevertheless, depressiveness affects
systems responsible for both gaze direction and pupil dilation, such as the Locus Coeruleus-
Norepinephrine (LC-NE) system, which might still affect the performance of these individuals in
task-switching (Murphy et al., 2011; Querino et al., 2015). While researchers mostly describe the
differences between pupil dilation in depressed individuals and their healthy counterparts,
dysregulation of the LC-NE system might lead to erratic eye movements (Zekveld et al., 2019; Giller
et al., 2020). Therefore, such eye movements and consequent mistakes could be attributed to
depressiveness affecting various brain systems and not necessarily lower cognitive flexibility on its
own. Despite such potential variability in depression, eye tracking still shows cognitive flexibility
functioning more broadly by revealing the perseverations, fixations, or mistakes before the correct
button presses (Liu et al., 2024; Giller et al., 2020). Therefore, while reaction time in individuals with
depressiveness may be slower due to the emotional affect, eye tracking provides a more direct and
broad measure of their cognitive flexibility.

Further, when it comes to auditory conditions as one of the sensory modalities to manipulate,
research mostly describes pupil dilation. Pupil dilation captures the effects of various auditory
conditions (i.e., loudness, level of disruption, presence of lyrics, emotional valence, and congruency
with the task) on cognitive performance (Giard, 2000; Querino et al., 2015; Yakura et al., 2022). The
pupilary response here demonstrates the effort individuals make to process the task with the working
memory and attention being depleted by the sounds and noises around (Van Der Heiden et al., 2020;
Magliacano et al., 2020). Different researchers present varying findings regarding these effects. Some
report the negative effects of audio stimuli on cognitive performance, while others report how
background noise and music help to perform better (Kumaradevan et al., 2020; Yakura et al., 2022).
However, the cognitive resources needed do not only depend on the type of sound or attitude towards
it. Another important component is audio’s congruency with the other information present. If the
processing of the different modalities of information does not interfere with one another (e.g., music
without lyrics and reading of the text), then individuals use their cognitive resources more effectively
(Sweller et al., 1998; Lachter et al., 2004; Capri et al., 2019). Additionally, Van der Heiden et al.
(2020) reported that when people are already thinking hard without additional distractions, they
become less distracted by background sounds, meaning that mental effort and auditory processing

compete for the same limited brain resources. Nevertheless, eye tracking could potentially capture
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other processes when the auditory condition is not the only stimulus present. Zekveld et al. (2018)
described that when people do a memory task at the same time as listening to speech, the memory
demands completely override how sounds affect pupil dilation. This suggests pupil size reflects the
total cognitive effort from all tasks combined, not just one process in isolation. It is logical to concur
that if the task has many variables, including audio condition, eye tracking will explain multiple
processes as a general effort rather than just cognitive flexibility, for example. Taking all these things
into account, eye tracking makes a more direct and broad analysis of cognitive flexibility possible
even in auditory conditions where pupillometry data dominates and findings based on that conflict.
While pupil dilation integrates total cognitive effort across task demands, gaze patterns reveal the
specific mechanism of perseverative fixations versus successful set-shifting despite direct gaze
studies being limited (Querino et al., 2015; Zekveld et al., 2018). More specifically, when the
population tested for cognitive flexibility is individuals with depressiveness, eye tracking could
directly capture perseverations in responses under the auditory condition interference (Liu et al.,
2024; Giller et al., 2020). Altogether, while eye tracking has not been used to assess cognitive
flexibility in individuals with depressiveness in various auditory conditions, it has the potential to
capture the subtleties of this cognitive process more directly than alternative techniques.
Notwithstanding the advantages of eye tracking, the task complexity, fatigue, lighting
differences, and individual differences need to be considered when interpreting cognitive flexibility
measures reliably (Querino et al., 2015; Zekveld et al., 2018). Van Der Heiden et al. (2020) suggested
that high-load paradigms have competing cognitive demands that result in struggles discerning
whether one or multiple cognitive processes are being observed and recorded. These limitations are
particularly acute in prolonged task-switching paradigms under auditory interference. Additionally,
fatigue might become one of the limitations (Querino et al., 2015; Magliacano et al., 2020). Since
fatigue leads to cognitive resource depletion and a decline in sustained attention, the continuous
measure, like eye tracking, needs to take its influence on the performance into account. Not only
fatigue, but also environmental and manipulated auditory conditions might influence the reliability
of the data gathered from eye tracking when measuring cognitive flexibility. To ensure the reliability,
controlled lighting conditions, task-specific auditory manipulations (noise vs. silence vs. music
conditions), and other metrics could be used to triangulate findings (Querino et al., 2015; Zekveld et
al., 2018). These methodological challenges underscore the need for integrated multi-measure
approaches that control for confounds while capturing real-time cognitive dynamics. The current
study addresses this gap by combining eye tracking and RT within a controlled auditory Stroop-
switching paradigm, systematically testing how the depressiveness level, according to the PHQ-9

scores, moderates cognitive flexibility under ecologically valid sound conditions.
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1.4 Aim and Objectives

Aim: to examine how audio stimuli affect cognitive flexibility in adults with varying levels of
depressiveness using eye-tracking as an objective measure of cognitive flexibility.
Objectives:

1. To identify auditory conditions that pose high cognitive demands when unrelated to the task
using eye tracking data and cognitive flexibility measures during rule-switching trials.

2. To assess the direct relationship between depressiveness levels and cognitive flexibility
performance in adults using cognitive flexibility measures across varying auditory conditions.

3. To explore whether the levels of depressiveness in adults moderate the relationship between
the specific audio conditions and cognitive flexibility measures using eye-tracking.
Hypothesis:
H1: Cognitive flexibility measured by Reaction Times, Mistakes, and Error-Corrections will differ
significantly across the audio conditions during rule-switching, reflecting the cognitive demands of
the irrelevant stimuli constraining cognitive resources.
H2: Adults with higher levels of depressiveness will have worse cognitive flexibility performance
(i.e., slower RTs, more mistakes, fewer error corrections) during rule-switching trials.
H3: Depressiveness levels will moderate the relationship between the audio conditions and cognitive
flexibility performance, so the adults with higher levels of depresisveness will have worse

performance under high auditory interference conditions.
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2. Study Methods

2.1. Study Process

The experimental within-subject repeated-measure design study was conducted in person at
the Lithuanian University of Health Sciences (LSMU), Department of Health Psychology at the
audio-visual laboratory. The language of the study was Lithuanian. The study instruments and
questionnaires were discussed and prepared by a group of Clinical Health Psychology Mater's
students and the supervisor. The main study instrument included the computer task that was created
collectively with students and the supervisor using Generative Artificial Intelligence tools, Python
coding, and PsychoPy v2025.2.4 software, which is a Python-based experimental software with free
access. The computer task included three parts: a modified Stroop-based task, an anti-saccade task,
and a ping-pong task. The choice of questionnaires depended on the topic of each study. For this
study, the demographic information about participants' gender and age, and the answers to the Patient
Health Questionnaire (PHQ-9) were collected. The PHQ-9 is a questionnaire with free access. For
physiological measures, pupil dilation and eye movement were recorded using Tobii Pro Lab software
version 1.207.44884 and the laboratory computer with Windows 11. To collect the answers about
the demographic information and questionnaire responses, a Google Form was created. A request for
Bioethics approval was sent to the LSMU bioethics committee, and the approval was granted on
September 23, 2025 (Nr. 2025 — BEC3-T-067) (Appendix A). In November 2025, the experimental
computer task was tested on a test participant and confirmed to be ready for the data collection.
Shortly after, no significant changes were made to the questionnaire or the experiment, and the study
proceeded as intended.

Once the approval was granted and the instruments were ready, the recruitment of participants
began. The participants were recruited collectively using convenience and snowball sampling
methods. The invitations were conducted in person or via a social media platform. The inclusion
criteria were provided: Lithuanian adults 18 years old and older who were willing to voluntarily
participate in the study after signing the informed consent form, able to understand the instructions,
and perform laboratory tasks. The exclusion criteria included: observable executive function or
cognitive impairments that would interfere with task performance, which were assessed during a pre-
study interview based on the ability to fill out the Google Form and answer the questions. No
vulnerable populations were engaged in the study.

Once recruited, all the participants arrived in person to complete the experiement. Since the
data collection included different researchers, to ensure equal conditions for all the participants, the
same procedure protocol was used by each student conducting the study (Appendix B). Each

participant received their participation number to ensure anonymity. First, the participants were
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instructed about the nature of the study and presented with the informed consent (Appendix C). The
informed consent included a brief study description and purpose, participants™ rights, and the ability
to participate voluntarily or withdraw from the participation without penalty. The contact information
of the supervisor and the students conducting the study was included. Further, the participants were
instructed to complete the experiment task. Each participant sat in front of the computer and Tobii
equipment approximately 65 cm away. The participant completed a training block of the experiment.
Once ready, the participants completed six blocks of the experiment tasks while the researcher
changed the background noise for each block. The sequence of the noise for each participant was
randomized for counterbalancing (Appendix D, E). After the completion of the tasks, participants
were followed up about their state and given an information slip with the contact information of the
students and supervisor conducting the study in case they had further questions, referrals to other
participants, or wished to withdraw the information they provided.

After the data was collected between 2025-11-14 and 2026-03-09, data analysis was
performed using IBM SPSS Statistics version 30.0.0.0, JASP version 0.96.0, and Microsoft Excel
Spreadsheet. The measurements for this study included the cognitive flexibility measures (i.e., RT,
Mistakes, Error Corrections) based on the pressing of the key and gaze direction. The raw scores were

used to derive the variables suitable for statistical analysis.

2.2. Research Materials and Participants

2.1.1. Participants
The participants included 24 males and 35 females, with one participant not specifying their
gender. All the participants were between the ages of 18 and 49 years old (M = 24.2, SD = 4.8). All
of the participants are currently working or studying in Lithuania and are Lithuanians. No participants
reported a hearing disability that would affect their participation ability. One participant reported an
eyesight disability that could have potentially affected their performance in the task. The participant
was included in the study and data analysis since no visible problems in task performance were

identified.

2.1.2. Materials
All the materials were presented in Lithuanian. For further analysis, the answers were
translated into English.
To begin with, the demographic questionnaire was created and used to collect the data about
the participants (Appendix F). The questionnaire was a self-report compiled in Lithuanian. The

questionnaires included questions about the participation code, age, gender, education level,
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profession or field of study, marital status, place of living, and questions about hearing or eyesight
disability. The questions included either multiple-choice or small paragraphs as options for answers.

Secondly, the PHQ-9 questionnaire was used to assess the levels of depressiveness in the
sample. This questionnaire consists of nine items that measure the presence of depressiveness and its
severity in the past two weeks, as well as for the diagnosis of depression in a clinical setting
specifically (Montvidas, 2018; Pranckeviciene et al., 2022). For the purpose of this study, PHQ-9 was
used to determine the presence of some level of depressiveness, not as a diagnostic tool for
depression. The questionnaire is a self-report. The answers include a 4-point Likert scale that includes
such options as “not at all”, “several days”, “more than half the days”, and “nearly every day”. A total
score ranges from 0 to 27 points. The validation of the questionnaire on the Lithuanian sample showed
strong consistency (Cronbach's alpha 0.86) (Pranckeviciene et al., 2020). Additionally, a cut-off score
>10 gives a good prediction of the risk for mood disorder, based on Montvidas (2018) reporting good
diagnostic accuracy (Se = 0.80, Sp = 0.92) and Pranckeviciene et al. (2022) reporting high sensitivity
and specificity as well (Se = 0.71, Sp = 0.66). Therefore, the questionnaire was considered suitable
for this study.

Further, the computer-based experimental task was created and used to assess participants’
cognitive flexibility measures. The task consisted of three parts that repeated in six separate blocks
with a different audio condition. Rule descriptions and visual examples were presented before each
task. The participants used the keyboard and a mouse to complete the tasks. The tasks measured
different cognitive abilities of participants, and for this thesis, specifically, the focus was on the
modified Stroop task, where participants’ responses and gaze direction were recorded. Since
cognitive flexibility is expressed in the ability to adapt to changing tasks and is sensitive to attentional
inertia and interference, the Stroop paradigm was a suitable way to collect the data about RT,
mistakes, and error corrections (Monsell, 2003; Diamond, 2012). Furthermore, the switching of the
rule in the present task allowed for recording the reaction time, which represented the cognitive effort
that was required to readjust to the relevant rule while disengaging from the old one in the conditions
of different interference (i.e., different audio conditions) (Hsieh & Lin, 2019; Egner & Siqi-Liu,
2024). Furthermore, by tracking eye movement, the conditions of the Stroop paradigm allowed for
noticing the initial mistakes and possible subsequent error corrections that showed the ability to
suppress automated responses before the correction of the gaze (Li et al., 2022; Hohl & Dolcos, 2024).
In other words, the condition of the tasks allowed for recording the standard indicators of cognitive
flexibility, such as RT, mistakes, and error corrections, more ecologically and accurately.

More specifically, the task included one practice block with ten trials for the modified Stroop
task, and then each of six experiement blocks included 40 correct trials (Appendix G). In other words,

the participant needed to respond at least 40 times correctly for the program to switch to another task
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in the block. The task included 4 colours and colour names (i. e., red, green, yellow, and blue)
presented in Lithuanian, RGB format in PsychoPy scale —1 to +1. On the grey background, the
participants could see the rule of the task (i. e., “word” or “colour”) on the left side of the screen and
the words written in one of the four inks (i. e., “red”, “green”, “yellow”, “blue”), font size 80 pixels.
50% of the trials included a congruent stimulus, meaning word meaning matches font colour, and
50% of the trials were incongruent, respectively. In 10% of the trials, the rule “STOP” appeared,
which meant that the participants did not need to press any key and focus their eyes on the rule. The
duration of each trial was 3.5 seconds. During the task, the participant was instructed to read the rule,
switch attention to the word on the right side of the screen, look at the correct responses up or down,
and then press the key with the correct response. After each rule task, the participants were presented
with the question, “Was the previous trial congruent or incongruent?” and instructed to press the
keyboard key accordingly. Every time the participant received feedback on whether their response
was correct or not. The feedback window was visible for 1.1 seconds. The change of the rule and the
change of the colour allowed for testing cognitive flexibility. Since each block was performed under
different noise conditions, it created various cognitive loads together with the rule changing.
Following the Stroop task, the block included antisaccade and ping-pong tasks. The tasks were
included as part of the collective research, but the measurements from the tasks were not included in
this thesis. Overall, each block took around eight minutes to complete. During each block, a different
audio condition was used (Table 1). The loudness of the audio conditions was adapted to a moderate
intensity range using a phone sound level meter. First, the chosen loudness levels ecologically
modulate the real-life conditions of the background noises (De La Mora Velasco & Hirumi, 2020).
Secondly, to create an environment with different interference, high and low interference audio
conditions were used. The people’s conversation condition is high interference and was thought to
potentially create the most distractions compared to other non-verbal conditions (Mones &
Massonnié, 2022). Lo-Fi music is reported to be used as a background sound to sustain attention and
focus, being a pleasant instrumental music (Cheah et al., 2022). The other types of ambient noise,
such as white, pink, and brown noises, have varying frequencies that potentially affect focus
differently (Mones & Massonnié, 2022).
Table 1. Audio Conditions Used in the Experimental Task

Audio Condition Type Loudness, dB
White Noise AVG Max 65
People’s Conversations AVG Max 79

Lo-Fi AVG Max 75

Pink Noise AVG Max 66
Brown Noise AVG Max 67

Quiet No audio No audio

dB — decibel.
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During the experiement, the data for each participant was recorded automatically in the output
Excel Spreadsheet. The output included participants' code, each block number and output, trial type,
RT, stimulus identity, and font colour. The eye tracking data was recorded as a video file under the
participant’s code. Further, the raw data was analysed collectively. For each participant, the video
with the eye tracking was rewatched, and the eye gaze direction, mistakes, and error corrections were
marked in the same Excel spreadsheet. Before proceeding with the data analysis, the measurements
required for this study were excluded: participant’s code number, trial type, RT, eye gaze directions,

mistakes, and error corrections.

2.1.3. Data Analysis

The data was prepared for the statistical analysis using an Excel Spreadsheet and Pivot tables
to derive the values for cognitive flexibility measures. The prepared data was converted into CSV
format and analyzed using IBM SPSS Statistics version 30.0.0.0 and JASP version 0.96.0. To report
the demographic data, univariate descriptive analysis was performed. The outlier labeling rule was
used to assess the univariate outliers identified by SPSS (Hoaglin et al., 1986). Reliability analysis
was performed to determine the consistency level of PHQ-9 responses in the sample. G*Power
software was used to perform a post hoc power analysis. To examine whether there were any
differences between the genders in depressiveness levels and cognitive flexibility measures, a series
of independent sample t-tests was performed. Next, a series of bivariate correlations was performed
to examine if there were any differences between age in depressiveness levels and cognitive flexibility
measures. Further, a series of 6 x 2 repeated measures ANCOV As was performed to examine whether
cognitive flexibility differed significantly in adults with depressiveness across the six auditory
conditions. Within-subject factors included the six audio conditions and rule switching, and PHQ-9
total scores were included as a covariate to represent the levels of depressiveness in the participants.
Lastly, to test whether depressiveness moderated cognitive flexibility under various auditory
conditions, a moderation analysis through linear regression with the interaction terms was performed.
It included a series of hierarchical regressions with bootstrapping (5000 sample BCa) for all the
cognitive flexibility measures using centered means. The total PHQ-9 score was used as an interaction

term.
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3. Results

3.1. Preliminary Analyses and Data Validation

3.1.1. PHQ-9 Consistency
The PHQ-9 questionnaire was used to assess the levels of depressiveness reliability analysis
showed strong internal consistency for the overall PHQ-9 scale (« = .82). SPSS identified two
univariate outliers in the data. These outliers were checked by the outlier labeling rule and included
in the further data analysis (Appendix H). Although the value of Shapiro-Wilk was significant (p <
.001), according to skewness (1.191) and kurtosis (1.407) data were normally distributed following
George & Mallery (2010).

3.1.2. Power Analysis

A post hoc power analysis was conducted using G*Power software to evaluate the power of
all statistical tests performed in this study. For the t-test, the power was sufficient for analysing
differences in depressiveness across genders (1 - # = .80), but the power was insufficient for
analysing subtle differences in cognitive flexibility measures with the current sample size, suggesting
that the results should be interpreted with caution (Appendix I). Further, for the correlations analysis,
the current sample size also had insufficient power to detect small correlation effects between
variables (Appendix I). Next, for the repeated measures ANCOVA, the current sample size was
sufficient for all the analyses, except for the analyses of RT for Audio*Switching*Depressiveness (1
- B =.66), suggesting lower power (Appendix I). Lastly, for the moderation analyses, the power was
sufficient to detect moderate or high moderation effects for all the models (Appendix I). Overall, the
sample size had sufficient power for ANCOVA and moderation analyses, but not sufficient power to

detect small effects of gender and age differences.

3.1.3. t-tests Data Validation

Initially, 35 males and 24 females were included in the analysis. One participant was excluded
from the analysis since the gender was marked as “other”. One significant outlier was identified and
removed from further analysis of RT as assessed by boxplots and the outlier labeling rule (Appendix
J). The data was normally distributed for all variables except for the Mistakes means in males group,
as assessed by Shapiro-Wilk's test of normality (Appendix K). However, according to skewness
(.276) and kurtosis (.135) being between -1 and 1, the data was considered to be normally distributed.
The homogeneity of variances was assumed for all variables except for the depressiveness (¥ =4.287,
p =.043), as assessed by Levene's test for equality of variances (Appendix L). Therefore, the Welch-

Satterthwaite correction was applied for depressiveness.
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3.1.4. Correlations Data Validation

Initially, 59 participants were included in the analysis of RT, and 60 participants were
included in the analysis of Mistakes and Error Corrections based on the previous data screening. The
data for PHQ-9 was assessed and described earlier. Three significant outliers in the variable Age were
identified and removed from the analysis as assessed by boxplots and the outlier labeling rule
(Appendix F). Further, 56 participants for RT and 57 participants for Mistakes and Error Corrections
were included into analysis. The data was normally distributed for all variables except for the Age,
as assessed by Shapiro-Wilk's test of normality (Appendix G). However, according to skewness
(.285) and kurtosis (-.415) being between -1 and 1, the data was considered to be normally distributed.
The assumptions of linearity and homoscedasticity were assumed as assessed by scatterplots

(Appendix H).

3.1.5. Repeated Measures ANCOVA Data Validation

Initially, 60 participants were included in the analysis. One significant outlier was identified
and removed from the data for Mistakes and Error Corrections as assessed by boxplots and the outlier
labeling rule (Appendix P). The data was normally distributed for all variables except for some
conditions, as assessed by Shapiro-Wilk's test of normality (Appendix Q). However, according to
skewness being between -2 and 2, the data was considered to be normally distributed (Appendix KR).
The assumption of sphericity was assessed by Mauchly's test of sphericity and met for all the
interactions except for Audio in RT (p < .001) (Table 2). The greenhouse-Geisser correction was
applied for to adjust the degrees of freedom for Audio in RT (¢ =.786). The assumption of sphericity
for switching is missing because sphericity includes only two variables.

Table 2. Mauchly's Test of Sphericity for Cognitive Flexibility Measures

Within-Subject Effect RT Mistakes Error Correction
Audio <.001 451 335

Switching . . .

Audio x Switching .584 118 .876

Significance level: *p < .05

The assumption of homogeneity of regression slopes was assessed between the covariate (i.e.,
depressiveness) and withing-subject factors (i.e., audio and switching) and met for all the conditions
except for Audio*Depression in Error Corrections (Table 3). This suggests that depressiveness
potentially affects Error Correction differently for all the participants in different Auditory
Conditions. While the statistical significance in this relationship refers to potential findings in the

data, the results have to be interpreted with caution.
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Table 3. Homogeneity of Slopes for Rt, Mistakes, and Error Correction

Dependent Variable Interaction Source df F )4

RT Audio X Depression 3.932 1.883 115
Switching X Depression 1 2.922 .093

Mistake Rate Audio X Depression 5 2.375 .039*
Switching X Depression 1 125 725

Error Correction Audio X Depression 5 4.360 <.001
Switching X Depression 1 .032 .860

Ngr= 60, Nyistakes= 59, Ngrrcorr= 59. Significance level: *p < .05.

3.1.6. Moderation Data Validation
Initially, 60 participants were included in the analysis based on the previous data screening.
The data for PHQ-9, and means for RT, Mistakes, and Error Corrections were assessed and described
earlier. Residual means were created to compare the audio conditions with depression potentially
moderating the relationships. Significant univariate outliers were identified and excluded from the
data (i.e., RT — one outlier, Mistakes — 3 outliers, and Error Corrections — one) as assessed by boxplots
and outlier labeling rule (Appendix S). The data was normally distributed for all variables except for
some conditions, as assessed by Shapiro-Wilk's test of normality (Appendix T). However, according
to skewness being between -2 and 2, all the data was considered to be normally distributed (Appendix
U). There was one multivariate outlier in the Mistakes variable, as assessed by Cook’s distances being
> 1 (Participant 39, Cook's distance = 1.048), that was excluded from the analysis. To meet the
assumptions of data suitability, the means in the moderation were centered. Independence of residuals
was assessed since the means were centered and confirmed for 18 models as assessed by Durbin-
Watson, even though they were ranging between .934 and 2.316, suggesting that the results should
be interpreted with caution (Appendix V). There was no multicollinearity in the data as assessed by
VIF being < 4 (Appendix V). The assumption of homoscedasticity of residuals was met for all 18

models as assessed by the residual vs. predicted plots (Appendix V).

3.1.7. Gender and Depressiveness Levels
An independent-samples t-test was used to determine if there were differences in depressiveness
levels between males (n = 23) and females (n = 35). The data was assessed prior to the analysis as
described earlier. The depressiveness levels were higher in females (M = 8.49, SD = 4.73) than in
males (M = 5.83, SD = 2.86). This was indicated by a medium effect size and a significant difference
between groups, #56) =2.67, p =.010, d = .65.
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Figure 2. Comparison of Mean Scores of PHQ-9 by Gender.
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3.1.8. Gender and Cognitive Flexibility Measures
An independent-samples t-test was analyzed to determine if there were differences in cognitive
flexibility measures between males (n = 23) and females (n = 35). The data was assessed prior to the
analysis as described earlier. There was a significant difference with a medium effect size between
males and females in RT, ¢ (56) = 2.12, p =.039, d = .57 (Figure 3).

Figure 3. RT Differences between Males and Females.
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Although females had slower RT, they made fewer mistakes and had fewer error corrections than

males (Table 4). This suggests that females prioritized accuracy over speed in the task.
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Table 4. Independent Sample t-test for RT, Mistakes, and Error Corrections between Males and

Females
Variable M(SD) M(SD) t df D 95% CI Cohen's d
Females Males Lower Upper
RTs 1840(226) 1722(180) 2.12 56 .039* 6.50 231.37 .57
Mistakes 0.21(0.07)  0.23(0.07) -1.35 57 182 -.06 .01 -36
Error 0.15(0.06) 0.17(0.07) -.98 57 334 -.05 .02 -26
Corrections

Npr= 58, Nyistakes= 59, Ngrrcorr= 59. Significance level: *p < .05

3.1.9. Cognitive Flexibility Measures and Age

A serires of Pearson correlations were used to assess the relationship between participants’

age and cognitive flexibility measures. Overall, a significant correlation was identified between age

and RT, » = -.283, p = .035, 95% CI [-.50, -.123] (Figure 4). It suggests that older participants

responded faster than younger people. However, there are no significant relationships between age

and Mistakes or Error Corrections measures in this sample (Table 5).

Table 5. Relationship between Age and Cognitive Flexibility Measures

Pearson 95% Confidence Intervals (2-tailed)
Correlations Correlation Sig. (2-tailed) Lower Upper
Age - RTs_mean -.283 .035% -.580 -.123
Age - Mistakes_mean -.066 .627 -.324 200
Age - ErrCorr_mean -.062 .650 -.320 .198

NRT= 5& NMistakes= 59: NErrCorr= 59. *p <.05
Figure 4. Correlation between the Age and RTs in the sample.
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3.1.10. Cognitive Flexibility Measures and Depressiveness
A series of Pearson correlations was conducted to explore the relationship between
depressiveness and cognitive flexibility measures. Overall, no significant relationships between
depressiveness levels and cognitive flexibility measures were identified, with high p-values
suggesting the results were highly due to chance (Table 6).

Table 6. Relationship between Depressiveness Levels and Cognitive Flexibility Measures

Pearson 95% CI
Correlations Correlation Sig. (2-tailed) Lower Upper
PHQY9Total - RTs mean -.069 .614 -.326 198
PHQY9Total - Mistakes_mean -.088 521 -.343 179
PHQ9Total - ErrCorr_mean -.033 .808 -.294 232

Ngr= 58, Nyistakes= 59> Ngrrcorr=959. *p <.05. RT — reaction time in ms.

3.2. Effects Of Audio Conditions on Adults with Varying Levels of
Depressiveness

The first objective was to identify auditory conditions that pose high cognitive demands when
unrelated to the task, using eye tracking data and cognitive flexibility measures during rule-switching
trials. Consequently, the first hypothesis was that cognitive flexibility measured by Reaction Times,
Mistakes, and Error-Corrections will differ significantly across the audio conditions during rule-
switching, reflecting the cognitive demands of the irrelevant stimuli constraining cognitive
resources. Also, the second objective was to assess the direct relationship between depressiveness
levels and cognitive flexibility performance in adults using cognitive flexibility measures across
varying auditory conditions. Therefore, the second hypothesis was that adults with higher levels of
depressiveness would have worse cognitive flexibility performance (i.e., slower RTs, more mistakes,
fewer error corrections) during rule-switching trials.

To address the first two objectives and hypotheses, a series of repeated-measure ANCOVAs
was conducted. Within-subject factors included the six audio conditions and rule switching, and PHQ-
9 total scores were included as a covariate to represent the levels of depressiveness in the participants.
Separate ANCOV As were conducted for each dependent variable, including RT, Mistakes, and Error
Corrections.

Overall, the participants answered the fastest in Audio Condition 1 (i.e., quiet) when the rule
was changing (M = 1767, SD = 243) and made the fewest mistakes in Audio Condition 2 (i.e., white
noise) when the rule was not changing (M = .194, SD. = .08). It suggests that these conditions caused
the least interference for cognitive resources The slowest RT was observed in Audio Condition 5 (i.e.,
people’s conversations) during rule-switching trials (M = 1851, SD = 315) and had the least amount
of Error Corrections (M = .134, SD = .122), suggesting the highest interference during this condition.

On the whole, participants made approximately similar amount of the same number of mistakes across
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the conditions, but had fewer error corrections, suggesting that either they did not notice the mistakes

or the correction was too demanding cognitively (Table 7).

Table 7. Cognitive Flexibility Performance Across Different Audio Conditions

Condition Trial RT, M(SD) Mistakes, M(SD) Error Corrections,
M(SD)
1 Stay 1767(243) .213(.09) .161(.063)
Switch 1751(243) .244(.14) .184(.144)
2 Stay 1800(279) .194(.08) .153(.086)
Switch 1834(249) .254(.17) 181(.132)
3 Stay 1787(253) .202(.09) .147(.082)
Switch 1777(291) .216(.16) .166(153)
4 Stay 1780(277) .300(.09) .154(.094)
Switch 1804(294) .208(.15) .164(.138)
5 Stay 1831(297) .201(.09) .139(.079)
Switch 1851(315) .209(.15) 134(.122)
6 Stay 1762(257) .198(.09) .154(.081)
Switch 1800(303) .238(.18) .191(.164)

Note: Npr= 59, Nyistakes= 60, Ngrrcorr= 60

Figure 5. Reaction Times across the Audio Conditions
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Figure 6. Mistakes across the Audio Conditions.
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To begin with, the relationship between Switching and RT was significant, F(1, 57) = 5.283,
p =.025, n?=.085, suggesting that the participants were slower when the rule was changing, and the
experiement measured what it intended to measure. Audio Conditions significantly impacted the
speed of responses, F(3.932, 224.097) = 2.813, p = .027, n? = .047. However, Audio*Switching
interaction was not significant, suggesting that different audio conditions did not impact the switching
costs (Table 8). While depressiveness did not seem to have a significant impact on RT, the trend
towards significance was observed in the Depressiveness*Switching interaction (Table 8, Figure 8).
It suggests that depressiveness might potentially influence RT during switching trials.

Table 8. Cognitive Flexibility in Different Audio Conditions in Individuals with Depressiveness for

RT
Analysis Source F p df n’
Withing-Subject Audio 2.813 .027* 3.932,224.097 .047
Switching 5.283 .025% 1,57 .085
Audio x Switching 1.524 .188 4.570 .026
Covariate Interactions Audio x Depressiveness 1.883 115 3.932 .032
Switching x Depressiveness 2.922 .093 1 .049
Audio x Switching x 877 490 4.570 .015
Depressiveness
Between-subjects Depressiveness (Main Effect) 402 .529 1,57 .007
N=59. *p<.05

Figure 8. RT during Switching Based on the Level of Depressiveness
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Furthermore, it seems like certain sounds caused more errors than others since the amount of
Mistakes the participants made in the task was significant, F(5, 285) = 2.480, p = .032, 2= .042, but

post-hoc Bonferroni-corrected comparisons revealed no individual auditory conditions significantly
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different from the performance in silence (Appendix W). Additionally, Switching was not significant,
suggesting that the participants did not necessarily make more mistakes in rule-switching trials, even
though they were slower in responses (Table 9). It seems that participants with higher depresisveness
levels made slightly fewer mistakes during switching trials (Figure 9). Furthermore, depressiveness
seemed to affect the number of mistakes made across different audio conditions overall, F(5) =2.375,
p =.039, 7 =.040, but not necessarily during the during rule-switching (Table 9).

Table 9. Cognitive Flexibility in Different Audio Conditions in Individuals with Depressiveness for

Mistakes

Analysis Source F p df n’

Withing-Subject Audio 2.480 .032* 5,285 .042
Switching 2.316 134 1,58 .039
Audio x Switching 1.371 335 5 .023

Covariate Interactions Audio x Depressiveness 2.375 .039* 5 .040
Switching x Depressiveness 125 725 1 .002
Audio x Switching x 1.570 .169 5 .027
Depressiveness

Between-subjects Depressiveness (Main Effect) 1.056 .309 1, 58 .018

N=60.*p < .05,

Figure 9. Mistakes during Switching Based on the Level of Depressiveness
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Lastly, Error Corrections were significant in different audio conditions, F(5, 285) =5.112, p
<.001, n2=.082, and in the Audio*Depressiveness interaction, F(5) =4.360, p <.001, n?=.071. This
interaction violated the homogeneity of regression slopes, suggesting that the varying levels of
depresisveness moderate the impact of auditory conditions on error correction. Specifically, post-hoc

comparisons for the whole sample showed that Error Correction was significantly higher in Audio
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Condition 5 (i.e., people’s conversations), p = .035, while all the other conditions were not
significantly different from silence (Appendix L). However, the condition of rule switching itself did
not seem to affect the number of error corrections and stayed similar across the different
depressiveness levels (Figure 10). It suggests that not only did people potentially have differences in
error corrections based on the audio conditions, but also that different audio conditions might have
affected how people correct their mistakes based on their depressiveness levels that impact their
cognitive control.

Table 10. Cognitive Flexibility in Different Audio Conditions in Individuals with Depressiveness for

Error Corrections

Analysis Source F p df n’

Withing-Subject Audio 5.112 <.001* 5,285 .082
Switching .856 359 1,58 .015
Audio x Switching 1.919 .091 5 .033

Covariate Interactions Audio x Depressiveness 4.360 <.001* 5 071
Switching x Depressiveness .032 .860 1 .001
Audio x Switching x 2.055 .075 5 .035
Depressiveness

Between-subjects Depressiveness (Main Effect) .67 .796 1, 58 .001

N=60.*p < .05,

Figure 10. Error Corrections during Switching Based on the Level of Depressiveness
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Overall, the audio conditions with low and high interference were identified. Audio Condition 1
(quiet) and Audio Condition 2 (white noise) appeared to interfere the least with the task performance.
This was supported by the findings in the ANCOVA showing that the RT differed significantly
throughout the audio conditions. Additionally, the rule-switching had a significant effect on the
performance, more specifically RT, suggesting that the test measured cognitive flexibility. While

there was a trend towards significance suggesting that potentially cognitive flexibility in adults with
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varying depressiveness levels could differ across the audio conditions during rule switching, the first
hypothesis was not supported.

Furthermore, the depressiveness seemed to only significantly affect the number of mistakes and
error corrections the participants made across the different audio conditions. Nevertheless, since the
depressiveness did not seem to affect the performance during the rule-switching across the different

audio conditions, the second hypothesis was also not supported.

3.3. Depressiveness as a Moderator Between Audio Conditions and Cognitive
Flexibility

The third objective was to explore whether the levels of depressiveness in adults moderate the
relationship between the specific audio conditions and cognitive flexibility measures using eye-
tracking. Consequently, the third hypothesis was that depressiveness levels will moderate the
relationship between the audio conditions and cognitive flexibility performance, so the adults with
higher levels of depressiveness will have worse performance under high auditory interference
conditions.

To address the third objective and hypothesis, a series of moderation analyses was performed
through linear regression with the interaction terms. A series of hierarchical regressions with
bootstrapping (5000 samples, BCa) were performed to examine whether depressiveness levels
moderated the relationship between Audio Conditions and cognitive flexibility measurements. All
the models were significant (Appendix X). Only two interactions were significant (Table 11).
Depressiveness significantly moderated the relationship between mistake rates in Audio Condition 1
(quiet) and mistakes overall, f = .079, p = .022, 95% CI [.010, .132] (Figure 9). In other words,
participants with higher depressiveness levels made more mistakes in the task. Additionally,
depressiveness significantly moderated the relationship between the error corrections in Audio
Condition 5 (People’s conversations) and error corrections overall, f =.630, p <.001, 95% CI [.296,
.916] (Figure 11). It suggests that participants with higher levels of depressiveness made more error
corrections in that audio condition. While these moderation models were significant, since the
assumption of the independence of errors was not completely met in the sample, the findings have to
be reported with caution and could potentially be just due to chance. Additionally, while the
relationship between depressiveness and error corrections in the Audio Condition 5 was significant,

there is a weak interaction resulting in parallel lines on the graph.
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Table 11. Moderation Analysys

Model X Y Interaction (PHQ-9 Total * Mean)
B D SE 95% CI
Lowe Uppe
r r
7 Mistakes mean ACl1 10.686 <.001* .079 .022*% 030 .010 132
_excl AC1
17 ErCor mean ex ACS5 .630 < 157 296 916
cl ACS .001*

*p < .05 — significant.

Overall, the findings only partially support the third hypothesis. The adults with higher levels

of depressiveness seem to make more mistakes in one of the audio conditions (Figure 10). However,

they also seem to have a higher rate of error corrections in another audio condition (Figure 12). The

additional inspection of the direction of relationships between the audio condition and cognitive

flexibility measurements moderated by depressiveness revealed a random pattern of positive and

negative direction that did not suggest any trend towards depressiveness significantly moderating the

performance (Appendix X). So overall, it does not seem like the depression levels moderate the

cognitive flexibility in various audio conditions, especially because the present findings could be

highly due to chance.

Figure 11. Moderating Effect of Depressiveness on Mistakes in Audio Condition 1.
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Figure 12. Moderating Effect of Depressiveness on Error Corrections in Audio Condition 5.
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4. Discussion

This thesis aimed to investigate how audio stimuli affect cognitive flexibility in adults with
varying levels of depressiveness using eye-tracking as an objective measure of cognitive flexibility.
For the first obvjective, I sought to identify the auditory conditions that pose high cognitive demands
when unrelated to the task using cognitive flexibility measures and eye-tracking data during rule-
switching trials. For the second objective, I sought to assess the direct relationship between
depressiveness levels and cognitive flexibility performance in adults, also using cognitive flexibility
measures across varying audio conditions. For the third hypothesis, I sought to explore whether the
levels of depressiveness in adults moderate the relationship between the specific audio conditions and
cognitive flexibility measures using eye-tracking. The study aimed to investigate three hypotheses,
explain the findings with the existing literature or due to limitations, and provide recommendations
and conclusions.

For the first hypothesis, I supposed that cognitive flexibility measured by RT, mistakes, and error
corrections would differ significantly across the audio conditions during rule-switching, reflecting
the cognitive demands of the irrelevant stimuli constraining cognitive resources. To begin with, rule-
switching did affect how fast the participants responded. The findings align with the existing
literature. Diamond (2012) described that cognitive flexibility is clearly seen when the participants
need to complete the task where the rule changes, and the RT drops when the rule change happens.
Other authors described similar findings, stating that rule-switching poses a higher cognitive demand,
leading to the depletion of available resources to reconfigure the task and respond, subsequently
resulting in the lower RT on such trials (Monsell, 2003; Zekveld et al., 2018; Egner & Siqi-Liu, 2024).
These findings mainly support the idea that the study aimed to measure cognitive flexibility using RT
as one of the cognitive flexibility measures by reflecting the cognitive flexibility functions during
task-switching. Nevertheless, the audio conditions themselves did not seem to affect the results on
the trials where rules switched or not. It suggests that the response to the rule change was independent
of the external influences, like audio conditions (Monsel, 2003). Additionally, switching is
cognitively demanding enough to overshadow the demand imposed by the varying audio conditions
(Diamon, 2012; Zekveld et al., 2018). Overall, affecting the RT primarily, this study measured
cognitive flexibility and potentially showed that the rule-switching on its own can be cognitively
demanding enough to overshadow the differences in other processes like making or correcting
mistakes, and processing of external stimuli like audio that are imposed on this executive function.

Further, the findings that RT differs significantly across the audio conditions are consistent with
the existing literature. Kumaradevan et al. (2020) described significant differences in RT depending

on the audio condition, where classical and heavy metal music led to faster RT in comparison to
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silence. But, researchers described slower RT and more deteriorated performance when the audio
conditions contain speech (i.e., babble) or lyrics, constraining working memory capacity more than
ambient noise or silence (Cheah et al., 2022; Mones & Massonnié, 2022). Similarly, in the present
study, participants had faster reactions when completing the task in silence, and the slowest responses
happened when the background noise included people’s conversations. That suggests that background
noise becomes a distraction when it is unpleasant or competes with the same limited resources as the
task, like babble or music with lyrics. On the other hand, the non-significance of differences in the
condition where Lo-Fi music was a background noise aligns with the research that suggests that
pleasant music, especially instrumental, not only has a smaller cognitive cost but also potentially
enhances performance (Kumaradevan et al., 2020; Cheah et al., 2022). In other words, if the stimuli
do not require filtering out because it interferes with the task due to competing resources, such as
lyrics or unpleasant affect, it does not seem to pose cognitive demands big enough to deteriorate the
performance. At the same time, cognitively demanding audio conditions, such as people's
conversations, slow performance because the brain is engaged in parallel processing and inhibition
of non-task-related verbal stimuli.

Although expected, the absence of significant differences in the number of mistakes made across
the audio conditions aligns with the existing literature. The initial idea came from the assumptions
that the irrelevant stimuli, like audio conditions not related to the task, would constrain cognitive
flexibility and lead to more mistakes on the trials (Sklumowski & Xu, 2021; Mones & Massonnié,
2022). Nonetheless, just like in the present study, researchers report lower RT and no significant
differences in the amount of mistakes made across varying not related to the task audio conditions
(Kumaradevan et al., 2020; Cheah et al., 2022). A potential explanation is that participants in the
given conditions had a trade-off between how fast and how accurately they respond (Murphy et al.,
2011; Liu et al., 2024). In other words, participants seemed to take longer in order to respond more
accurately. Therefore, the participants could have prioritized accuracy over speed, leading to such
results.

Furthermore, not only did the error corrections not differ across the audio conditions, but there
were not a lot of them overall. Just like prioritizing speed or accuracy, error corrections require
additional cognitive resources (Querino et al., 2015; Schmitz & Kramer, 2023). While mistakes can
happen automatically, error correction requires detecting and correcting the response. If the
participant’s primary goal is to continue completing the task, the limit of available resources does not
allow them to engage in error correction much (He et al., 2022; Schmitz & Kramer, 2023). The load
of the task on its own is already enough to deplete the available cognitive resource, and the additional
distraction, like any kind of unrelated audio, poses even more constraints on the amount of available

capacity of working memory. In contrast, the literature describes more resource allocation during stay
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trials and subsequently more error corrections in such (Monsell, 2003; Viviani et al., 2025). When
the rule of the task does not change, the participants do not need to deplete the sources to reconfigure
the rule. Now finding such results returns to the point of the complexity of the task and overall
distractibility of any audio condition that adds additional layers to what taxes the cognitive resources.
Additionally, the findings imply that the error correction itself could be a more complex process that
did not have a possibility to show in the present study.

For the second hypothesis, I supposed that adults with higher levels of depressiveness would have
worse cognitive flexibility performance during rule-switching trials. The results showed that
potentially depressiveness could have worsened the participants’ cognitive flexibility, specifically
participants having slower RT. If significant, the findings would have been consistent with the
existing literature. Diamond and Ling (2015) stated that people with depression struggle with
performance on the task with rule-switching and show slower RT than their healthy counterparts.
Importantly, Liu et al. (2024) reported that while having slower RT, individuals with depression do
not necessarily show the deviations in the accuracy of responses, hence no differences in the amount
of mistakes made. In other words, depressiveneess slows people down, especially when the task
requires reconfiguration of the rules, but not necessarily makes people less accurate. This
phenomenon is also mentioned by Hammar et al. (2022), explaining that the general processing speed
is lower in depressed individuals and is especially evident in higher-order executive functions such
as cognitive flexibility. In other words, depressiveness could potentially cause slow RT due to its
effect on cognitive functions. Considering that the studies reporting this phenomenon included
participants with Major Depressive Disorder and this study included participants not meeting criteria
for diagnosis, the level or duration of depressiveness symptoms could potentially have a varying
effect on cognitive flexibility than depression as a diagnosis.

Alternatively, researchers suggest that for individuals with depressiveness the emotional valence
of the task affects the cognitive flexibility measures, and not the difficulty itself (Murphy et al., 2011;
Singh et al., 2025). The suggestion is that if the task does not evoke any emotional response,
especially a negative one, it will not make the performance between depressed and healthy individuals
differ significantly. The potential absence of the significant effect of depressiveness in the sample
could be explained by the stimulus being emotionally neutral. Additionally, the researchers discuss
the effect of irrelevant or cognitively demanding audio stimuli that affect the performance of
individuals with depressiveness (He et al., 2022; Mones & Massonnié, 2022). In other words, it might
not be the rule-switching or task difficulty, but the presence of the external stimuli that taxes already
limited cognitive resources, consequently constraining cognitive flexibility. So no significant
differences in the RT across the varying audio conditions could be due to the overall distracting

external conditions that make it harder for people with depressiveness.
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Further, the findings that depressiveness did not seem to affect the number of mistakes made in
either different audio conditions or rule-switching trials, but overall affected error-corrections are also
consistent with the existing literature. Liu et al. (2024) reported not finding differences between
healthy and depression-prone individuals in how accurately they performed in task-switching.
Additionally, Singh et al. (2025) reported similar findings, but compared individuals who are
depressed with their healthy counterparts. This suggests that even having some level of
depressiveness present, it does not necessarily impair the accuracy of performance when the task is
switching. There could be other variables like absence of emotional context, higher overall
intelligence and/or cognitive flexibility, and specific demographic information like a level of
education that contribute to such results (Murphy et al., 2011; Singh et al., 2025). Interestingly,
though the number of mistakes was not impacted much, depresiveneess seemed to significantly affect
the error correction rates. Queriono et al. (2015) identified the process of error correction as its own
separate and demanding process whose neural activity is distinct from automatic mistakes. So, for
individuals with depressiveness, error corrections could take longer to allocate the neural resources
needed to engage in error correction (Querino et al., 2015; Liu et al., 2024). On the other hand,
researchers report that depressed individuals do make more perseverative errors and depict lower
cognitive flexibility than healthy counterparts (Diamond & Ling, 2015; Grant & Chamberlain, 2023).
This shows that the reduction in the top-down control mechanisms that are used to avoid mistakes is
affected when depression is present. Additionally, the literature suggests that the audio conditions
that are highly disruptive and contain verbal components also impair the performance of individuals
with depressiveness and lead to more mistakes (Cheah et al., 2022; Mones & Massonnié, 2022).
Therefore, not finding such trends in the sample brings us back to the idea that levels of depressivenes
or depression as the diagnosis have a broader influence on cognitive flexibility. Additionally, there
are other aspects, such as demographic differences, like the level of education, which contributed to
the outcomes of the study.

For the third hypothesis, I supposed that different depressiveness levels would moderate the
relationship between the audio conditions and cognitive flexibility performance, so the adults with
higher levels of depressiveness would have worse performance under high auditory interference
conditions. Firstly, depressiveness seemed to moderate the number of mistakes the participants made
when there was no background noise. Siegle et al. (2003) described that depressed participants
reported higher levels of rumination in a quiet environment. So, in the condition when the external
noise is absent, individuals with higher levels of depressiveness have a harder time disengaging from
the negative thinking and refocusing their attention on the task, which subsequently leads to a higher
number of mistakes (Myrphy et al., 2011; Capri et al., 2019). On the other hand, knowing that

depression affects performance in emotionally valenced tasks and response slowness, the findings do
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not align with some literature (Sliu et al., 2024; Singh et al., 2025). Since the audio condition in which
participants made mistakes was silence, the opposing research suggests that the mistakes could
depend on the audio condition and not the psychological well-being itself.

Furthermore, a significant connection was found between the depressivenness and error
corrections when participants were exposed to people's conversations in the background. These
findings align somewhat with the literature, because the researchers mainly describe human babble
as a distracting audio condition when unrelated to the task, even for healthy people (He et al., 2022;
Mones & Massonnié, 2022). Potentially because, for depressed individuals, it is already harder to
perform the task because their inhibition suffers, adding the highly distracting sound makes it harder
for them, leading to almost no cognitive capacity left to engage in correcting their responses. It further
leads to the question if for individuals with depressiveness overall task-switching and the presence of
external distractors like unrelated audio constrain the performance, why this study did not identify
other significant findings. One explanation could be that all the audio conditions included high-
demanding switching trials, thus the cognitive resources needed to accommodate the rule-switching
overshadowed the effects of audio conditions on cognitive flexibility (Zekveld et al., 2018).
Furthermore, some audio conditions could have potentially “helped” the participants, even with the
varying levels of depressiveness, to focus better because they did not include verbal stimuli, therefore
did not interfere with the task (Siegle et al., 2003; Thompson et al., 2005). Another potential reason
for the absence of significant differences could be a ceeling effect caused by a small difference
between the interference of similar sound such as white and pink noise (Magliacano et al., 2020; He
et al., 2022) In other words, the differences in the sounds themselves were not sufficient enough to
make the participants of the task perform differently in varying audio conditions even including the
depressiveness as a moderator. It also suggests the contradicting evidence of the background sounds
to both potentially helping and constraining the performance of individuals with depressiveness and
points rather to the personal differences in cognitive flexibility rather than the depressiveness level
differences. Therefore, having the significant results in only two instances out of all the models does
not provide sufficient evidence to assume that depressiveness moderates cognitive flexibility and that
it moderates it in different audio conditions, just as explained in the existing literature.

Besides the hypothesized findings, other findings were identified. To begin with, females in this
sample had higher depressiveness levels than males. On the one hand, Tang et al. (2021) reported that
females seem to be more sensitive to environmental triggers of depression and often have higher
levels of depression in the sample compared to males. On the other hand, Hammar et al. (2022)
explained that depresisveness does not have any functional differences between genders when it
comes to brain and executive functions. In other words, while the sample included more depressed

females, it does not suggest any differences in how that depressiveness is affecting different genders.
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Additionally, females in the sample had slower RT and made fewer mistakes, while males had higher
rates of error correction. Schmitz & Kramer (2023) stated that gender does not affect performance in
task-switching. In this case, it is rather the choice of strategy than the gender differences. In other
words, females seemed to focus on accuracy, while males focused on speed in this sample, aligning
with the existing literature (Murphy et al., 2011; He et al., 2022). So overall, gender differences
seemed to just be the outcome of the peculiarities of the collected sample.

Interestingly, the older participants had faster RT in the sample. The existing literature mostly
describes the slowing of RT with age as connected to the decline of executive functions and cognitive
flexibility, respectively (Diamond, 2012; Fernandez et al., 2019; Szluewski et al., 2020). However,
the sample included the majority of young adults with a mean age of 24.2 years old. In other words,
older participants were not of the age to fall into the category of people whose executive functions

are actively declining, so the findings do not align with the existing literature.

4.1. Strengths and Limitations

The study included various strengths. This thesis was the first to explore audio conditions,
depressiveness levels, and cognitive flexibility together. It offers a unique view on cognitive
flexibility and everyday things like background noise that potentially affect people whose cognitive
and psychological struggles do not meet the criteria for the diagnosis of depression. The study uses
the objective measures of cognitive flexibility that include RT, mistakes, and error corrections
provided by the eye-tracking data for assessing cognitive flexibility. These derived variables provide
a direct measure of cognitive flexibility in comparison to self-reports that are often used in research.
Additionally, the three different measures capture the different aspects of performance in comparison
to using only one measure of cognitive flexibility. Furthermore, this study employs audio conditions
that are present in everyday life and include people’s conversations and Lo-Fi music. It allows for
this laboratory study to be more applicable to everyday life contexts. Finally, the rigorous statistical
analysis used for all the measures of cognitive flexibility allows us to make conclusions about the
effects of dealing with multiple stimuli in people with varying levels of depressiveness.

The study also included a few limitations. The first limitation of this study is the sample size.
First, the size was not fully representative because it included more females (N = 45) than males (N
= 24). While the majority of statistical tests are not significantly affected by the difference in the
representation of two groups, gender would not have been a reliable variable to compare the
population tendencies in this research. Subsequently, the power for some of the tests that included
the general correlations and t-test between variables and demographic data was not sufficient and

needed to be interpreted cautiously (Appendix I).
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Further, the complexity of the experimental task used was another limitation. Since the task was
initially intended to gather as much data about executive functions as possible and be used by different
researchers, the final design might have contributed to most of the data recording cognitive flexibility
indirectly, making interpretations more challenging. Besides the intended measures, the double set of
rules for one task and the presence of other tasks not related to cognitive flexibility could have
contributed to fatigue and cognitive resource depletion not connected to the cognitive flexibility
processes directly. The participants also had a limited time for each response, therefore creating a
tradeoff between speed and accuracy. This could have potentially affected the results of RT and the
mistakes in the sample.

The next limitation was the number of times the participants participated in the study. Due to the
time constraints and the amount of time it took for one participant to complete the tasks, everyone

participated once. The absence of repeated completions of the task makes the results less stable.

4.1. Recommendations

The findings of this thesis have a few theoretical and practical implications. While cognitive
flexibility and depressiveness were not directly associated, it does not mean that further research
should not focus on the populations that do not meet the criteria for the diagnosis. The findings of the
moderation analysis suggest that some extent of depressiveness is context-dependent. Therefore,
future research should focus on the subclinical samples’ performance in various environments that
could potentially influence cognitive performance. Additionally, given that only the audio conditions
of silence and people’s conversation produced significant moderation effects, future studies should
also focus on discerning whether it is depressiveness or the semantic quality of the background noise
that taxes the cognitive resources. Next, future studies should focus on the individuals who are
recovering from depression and no longer qualify for the diagnosis but still experience some cognitive
struggles. As described by Hammar et al. (2022), even after the recovery, people might still struggle
with higher-order executive functions, so understanding the extent of cognitive resource depletion
and its influence on performance should be researched further. Additionally, using emotionally
valenced tasks in subclinical samples should be considered, since the emotional component of the
task may contribute to the depletion of available cognitive resources and constrain cognitive
flexibility, which has not been done in relation to people who do not meet the criteria for the diagnosis.
Interestingly, since silence appeared to be a cognitively costly condition, further research could
potentially manipulate the level of rumination alongside external conditions to test whether internally
generated distraction mediates the observed performance. Additionally, other individual differences
should be taken into account besides the level of cognitive flexibility overall. It should also include a

person’s working memory capacity and anxiety levels. Supplementary variables could help to better

54



understand what affects cognitive flexibility more precisely and how it differs in individuals overall.
Furthermore, to ensure more stable results, the participants should complete the task repeatedly, or
more than one time at least. That might help to control for the external influences that are not taken
into account when the participant comes only one time and include the time of day when the
experiment was completed and fatigue. Lastly, further research should focus more on the specific
mechanisms of error correction and mistakes as measures for cognitive flexibility. It seems that these
processes have more layers and require additional steps, creating a trade-off between speed and
accuracy for participants. So isolating mistakes and error corrections in future studies could help to
better understand the underlying processes involved and how depressiveness and external conditions
influence them.

The practical findings of this study are limited since no direct connection was found between
depressiveness and cognitive flexibility in different audio conditions. Nevertheless, the findings allow
to consider some types of environments that people and people with some levels of depressiveness
chose for work and study. The findings that silence was associated with poorer performance challenge
the common idea that quiet environments are most suitable for studying and working. It seems that
due to potential struggles to concentrate in complete silence as well as in the environment with
conversations in the background, places with the ambient noise like Lo-Fi music and use of ambient
noise like white/brown/pink noise could potentially aid in concentration, especially for those who
struggle with some level of depressiveness. These recommendations should be interpreted cautiously,

however.
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5. Conclusions

Participants had slower RT when highly disruptive noises like people’s conversations were
present. Conversely, they had faster RT when the environment was quiet. Additionally,
participants had slower RT during the rule-switching trials independently of the different audio
conditions. Different audio conditions led participants to make different numbers of mistakes, but
no specific audio conditions led to significantly more mistakes. Similarly, error correction rates
did not differ significantly across the audio conditions.

Participants with higher levels of depressiveness made fewer mistakes during the different audio
conditions, but not necessarily when the rule was switching. However, did not affect RT during
the different audio conditions or when the rule was switching. For the error corrections, the
interaction between depressiveness and audio conditions was significant. Specifically, participants
made fewer error corrections in the condition with people’s conversations.

Depressiveness moderated the relationship between the number of mistakes and silence —
participants made the most mistakes when there was no background noise. Additionally,
depressiveness moderated the relationship between error corrections and people’s conversations
as background noise, leading to the least number of error corrections. Nevertheless, the data for
error corrections violated the assumption of the independence of errors, so the findings could be

potentially just due to chance.
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