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valuable, with Al shifting agency toward tool management and oversight. Together, these
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and Al-augmented performance, incorporating reflective components to render distributed
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The Impact of Al on Task Performance and Decision-Making

INTRODUCTION

Generative artificial intelligence (Al) is becoming an integral part of modern problem solving
processes in academic and professional contexts (Kliestik et al., 2024; Andronie et al., 2024;
Balcerzak & Valaskova, 2024; Lazaroiu & Rogalska, 2024; Moravec et al., 2024; Durica et al.,
2023). In higher education, it challenges traditional assessment models that emphasise
memorisation, recall, and individual performance (Barlybayev et al., 2025; Melisa et al., 2025;
Ibieta et al., 2024; Kozova et al., 2024). Generative Al tools form human-Al assemblages in
which cognitive agency is distributed between student and technology raising fundamental
questions about responsibility, authorship, and what constitutes achievement in assessment
(O'Dea, 2024; Southworth et al., 2023; Rensfeldt & Rahm, 2023; Durica et al., 2023; Zafari et
al., 2022; Huang, 2021).

A growing body of research examines Al's transformative potential in education,
highlighting benefits such as enhanced efficiency and personalisation alongside risks including
overreliance, reduced critical engagement, and homogenisation of outputs (Gavira Duron &
Jiménez-Preciado, 2025; Mishchuk et al., 2025; Wang et al., 2024; Chiu, 2024; Adiguzel et al.,
2023; Wojciechowski et al., 2023; Chen et al., 2020). Particular attention has been paid to
evaluative judgement — the learner's capacity to appraise the quality of work (Bearman et al.,
2024) — which must now adapt to Al-rich environments where students evaluate Al outputs,
reflect on Al-use processes, and risk undermining independent appraisal through uncritical
dependence. Despite these conceptual advances, empirical evidence remains limited on Al's
direct effects on assessment validity.

This study addresses this gap by quantifying a core tension: Al augments performance but
simultaneously degrades the diagnostic power of assessments, shifting the focus of agency
from individual cognition to sociotechnical assemblages. More specifically, we attempt to
address these challenges and investigate how Al-assisted tools influence task performance and
decision-making of a sample of educted generation Z representatives, namly speaking
university students in economics-related problem-solving. We examine whether Al access
improves their time efficiency and accuracy and how it affects cognitive engagement. The
guiding intent is not to assess specific knowledge, but in particular to observe how participants
reason, decide, and adapt to changing cognitive conditions.

A controlled three-stage experimental design was employed: a baseline diagnostic session
(no Al), an independent reasoning session (no Al) and an identical Al-assisted session. This
parallel comparison isolates the impact on task outcomes, decision-making quality, and
perceptions of effort and learning.

The study is guided by the following research questions:

RQ1: To what extent does access to generative Al affect task performance (accuracy and
efficiency) in scenario-based economics assessments?

The RQ1 draws on cognitive offloading and distributed cognition theories (Kirsh, 2013;
Salomon et al., 1991). Research shows that external cognitive tools can reallocate mental
resources, boosting efficiency but not necessarily deep understanding (Barr et al., 2015). In
education, technology-enhanced problem-solving often improves surface performance while
obscuring true competence (Baker & Siemens, 2014). Scenario-based assessments, grounded
in situated cognition, highlight that performance depends on contextual supports rather than
isolated skills (Mislevy et al., 2003).
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RQ2: How does Al access influence the psychometric properties (variance and internal
reliability) of the assessment?

This question draws on classical test theory and construct representation theory, which
posit that score variance reflects differences in the latent construct rather than shared access to
external resources (Embretson, 1983; Cronbach, 1951). Reliability and variance thus indicate
an assessment’s discriminatory power. Empirical studies on calculator use, open-book testing,
and computer-assisted assessments show that external aids can compress score distributions,
reduce item discrimination, and alter internal consistency by introducing construct-irrelevant
or suppressing construct-relevant variance (Wainer & Thissen, 1993). These findings question
whether Al access fundamentally changes score meaning.

RQ3: What are students’ perceptions of cognitive effort, learning value, and agency in Al-
assisted versus independent conditions?

This research question draws on Cognitive Load Theory (CLT), which distinguishes
intrinsic, extraneous, and germane load and predicts that instructional supports may either aid
learning or replace learning-relevant processes (Paas & van Merrienboer, 2020). Perceptions
of learning value and agency are informed by self-regulated learning and self-determination
theories, emphasizing autonomy and ownership (Deci & Ryan, 2000). Studies on automation
bias and human-Al interaction suggest that reliance on intelligent systems can diminish
perceived agency and critical engagement, especially when Al outputs are treated as
authoritative (Dzindolet et al., 2003).

RQ4: What implications arise for designing hybrid human-Al assessments that preserve
evaluative judgement and diagnostic validity?

This question draws on assessment validity theory, particularly Messick’s unified
framework, which views validity as an argument about score interpretation, use, and
consequences (Messick, 1995), and argument-based approaches emphasizing evidentiary
reasoning (Kane, 2013). Evidence-Centered Design (ECD) underscores modeling how tasks,
tools, and scoring generate interpretable evidence of competence (Mislevy et al., 2003).
Emerging Al-era scholarship advocates shifting focus from unaided performance to evaluative
judgment, justification, and epistemic responsibility in Al-rich contexts (Luckin & Holmes,
2016).

The rest of this paper is structured as follows. The next section reviews the relevant
literature on Al in education and assessment. This is followed by the research methodology,
including the experimental design, data col-lection, and analytical approach. The subsequent
sections present the re-sults, discuss their implications in relation to existing research, and con-
clude with recommendations for integrating Al into higher education as-sessment.
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LITERATURE REVIEW

The question of how best to integrate artificial intelligence into higher education has attracted
increasing scholarly attention in recent years. Scholars have explored its applications in
learning environments, the po-tential to personalise education, and the associated risks of over-
reliance on technology (Gavira Durén & Jiménez-Preciado, 2025; Chiu, 2024; Adiguzel et al.,
2023; Chen et al.,, 2020; Temerbulatova et al., 2025). Al is recognised not only as a
technological innovation but also as a driver of pedagogical change, challenging traditional
models based on memorisation and recall (Barlybayev et al., 2025; Melisa et al., 2025; Ibieta
etal., 2024; Lazaroiu et al., 2024; Sarker, 2022). From a distributed cognition perspective, such
technologies function as external cognitive resources that reshape how thinking and problem-
solving are enacted, rather than simply supporting existing cognitive processes (Salomon et al.,
1991; Kirsh, 2013).

Technological and social shifts pose new challenges for higher education, requiring
students to master decision-making and problem-solving, as disciplinary knowledge alone is
no longer sufficient (van Berkum et al., 2023). Traditional assessments often measure
knowledge recall, yet research suggests that scenario-based and project-based approaches can
better evaluate applied reasoning and strategic thinking (Gratchev, 2023; Ghosh et al., 2020;
Koh, 2017; Clark, 2009; Haynes et al., 2009; Iverson & Colky, 2004). However, research on
technology-enhanced problem solving cautions that improvements in observable performance
may reflect surface-level efficiency gains rather than deeper conceptual understanding,
particularly when external tools assume cognitively demanding processes (Barr et al., 2015;
Baker & Siemens, 2014).

A growing body of scholarly literature underscores the transformative potential of education,
examining its practical applications, emerging opportunities, and associated risks. Wang et al.
(2024) conducted a bibliometric analysis of 2,223 research articles, complemented by a content
review of 125 selected papers, which revealed a comprehensive conceptual framework within the
existing literature. The findings highlight that, while Al tools in higher education offer notable
benefits such as enhanced personalisation, efficiency, and feedback mechanisms, they also raise
concerns regarding ethical implications, data privacy, algorithmic bias, and an overreliance on
automation. Earlier scholarly contributions, including those by Bond et al. (2024), Castillo-
Martinez et al. (2024), and Batista et al. (2024), also examine how artificial intelligence is
reshaping higher education, with particular attention to its advantages and associated challenges.
A key concern is the potential homogenisation of outputs and erosion of human judgement when
Al is permitted, with scholars advocating blended approaches that preserve critical engagement
while leveraging Al for efficiency (Lee et al., 2025; Frankford et al., 2024; Xia et al., 2024;
Rensfeldt & Rahm, 2023).

A growing strand of scholarly inquiry advocates for increased emphasis on cultivating
university students’ evaluative judgement — that is, their capacity to appraise the quality of their
own work and that of others — in response to the evolving educational landscape. Bearman et al.
(2024) present a conceptual analysis of how evaluative judgement, a learner’s ability to assess the
quality of work, must evolve in response to generative Al. The authors identify three key
intersections: evaluating Al-generated out-puts, assessing the processes of using Al, and using Al
to appraise students’ evaluative judgement. The paper highlights that while generative Al can
support learning, it also risks undermining critical appraisal if students rely uncritically on its
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outputs. To address this, the authors propose adapting established assessment strategies — such as
self-assessment, peer review, feedback, rubrics, and exemplars — to foster deliberate and
contextualised evaluative judgement. These arguments align with assessment validity
frameworks that emphasise the interpretation, use, and consequences of scores, rather than
performance alone (Messick, 1995; Kane, 2013).

Although the body of literature is expanding, there remains a paucity of empirical studies that
directly compare student performance and per-ceptions under Al-assisted versus non-Al
assessment conditions. Han et al. (2025) calls for further empirical research to gain insights in
areas such as surveillance during data collection, algorithmic bias, standardisation, and uniform
design, and excessive reliance on Al for support.

Elshall & Badir (2025) addresses the pedagogical challenge of integrating Al tools into
university-level education while preserving rigorous academic standards. The empirical data were
gained under involvement of upper-level undergraduate and graduate students from disciplines of
civil and environmental engineering and Earth sciences. The FACT framework comprising four
components was applied: (F) Fundamental skills assessed through non-Al coding assignments;
(A) Applied projects using Al tools to simulate real-world tasks; (C) Conceptual understanding
evaluated via traditional paper-based exams; and (T) Critical thinking measured through complex,
multi-step case studies involving Al. Research findings indicates that both Al tools and guided Al
support enhanced performance and ena-bled learners to engage with complex tasks and authentic
applications more effectively than Al tools used in isolation. Survey data revealed that while many
students regarded Al tools as advantageous for problem-solving, some voiced apprehensions
about potential over-reliance. By incorporating both Al-supported and traditional assessment
formats, the FACT framework fosters Al-assisted learning whilst upholding rigorous academic
standards, thereby equipping students for professional practice in an increasingly Al-driven
landscape. Furthermore, using a student-centred approach, Han et al. (2025) employed the Story
Completion Method to explore perceptions of Al-driven educational tools. Qualitative analysis of
71 university students revealed that Al may influence learner autonomy, pedagogical roles, and
educational relationships, with impacts often interlinked. The study introduces a novel speculative
design ap-proach and offers design recommendations to support ethically responsive Al
development. Lee et al. (2025) conducted a large-scale study involving 319 knowledge workers
to examine how generative Al influences critical thinking in professional contexts. Drawing on
936 real-world task exam-ples, the authors found that higher confidence in Al correlates with re-
duced critical engagement, while greater self-confidence promotes more critical thinking, albeit
with increased perceived effort. The study revealed that Al shifts cognitive effort from execution
to oversight, particularly in tasks involving analysis, synthesis, and evaluation. The survey design
in-corporated quantitative regression models and qualitative coding to ex-plore motivators and
inhibitors of critical thinking, highlighting the need for Al tools to support user awareness,
motivation, and the ability in fos-tering reflective practices.

Despite progress, empirical research quantifying Al's impact on psychometric properties —
such as variance and internal reliability — in assessment remains scarce. This study fills this gap
with controlled evidence of Al's dual effects: augmenting performance while degrading diagnostic
validity and redistributing agency in human-Al assemblages.
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METHODS

This study employed a controlled, sequential experimental design within an International
Economics course at Brno University of Technology (Spring 2025), involving the same cohort
of students across three thematically aligned assessment sessions. Each of the three sessions
introduced a distinct context developed on the basis of a text book International Economics
(Krugman et al., 2015).

Session 1 (diagnostic baseline, no Al) used situational judgement tests (SJTs) requiring
selection of best/worst responses in economic scenarios, establishing independent judgement
reference (Bardach et al., 2021; Whetzel & McDaniel, 2009). In session 2, expanded
assessment was conducted that included SJT tasks, evaluative reasoning, numerical problem-
solving, fill-in-the-blank and a short essay. Again, the use of Al or other digital tools was not
per-mitted. This session foregrounded independent cognitive effort, sustained attention, and
unaided problem-solving. Session 3 was identical to Session 2 in structure, order of questions,
and scoring. However, an Al-assisted framework was introduced, where students were
permitted to use tools such as GPT models, Al-driven cal-culators, or language models to
support their responses. While time con-straints remained, students were encouraged to
critically think about when and how to rely on Al, reflecting the kind of decision-making in-
creasingly expected in digital policy and consulting environments. For details, see Table 1.

Data was collected across the three sessions, including (a) quantitative performance
metrics, (b) post-session qualitative reflections, and (c) comparative survey responses that
evaluated students’ perceptions of Al and non-Al versions. Scenario-based methodology was
applied (Ghosh & Francia, 2021; Clark, 2009; Haynes et al., 2009; Iverson & Colky, 2004).
Each session was time-limited (40 minutes for Session 1, 20 minutes for Sessions 2 and 3).
Assessments were administered via the Moodle e-learning platform (Athaya et al., 2021),
which also facilitated data collec-tion.

Participants were 31 students in Session 1, decreasing slightly to 28 in Session 3 (attrition
typical for longitudinal designs). Participation was voluntary; data were anonymised and
handled in compliance with GDPR and ethical protocols.

The parallel design of Sessions 2 and 3 (differing only in Al permission) enabled rigorous
isolation of Al's effects on performance, reliability, and agency.

After each session, the students completed a post-assessment ques-tionnaire designed to
capture (a) perceived clarity of instructions, (b) cognitive difficulty and time pressure, and (c)
overall satisfaction with the quiz format. Furthermore, following Session 3, students completed
an additional comparative reflection survey where they evaluated their experiences across both
non-Al (Session 2) and Al-assisted (Session 3) conditions. These included: categorical
responses (e.g., “Which version was more challenging?”), Likert-scale items (e.g., satisfaction,
perceived fairness, learning value) and open-ended questions (e.g., “What advice would you
give a future student using AI?”).

Quantitative analysis included descriptive statistics and Cronbach’s o for internal
reliability; qualitative data underwent inductive thematic analysis (themes: cognitive load,
learning value, Al strategies, agency).

Researchers used generative Al ethically for data organisation, summarisation, and writing
support only - mirroring student Al access but not influencing participant responses.
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Table 1. Structure of the Assessment Sessions [Source: own processing]

. S . . No of .
Session Objective Format Conditions  Duration 00 Scoring
Questions
Estab_llsh a _Sltuatlonal Each question
baseline for judgment test
' . scoredupto 1
. . students (SJT), usinga No Al tools or -
Session  1: L point (0.5 for
) . judgment, dual-response digital .
Diagnostic dedisi ; 40 minutes 20 each correct
ecision- structure assistance
assessment . . BEST/WORST
making, and (choose the permitted . .
. N p pair), maximum
economic Best” and 50 points
knowledge “Worst” option) P
Included SJT-
Assess style items,
performance “‘Best +
Session 2 under Neither Best
" increased Nor Worst” No Al, Mixed scoring
Independent . .

. complexity and formats, calculators, or . (0.5-1 point per
reasoning di ol iqital tool 20 minutes 15 ; .
(No-Al iverse numerica dlgltg tools |tem),.maX|mum
support) guestion types, calculations, permitted 15 points

PP without fill-in-the-

external blank, and a

assistance short written
essay

Evaluate how

students

interact with C Al tools were
Identical in X

complex permitted (e.g.,

. structure to

economic . GPT models,

Session 2— .
. . problems when online Same as
Session  3: same task -

. supported by calculators), but . Session 2,
Al-Assisted types, 20 minutes 15 .

Al tools, students were maximum 15
assessment . sequence, and . .

reflecting ; advised to points

- scoring— X
digitally : . manage time

allowing direct 4
augmented comparison and think
decision- P critically
making
contexts
RESULTS

Session 1: Diagnostic Assessment

Session 1 served as a diagnostic baseline to establish students’ independent applied economic
reasoning and decision-making performance under closed-book conditions, without Al or
digital support. The assessment used a Situational Judgment Test (SJT) dual-response format
(BEST and WORST option), intended to elicit evaluative judgement and prioritisation in
realistic economic scenarios.

The diagnostic quiz was a closed-book, independent assessment with no Al or digital tools,
consisting of 20 items completed within 40 minutes to simulate high-pressure conditions.

A total of 31 students participated in the Session 1 diagnostic assess-ment. For descriptive
statistics, see Table 2.
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Table 2. Diagnostic Assessment — Descriptive Statistics [Source: own processing]

. Average Median Standard . Internal Standard
Metric L Skewness Kurtosis .
score score deviation consistency (a) error
Value 72.42% 72.50% 10.83% -0.7866 1.1617 68.80% 6.05%

In terms of performance overview, 31 students participated in Session 1, achieving a mean
score of 72.42% (median = 72.50%, SD = 10.83%). Scores clustered in the upper-middle range,
with mild negative skewness (—0.79) and moderate kurtosis (1.16), indicating that most
students performed well with relatively few low-scoring outliers. The majority of participants
scored between 14 and 19 out of 20, suggesting strong engagement with the assessment logic
and accessibility of the task despite the unfamiliar dual-response format.

Regarding the psychometric quality of the baseline instrument, internal consistency was a
= 0.688, reflecting moderate reliability appropriate for a formative diagnostic assessment. This
level of reliability supports the interpretability of students’ independent judgement in the
situational judgement test (SJT) format and provides a stable baseline for interpreting
performance and measurement changes in later Al-assisted sessions.

With respect to student experience and baseline perceptions, post-assessment feedback
was largely positive. Instructional clarity was rated as “very clear” by 77% of students, and
most reported low time pressure, indicating that the 40-minute allocation was sufficient. More
than 70% of students expressed satisfaction with the assessment. Qualitative comments
described the task as realistic, cognitively engaging, and distinct from traditional quizzes, with
students highlighting the value of the dual-response format in encouraging judgement from
multiple perspectives.

In terms of alignment with the research questions, Session 1 establishes essential baseline
evidence for RQ2 by documenting psychometric properties under no-Al conditions and
contributes to RQ3 by demonstrating active evaluative judgement and learner agency in the
absence of Al. While it does not directly address RQL, it provides the necessary reference point
for interpreting Al-related performance effects. Indirectly, the findings also inform RQ4 by
supporting the use of scenario-based judgement tasks as a human-only component within
hybrid assessment designs.

Session 2: Independent Reasoning (Non-Al Condition)

Session 2 extended the diagnostic baseline by increasing task diversity, cognitive demands,
and time pressure under strictly non-Al conditions, thereby functioning as the human-only
reference point for later Al comparisons. The assessment comprised 15 items across five task
formats (Table 3), including scenario-based judgement, numerical reasoning, verbal logic, and
a short written response, completed within a 20-minute time limit without access to Al tools,
calculators, or digital resources. A total of 29 students completed the session.
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Table 3. Assessment Format and Structure [Source: own processing]

Task type Description Quantity
Situational judgment (SJT) Dual response: Best and worst option from four 5
Evaluative reasoning Choose “Best” and “Neither Best nor Worst” 5
Quantitative Reasoning (ABCD) Choose a correct numerical answer 2
Fill-in-the-Blank (Verbal Logic)  One question with three missing words 1
Short Essay Write a response explaining a core economic concept 1

Conditions: No access to Al, calculators, search engines, or external support.

Duration: 20 min.

Scoring: Max score = 15 points

Table 4. Session 2 — Descriptive Statistics [Source: own processing]

Metric Average Median Star.‘d‘?“d Skewness Kurtosis Ir_lternal Standard
score score deviation consistency (a) error
Value 56.44% 60.00% 22.64% -0.1717  -0.7205 86.59% 8.29%

In terms of performance overview, the mean score was 56.44% (median = 60.00%),
representing a substantial decline relative to Session 1 (72.42%). Score dispersion increased
markedly (SD = 22.64%), indicating wide variation in students’ ability to manage the mixed-
format, time-constrained assessment. Most students scored between 7 and 12 out of 15, fewer
reached the upper performance range (13-15), and no participant achieved a perfect score,
suggesting that the assessment was calibrated to stretch cognitive limits rather than reward
surface familiarity. This pattern indicates that while students were able to engage with
individual task types, maintaining accuracy and pace across heterogeneous demands proved
challenging.

Regarding the psychometric quality of the baseline instrument, internal consistency was
high (Cronbach’s a = 0.866), despite the diversity of task formats. The combination of strong
reliability and increased score variance suggests that the assessment coherently measured a
single underlying construct - applied economic reasoning - while providing greater
discriminatory power than Session 1. From a classical test theory perspective, the broader score
distribution reflects meaningful differences in the latent construct rather than random error,
establishing Session 2 as a psychometrically robust human-only benchmark.

With respect to student experience and baseline perceptions, post-session reflections
indicated that Session 2 was perceived as substantially more demanding than the earlier
diagnostic session. Students reported heightened time pressure, sustained concentration
requirements, and difficulty switching rapidly between judgement-based, numerical, and
verbal reasoning modes. Many described engaging in strategic triage, prioritising certain
questions while responding heuristically to others. The short written response emerged as a key
source of differentiation, with some students producing concise, well-structured arguments
under pressure, while others struggled to articulate reasoning or left responses incomplete.

628



The Impact of Al on Task Performance and Decision-Making

Numerical items also posed challenges, primarily due to calculation fluency and confidence
under time constraints rather than conceptual misunderstanding. Despite these difficulties,
many students characterised the experience as realistic and educationally valuable, noting
increased awareness of their own reasoning strategies, time management, and cognitive limits
— evidence of strong learner agency under independent conditions.

In terms of alignment with the research questions, the results demonstrate that, under non-
Al conditions, the assessment exhibits both high internal reliability and substantial variance,
supporting its diagnostic validity (RQ2). It also contributes to RQ3 by documenting high
perceived cognitive effort, strategic self-regulation, and ownership of decision-making in the
absence of external cognitive support, consistent with predictions from Cognitive Load Theory
and self-regulated learning frameworks. While Session 2 does not address RQ1 directly, it
establishes the essential control condition against which changes in performance, efficiency,
and strategic behaviour observed under Al access can be meaningfully interpreted. Indirectly,
the coherence between task demands, performance patterns, and student perceptions also
informs RQ4 by illustrating how scenario-based, judgement-oriented assessments can preserve
evaluative reasoning and diagnostic value in human-only conditions, providing a principled
foundation for hybrid human—Al assessment design.

Session 3: Al-Assisted Assessment

Session 3 introduced Al access into the assessment environment while maintaining identical
task structure, sequencing, scoring, and time constraints as in Session 2. Students were
permitted to use Al-based tools, including GPT models, calculators, and other digital assistants,
to support their responses. The purpose of this session was to observe how access to Al alters
performance outcomes, score distributions, and student perceptions when solving the same
scenario-based economics tasks under digitally augmented conditions. This session provides
direct empirical evidence for RQ1, RQ2, and RQ3. The assessment format and conditions are
summarised in Table 5. A total of 28 students participated. Self-reports indicate that most
students used Al selectively — most frequently for the short essay, conceptual clarification, and
numerical verification — while patterns of use varied from confirmatory checking to partial or
full substitution of reasoning.

Table 5. Assessment Format and Conditions [Source: own processing]

Task type Identical to Session 2 (SJT, Best+Neither, numerical, fill-in-the-blank, essay)

Questions 15

Maximum Score 15

Duration 20 minutes

Al Policy Students were allowed to use Al to support thei( responses, but were reminded to think critically and
manage time effectively

E:é/tg:"c;ntrol Session 2 Session 3

Task types v v

Question order v v

Scoring method v v

Al permitted p ¢ v
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Table 6 shows descriptive statistics.

Table 6. Session 3 — Descriptive Statistics [Source: own processing]

. Average Median Standard . Internal Standard
Metric L Skewness Kurtosis .
score score deviation consistency (a) error
Value 86.90% 86.67% 7.14% -0.2945  -0.7329 31.02% 5.93%

In terms of performance overview, descriptive statistics (Table 6) show a substantial
increase in performance relative to the non-Al condition. The mean score rose to 86.90%
(median = 86.67%), representing a gain of more than 30 percentage points compared to Session
2. At the same time, score dispersion decreased markedly (SD = 7.14%), indicating strong
convergence toward the upper performance range. The distribution exhibited slight negative
skewness and reduced kurtosis, reflecting a flattened, top-heavy score pattern under Al-assisted
conditions. Although task completion time was not directly measured, efficiency gains can be
inferred from the combination of higher accuracy under identical time constraints and student
reports of faster response formulation and verification.

Regarding the psychometric quality of the baseline instrument, Session 3 showed
pronounced changes relative to the human-only control condition. Internal consistency
declined sharply, with Cronbach’s a dropping to 0.31 compared to 0.87 in Session 2, alongside
a substantial compression of score variance. These shifts indicate a loss of discriminatory
power under Al access, suggesting that observed scores no longer consistently reflected
differences in applied economic reasoning. Instead, performance appears to have been
influenced by heterogeneous Al-use strategies, including tool management, verification
behaviour, and output editing, introducing construct-irrelevant variance into the measurement
process.

With respect to student experience and baseline perceptions, post-session reflections
indicated significantly lower perceived cognitive effort in Session 3 than in the non-Al
condition. When asked which version was more challenging, 20 of 25 respondents identified
Session 2 as more difficult, indicating that Al access reduced perceived difficulty despite
higher scores. Qualitative comments revealed a shift in perceived agency: while many students
appreciated the increased confidence and support provided by Al, several described reduced
engagement in independent reasoning and greater focus on supervising or managing the tool,
particularly for the essay and numerical items. At the same time, students reported selective
trust in Al outputs, expressing reluctance to rely on Al for judgement-based SJT items
involving ethical or evaluative considerations.

In terms of alignment with the research questions, Session 3 provides direct evidence for
RQ1 by demonstrating that Al access substantially increases observable task performance and
perceived efficiency under identical assessment conditions. It addresses RQ2 by showing that
Al access compresses score distributions and sharply reduces internal reliability, thereby
diminishing diagnostic validity. It also informs RQ3 by documenting reduced perceived
cognitive effort and a shift in learner agency from independent reasoning toward tool-mediated
oversight. Overall, Session 3 illustrates how Al access transforms both the product and process
of assessment, improving output while weakening the assessment’s capacity to function as a
reliable diagnostic measure of independent applied reasoning.
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Comparative Reflections — Al vs. Non-Al

Following the completion of both Session 2 (independent reasoning) and Session 3 (Al-assisted
problem solving), students participated in a comparative reflection exercise designed to capture
perceived differences in cognitive effort, learning value, and agency across the two assessment
conditions. This phase provides direct descriptive evidence addressing RQ3, complementing
performance-based findings with student-reported experiences that are not directly observable
through score data.

The reflection instrument combined multiple-choice comparisons, short semantic
descriptors, and open-ended questions. A total of 25 students completed the post-Session 3
survey. Responses to the question “Which version of the quiz was more challenging?” are
reported in Table 7

Table 7. Research results when asked “Which version of the quiz was more challenging?” [Source: own
processing]

Perceived challenge Number of students In per cent

Non-Al version 20 80
Al-assisted version 2 8
Both equally 1 4
Not sure 2 8

The results indicate a strong consensus that the non-Al version (Session 2) was more
challenging, with 80% of respondents identifying it as such. Only 8% perceived the Al-assisted
version as more challenging. Students frequently attributed the greater difficulty of the non-Al
condition to higher mental workload, sustained concentration, time pressure, and the need to
generate answers without external scaffolding (‘I had to rely entirely on myself”; “The non-Al
one felt like problem-solving”).

Inductive thematic analysis of the open-ended student reflections revealed five recurring
themes relevant to perceived cognitive effort, learning value, and agency (RQ3). Theme 1
(effort versus outcome) captured a commonly reported trade-off between ease of performance
and depth of engagement. Students described the Al-assisted condition as more comfortable
and confidence-enhancing, yet also as requiring less effort and offering weaker cognitive
challenge, with several noting diminished ownership of their answers despite higher scores.
Theme 2 (strategic adaptation and Al use) reflected heterogeneous patterns of tool deployment:
some students used Al selectively to restructure essays, verify calculations, or explore
alternative formulations, while others relied more extensively on Al in response to time
pressure, indicating meaningful variation in how Al was integrated into individual reasoning
processes. Theme 3 (selective trust in Al outputs) highlighted task-dependent reliance, with
students expressing greater willingness to use Al for calculations and factual clarification than
for judgement-based or ethically sensitive SJT items, suggesting the use of task-specific
heuristics rather than uniform dependence on automation. Theme 4 (perceived learning value)
revealed that many students reported learning more during the non-Al assessment despite lower
performance, associating independent reasoning with deeper engagement, improved
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knowledge retrieval, and prioritisation under pressure. Finally, Theme 5 (metacognitive
awareness) captured increased self-reflection on cognitive habits, including tendencies to
overthink, underthink, or allocate time inefficiently, with several students explicitly contrasting
their reasoning strategies across Al-assisted and non-Al conditions. A summary of student
perceptions across both assessment conditions is presented in Table 8. Taken together, these
themes indicate that Al assistance reduced perceived cognitive effort and altered students’
sense of agency, whereas independent conditions promoted deeper engagement and
metacognitive reflection, providing qualitative evidence directly addressing RQ3.

Table 8. Student Perceptions Across Sessions [Source: own processing]

Dimension Non-Al (Session 2) Al-Assisted (Session 3)

Cognitive effort High Low to moderate

Score performance  Lower average, higher range Higher average, compressed

Authenticity Strong (realism emphasized) Mixed

Learning experience Deep, effortful Fast, surface-level

Tool use N/A Mixed: thoughtful to passive

Emotional impact Stressful but rewarding Comfortable but detached

Self-reflection High Moderate
DISCUSSION

This study examined how access to generative artificial intelligence reshapes task performance,
assessment validity, and students’ perceived cognitive effort and agency in scenario-based
economics assessments. Using a controlled three-stage design comprising a diagnostic
baseline, an independent reasoning condition, and an identical Al-assisted condition, the study
provides a robust empirical basis for addressing RQ1-RQ4 and situating the findings within
established theoretical frameworks.

With respect to RQ1, the results demonstrate that access to generative Al substantially
improves observable task performance. Under identical task structures and time constraints,
students achieved markedly higher scores when Al was permitted, indicating increased
accuracy and inferred efficiency. These findings align with theories of cognitive offloading and
distributed cognition, which posit that external tools reduce execution-related cognitive
demands and enable faster problem resolution (Angammana & Jayawardena, 2022; Kirsh,
2013; Salomon et al., 1991). However, consistent with prior research, these performance gains
should not be interpreted as evidence of deeper understanding (Barr et al., 2015; Baker &
Siemens, 2014). Instead, they indicate that Al alters the cognitive conditions under which
performance is produced. In scenario-based assessments grounded in situated cognition,
performance is inherently dependent on contextual supports, and Al therefore transforms
performance into an outcome of a human-Al assemblage rather than a measure of individual
reasoning alone (Mislevy et al., 2003).
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Findings related to RQ2 reveal a pronounced contrast between Al-assisted and non-Al
conditions in terms of psychometric behavior. Under independent reasoning conditions,
including both the diagnostic baseline and Session 2, the assessment exhibited meaningful
score variance and strong internal reliability, indicating coherent measurement of applied
economic reasoning. When Al access was introduced, however, score distributions compressed
sharply and internal consistency declined substantially. From the perspective of classical test
theory and construct representation theory, this pattern reflects a loss of discriminatory power
and a disruption in construct measurement, such that the assessment no longer differentiated
reliably between students with differing levels of independent reasoning ability (Embretson,
1983; Cronbach, 1951). These results are consistent with prior research on open-book and
calculator-assisted assessments, which has shown that external aids can suppress construct-
relevant variance and introduce construct-irrelevant influences (Wainer & Thissen, 1993). The
present findings extend this literature by demonstrating that generative Al can fundamentally
alter score meaning, thereby challenging the validity of traditional interpretations of assessment
outcomes in Al-rich contexts.

With respect to RQ3, the results indicate substantial differences in students’ subjective
experience across assessment conditions. Independent, non-Al assessments were consistently
perceived as more cognitively demanding and more educationally valuable, despite lower
average scores, a pattern that was evident in the diagnostic baseline and intensified under the
increased time pressure and task diversity of Session 2. This aligns with Cognitive Load
Theory, as Al appears to reduce extraneous and execution-related cognitive load, enabling
faster and more accurate responses (Paas & van Merrienboer, 2020). However, student
reflections suggest that this reduction may also displace germane cognitive processing,
particularly when Al outputs are accepted without critical evaluation. Perceptions of agency
further reflect insights from self-determination and self-regulated learning theories: students
reported stronger ownership over decisions and outcomes in non-Al conditions, whereas Al-
assisted performance often shifted agency toward tool management and oversight (Deci &
Ryan, 2000). At the same time, selective skepticism toward Al — especially in judgment-based
or ethically sensitive tasks — indicates that students are not uniformly dependent on automation,
but instead develop task-specific heuristics for trust, consistent with research on automation
bias and human—automation interaction (Dzindolet et al., 2003).

Taken together, these findings provide a clear response to RQ4 concerning assessment
design. Allowing Al into assessment environments without redesigning assessment logic risks
undermining both evaluative judgment and diagnostic validity. From the perspective of
Messick’s unified validity framework and argument-based validity theory, validity depends on
the interpretability and consequences of scores, and when Al mediates cognitive processes,
correctness alone is insufficient evidence of competence (Messick, 1995; Kane, 2013).
Drawing on Evidence-Centered Design principles, the results suggest that future assessments
must explicitly model the role of tools in performance (Mislevy et al., 2003). Hybrid designs
that distinguish between independent reasoning and Al-augmented performance, and that
require students to justify, critique, and reflect on Al use, offer a viable pathway for preserving
evaluative judgment in Al-rich contexts and align with emerging calls to foreground epistemic
responsibility over unaided output (Luckin & Holmes, 2016).
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CONCLUSIONS

This study examined the impact of access to Al-based models on university students’
performance, decision-making quality, and learning perceptions within a scenario-based
economic evaluation context. Students completed three sequential assessment sessions —
baseline (no Al), independent reasoning (no Al), and Al-assisted — allowing for controlled
comparison across conditions. The findings indicate that Al access substantially increased
average performance (by 30.46 percentage points) and reduced variability in outcomes. While
this performance amplification demonstrates Al’s potential to enhance accuracy and efficiency,
it was accompanied by a marked reduction in diagnostic value, evidenced by compressed score
distributions and weakened internal reliability.

Student reflections reinforced this central trade-off. Most participants perceived the non-
Al assessment as more challenging yet more educationally beneficial, citing higher cognitive
effort, sustained concentration, time management demands, and deeper critical engagement. In
contrast, Al assistance was valued for speed, convenience, and confidence support but was
frequently described as reducing the need for deep reasoning. Notably, patterns of selective Al
use — particularly reluctance to rely on Al for value-based or judgment-oriented SJT tasks —
suggest emerging Al literacy among students, reflecting an ability to judge when Al support is
appropriate and when human reasoning should take precedence.

Several limitations should be acknowledged. The study was conducted with a modest
sample size within a single institutional context, and novelty effects may have influenced how
students engaged with Al tools. Future research should replicate this design with larger and
more diverse cohorts, incorporate inferential statistical analyses, and examine longitudinal
effects of Al integration on reasoning skill development. Comparative studies across
disciplines would also help determine whether the observed tension between performance gains
and diagnostic validity is domain-specific or generalizable across educational contexts.

Overall, the results underscore the dual nature of Al-based models in higher education
assessment: they function as powerful accelerators of performance while simultaneously
posing challenges to assessment validity and interpretability. The key challenge for educators
and policymakers is not whether Al should be used, but how assessment systems can be
designed to harness AI’s strengths while safeguarding the irreplaceable role of human
reasoning, evaluative judgment, and accountability in academic and professional practice.

IMPLICATIONS FOR RESEARCH AND APPLICATION

From a research perspective, this study opens several important avenues for future inquiry.
Replication studies with larger and more diverse samples are needed to assess the
generalisability of the observed effects across disciplines, institutions, and cultural contexts. In
particular, comparative research across fields with different epistemic traditions — such as
economics, engineering, humanities, and professional education — could reveal whether the
trade-off between performance amplification and diagnostic loss is domain-specific or
universal.

Longitudinal research designs are also essential. While the present study captures
immediate performance and perception effects, future research should examine how sustained
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exposure to Al-assisted assessment influences the development of reasoning skills,
metacognitive awareness, and evaluative judgement over time. Such studies could clarify
whether reliance on Al stabilises, intensifies, or diminishes as students gain experience, and
whether hybrid assessment models can mitigate potential long-term erosion of independent
reasoning capacity.

Methodologically, further work is needed to develop and test alternative psychometric and
validity frameworks capable of capturing competence in human-Al assemblages, rather than
in isolated individuals. Traditional indicators such as variance and internal consistency may be
insufficient in Al-mediated contexts. Future research could explore process-oriented measures,
trace data, or justification-based scoring models that better reflect distributed agency and
epistemic responsibility.

From a pedagogical perspective, the findings suggest that Al should not be treated as a
simple add-on to existing assessment formats. Instead, educators are encouraged to adopt
hybrid assessment models that intentionally combine human-only tasks, Al-permitted tasks,
and reflective components. Human-only components remain essential for diagnosing
independent reasoning, while Al-assisted components can reflect authentic professional
practice. Reflective tasks — such as requiring students to explain when, why, and how Al was
used, or to critique Al-generated outputs — can help make cognitive processes visible and
preserve evaluative judgement.

In terms of practical application, higher education institutions should develop transparent
and pedagogically grounded Al policies that go beyond prohibition or unrestricted allowance.
Integrating critical Al literacy into curricula is essential. Students must be supported not only
in learning how to use Al tools effectively, but also in understanding their cognitive trade-offs,
limitations, and ethical implications. Explicitly acknowledging the role of Al in assessment
design can help align evaluation practices with real-world professional environments while
safeguarding the central role of human judgement, reflection, and responsibility in learning and
evaluation.
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