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Many studies examine the use of ChatGPT in education, but most measure
student perceptions, not performance, and few track performance across
multiple sessions of different complexity. In particular, no study has tracked
whether this association varies across sessions of different cognitive
complexity. Using a quasi-experimental design, first-year undergraduates
(N=193) at the Higher International Institute of Tourism (ISITT) in Tangier,
Morocco were followed across seven introductory statistics sessions. One
group had access to ChatGPT during learning activities, while the other
followed the same instruction without artificial intelligence (AI) access.
Performance was measured through end-of-session quizzes (1,136
observations) and analyzed using a linear mixed-effects model. No
consistent overall advantage was associated with either condition. However,
a significant interaction between condition and session was identified
(*(6)=61.50, p<0.001). The most pronounced divergence occurred in
session 6, which involved multi-step computation (harmonic mean and
grouped-data mode interpolation), where the Al-permitted group scored
higher (9.15 vs. 7.18, d=1.24). Across the remaining six sessions, effect
sizes ranged from d=—0.20 to d=+0.19. Our findings suggest that Al
integration should be selective, used during complex procedural sessions
rather than uniformly across all course content.
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1. INTRODUCTION

Generative artificial intelligence (Al) tools such as ChatGPT are becoming increasingly common in
higher education, as they can help students in many ways: generating explanations, examples, and step-by-
step guidance in response to problems they face in learning [1]—[4]. Despite this growing use, teachers still
lack clear guidance on when and how to use these tools in their courses. A practical question remains largely
unresolved: under what conditions, if any, can these tools support student learning when used alongside

regular classroom instruction?

Most existing studies focus on student perceptions, ethical debates, or institutional policies, with fewer
examining actual learning outcomes across multiple sessions [2], [S]-[7]. The studies that do measure
performance tend to rely on single sessions, small samples, or self-reported data [8]. Longitudinal classroom-
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based evidence, tracking real student performance as course content grows in complexity, remains limited. This
gap matters in quantitative disciplines such as statistics, where learning builds cumulatively and procedural
demands increase from one session to the next. To our knowledge, no prior study has examined whether
ChatGPT support is more strongly associated with student performance in procedurally complex sessions than
in conceptual ones, or how this association varies across sessions of differing cognitive complexity.

This gap is especially relevant in North African countries like Morocco, where digital access is
unequal and institutional Al policies do not yet exist. Students and teachers navigate Al integration without
pedagogical guidance or institutional frameworks [9], [10]. A recent review confirms that while ChatGPT has
gained wide recognition among students, its limitations require careful attention, especially in settings with
limited institutional support [11]. The specificity of this study also lies in its institutional and pedagogical
context. Many students at Higher International Institute of Tourism (ISITT) begin the descriptive statistics
course with little or no prior statistical background, particularly those who come from a humanities
baccalaureate track. Descriptive statistics is a mandatory first-semester course, making it a cognitively
demanding component of their academic transition. Having taught this subject for more than a decade, the first
author observed that students often require substantial support to move from intuitive reasoning to statistical
thinking. Furthermore, the study was conducted in the absence of a formal institutional Al policy, a situation
that reflects the broader uncertainty surrounding the governance of generative Al use in Moroccan public
higher education. Research from Middle East and North Africa (MENA) teachers confirms that Al adoption in
the region faces unique challenges related to institutional readiness and training [12]. A global survey of over
23,000 students from 109 countries found that most ChatGPT research comes from Western contexts [13].

While these studies describe who uses ChatGPT and how it is perceived, they do not explain when Al
helps and when it does not. A framework from mathematics education helps address this question. Hiebert and
Lefevre [14] differentiate between conceptual knowledge (understanding what ideas mean) and procedural
knowledge (the ability to carry out step-by-step actions). For example, understanding why the median is
preferred for skewed distributions is conceptual. Applying the interpolation formula to find the mode of
grouped data is procedural. Star [15] adds that procedural knowledge can range from rote execution to flexible
application. In this study, conceptual tasks are those where students define, classify, or interpret statistical
concepts. Procedural tasks are those where students select and apply formulas through multi-step computation.

In education, scaffolding refers to temporary instructional support that helps students complete tasks
they cannot yet do independently, and that is reduced step by step as the student becomes more capable. When
used to verify intermediate steps or break down complex problems, ChatGPT can function as a form of
scaffolding that supports learners at moments of difficulty [16]. This kind of support may be most relevant
during procedural transitions, where students must move from understanding concepts to applying formulas,
consistent with active learning approaches that emphasize verification and reformulation [17]. Recent research
indicates that generative Al may act as a ‘more knowledgeable other’ in Vygotsky’s framework, scaffolding
learning within the zone of proximal development [18]. Yet, continuous Al availability may also lead to over-
scaffolding, limiting students’ development of independent problem-solving skills [19]. This raises a key
question: does Al support learning primarily when tasks are beyond what students can do without help, or does
it create dependency even in less demanding tasks? This study tests whether ChatGPT access matters
differently across sessions of varying complexity. The idea is simple: ChatGPT access may help more in some
sessions than others, depending on how difficult the task is. Figure 1 shows this conceptual model.
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Figure 1. Association between instructional condition and performance, moderated by task complexity
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The study examines student performance across seven sessions in which one group used ChatGPT
alongside teacher-led instruction during learning activities, while a second group followed the same
instruction without Al access. To the authors’ knowledge, no classroom-based quasi-experimental study on
ChatGPT and student performance has been conducted in a Moroccan higher education institution. This
paper provides classroom-based longitudinal evidence from a context where such empirical research remains
scarce.

The novelty of this study lies in three aspects. First, it is, to our knowledge, the first quasi-
experimental longitudinal study tracking the association between ChatGPT access and student quiz
performance across sessions of different cognitive complexity. Second, unlike studies that measure
perceptions or rely on single-session designs, this study provides empirical evidence that the association is
session-specific, emerging specifically at a procedural complexity threshold. Third, it contributes classroom-
based evidence from a Moroccan higher education institution, where such empirical research remains scarce.

2. METHOD

This section describes the research design, participants, teaching approach, and data analysis
procedures used in the study. The study adopted a quasi-experimental classroom-based design to examine
student quiz performance across seven instructional sessions. All procedures were conducted under normal
teaching conditions at ISITT in Tangier, Morocco.

2.1. Study design

This study adopted a quasi-experimental, classroom-based design conducted under normal teaching
conditions. Instructional conditions were determined by pre-existing class organization rather than random
assignment. The study was conducted within regular course delivery and did not involve changes to the
institutional timetable or external assessments. The study examines associations between instructional
condition and performance rather than making causal claims.

The study was conducted over seven consecutive sessions beginning on November 21st, 2024, each
addressing a distinct set of introductory statistical concepts and concluding with a short in-class quiz. Each
session focused on a different set of introductory statistical concepts, aligned with the course syllabus.
Sessions followed a consistent structure: introduction of concepts, guided practice, and an end-of-session quiz.

2.2. Participants

Participants were first-year students enrolled in an introductory statistics course at the ISITT in
Tangier, Morocco. Students were organized into five pre-existing classes. One class was divided into two
separate groups, producing six groups, three following Al-permitted instruction and three following
Al-not-permitted instruction. Table 1 summarizes the arrangement.

The conditions represent permission-based learning environments, not verified Al tool adoption.
The study did not measure or verify whether individual students actually used ChatGPT. Analyses are
interpreted as associations between condition and performance. Across seven quiz sessions, 193 unique
students submitted at least one quiz, yielding 1,136 observations.

Table 1. Study design: class and group arrangement

Class Al-permitted (3 groups)  Al-not-permitted (3 groups)
Class 1 Full class assigned —
Class 2 Full class assigned —
Class 3 — Full class assigned
Class 4 — Full class assigned
Class 5 (split) Group a—separated Group b—separated
Total observations 563 573

N=193 unique students, 1,136 quiz observations across seven sessions.

2.3. Teaching approach and use of ChatGPT

All classes followed the same planned content, slides, and exercises. In Al-permitted classes,
students could consult ChatGPT during learning activities only. Students were required to rewrite all
explanations in their own words. The instructor monitored interactions and corrected Al-generated
inaccuracies when observed. In Al-not-permitted classes, students relied on lecture materials and independent
reasoning. ChatGPT was not allowed during quizzes in any class.
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2.4. Quizzes

At the end of each session, students completed a quiz aligned with that session’s learning objectives.
Scores were recorded on a 0—10 scale. Quizzes differed in content and cognitive demands across sessions.
The model includes a separate term for each session, which controls for the fact that some quizzes were
harder than others.

Three examples illustrate the range. In quiz 2 (conceptual), students distinguished between
population, sample, statistical unit, and variable, a task that proved challenging because many students
interpreted 'population’ only in the everyday sense. In quiz 4 (procedural), students computed absolute and
relative frequencies from a raw dataset. In quiz 6 (complex procedural), students calculated the harmonic
mean from a frequency table using H=N/%(n_i/x i), and determined the mode of a grouped continuous
variable by computing density for each class, identifying the modal class, and applying the interpolation
formula. The full quiz 6 items are reported in Appendix.

2.5. Data analysis

A linear mixed-effects model was used with fixed effects for instructional condition, session
(categorical), and their interaction, and a random intercept for student ID. The model is specified in (1).
A linear mixed-effects model was chosen because students contributed between one and seven observations
depending on attendance, producing an unbalanced repeated-measures structure [20]. This model accounts
for individual differences through a random intercept and does not require equal numbers of observations per
student. This approach was preferred over repeated-measures analysis of variance (ANOVA) because
ANOVA requires complete data for all sessions from each student, which was not available due to natural
attendance variation. The mixed-effects model uses all available observations without excluding students
who missed one or more sessions.

Score;j = B0 + p1(Condition) + B2(Session) + p3(Condition X Session) +
u_i + e_ij (1)

Here, u_i denotes the random intercept for student i, and €_ij is the residual error for observation j within
student i.

We used Python (Anaconda) with the statsmodels library and restricted maximum likelihood
(REML) estimation. The intraclass correlation coefficient (ICC) from the unconditional model was 0.034,
indicating that approximately 3% of the total variance in quiz scores was attributable to stable differences
between students. The remaining 97% reflected within-student variation across sessions. The multilevel
structure is warranted to account for repeated observations within students.

3.  RESULTS AND DISCUSSION

This section presents the descriptive statistics, model estimates, and session-level findings from the
linear mixed-effects analysis. Results are organized from overall group-level patterns to specific session effects,
with a focus on the interaction between instructional condition and session complexity. The discussion
integrates these findings with existing literature and addresses their practical and theoretical implications.

3.1. Descriptive overview

Table 2 presents the descriptive statistics for both groups, including sample size, mean quiz score,
and standard deviation (SD). The two groups showed similar overall performance when scores were
combined across all seven sessions. These aggregate figures provide a baseline before examining session-
level variation in subsequent subsections.

The two groups had similar mean scores (7.30 vs. 7.06) and similar variability (SD=2.39 vs. 2.29)
when performance was combined across all sessions. These aggregate averages may mask important session-
level variation, which is examined in the following sections. The comparable group-level statistics also
indicate that any observed differences are unlikely to result from a general performance gap between the two
groups.

Table 2. Descriptive statistics by instructional group (N=1,136)

Group n Mean  SD
ChatGPT-permitted 563  7.30  2.39
No ChatGPT 573 7.06  2.29

ChatGPT as scaffold: quiz performance across session complexity (Fatima Ezzahra Kabba)
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3.2. Overall effects

A joint Wald test (which evaluates whether a set of model coefficients is significantly different from
zero) showed no significant overall effect of instructional group (¥*(1)=1.07, p=0.301). However,
the interaction between group and session was statistically significant (¥*(6)=61.50, p<0.001), indicating that
the association was not the same in every session. Table 3 reports the fixed-effects estimates.

Table 3. Fixed-effects estimates from the linear mixed-effects model

Effect Estimate  SE z p
Intercept 4.71 0.19 25.06 <0.001
Group (ChatGPT) 0.27 026 1.04 0.301
Session (overall) — — — <0.001
GroupXSession — — — <0.001

3.3. Session-level results

Table 4 presents the mean quiz scores, sample sizes, and Cohen’s d effect sizes for each group across
all seven sessions. These results allow direct comparison of both aggregate and session-specific performance
patterns between conditions. Figure 2 visualizes the score trajectories for both groups across sessions.

Table 4. Mean quiz scores, sample sizes, and effect sizes by session

S Topic n(Al) M(AD) n(No) M(No) d Type

1 Descriptive vs. inferential 81 4.99 80 4.75 +0.18 Conceptual

2 Statistical vocabulary 78 7.62 81 7.68 —-0.03 Conceptual

3 Variable types 83 8.31 86 8.42 —-0.05 Conceptual

4 Frequencies 80 9.65 85 9.48 +0.19 Procedural

5 Arithmetic/geometric means 81 523 83 5.59 —-0.20 Procedural

6  Harmonic mean and mode 78 9.15 83 7.18 +1.24  Complex procedural
7 Graphs and median 82 6.27 75 6.05 +0.12 Application

d=Cohen’s d (positive=AlI group higher). Classification follows [14].
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Figure 2. Mean quiz scores across seven sessions for both groups. The two lines overlap closely in
sessions 1-5 and 7, diverging only in session 6

3.4. Session 6 divergence

The largest difference was in session 6: the Al-permitted group scored 9.15 compared with 7.18
(B=1.67, standard error (SE)=0.34, z=4.89, p<0.001). The standardized effect size was d=1.24, calculated as
the raw mean difference (1.97) divided by the pooled within-session SD (1.59). Following Cohen [21], this
represents a large effect. This effect emerged in only one of seven sessions; across the remaining six, effect
sizes ranged from d=—0.20 to d=+0.19. Figure 3 shows the effect sizes for all sessions.
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Session 6 represents the highest level of procedural demand in the course. Students had to select the
correct formula, compute density for each class, identify the modal class, and apply an interpolation
procedure. The higher scores appeared at this moment of accumulated procedural complexity, not uniformly
across the course.
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Figure 3. Cohen’s d effect sizes by session. Dashed line=large-effect threshold (0.80)

3.5. Discussion

Instructional conditions were permission-based and not experimentally controlled. All findings are
therefore interpreted as conditional associations rather than causal effects. The following discussion
considers what the observed patterns suggest, while acknowledging the design limitations inherent to this
classroom-based study.

The first five sessions focused on foundational concepts and both groups performed similarly.
In session 6, students faced multi-step computation, identifying a modal class based on density, applying an
interpolation formula, and sequencing several computational steps. Under these conditions, the Al-permitted
group scored notably higher (d=1.24). This finding is consistent with Alneyadi and Wardat [22], who
reported positive effects of ChatGPT on student achievement in a procedurally demanding science unit.
A recent quasi-experimental study in a tourism statistics course similarly found that ChatGPT’s association
with performance depends on the specific task context [23].

The score drop-in session 5 provides important context. Both groups experienced a score drop when
the course shifted from definitional content to formula-driven computation. Yet the groups did not diverge in
session 5, the divergence came only in session 6. In other words, ChatGPT may not help when students first
encounter formulas, but it may start to matter when the formulas become too complex to handle without
support. In contrast, Yang et al. [24] found that unsupervised ChatGPT use decreased self-efficacy and
achievement in programming. The difference may be explained by the level of instructor oversight: in their
study, students used Al independently, whereas in the present study, use was monitored and students were
required to reformulate Al responses in their own words.

Xing [25] showed that ChatGPT performs well on conceptual questions. Other studies have reported
positive effects in specific subject areas, including remote learning in medical education [26] and knowledge
gains in music education [27]. Our study goes further by showing that the association between Al access and
student performance appears specifically during procedural sessions, not during conceptual ones. The
concerns about Al bypassing standard procedures [28] remain relevant, in this study, instructor oversight may
have limited this risk. The broader literature suggests that structured Al use is more likely to support learning
than unrestricted access [29], [30]. The session-specific pattern may also be understood through cognitive
load theory, which describes how the mental effort required by a task affects learning [31]. Sessions 1-3
required students to remember definitions and classify concepts, tasks that do not demand much mental
effort. Session 6 required multi-step computation with several formulas applied in sequence, a task with high
mental effort, where ChatGPT may have helped by breaking the problem into smaller steps [32]. However,
constant Al availability also raises concerns. Students may stop trying to solve problems on their own if Al
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always gives them the answer [19]. In this study, ChatGPT access did not improve scores in sessions 1-3,
which means students did not become dependent on Al for tasks they could handle alone. A recent meta-
analysis confirms that ChatGPT’s impact on academic achievement is not uniform but varies by course type
and duration [33]. These results challenge the assumption that Al produces universal benefits in education.
The present study adds that even within a single course, the association varies by session.

For statistics instructors, the approach used in this study offers a concrete model: explain the
procedure without Al, allow ChatGPT during practice for step verification, require reformulation in the
student’s own words, and prohibit Al during the quiz. This sequence was associated with stronger performance
at the point of highest procedural demand. It should be treated as a preliminary step, not a verified method.

When all seven sessions were considered together, no consistent advantage was associated with Al
availability. The effect was limited to session 6. For sessions focused on definitions and classifications,
teacher-led instruction without Al appeared equally effective. Al integration should be selective, not uniform.

3.6. Limitations and future research

Several design features limit the conclusions. First, the groups reflected permission-based conditions
rather than verified Al use—the study did not collect prompt logs or screen recordings to confirm whether
students actually used ChatGPT or how often. Second, the split-class arrangement in one class means some
informal cross-condition interaction cannot be fully excluded, though any contamination would be expected
to reduce rather than inflate observed differences. Third, the freely available version of ChatGPT
occasionally produced inaccurate explanations that required instructor correction, which reflects real-world
constraints but introduces variation that was not systematically recorded. Fourth, the study was conducted at
a single institution in Morocco with a specific curriculum, a single instructor, and first-year students, limiting
generalizability to other institutions, disciplines, or student populations. Future research should include direct
measures of Al interaction such as prompt logs collected with student consent, and should use external
experts to rate session complexity independently.

4. CONCLUSION

This study examined the association between ChatGPT access and student quiz performance across
seven sessions in an introductory statistics course at the ISITT in Tangier, Morocco. A significant interaction
between group and session was identified, indicating that the association was session-specific rather than
uniform. It contributes classroom-based longitudinal evidence from a Moroccan higher education institution,
a context where such empirical research remains scarce.

The clearest pattern emerged in session 6, where students with ChatGPT access scored higher on
a procedurally complex quiz (d=1.24). Six out of seven sessions showed no meaningful between-group
difference. The finding is interpreted as a conditional association at a point of accumulated procedural
demand, not as evidence of a general Al advantage.

These findings suggest that the relationship between Al access and student performance may depend
on when Al is made available and what kind of task students face. For course design, these results suggest
that teachers could identify which sessions involve the highest procedural demands and plan AI access
specifically for those sessions, while maintaining traditional instruction for conceptual content. This approach
treats Al as a targeted support tool, not a permanent feature of every session. Al may help more in complex
sessions. Whether this pattern holds in other courses and institutions needs to be tested in future research.
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APPENDIX

Assessment design, instructional context, and supporting materials
This appendix provides supporting information on the assessment design, instructional conditions,
and quiz materials used in the study.

Instructional context and use of digital tools

Digital tools, including generative text-based applications, were permitted only during learning
activities in designated classes and were not allowed during assessment. During learning activities, students
in the Al-permitted condition were allowed to ask conceptual questions such as definitions and
interpretations, request clarification of procedures discussed in class, compare explanations with lecture
slides, and reformulate content in their own words. During quizzes, no digital tools or external assistance
were permitted. Quizzes were completed individually under standard classroom supervision and administered
at the end of each session.

Overview of quizzes and learning objectives

Quiz 1: role of statistics (conceptual). Quiz 2: statistical vocabulary (conceptual). Quiz 3: types of
variables (conceptual). Quiz 4: frequencies (procedural/application). Quiz 5: means (procedural/application).
Quiz 6: harmonic mean and mode (procedural/application). Quiz 7: median and graphs (application).
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Pedagogical signals from assessment performance

Across sessions, certain concepts and procedures consistently generated student difficulty. In quiz 1,
students often interpreted descriptive statistics as data rather than as methods. In quiz 2, defining statistical
populations beyond the common understanding of 'people' proved challenging. In quiz 3, justifying the
classification of ordinal variables in satisfaction scales was a recurring source of confusion. Quiz 4 revealed
difficulties in computing and interpreting frequency distributions correctly. In quiz 5, calculating the
geometric mean presented persistent challenges. In quiz 7, selecting appropriate graphical representations
alongside determining the median required judgment that students found demanding.

Verbatim assessment items for quiz 6

To ensure transparency regarding the assessment associated with session 6, this appendix reports the
exact wording and structure of the items administered in quiz 6. These items were identical across all classes
and conditions.

— Item 1: harmonic mean (discrete data with frequencies)

Calculate the harmonic mean for the following data: speed (km/h): 20, 30, 40, 50, 60 with
frequency: 4, 6, 8, 2, 1. Response options: A) 31.98 km/h, B) 35.4 km/h, C) 36.2 km/h, D) I do not know.
This item required correct application of the harmonic mean formula with frequency weights.

— Item 2: mode (discrete variable)

Determine the mode for the following data: Rassi (2 children), Belabasse (5), Azeroual (6),
Bolif (5). Response options: A) Rassi, B) Belabasse, C) Azeroual, D) I do not know. This item assessed
conceptual understanding of the mode as the most frequently occurring value.

— Item 3: mode for grouped continuous data (unequal class widths)

Determine the mode for the following continuous variable: Salary interval [0; 3000) Freq=10,000
Width=3,000 Density=3.33; [3000; 6000) Freq=25,000 Width=3,000 Density=8.33; [6000; 7000)
Freq=30,000 Width=1,000 Density=30.00; [7000; 9000) Freq=20,000 Width=2,000 Density=10.00; [9000;
12000) Freq=15,000 Width=3,000 Density=5.00; [12000; 15000) Freq=5,000 Width=3,000 Density=1.67.
Response options: A) 3000.66, B) 5390.35, C) 6333.33, D) I do not know.

Item 3 required identification of the modal class based on density rather than raw frequency,
followed by application of the interpolation formula for grouped continuous data. Together, the three items
required multi-step computation, correct formula selection, and procedural sequencing, reflecting a
substantially higher cognitive and computational load than assessments used in earlier sessions.

Ethical and reporting considerations

No raw student responses are disclosed and no individual interaction logs were collected. All results
are reported at the group level to preserve student confidentiality. ChatGPT was available to students in the
Al-permitted classes only during learning activities and was not permitted during quizzes in any class.
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