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Abstract

Generative AI tools can improve speed and accuracy in problem solving but can also change
how people think by replacing human reasoning steps with model-generated ones. This study
asked one central question: how does growing reliance on AI for thinking tasks affect human
problem solving, and does this reliance risk weakening essential cognitive skills?

A total of 1,474 participants were recruited for data collection in Kampala, Uganda. Of these,
1,387 completed both sessions and formed the final analysis sample, giving a retention rate of
94.1 percent. The study used a two-group, two-session design. In Session 1, the AI-assisted
group solved structured tasks using a controlled hint bank while the control group worked
without assistance. In Session 2, AI was removed for everyone. The delay between sessions had
a median of 6.6 minutes and ranged from 5 to 11 minutes.

Two auditable composite indices were built from behavioural logs. The Cognitive Offloading
Index (COI) measured how much of the thinking was shifted to AI, using four behaviours
recorded by the platform: how often AI was asked for help, how long each task took, how much
AI output was copied into the answer and how often the output was checked.

The Human Engagement Score (HES) measured how actively participants stayed involved,
using self-reported engagement, the independence of the reasoning they produced and the share
of tasks completed without AI. Both were computed using fixed z-score formulas and checked
for internal stability and construct separation. They are reproducible descriptive indices rather
than validated psychometric instruments.

In Session 1, both groups achieved almost identical accuracy (Cohen’s d = 0.026). However
the control group scored substantially higher on rubric independence (d = -1.972), meaning the
AI-assisted group produced weaker independent reasoning despite getting the same answers. In
Session 2 with AI removed, both primary endpoints showed negligible differences. Accuracy S2
(d = 0.028) and rubric independence S2 (d = 0.026) were both non-significant with confidence
intervals crossing zero. An exploratory Ridge regression model did not beat a naive baseline.
Session 1 features could not estimate individual Session 2 independence under the conditions
of this study, where the outcome sat close to its ceiling. All four robustness checks confirmed
these conclusions.

The study concludes that AI use during Session 1 changed how participants worked during the
tasks but did not reduce what they could do on their own seven minutes later. No drop in
short-term independent performance was found for these tasks and this context. The design did
not test long-term skill retention. Nothing in these results speaks to what happens after a day,
a week or a semester of regular AI use. The COI and HES scoring rules, cleaned dataset and
reproducible analysis pipeline are provided as reusable contributions for future research.
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Chapter 1

Introduction

Executive Summary

Artificial intelligence is changing how people solve problems. Tools like ChatGPT can now
produce reasoning steps, draft answers and complete tasks that people would normally do
themselves. This raises a practical question: if people regularly hand over their thinking to AI,
what happens to their ability to think independently when AI is not there?

This study built and tested a data science framework to measure this question directly. A total
of 1,474 participants were recruited in Kampala, Uganda. They were split into two groups. The
AI-assisted group used a structured hint system during Session 1 while the control group worked
alone. In Session 2, AI was removed for everyone. Two behavioural indices were constructed
from activity logs. The Cognitive Offloading Index (COI) measured how much thinking was
shifted to AI. The Human Engagement Score (HES) measured how actively participants stayed
involved in the tasks.

The results showed that both groups achieved similar accuracy in both sessions. However the
control group produced much better independent reasoning in Session 1, with a very large
effect size of -1.972 on rubric independence. When AI was removed in Session 2, both groups
performed at the same level. No drop in short-term independent performance was found. The
prediction model also found that Session 1 reliance behaviour could not reliably predict Session
2 independence at the individual level. These findings are discussed alongside the limitations
of the same-sitting design and the reliability issues found in the measurement tools.
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1.1 Background

Many recent discussions about AI stop at one simple question: does AI help people finish
tasks faster? That question is not enough for a data science research degree. The more useful
scientific question is how AI changes the way people think, and what that change does to their
ability to work independently later.

When a person uses AI to break down a problem, generate intermediate steps or draft reasoning
they would normally do themselves, that behaviour leaves clear traces. These include how
often they asked for help, how long they spent reading AI output, whether they copied it and
whether they checked it. Those traces can be turned into measurable features. Features can be
combined into indices like COI and HES. Indices can then be connected to later performance
to test whether AI use changed independent ability.

The practical motivation is also clear. In education and workplace settings, AI may raise per-
formance today while quietly reducing independent capability tomorrow, if the person stops
retrieving information, elaborating ideas and checking answers on their own. This study sepa-
rated two outcomes. The first was immediate performance during AI access in Session 1. The
second was delayed independent performance in Session 2 after AI was removed.

This design gave a direct and measurable test of whether reliance acted as augmentation, where
the person still reasoned and verified, or as substitution, where the tool performed the reasoning
and the person simply accepted it [1].

1.2 Problem Statement

Current generative AI use shifts problem solving from human-generated intermediate reasoning
to AI-generated steps [1, 2, 3]. However, there was no lightweight, reproducible measurement
and modelling pipeline that could do three things together. First, quantify offloading intensity
as observable behaviour. Second, measure human engagement and verification behaviour during
AI-assisted work [4, 5]. Third, estimate the effect of AI access on delayed independent problem
solving when AI was removed [6, 7].

The technical problem was to build an experimental dataset and analytical framework that
could estimate and predict how Session 1 reliance behaviour, COI, HES and verification, im-
pacted Session 2 independent performance. The goal was to separate measurable augmentation,
where AI support improved performance without reducing independent capability [1], from mea-
surable substitution, where higher reliance led to reduced independent performance after AI
was removed [2, 8].

This distinction matters because it enables early detection of overreliance risk using data rather
than assumptions [9, 10].

1.3 Research Objectives

This study aimed to understand how people depend on AI during problem solving, to measure
that behaviour with data science methods, and to test whether the resulting measures can say
anything about an individual’s later independent performance [2, 8].

1.3.1 Specific Objective 1

To construct a labelled two-session dataset from a sample of university students and working
adults in Kampala, engineer reliance and verification features from their behavioural logs, and
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compute COI and HES as auditable composite indices.

1.3.2 Specific Objective 2

To evaluate the effect of Session 1 AI reliance on delayed independent performance in Session 2
when AI was removed, using effect sizes, confidence intervals and reliability checks [4, 5].

1.3.3 Specific Objective 3

To test whether Session 1 reliance behaviour alone can be used to estimate the Session 2
independence of an individual participant, and so whether COI could work as an early screening
measure rather than only as a group-level description.

1.4 Research Questions

1.4.1 Research Question 1

How was a good dataset constructed, useful features engineered from raw behavioural logs, and
COI and HES computed in a way that clearly showed AI reliance and verification behaviour,
and how reliably did the two indices measure what they claim to measure [3]?

1.4.2 Research Question 2

How did Session 1 AI reliance affect delayed independent performance in Session 2 when AI
was removed [6, 7]?

1.4.3 Research Question 3

Can Session 1 behavioural features alone estimate the Session 2 independent performance of
an individual participant, and do the conditions of this study allow that question to be tested
fairly?

1.5 Significance of the Study

This study turned a common worry into measurable data. Many people argue that AI can
make people think less, but there was little proof from controlled studies with delayed testing.
This study measured AI use through behaviour logs and the COI, and measured engagement
through the HES. Both scores were built from observable actions so that behaviour could be
compared fairly across different participants [2].

The study also tested what happened when AI was removed. Most existing studies only checked
speed and accuracy while AI was present [11]. This study removed AI in Session 2 and measured
independent performance directly.

Finally, the study provided an early look at whether high COI scores could work as a warning
signal for overreliance risk. The idea is supported by research on AI trust and overreliance [4]
and connects to responsible AI use in education and decision making [10].
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1.6 Scope

This study focused on how people used AI during problem solving and what happened when AI
was later removed. It used a two-session design with a same-sitting delay of approximately seven
minutes between sessions. It did not measure long-term learning over weeks or months.

The tasks were limited to structured problem-solving activities covering data reasoning, logic
and quantitative reasoning. Results may not fully apply to all real-world settings or task
types.

The study measured behaviour using activity logs converted into features and combined into
COI and HES. It also built a simple prediction model to link Session 1 behaviour to Session 2
outcomes. It did not focus on emotional, social or clinical aspects of cognition. The aim was to
provide a clear and reproducible data science framework for analysing AI reliance [1, 2].

1.7 Limitations

Several limitations affected this study and must be noted when interpreting the findings.

• The delay between Session 1 and Session 2 was about seven minutes. This short gap
means the study measured very short-term independence only. It cannot show what
would happen to independent performance after a longer gap such as a day or a week.

• Task accuracy was very high for almost all participants, creating a ceiling effect. This
reduced the variation available to detect differences between groups and limited the pre-
dictive model.

• All four Likert scales failed Cronbach’s alpha reliability checks, meaning the scale items
within each scale were essentially uncorrelated. Scale-based scores were treated as de-
scriptive only.

• Two of three rubric dimensions failed inter-rater agreement. Only correctness reached an
acceptable ICC. Justification quality and independence scores must be interpreted with
caution.

• The COI prediction model only covered the AI-assisted group because the control group
had no reliance data.

• The convenience sample was drawn from two sites in Kampala and may not represent
other populations, cultures or task types.

• Data collection was conducted under time pressure. At the MAIN site, participants
were brought in batches to a computer lab because universities were on holiday and many
people were doing internships. Incentives were provided to encourage participation. These
practical constraints may have introduced variability in participant motivation and focus.

1.8 Key Definitions

• Artificial Intelligence (AI): AI refers to computer systems that can produce text,
reasoning steps and solutions to tasks. In this study, AI acts as an external support tool
during problem solving [11].

• Cognitive Offloading: Cognitive offloading is when a person uses an external tool to
reduce their mental effort. In this study, it means shifting reasoning or memory tasks
from the person to the AI system [6, 7].
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• Human Engagement: Human engagement is the level of active thinking, checking and
reasoning a person does during a task. It includes behaviours like verifying answers,
explaining steps and revising solutions.

• Cognitive Offloading Index (COI): COI is a score that measures how much a person
relied on AI during problem solving. It is built from four behaviours recorded in the
platform logs: AI use ratio, Session 1 task time, copy rate and low verification. Each
behaviour is converted to a z-score and the four are averaged, so COI is centred at zero
and is read as a distance from the group average rather than as a percentage. A participant
with a COI of +1.0 relied on AI about one standard deviation more than the average
participant in the AI-assisted group.

• Human Engagement Score (HES):HES is a score that measures how actively a person
participates in problem solving. It is built from engagement self-report, justification
quality and low delegation to AI. Higher values indicate more independent thinking and
verification.

• Augmentation: Augmentation means AI supports the person without reducing their
ability to think on their own. The person still checks and understands the solution [1].

• Substitution: Substitution means AI replaces the person’s thinking process. The person
depends on AI outputs without much verification or understanding of the steps involved.

• Delayed Independent Performance: How well a person performs tasks after AI is
removed. In this study the delay was a few minutes, so this term always means short-term
independent performance and never long-term skill retention. It is measured in Session 2
using task accuracy and rubric scored independence and justification quality.

• Overreliance: Overreliance happens when a person depends too much on AI and reduces
their own thinking effort. This can lead to weaker performance when AI is not available
[4, 5].

• Verification: Verification is when a person actively checks an AI-supplied answer us-
ing their own reasoning, re-computation or an alternative method. It is one of the key
behaviours measured in this study.

• Behavioural Feature: A behavioural feature is a measurable variable extracted from
raw activity logs. Examples in this study include prompt count, time in tool, copy rate
and verification actions. These are the building blocks of COI and HES.

• Session 1: Session 1 is the first problem solving session. The control group works without
AI. The AI-assisted group works with AI under a controlled protocol. Data collected here
is used to compute COI and HES.

• Session 2: Session 2 is the delayed independence test. AI is removed for everyone.
Participants solve a new but similar set of tasks on their own. This session measures
whether prior AI use affected independent problem solving.

• Feature Engineering: Feature engineering is the process of turning raw log data into
meaningful measurable variables. In this study, raw logs like prompt counts and time
stamps are transformed into features that feed into COI and HES [1].

• Prediction Model: A prediction model is a statistical or machine learning tool that
uses known inputs to estimate an unknown output. In this study, Session 1 features are
used to predict Session 2 independence risk [8].

• Effect Size: Effect size is a number that shows how big a difference is between two
groups. In this study, Cohen’s d is used to report the size of differences between the AI
group and the control group [12].
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• Confidence Interval: A confidence interval is a range of values that is likely to contain
the true result. This study uses 95 percent confidence intervals to show the uncertainty
around each estimate.

• Cross-validation: Cross-validation is a method for testing how well a prediction model
works on new data. It splits the dataset into parts, trains the model on some parts and
tests it on the rest. This study uses grouped cross-validation by participant ID to avoid
data leakage [8].

• Data Leakage: Data leakage happens when information from the test set accidentally
enters the training set, making a model look better than it really is. This study prevents
leakage by using only Session 1 features to predict Session 2 outcomes.

• Ceiling Effect: A ceiling effect happens when most participants score at or very near
the maximum possible value on a measure. When this occurs, there is very little variation
left to detect differences between groups or to use in prediction models. In this study,
almost all participants scored 1.0 on accuracy in both sessions, which made it difficult to
find meaningful differences between the AI-assisted and control groups on this measure.

• Short-term independent performance: How well a person performs a comparable
task on their own, a few minutes after AI support has been taken away. This is what
Session 2 measured in this study.

• Long-term skill retention: Whether a person still holds a skill after days, weeks or
longer, and can still use it without help once that time has passed. This study did not
measure this and reports nothing about it.
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Chapter 2

Literature Review

2.1 Introduction

This chapter reviews existing research on generative AI, human thinking and problem solving.
It focuses on how AI changes the way people engage with tasks, especially through cognitive
offloading and verification behaviour. The goal is to understand what was already known before
this study, what was missing, and how this study filled those gaps.

Recent studies show that generative AI is not just a tool for finding information. It actively
changes how people think, solve problems and make decisions [1]. This makes it important to
study both performance and behaviour, not just final task outcomes.

The chapter is organised into five areas. First, theoretical background. Second, cognitive
offloading and human thinking. Third, generative AI and problem solving. Fourth, human-AI
interaction and trust. Fifth, measurement of AI reliance and engagement. The chapter ends
with a critical analysis and a summary of the three research gaps this study addressed.

2.2 Theoretical Background

This study was grounded in three overlapping theories: cognitive offloading, cognitive load and
human-AI collaboration.

Cognitive offloading is the use of external tools to reduce mental effort. In the past, this meant
writing notes or using a calculator. Modern AI systems go further by performing reasoning
steps, not just storing information [3, 7]. This changes what a person actually practises during
problem solving.

Cognitive load theory explains how reducing unnecessary mental effort can improve perfor-
mance. However, removing too much effort can also reduce learning, especially when key steps
like retrieval and self-explanation are skipped [13]. The challenge is finding the right balance
between reducing unhelpful effort and keeping essential thinking steps active.

Human-AI collaboration is often described as hybrid intelligence, where humans and AI work
together as a system. In this model, AI supports performance, but humans must still stay
active in reasoning and verification [1]. When humans stop doing essential evaluation steps,
the hybrid system becomes less safe, especially in high-stakes settings.

These three theories together explain why this study measured both offloading and engagement.
Offloading alone does not tell the full story. What matters is whether the person stayed actively
involved while using AI, or whether they simply accepted whatever the AI produced.
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2.3 Cognitive Offloading and Human Thinking

Cognitive offloading has been studied widely in psychology. Research shows that offloading
can improve immediate performance but may reduce memory and understanding over time
[6, 7].

Modern AI increases the level of offloading by allowing users to delegate not only memory tasks
but also reasoning steps. This changes what users practise during problem solving and may
affect long-term independent capability [3].

Other researchers have studied this same tension. Risko and Gilbert [14] reviewed how people
decide when to offload and showed that offloading is a strategic choice shaped by task difficulty
and confidence, not an automatic reflex. Sparrow, Liu and Wegner [15] demonstrated in their
well-known ”Google effect” study that when people expect to have future access to information,
they remember the information itself less well but remember where to find it. This directly
supports the concern in the present study, that easy access to AI may reduce the mental work a
person does themselves. Dunn and Risko [16] extended this by showing that the metacognitive
decision to offload is often poorly calibrated, meaning people offload even when doing the
task themselves would have been better for learning. The present study builds on this line of
work by measuring offloading behaviour directly from activity logs rather than relying on what
participants report.

Offloading is not always harmful. It depends on how it is used. If users return to the informa-
tion, explain it in their own words or verify it, learning can still happen. But if users simply
accept AI outputs without checking, learning is likely to weaken [6].

However, the literature mostly discussed offloading at a general level. It did not clearly identify
which specific behaviours separated a person who was still thinking actively, known as augmen-
tation, from a person who had handed all thinking to AI, known as substitution. This study
addressed that gap directly by measuring four specific behavioural features during problem
solving.

The first feature was AI use ratio. This was the proportion of tasks where the person requested
AI assistance. A person who asked for help on every task showed stronger offloading than one
who asked only occasionally [5].

The second feature was time on task. This measured the average time a participant spent on
each Session 1 task. A person who spent longer with the tool open was likely to be working
through more of the problem alongside it. A person spending most of their time in the tool
was likely delegating more of the thinking process [6].

The third feature was copy rate. This was the proportion of tasks on which the participant
copied hint content into their answer. A high copy rate was a strong signal of substitution, be-
cause the person was reproducing the AI’s reasoning rather than producing their own [4].

The fourth feature was verification rate. This measured how often a person checked an AI-
supplied answer using their own method, such as re-computing, estimating or using an alterna-
tive approach. Low verification rate meant the person accepted AI outputs without questioning
them [4, 5].

Together these four features formed the building blocks of COI. A person with high AI use ratio,
high time in tool, high copy rate and low verification rate showed clear substitution behaviour.
A person with low AI use ratio, low copy rate and high verification rate showed augmentation
behaviour, even if they used AI at some point [1].
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2.4 Generative AI and Problem Solving

Generative AI tools such as ChatGPT have been shown to improve task performance in many
settings. Studies report higher accuracy and faster completion times when AI is used [11].

However, these benefits often come with reduced mental effort. Users may shift from active
problem solving to passive acceptance of AI-generated answers. This creates a trade-off between
performance now and understanding later.

Research also shows that doing tasks quickly with AI can give a false sense of learning. Com-
pleting a task fast does not always mean the person understands the process behind it. This
is why delayed testing was important in this study. Session 2 removed AI and tested whether
the person could still solve similar problems on their own [17].

Evidence from education showed a mixed picture. AI supported activities can improve perfor-
mance while also reducing perceived effort. This may push people toward convenience-driven
strategies if reflection is not built into the design [11].

Research on creativity added another concern. Generative AI can increase how much a person
produces while reducing the variety of ideas across a group [18]. When AI becomes the default
partner, solutions may start to look similar across users, which may signal reduced exploration
and weaker independent reasoning over time.

The rapid growth of large language models has produced a wave of new studies on this question.
Kosmyna et al. [19] used brain-activity measurement to show that people writing essays with
a large language model displayed lower neural engagement and weaker memory of their own
essays compared to people who wrote unaided, which they described as a possible ”cognitive
debt”. Bastani et al. [20] ran a large field experiment in mathematics classrooms and found that
students who practised with an unrestricted AI tutor performed worse on later unaided tests
than students who never used it, although a carefully designed AI tutor removed this harm.
Lee et al. [21] surveyed knowledge workers and found that higher confidence in AI was linked
to less critical thinking effort during tasks. These recent studies show a consistent pattern:
AI can raise immediate output while quietly lowering the independent effort a person invests,
which is exactly the pattern the present study set out to measure in a controlled way.

2.5 Human-AI Interaction and Trust

Human-AI interaction research shows that trust is central but not enough on its own. Users
must decide when to trust AI and when to check its output. However, research shows that trust
attitudes alone do not reliably produce calibrated reliance, especially when users form simple
habits like always following or always ignoring AI suggestions [5, 22].

Controlled experiments showed that standard explanations from AI systems did not reliably
prevent overreliance when the AI was wrong, unless the interface forced deeper checking be-
haviour [4]. This reveals a design trade-off. Adding friction can reduce blind acceptance, but
too much friction can reduce usability and push users to bypass safeguards altogether.

Research on AI-generated content added a further concern. Experiments showed that people
can struggle to tell AI-generated text from human text, and that synthetic content can be
persuasive even when it is wrong [23]. This strengthens the case for verifiable checking routines
rather than trust alone, which aligns with the emphasis on accountability and risk management
in responsible AI guidance [9, 10].

Design solutions such as forcing users to explain answers or check results before submitting can
reduce overreliance. However, too much control can reduce usability, so a balance is needed
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[4].

2.6 Measurement of AI Reliance and Engagement

A key challenge in the literature was how to measure AI reliance. Many studies relied on self-
reported trust or attitudes, which did not always reflect actual behaviour [5]. A person might
say they checked AI outputs carefully, but their logs could show something different.

Recent research suggested that behavioural measures are more reliable than self-report alone.
These include actions such as verification, copying, time spent in the tool and prompt usage
[2, 8]. However, most studies measured these factors separately. There was no single combined
index that captured both reliance and engagement together in one auditable framework.

This study addressed that gap by combining four specific behavioural features into COI and
three engagement signals into HES. COI and HES were kept as separate indices because they
measured different things. A person could have high engagement and still offload some steps
to AI. These were not the same thing and should not be combined into one score [8].

Recent evidence linked higher AI dependence to weaker critical thinking and fatigue-related
mechanisms, while AI literacy could reduce some of these negative effects [2, 8]. However, a
weakness in many of these findings was that they were correlational. They could not show that
AI use caused lower thinking. This was why this study used a controlled design with two groups
and a delayed no-AI session, where reliance was manipulated and independent performance was
measured after AI was removed.

In relation to these earlier works, the present study takes a different and complementary posi-
tion. Where Gerlich [2] and Tian and Zhang [8] measured reliance through self-report surveys,
this study measured it directly from behavioural logs. Where Bastani et al. [20] and Kosmyna
et al. [19] used a delayed unaided test, this study adopted the same logic of a no-AI second
session but combined it with two auditable composite indices, the Cognitive Offloading Index
and the Human Engagement Score. In this way the present study connects the behavioural-
measurement tradition of Risko and Gilbert [14] with the delayed-testing tradition of Bastani
et al. [20], bringing the two approaches together into one reproducible framework.
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2.7 Comparative Analysis of Existing Studies

Study Method Dataset Key finding Limitation

Grinschgl et al.
(2021)

Controlled ex-
periment

Memory tasks Better task
performance

Lower memory
retention

Buçinca et al.
(2021)

Experiment
on AI decision
tasks

Lab partici-
pants

Less overre-
liance with
forcing func-
tions

Limited real-
world validity

Deng et al.
(2024)

Meta-analysis of
50+ studies

Education
datasets

Better perfor-
mance, less
effort

Mixed results
across contexts

Gerlich (2025) Survey and anal-
ysis

Adults using
AI tools

Higher AI
use linked to
lower critical
thinking

Correlational,
no delayed test

Tian & Zhang
(2025)

Survey study University
students

AI depen-
dence linked
to fatigue
and weaker
thinking

Self-reported
data bias

Doshi & Hauser
(2024)

Controlled ex-
periment

Online work-
ers

More individ-
ual output
but less idea
diversity

Lab context only

Spitale et al.
(2023)

Experiment Online partic-
ipants

People strug-
gle to detect
AI-written
content

Context specific
results

Mehrotra et al.
(2024)

Systematic re-
view

Human-AI
interaction
studies

Trust at-
titudes do
not reliably
predict actual
reliance be-
haviour

No behavioural
measurement

Table 2.1: Comparison of selected studies on AI use, cognitive offloading and learning outcomes.

The table shows that most studies agreed AI can improve speed and performance in the short
term. However, there was much less agreement on its effect on learning and independent
thinking. Many studies also lacked behavioural measurement and delayed testing, which were
both important for understanding what happened after AI was removed. This study directly
addressed both of these gaps.
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2.8 Critical Analysis of Existing Studies

A key limitation in current research was the lack of behavioural measurement. Many studies
focused on trust or perception rather than actual user actions during problem solving [5].
Asking someone whether they trusted AI was very different from measuring what they actually
did when AI gave them an answer.

Specifically, most studies did not measure the four behavioural features that this study argued
were central to detecting substitution versus augmentation. These were AI use ratio, time in
tool, copy rate and verification rate. Without these features, it was impossible to say whether
a person used AI as a support tool or let AI do all the thinking for them [4, 5].

Another limitation was the focus on immediate performance. Few studies tested what happened
after AI was removed. This made it difficult to measure true learning or independence [6, 7].
A person could perform well during a task with AI and then fail the same type of task one day
later without AI. Without a delayed no-AI session, this risk remained invisible.

There was also a lack of integrated measurement. Most studies measured offloading, engagement
or performance separately rather than combining them into linked indices. This made it hard
to see the full picture of how AI changed the thinking process [8]. A person could be highly
engaged and still offload heavily. These two things were not opposites, and measuring only one
of them gave an incomplete picture.

Finally, many findings were based on correlation, which did not show causation. Controlled
experiments with delayed testing and a no-AI condition were needed to make stronger claims
about the effects of AI use on independent problem solving [2, 11].

2.9 Research Gaps

Based on the reviewed literature, three main gaps were identified. Each gap directly motivated
one part of this study.

Gap 1: Measurement Gap

Most existing studies did not provide an auditable, feature-based index that converted AI
reliance into measurable variables. They either used self-report alone or measured only one
behaviour at a time. Specifically, no existing study combined AI use ratio, time in tool, copy
rate and verification rate into a single composite index that could separate substitution from
augmentation [4, 5].

This study addressed this gap by defining a fixed feature set for reliance and verification, then
computing COI and HES using deterministic formulas backed by a data dictionary. This meant
another researcher could take the same raw logs and reproduce the exact same scores [1].

Gap 2: Delayed Endpoint Gap

Most studies only measured performance while AI was present. They did not test what hap-
pened after AI was removed. This meant the risk to short-term independent performance was
never directly observed, only assumed [6, 7].

This study addressed this gap by using Session 2 with AI removed as the primary indepen-
dence endpoint. If the AI-assisted group performed worse in Session 2 than the control group,
that would be direct evidence of a short-term independence cost. If they performed similarly,
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that would also be useful evidence showing no measurable short-term cost for these tasks and
contexts [11].

Gap 3: Validity Gap

Many studies reported results without providing reliability evidence for their scoring tools.
Rubric scores and composite indices could vary a lot depending on who scored them and how
the formula was defined [2, 8].

This study addressed this gap by using a written rubric with clear scoring dimensions, double
scoring at least 20 percent of responses, and computing Cronbach’s alpha for multi-item scales
and ICC for rubric scoring. This provided evidence about whether the measures used were
consistent and trustworthy [4].

2.10 Conceptual Framework

The three theories reviewed above and the three gaps identified from them come together in the
framework shown in Figure 2.1. The framework sets out what this study treats as the cause,
what it treats as the mechanism in between, what it treats as the outcome and what it holds
constant.

The condition. The single thing the study changed was whether structured AI assistance was
available during Session 1. Everything else was held the same across the two groups.

The mechanism. Cognitive load theory [24] and the cognitive offloading literature [14, 15]
both say that an external tool changes the way a person works through a problem, not only
how fast they finish it. The framework therefore places measurable behaviour between the
condition and the outcome. Four behaviours make up the Cognitive Offloading Index: how
often AI was asked for help, how long the task took, how much of the AI output was copied
and how often the output was checked. Three signals make up the Human Engagement Score:
self-reported engagement, the independence of the reasoning produced, and the share of the
work done without AI. The hybrid intelligence framework [1] supplies the reason for keeping
these two indices apart, because it treats offloading and active engagement as separate things
rather than as opposites.

The outcomes. Two outcomes are measured while AI is present, in Session 1, and the same
two are measured once AI is removed, in Session 2. Accuracy captures whether the answer
was right. Rubric independence captures how much of the reasoning was the participant’s own.
Separating the two is what allows the study to detect a change in process that does not show
up as a change in result.

The controls. Baseline warm-up score, education level, age band, AI confidence and collection
site are measured and held constant in the adjusted analysis, because each could otherwise offer
an alternative explanation for a difference in outcome.

The three research questions map onto three parts of this figure. Research Question 1 asks
whether the middle layer can be measured at all. Research Question 2 asks whether the
condition affects the right-hand layer once AI is removed. Research Question 3 asks whether
the middle layer can be used to predict the right-hand layer for an individual participant.
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Condition
Behaviour in
Session 1

Outcomes

AI assistance
available or not

(Session 1)

COI
AI use ratio, task time,

copy rate, low verification

HES
engagement, rubric

independence,

work done unaided

Session 1
accuracy and

rubric independence

Session 2
accuracy and

rubric independence
(AI removed)

Controlled variables: baseline warm-up score,
education, age band, AI confidence, and collection site

Figure 2.1: Conceptual framework. AI availability in Session 1 is the condition. COI and
HES measure how the work was done. Accuracy and rubric independence measure what was
produced, first with AI present and then with AI removed. The dashed box lists the variables
held constant in the adjusted analysis.

2.11 Summary

This chapter reviewed key studies on AI, cognitive offloading and human engagement. The
findings showed that AI can improve performance in the short term but may also change how
people think and learn. Most existing studies discussed offloading and reliance at a general
level without identifying the specific behavioural features that separate active thinking from
passive acceptance of AI output.

This study filled that gap by measuring four specific features during problem solving: AI use
ratio, time in tool, copy rate and verification rate. Together these features formed COI and made
it possible to distinguish substitution from augmentation in a measurable and reproducible way
[1, 4, 5].

The study also addressed the lack of delayed testing by using Session 2 as an independence
endpoint where AI was removed for everyone, and the lack of reliability evidence by computing
Cronbach’s alpha and ICC on all measurement tools [2, 6, 7, 8].

These three gaps provided the foundation for the methodology described in Chapter 3.
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Chapter 3

Methodology

3.1 Introduction

This chapter describes how the study was carried out. It covers the research design, how
participants were recruited, how data was collected, how the behavioural indices were built and
how the data was analysed. Every step was designed to produce measurable, auditable and
reproducible outputs.

The chapter is organised around the alignment set out in Table 3.1, which connects each specific
objective to a research question, the data used to address it, the method applied and the
place where the result is reported. Sections on research design, participant recruitment, data
collection, measurement and feature engineering support Specific Objective 1. The statistical
analysis plan supports Specific Objective 2. The predictive modelling section supports Specific
Objective 3. Chapter 4 reports the results in the same order.
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Objective Research ques-
tion

Data used Method Where re-
ported

Answer

SO1 Build the
dataset and com-
pute COI and
HES

RQ1 Can
reliance and
verification be
measured from
logs, and how
reliably?

Seven populated
raw files. Table
A (1,387 rows),
Table B (13,870
rows)

Merging on
participant
code, feature
engineering,
z-score compos-
ites, stability
and separation
checks

Ch 3 Variables
and Measure-
ment, Data
Processing. Ch
4 Data Integra-
tion, Feature
Engineering

Yes. Both in-
dices built and
reproducible

SO2 Evaluate
the effect of Ses-
sion 1 reliance
on Session 2
independence

RQ2 Does prior
AI use reduce
independent per-
formance once
AI is removed?

Table A. Accu-
racy S2, rubric
independence
S2, group, co-
variates

Mann-Whitney
tests, Cohen’s
d, bootstrap
CI, Benjamini-
Hochberg cor-
rection, adjusted
OLS, four ro-
bustness checks

Ch 3 Statistical
Analysis Plan.
Ch 4 Statistical
Analysis, Ro-
bustness Checks

No measurable
effect at this
delay

SO3 Test
whether Session
1 features can
estimate indi-
vidual Session 2
independence

RQ3 Can COI
work as an
individual-level
screening mea-
sure?

Table A, AI-
assisted partici-
pants only (634
rows), six Ses-
sion 1 features

Ridge regression,
grouped 5-fold
cross-validation,
naive baseline,
subgroup error
diagnostics

Ch 3 Predictive
Modelling. Ch 4
Predictive Mod-
elling

Not under these
conditions. The
ceiling effect pre-
vented a fair test

Table 3.1: How each specific objective maps onto a research question, the data, the method,
the results and the answer.

Each objective maps to exactly one research question and each question is answered in exactly
one place. This was set before the analysis began rather than arranged afterwards. It also
explains why the two primary endpoints belong to Objective 2 alone. Objective 1 produces
the measures, Objective 2 tests the effect and Objective 3 tests whether the measures can be
applied to an individual participant. No result is used to answer more than one question.

3.1.1 Where COI Sits in This Study

One property of the Cognitive Offloading Index needs stating before the results are read, because
it determines where the index can and cannot appear. COI is computed from z-scores taken
within the AI-assisted group. The control group has no COI at all, since they never used AI,
and the AI group’s mean is fixed at zero by construction. COI is therefore a within-condition
measure of how one participant’s reliance compares to another’s. It is not capable of producing
a difference between the two conditions, and it is not used as one anywhere in this report. This
is why the manipulation check in Chapter 4 is run on HES rather than on COI.

This places COI in Objective 1, where it is built and checked, and in Objective 3, where it is
tested as a predictor of an individual’s Session 2 independence. Objective 2 asks a between-
condition question, and that question is answered by rubric independence and HES, which
exist for both groups. COI is absent from the Session 2 evidence table by design rather than by
failure. Where the report reaches a conclusion about offloading between the two conditions, the
evidence is the Session 1 rubric independence difference and the HES difference, both reported
in Chapter 4.
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3.2 Research Philosophy and Theoretical Foundation

This study followed a positivist research philosophy [25, 26]. Positivism means that knowledge
must come from things that can be seen and measured, not from personal views or guesses. This
way of thinking was the right fit for this study because the main question, whether AI reliance
reduces independent problem solving, could be broken into numbers and measured directly.
Variables such as task accuracy, rubric-scored independence and behavioural log features were
all observable and countable. A positivist approach made it possible to test the question with
statistical evidence rather than with opinion.

The study then used a deductive and quantitative approach [25]. In a deductive approach, the
researcher starts with an idea from existing theory, turns it into something testable, and then
uses data to check whether the idea holds. The starting idea here came from the cognitive
offloading literature, which warns that moving mental work to an outside tool can leave a
person less able to do that work alone [14, 15]. From this, a clear and testable expectation
was formed: if using AI in Session 1 caused any loss of short-term independent performance,
the AI-assisted group should perform worse than the control group when AI was removed in
Session 2. Data was then collected and used to test this expectation directly.

The study rested on three theories that each gave a reason for the design choices and the
measurement tools used. The first theory was Cognitive Load Theory [13, 24]. This theory says
that working memory has limits, and that cutting out unnecessary effort can help performance,
but that removing the essential steps of retrieving and explaining ideas can stop learning from
happening. This gave the reason for testing performance in two separate sessions rather than
only during AI access. The second theory was the theory of cognitive offloading [14, 15]. This
theory says that people naturally move mental tasks to outside tools, and that this move can
have measurable costs and benefits depending on how it is done. This gave the reason for
building the Cognitive Offloading Index. The third was the framework of human-AI hybrid
intelligence [1], which says that when a human and an AI work together, the human must still
think actively and check the AI output rather than just accept it. This gave the reason for
building the Human Engagement Score and for measuring verification behaviour.

The study set out to test whether AI access itself, rather than some other difference between
people, explained any change in performance. An experimental design was used for this reason,
rather than a survey or an observational study [27, 28]. In an experiment, the researcher
changes one thing on purpose, in this case whether AI was available in Session 1, while keeping
everything else as similar as possible, and then looks at what happens. An experiment gives a
stronger basis than a survey for arguing that the AI condition explains a change in the results,
because the researcher sets the condition instead of observing it. This is a matter of degree
rather than proof. An experiment run on one convenience sample, with one task set and one
short delay, supports a claim about those conditions and not a general claim about AI use. A
survey could have shown that AI use and weaker reasoning happen at the same time, but it
could not show which one came first or which one caused the other. This is why the experiment
was the right choice.

3.3 Research Design

This study used a quantitative, between-groups experimental design with a same-sitting in-
dependence endpoint [25, 27]. Participants were divided into two groups. Group A was the
control group and participants completed Session 1 without any external assistance. Group B
was the AI-assisted group and participants completed Session 1 using a structured hint bank
delivered through an online platform.
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The specific design used was a between-groups, two-session design with a delayed no-AI end-
point [27, 28]. A between-groups design means each person was in only one group. This was
chosen instead of a within-groups design, where one person would go through both the AI and
the no-AI condition, because going through the AI condition first would have given participants
the answers and ruined their performance in the no-AI session. Keeping the two groups sepa-
rate took away this problem. Participants were assigned to groups by the platform so that the
groups would start out similar, and this was confirmed later by the group balance checks.

The main measurement parameters of the study were each chosen based on existing guidance
from the literature. The number of tasks and scored episodes per participant was set to produce
several separate measurements per person while still keeping the sessions short enough to avoid
fatigue, following the idea that reliability goes up with more items but that tiring participants
out works against good data [29]. The rubric was built on a zero to two scale for each dimension
because short ordinal scales with clear descriptions at each point are easier for raters to use
in the same way, which helps inter-rater agreement [30]. The proportion of responses double-
scored was set above twenty percent as recommended for reliability estimation, and in practice
reached 66.6 percent. The significance threshold was set at the widely used level of 0.05 and
effect sizes were read using the boundaries set out by Cohen [12].

The most important part of the design was Session 2. After a short break in the same sitting,
with a median length of 6.6 minutes and a range of 5 to 11 minutes, AI was removed for all
participants. They then completed a new but comparable set of tasks independently. This
session acted as the independence test and was the primary endpoint for Research Question
2.

Both sessions were completed in the same sitting. This was done because the data collection
window was narrow and participants could not be asked to return on a later day. The design
therefore tested very short-term independence. It did not test overnight retention or longer-term
skill transfer. This is discussed further in Chapter 5.

To reduce confounding, both groups completed two warm-up tasks without AI before Session
1 began. This provided a baseline ability score for each participant and was used to check
whether the two groups were balanced before analysis [28].

3.3.1 AI Assistance Delivery

All AI assistance in this study was delivered through a standardised offline Hint Bank built
into the study platform. Every participant in the AI-assisted group saw exactly the same hint
text at each of the three levels. This kept the assistance identical for all participants at both
sites and removed the variation that would come from live AI responses, where the wording of
a prompt changes the answer given. No live ChatGPT sessions were used at any point during
data collection.

Two of the nine exported data files held no records. There was no separate paper process for
recording deviations, and no deviations were entered through the platform. At the MAIN site
a researcher was present in the room to set up the session and read the brief, but the session
itself ran on the platform and no manual deviation records were kept.
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3.4 Study Setting and Participants

3.4.1 Target Population

This study targeted literate adults aged 18 and above who regularly carried out thinking
tasks. Participants were recruited from universities, vocational training institutes and work-
place groups within Kampala, Uganda. This population was chosen because they regularly
performed thinking tasks such as analysis, planning and decision making, making them suit-
able for studying AI reliance during problem solving [31].

3.4.2 Sampling Method

This study used non-probability convenience sampling with some purposive elements [31]. Con-
venience sampling means that people were picked from groups that were easy to reach and
willing to take part within the time and budget available for the study. This way of choosing
participants was used because the data collection window was short and fixed, and the study
needed people who could sit through two sessions in one go under the same conditions. A pur-
posive element was added on top of this, meaning that the recruitment was aimed at literate
adults who regularly do thinking tasks at work or in school. This group was chosen because AI
reliance matters most for people who use thinking and reasoning as a regular part of what they
do. While convenience sampling does reduce how widely the results can be applied to other
groups, this is clearly noted in the limitations section. It is still a well-accepted and practical
way to choose participants for a controlled experiment where the main goal is to make sure the
conditions inside the study are as clean as possible, rather than to represent a wider population
[31].

Two further points support this choice. First, the question being asked is a causal one, and in
a design of this kind the work of ruling out alternative explanations is done by how people are
allocated between conditions, not by how they were recruited into the study [28]. A convenience
sample with balanced allocation supports a fair comparison between the two conditions. What
it does not support is any estimate of how common a behaviour is in the wider population,
and no such estimate is made here. Second, the two sites were deliberately different from one
another. The MAIN site was a supervised computer lab and the ONLINE site was unsupervised
and self-paced. Collecting from both made the site comparison in Chapter 4 possible, which
acts as a check on whether any finding was tied to a single setting.

3.4.3 Data Collection Sites

Data was collected across two sites which reflected the practical realities of the collection pe-
riod.

MAIN site: At the MAIN site, participants were brought into a computer lab in organised
batches. This was necessary because many universities in Kampala were on holiday during the
data collection period and students were away for internships and other commitments. Setting
up computers in a central location allowed the researcher to control the environment and
ensure participants could complete both sessions in the same sitting. Participation incentives
were provided to encourage people to attend and give their full attention during the sessions,
given the time constraints of the study.

ONLINE site: At the ONLINE site, participants received a link and a participant’s ID each,
to the study platform and completed both sessions at their own convenience. This group was
recruited from working adults and individuals who could not attend the MAIN site sessions.
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All tasks, instructions and hint materials were delivered through the same online platform used
at the MAIN site to ensure consistency.

It is worth noting that data collection was stopped at 1,474 enrolled participants due to time
constraints, even though participants were still opening the link and attempting to fill in the
forms at the time of closure. The decision to stop was made to meet the study timeline and to
allow sufficient time for analysis and reporting.

3.4.4 Inclusion and Exclusion Criteria

Inclusion criteria:

• Aged 18 years or older

• Able to read and write English well enough to complete the task prompts

• Available to complete both Session 1 and Session 2 in the same sitting

• Provided informed consent before taking part

Exclusion criteria:

• Could not commit to completing Session 2

• Had already taken part in a previous round of this study

• Could not complete the tasks within the session time limit

3.4.5 Sample Size and Retention

A total of 1,474 participants enrolled in the study. Of these, 1,387 completed both sessions,
giving a retention rate of 94.1 percent. The remaining 87 participants were excluded from the
main analysis. Of these, 66 started Session 1 but did not finish it, 20 checked in but never
started any tasks, and 1 completed Session 1 but did not return for Session 2.

A dropout bias check confirmed that completers and non-completers had almost identical
warmup scores (means of 3.46 and 3.42 respectively, difference of 0.04). This meant the fi-
nal sample was a fair representation of the full enrolled group and complete case analysis was
safe to proceed [28].

3.4.6 Justification of the Sample Size

Because no target was set before recruitment, the sample size has to be justified by asking
what the sample that was collected can and cannot do. Two questions matter. The first is
whether the sample was large enough to detect a difference of the size the study cared about.
The second is whether the way people were selected supports the claims that are made from
them.

On the first question, a minimum detectable effect calculation was run for both primary Session
2 endpoints. For accuracy in Session 2, the AI-assisted group had 687 participants and the
control group had 700. At a two-sided alpha of 0.05 and 80 percent power, a sample of this
size detects a standardised difference of d = 0.15. For rubric independence in Session 2, where
scores were available for 1,284 participants, the smallest detectable difference is d = 0.16. Both
sit below the value of 0.20 that Cohen [12] treats as the lower edge of a small effect. The
observed differences were d = 0.028 for accuracy and d = 0.026 for rubric independence, which
is about one fifth of the smallest difference the study could detect.
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This changes how the Session 2 result should be read. It is not the result of a study that
was too small to see anything. It is the result of a study that was large enough to detect a
small effect and found something well below that size. The same calculation puts the Session
1 independence difference of d = -1.972 at more than twelve times the minimum detectable
effect, which is why that finding is reported with confidence.

On the second question, size does not repair selection. A convenience sample of 1,387 people
is still a convenience sample. A larger sample gives a more precise estimate of the difference
between the two groups in this study. It does not make those 1,387 people more like the wider
population. The size therefore supports the internal comparison between conditions and does
nothing for claims about how common any of these behaviours are in Uganda as a whole. No
such claim is made anywhere in this study.

3.4.7 Group Assignment

Participants were allocated to the two conditions by the study platform, at the point where the
warm-up tasks ended and Session 1 began. Allocation was random. A participant was not told
which condition they were in until Session 1 opened, and the allocation could not be changed
once it had been made. The same rule was applied at both collection sites.

How the allocation was made matters for what can be claimed from the results, so it is stated
here rather than left implicit. Random allocation means that differences between the two
groups on characteristics that were never measured are expected to even out across a sample
of this size. Where a difference in outcome is then observed, the condition itself is the most
reasonable explanation for it. This is what allows the Session 1 finding in Chapter 4 to be read
as an effect of the AI condition rather than as a difference between two groups of people who
happened to be unalike from the start. Balance on the characteristics that were measured is
reported in Chapter 4 as a check that the allocation worked as intended.

Group assignment was recorded for every participant and used as the primary contrast variable
in all analyses.

3.5 Experimental Procedure

3.5.1 Session Structure

Both groups completed two sessions in the same sitting.

Session 1 took a median of 15 minutes to complete, with most participants finishing between
14 and 16 minutes. It included six tasks: two data reasoning tasks (A1, A2), two logic and
consistency tasks (B1, B2) and two quantitative reasoning tasks (C1, C2). Each task required
both an objective answer, which was auto-scored against a fixed answer key, and a written
justification, which was rubric-scored by a rater. The AI-assisted group could use the hint
bank at three levels. The control group worked alone. Data collected included accuracy, task
timing, effort scale items and hint use logs.

Session 2 took a median of 9.5 minutes, with most participants finishing between 9 and 10
minutes. It included four parallel-form tasks (A3, A4, B3, B4). No AI was available for
either group. Data collected included delayed accuracy and rubric-scored independence and
justification quality.

Each participant therefore completed 10 task episodes in total (6 in Session 1 and 4 in Session
2), and each episode produced two scored outputs: an auto-scored objective answer and a
rubric-scored justification.
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3.5.2 Conduct of the Experiment

Every participant went through the study in exactly the same order so that no one had a
different experience from anyone else. At the MAIN site, participants came in at set times
in small batches and sat down at separate computers in a lab. Before anything started, a
brief was read out loud to the group. The brief told participants what the study was about,
what they would be asked to do, that joining was completely voluntary and that they could
stop at any point without any problem. Each participant then gave their informed consent by
confirming on the platform. At the ONLINE site, the same brief and consent step appeared on
the screen when a participant opened the study link, and no task could be started until consent
was given.

Once consent was done, each participant filled in a short background form that collected basic
information such as age, education level and experience with AI tools. They then completed
two short warm-up tasks without any AI help. These warm-up tasks were not part of the main
study. They were used to give each participant a baseline ability score before the main sessions
began, and to make sure both groups started from a similar level. After the warm-up, the
platform placed each participant into one of the two groups and Session 1 began. In the AI-
assisted group, the hint bank was switched on and participants could request help at any of the
three hint levels during Session 1. In the control group, no help was available and participants
worked through all tasks on their own. Throughout Session 1, the platform quietly recorded
how long each task took, which hint levels were requested, whether hint content was copied
into the answer, and whether a verification response was submitted.

When Session 1 ended, participants answered a short questionnaire about their experience.
They then took a break of about seven minutes. After the break, Session 2 was opened for
everyone. The hint bank was turned off for this session so that all participants, including
those who had used AI in Session 1, worked completely on their own. When Session 2 ended,
participants completed one final short questionnaire and the session was closed. This same fixed
order, brief and consent, background form, warm-up, Session 1, questionnaire, break, Session 2,
final questionnaire, was followed without any change for all 1,387 participants who completed
the study.

3.5.3 Task Types and Families

Two task types were used. Objective tasks had one correct answer and were scored as 1 for
correct and 0 for incorrect. Justification tasks required participants to explain their reasoning
in their own words and were scored using a three-part rubric covering correctness, justification
quality and independence.

Three task families were used across both sessions.

• Data reasoning: arithmetic totals and percent change calculations

• Logic and consistency: valid inference problems and schedule consistency checks

• Quantitative reasoning: simple interest calculations and cost comparison problems

Session 2 used parallel forms of the same task families with different wording and numbers to
reduce memorisation effects while keeping the sessions comparable.

3.5.4 AI Assistance Protocol

The AI-assisted group received a standardised Hint Bank with three levels per task. Level 1
gave a directional hint that pointed toward the method without giving the answer. Level 2
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gave a scaffold with blanks that the participant had to complete. Level 3 gave a near-complete
worked solution. The participant still had to write their own final answer and justification at
every level.

Participants could request any level of assistance but were required to submit final answers in
their own words. Copying was measured through the platform logs. Verification was recorded
for each episode.

3.6 Variables and Measurement

3.6.1 Performance Variables

• Accuracy S1: proportion of correct objective tasks in Session 1

• Accuracy S2: proportion of correct objective tasks in Session 2 with AI removed. Pri-
mary endpoint.

• Rubric Independence S1: mean rubric independence score in Session 1

• Rubric Independence S2: mean rubric independence score in Session 2 with AI re-
moved. Primary endpoint.

• Delta Accuracy: change in accuracy from Session 1 to Session 2. Descriptive only.

3.6.2 Origin and Theoretical Basis of the Indices

Both the Cognitive Offloading Index and the Human Engagement Score were built from be-
haviours that earlier researchers have already studied and linked to reliance and engage-
ment.

The four parts of the Cognitive Offloading Index each came from findings in earlier published
work. The AI use ratio measures how often a person chose to ask AI for help rather than
working the problem out themselves. Risko and Gilbert [14] and Dunn and Risko [16] showed
that this choice, to offload or not, is the central act of cognitive offloading. The time-in-tool
component measures how much of the task time a person spent reading or interacting with
AI output. Sparrow, Liu and Wegner [15] showed that the more a person depended on an
outside source, the less their own processing of the content took place. The copy rate measures
how much of the AI output a person moved directly into their own answer. Buçinca et al.
[4] used this kind of copying as a sign that a person accepted AI output without thinking it
through. The verification rate measures whether the person checked the AI output using their
own reasoning. Research on human-AI trust has shown that checking is the main action that
protects a person from over-accepting AI answers [4, 5]. Putting these four behaviours together
into one score follows the common approach in social science of building a composite measure
from several separate indicators that all point to the same underlying construct [29].

The three parts of the Human Engagement Score were picked in the same way. Self-reported
engagement is a widely used way to capture how involved a person felt in a task. Rubric-
scored independence measures the quality of the person’s own reasoning in their written answer.
Research on learning shows that producing and explaining your own thinking is what builds
real understanding, rather than receiving someone else’s explanation [24, 13]. The inverse of
the AI use ratio gives credit to a person for the share of the work they did on their own, without
handing it to AI. For the control group, this value was always 1.0 since they never used AI at
all. Together, these three signals put into measurable form the idea from the hybrid intelligence
framework [1] that in a healthy human-AI working relationship the human must stay an active
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thinker and contributor, not someone who simply accepts whatever the AI produces. Keeping
COI and HES as two separate scores, rather than merging them into one, was a deliberate
choice grounded in theory. Offloading and engagement are two different things. A person can
offload heavily to AI and still feel deeply engaged in the task. Measuring only one of them
would have missed part of the picture. The construct separation check that was run later
found only a weak correlation between COI and HES, which confirmed in the data that this
theoretical distinction was real.

3.6.3 COI Components and Formula

The Cognitive Offloading Index was built from four behavioural features extracted from Session
1 logs for the AI-assisted group only. Each component was first standardised using a z-score so
that different scales could be combined fairly [32].

The z-score formula was:

z(x) =
x− x̄

sx
(3.1)

The four components were:

AI use ratio measured the proportion of tasks where the participant requested assistance. A
higher ratio indicated stronger reliance on AI during problem solving [5].

AI Ratio =
Tasks with AI

Total tasks
(3.2)

Session 1 task time measured the average time a participant spent on each Session 1 task,
in seconds. It was included because offloading changes how long a person spends working
through a problem [6]. This component was recorded from the platform timestamps as total
task duration. It does not separate time spent reading a hint from time spent working on the
answer, because the platform recorded one timer per task rather than one timer per activity.
This is stated here so that the component is not read as a pure measure of time inside the
tool.

Time S1 =
Total Session 1 task time

Number of Session 1 tasks
(3.3)

Copy rate measured the proportion of the final answer that came directly from AI output.
High copy rate was a strong signal of substitution behaviour [4].

Copy Rate =
Tasks with copied hint content

Total Session 1 tasks
(3.4)

Verification rate measured how often a participant checked an AI-supplied answer using their
own method. Low verification meant the participant accepted AI outputs without questioning
them [4, 5].

Verify Rate =
Verification actions

AI uses
(3.5)

Verify rate was reversed before combining because low verification meant higher offloading risk.
The final COI formula was:
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COI S1 = mean
(︁
z(AI Ratio), z(Time Offload), z(Copy Rate), z(1− Verify Rate)

)︁
(3.6)

Higher COI values indicated stronger substitution behaviour. Lower values indicated augmen-
tation behaviour [1].

One decision in the construction of this component needs stating. A participant in the AI-
assisted group who never requested a hint has no AI uses to verify, so the verification rate is
undefined for them. These cases were set to zero, which after reversing gives them a high score
on this component. Because they also score at the bottom on the AI use ratio and copy rate
components, the effect on their overall COI is partly cancelled out, but it does push their index
slightly upwards.

3.6.4 HES Components and Formula

The Human Engagement Score was built from three components and was computed for all
participants. For the control group, AI ratio was set to zero so that one minus AI ratio
equalled one, giving them the full independence credit [8].

HES S1 = mean (z(Engagement self), z(Rubric Independence S1), z(1− AI Ratio)) (3.7)

One point about this formula must be stated openly. Rubric independence in Session 1 is also
reported as a Session 1 outcome in Chapter 4. Because it sits inside HES, part of the group
difference in HES follows from the way HES was built and is not an independent finding. The
same applies to the inverse AI ratio component, which is fixed at 1.0 for the control group by
design. HES is therefore best read as a summary of how much independent work a participant
did in Session 1, not as a separate piece of evidence that the two groups differed. Where HES
is reported as a group comparison in Chapter 4, this should be read as a description of the
difference rather than as a test of it.

Higher HES values indicated more active engagement and better quality independent reason-
ing.

3.6.5 Scale Items

Five subscales were collected using Likert-scale items rated from 1 to 5. These covered effort
in Session 1, engagement in Session 1, AI use in Session 1 for the AI group only, engagement
in Session 2 and independence in Session 2.

3.7 Data Processing

Before describing how the data was processed, it is worth setting out exactly what each
participant produced. Every participant who completed the study generated the following
records.

• One participant record: background variables, group assignment and the two warm-up
scores.

• Two session records: the start and end timestamp of each session.
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• Ten task episodes: six in Session 1 and four in Session 2. Each episode carries the objective
answer, the written justification, the time taken and, for the AI-assisted group in Session
1, the hint level requested, whether hint content was copied and whether a verification
response was submitted.

• Ten to twenty rubric scores: one primary rater score per episode across three dimensions,
plus a second rater score for the 66.6 percent of episodes that were double-scored.

• Sixteen Likert scale responses across five subscales.

• A variable number of telemetry events: paste attempts, blocked pastes, tab blur events,
infractions and answer revisions.

Across 1,387 completers this produced 13,870 task episodes, which is the row count of Table
B, and 2,726 double-scored rubric pairs, which is the basis of the inter-rater reliability check in
Chapter 4.

3.7.1 Integration

Two integrated datasets were built. Table A was a wide format table with one row per partici-
pant used for group comparisons and regression models. Table B was a long format table with
one row per task episode used for episode-level analysis.

3.7.2 Missing Value Treatment

Three types of missingness were identified and handled differently [28].

Type 1 was missing by design. AI group variables such as AI ratio, copy rate and verify rate
were missing for the control group because those participants never used AI. No imputation
was applied.

Type 2 was data gaps from blank responses. Rubric scores were missing for 66 participants
in Session 1 (4.8%) and 103 participants in Session 2 (7.4%) because they submitted blank
justification responses. Complete case analysis was applied, meaning these participants were
excluded only from rubric-based analyses.

Type 3 was one missing telemetry row. One participant had no telemetry events recorded. This
was filled with zero since no events meant no actions were captured.

3.7.3 Outlier Treatment

Outlier detection used the IQR method. Two variables required treatment. Session 1 time had
one extreme episode of 25,704 seconds which was capped at the IQR extreme upper bound of
244.7 seconds. Session 2 time had 11 episodes above the extreme bound of 210.5 seconds which
were also capped. Verify rate had 85 participants with values above 1.0 which were capped at
1.0 since a rate above 1.0 is not logically valid. Accuracy outliers were retained because they
reflected the ceiling effect rather than data errors.

3.7.4 Additional Preprocessing

Categorical variables were encoded as numbers for modelling [32]. Education level was encoded
from 0 for secondary to 3 for postgraduate. Age band was encoded from 0 for 18 to 24 to 3 for
45 and above. Site was encoded as 0 for MAIN and 1 for ONLINE. A binary group label was
created with AI-assisted coded as 1 and control coded as 0.
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Z-scores were computed for all six variables entering COI and HES. After standardisation every
variable confirmed a mean of 0 and standard deviation of 1.

Normality checks using the Shapiro-Wilk test confirmed that all primary endpoints were non-
normally distributed. Mann-Whitney tests were therefore used for all group comparisons in the
statistical analysis [33].

3.8 Data Collection and Analysis Tools

This section names all the tools used to collect and analyse data in this study. Naming them
clearly makes it easy to separate the tools that were built by other people from the findings
that belong to this study alone.

3.8.1 Data Collection Platform

Data was collected through a custom web-based study platform built specifically for this re-
search and hosted at aivsbrain.tech. Participants accessed the platform through a web
browser. The platform delivered the tasks, the three-level hint bank and the post-session ques-
tionnaires, and it automatically recorded all behavioural events during both sessions. These
events included the time taken on each task, which hint level was requested, whether the
participant copied hint content, and whether they submitted a verification response. The plat-
form was built to capture these logs without asking participants to report them manually, so
the behavioural data reflected what participants actually did rather than what they said they
did.

3.8.2 Database

All participant data, task responses, scale responses, hint events and telemetry events were
stored in a PostgreSQL relational database [34] hosted on Neon [35]. Neon is a serverless
PostgreSQL platform that separates database storage from computing power, which means the
database scaled up automatically when many participants were active at the same time and
scaled back down when it was idle. This made it practical to run a large-scale data collection
study without managing a dedicated server. The Neon platform required a paid subscription
during the hosting period to cover compute and storage costs. Data was kept in nine separate
relational tables, one for each data type, and was later exported to CSV files for analysis. The
relational structure made it possible to link every event back to the participant who created it
using a unique participant code.

3.8.3 Analysis Tools

All analysis was carried out in Python [36] using the Jupyter Notebook environment. Jupyter
kept the analysis code, the outputs and the written explanation of each step together in one
document, which made the full pipeline easy to check and repeat. The main Python libraries
used were as follows.

Pandas [37] was used for loading the nine CSV files, merging them into Table A and Table
B, filtering to completers, handling missing values and carrying out all data cleaning steps.
NumPy [38] was used for numerical calculations including the z-score standardisation that
built the COI and HES components. SciPy [39] was used for the Shapiro-Wilk normality
tests, the Mann-Whitney group comparisons, and the bootstrap resampling that produced the
95 percent confidence intervals. Statsmodels [40] was used to fit the adjusted ordinary least
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squares regression models for both Session 2 primary endpoints. Scikit-learn [41] was used to
train the Ridge regression prediction model and to run the grouped five-fold cross-validation.
The intraclass correlation coefficient for the rubric double-scoring check was computed from the
two-way random effects ANOVA formula for absolute agreement with single measures, ICC(2,1),
implemented directly in the analysis notebook and following the definitions set out by Koo and
Li [30]. Writing the calculation out in full rather than calling a library function kept every
term in the formula visible for checking. Matplotlib [42] and Seaborn was used to produce the
distribution plots, scatter plots, boxplots, and heatmaps in the analysis notebooks [43]. The
interactive dashboard was built with Streamlit and Plotly, which allowed the study findings to
be explored through interactive charts without writing any additional code [44, 45].

Python was chosen over R or SPSS for this work because it was the only environment that
could handle all parts of the pipeline in one place. R is strong for statistical testing but less
suited to machine learning and dashboard deployment. SPSS provides a graphical interface for
standard tests but does not support custom index construction, cross-validation or interactive
visualisation. Python brought all of these together in a single reproducible notebook, which
matched the end-to-end nature of the nine-stage analysis pipeline.

3.9 Analytic Approach

The analysis followed four layers.

Descriptive analytics summarised Session 1 and Session 2 outcomes by group, site and task
family.

Diagnostic analytics tested which Session 1 behaviours explained Session 2 independence
changes after controlling for baseline ability, education and AI confidence [28].

Predictive analytics trained an exploratory Ridge regression model using only Session 1
features to predict Session 2 independence [46]. The model was validated using grouped 5-fold
cross-validation by participant ID to prevent data leakage [47].

Prescriptive analytics converted the evidence into a practical risk screen deployed in a
Streamlit dashboard that allowed stakeholders to explore COI and HES distributions and flag
participants at higher independence risk. The dashboard was built using Streamlit and Plotly.
On startup it automatically loads the preprocessed participant-level dataset (table a wide.csv)
from its own folder and recomputes COI and HES before displaying the results. It covers four
sections: a study overview with key metrics, a participant breakdown by education and age,
COI and HES distributions with interactive charts, and the main session comparison findings
with the full evidence table.

The analysis was carried out as a nine-stage pipeline. Each stage had a clear purpose, produced
a defined output, and used a specific tool. Table 3.2 lists the nine stages, what each stage did and
the main tool used at that stage. This makes clear that every technique used was an established
method, and that the contribution of this study lies in applying them to the collected data and
in interpreting the findings.
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Stage Purpose Main tool

Data Integra-
tion

Merge nine raw files, build Table
A and Table B

pandas

Exploratory
Data Analysis

Distributions, correlations, group
and site balance

pandas, Mat-
plotlib, Seaborn

Outlier Treat-
ment

IQR detection and capping of ex-
treme values

pandas, NumPy

Preprocessing Missing values, encoding, z-
scores, normality test

pandas, SciPy

Feature Engi-
neering

Build and check COI and HES pandas, NumPy

Reliability
Checks

Cronbach alpha and ICC pandas, NumPy

Statistical
Analysis

Mann-Whitney, Cohen d, boot-
strap CI, regression

SciPy, statsmod-
els

Predictive
Modelling

Ridge regression, grouped 5-fold
CV

scikit-learn

Robustness
Checks

Four re-analyses under changed
conditions

pandas, SciPy

Table 3.2: The nine-stage analysis pipeline and the main tool used at each stage.

Why the Dashboard Auto-Loads table a wide.csv?

The dashboard was set to load its data automatically, rather than asking the user to upload a
file each time, for two reasons. First, it makes the tool easier to use. Anyone who opens the
dashboard sees the results straight away without needing to know which file to pick or where
it is stored. Second, it reduces the chance of error. If users could upload any file, they might
load the wrong one or a file in the wrong format, which would break the charts. Loading one
fixed file removes this risk.

Why the table a wide.csv file is used?

The file used is table a wide.csv, which is the wide-format participant-level table where each
row is one participant and each column is one variable. This table was chosen because every
chart in the dashboard works at the participant level. The group comparisons, the COI and
HES distributions and the session comparison all need one value per participant, which is
exactly what the wide table provides. The long-format table (table b long.csv), where each
row is one task episode, was not used because the dashboard does not show any episode-level
charts. Using the wide table also means the dashboard can recompute COI and HES directly
from the raw component columns without any extra reshaping of the data.

3.10 Statistical Analysis Plan

3.10.1 Group Comparisons

Group comparisons were performed between the AI-assisted group and the control group for all
primary and secondary outcome variables across both sessions. For each variable, the following
statistics were reported: group means, mean difference between groups, Cohen’s d effect size
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and 95 percent confidence intervals computed using bootstrapping with 2,000 resamples [12,
48].

The Mann-Whitney test was used for all comparisons because the Shapiro-Wilk normality test
confirmed that all primary endpoints were non-normally distributed [33, 49]. Test statistics (U)
and p-values were reported as secondary information. Effect sizes and confidence intervals were
treated as the primary evidence in line with good practice in pilot and field studies [12].

Effect sizes were interpreted using the following thresholds [12]:

• |d| < 0.2 : Negligible effect

• 0.2 ≤ |d| < 0.5 : Small effect

• 0.5 ≤ |d| < 0.8 : Medium effect

• |d| ≥ 0.8 : Large effect

The primary contrast was the AI-assisted group versus the control group. The two pre-specified
primary endpoints were Accuracy S2 and Rubric Independence S2. All other outcomes were
treated as secondary and exploratory, including Accuracy S1, Rubric Independence S1, Time S1,
HES S1 and Delta Accuracy.

The Benjamini-Hochberg false discovery rate correction was applied to all secondary p-values
to reduce the risk of false positives arising from multiple comparisons [50]. Corrected q-values
were reported alongside the original p-values for all secondary outcomes. Primary endpoints
were not corrected since they were pre-specified before data collection began.

A forest plot was produced to visualise all effect sizes and their 95 percent confidence intervals
in a single chart. Each variable appeared as one row. Dark blue dots represented primary
endpoints and light blue dots represented secondary endpoints. The red dashed line at zero
represented no difference between groups.

3.10.2 Adjusted Regression

To account for pre-existing differences between participants, an adjusted ordinary least squares
regression model was fitted separately for each primary Session 2 endpoint [28]. The model
included four predictors: group assignment, baseline warmup score, education level and AI
confidence. The full model was:

Performance S2 = β0 + β1 · group+ β2 · baseline + β3 · education+ β4 ·AI confidence + ε (3.8)

Where group was coded as 1 for AI-assisted and 0 for control, baseline was the warmup final
score (range 0 to 4), education was encoded as 0 to 3 and AI confidence was the self-rated score
from the background form (range 1 to 5).

For each model, the following were reported: regression coefficients with 95% confidence in-
tervals, p-values for each predictor and the overall R-squared value. The coefficient on the
group variable was the primary quantity of interest. If that coefficient was negligible and
non-significant after controlling for the covariates, it confirmed that the null result from the
unadjusted comparison was not explained by pre-existing group differences [28].

An exploratory mechanism model was also fitted to test whether Session 1 COI and HES
explained Session 2 performance after controlling for baseline ability:

Performance S2 = γ0 + γ1 · COI S1 + γ2 · HES S1 + γ3 · baseline + ε (3.9)
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This model was labelled as exploratory and was not used to make causal claims [28].

3.10.3 Predictive Modelling

The purpose of this model needs to be separated from the purpose of the statistical tests
reported earlier. The group comparisons and the adjusted regression estimate an average dif-
ference and report how uncertain that estimate is. They are read through coefficients and
confidence intervals. This model estimates a value for each individual participant and is read
through the size of its errors on data it has not seen. The two are not interchangeable. A
study can find a large and reliable group difference and still be unable to say anything useful
about a named individual, which is exactly what happened here. Both questions are asked
because the practical contribution the study proposes, a risk screen that flags individual par-
ticipants, depends on the second one. This is also why Specific Objective 3 is not a repeat of
Specific Objective 2 in a different form. Objective 2 asks whether AI access shifts the average
performance of a group, which is what an effect size answers. Objective 3 asks whether one
participant’s Session 1 behaviour says anything useful about that same participant’s Session
2 performance, and a group average cannot answer that. Two groups can differ clearly on
average while individual outcomes remain almost impossible to predict, and the reverse can
also happen.

Performance was measured using two metrics [51]:

• Mean Absolute Error (MAE): the average absolute difference between predicted and
actual Session 2 independence scores across all test participants.

• Root Mean Squared Error (RMSE): the square root of the mean squared difference,
which penalises larger errors more heavily than MAE.

Both metrics were compared against a naive baseline that predicted the training set mean for
every participant in the test set. A model that did not beat this baseline had no practical
predictive value beyond knowing the group average [51].

After cross-validation, the model was refit on the full dataset to inspect feature coefficients.
These showed the direction and relative magnitude of each feature’s contribution to the pre-
diction.

Subgroup error diagnostics were also run to check whether the model performed fairly across
different groups. Mean absolute error was reported separately by education level and AI con-
fidence band to identify whether any subgroup was systematically harder to predict [32].

A secondary model was also run using Accuracy S2 as the target variable to confirm whether
the pattern held across both primary endpoints.

A predicted versus actual scatter plot was produced to visualise how well the model captured
individual variation in Session 2 independence scores.

3.10.3.1 Leakage Controls

Data leakage means information from the data used to test a model finds its way into the data
used to train it. When this happens the model looks better than it really is, because it has
effectively seen part of the answer. Four separate controls were used here.

Control 1 - Time separation. Every feature in the model comes from Session 1 only. No
Session 2 variable enters the feature set at any point, whether as a predictor, as a derived value
or through a variable computed from both sessions. Delta accuracy, which is built from both
sessions, was excluded for this reason.
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Control 2 - Target separation. The target variable, rubric independence in Session 2, is
not used to build any feature. This matters for HES, which contains rubric independence from
Session 1. Session 1 and Session 2 independence were scored on different tasks, so the Session
1 value is not a copy of the target, but it is a related measure and this is recorded here for
transparency.

Control 3 - Participant separation. Cross-validation was grouped by participant code,
so no participant appears in a training fold and a test fold at the same time. Because the
modelling table holds one row per participant, this condition is met by the structure of the
table. The grouping was applied anyway, so that the same code stays correct if the analysis is
ever repeated at the task-episode level, where the risk would be real.

Control 4 - Preprocessing, and one limit on it. Feature standardisation was applied once
to the full modelling table rather than separately within each fold. This is reported openly
because it is the one step in the procedure that sits outside the fold structure. Standardisation
uses no information from the target variable, so it cannot carry knowledge of the outcome into
the model. What it can do is give the model a very slight advantage, because the scaling
reflects the spread of the test rows as well as the training rows. That advantage works against
the conclusion drawn here rather than for it. The model still failed to beat a naive baseline,
so a result obtained under mildly favourable conditions is a conservative one. Fitting the
scaler inside each fold is the stricter procedure and is recommended for any future use of this
pipeline.

3.10.3.2 Choice and Specification of the Model

Two different kinds of model appear in this study and they answer different questions. The
adjusted regression models in Section 3.10.2 are explanatory. They ask whether a group dif-
ference survives once baseline ability, education and AI confidence are held constant, and they
are read through their coefficients. The model described here is predictive. It asks whether
Session 1 behaviour can be used to estimate the Session 2 independence score of a participant
the model has not seen, and it is read through its error on held-out data. The two are kept
separate throughout, because a model can explain well and predict badly, and the reverse is
also true.

Model family. Ridge regression was used [46]. Ridge is ordinary least squares with a penalty
added to the size of the coefficients. It fits a straight-line relationship between the features and
the target, and minimises the following quantity:

β̂ = argmin
β

{︁
∥y −Xβ∥22 + α∥β∥22

}︁
(3.10)

The first term is the usual squared error. The second term is the penalty, and α controls how
strong it is. When α is zero, Ridge is the same as ordinary least squares. As α grows, the
coefficients are pulled towards zero.

Why Ridge rather than something else. Three reasons. First, the feature set contains
variables that are related to each other. COI and HES share the AI use ratio, one directly and
one inverted, and both are related to the group variable. Ordinary least squares handles cor-
related predictors badly and produces unstable coefficients. The Ridge penalty is the standard
remedy [32]. Second, the sample of 634 participants with six features is small enough that a
flexible model such as a random forest would fit noise, and the coefficients of a linear model
can be read directly, which matters because the direction of the COI coefficient is part of the
answer to Research Question 3. Third, the target is a continuous score between 0 and 2, which
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is a regression problem rather than a classification one. Turning it into a high-risk and low-risk
classification was considered and rejected, because any cut-off would have been chosen by the
researcher and the distribution gives no natural place to put one.

Specification. The regularisation strength was fixed at α = 1.0, the scikit-learn default, and
set before the model was run rather than tuned. This was a deliberate choice. Tuning α inside
the same cross-validation used to report performance would bias the reported error downwards,
and running a nested cross-validation on 634 rows would leave very small inner folds. The cost
of this choice is that a better α may exist. Given that the model does not beat a naive baseline
at α = 1.0, and given that increasing α only pulls coefficients further towards zero, it is unlikely
that tuning would change the conclusion.

Features. Six Session 1 variables: COI S1, HES S1, warmup final score, education encoded,
ai confidence and group binary.

Target. Rubric independence in Session 2, as the primary target, and accuracy in Session 2
as a secondary target.

Training and evaluation. Grouped 5-fold cross-validation, with standardisation fitted in-
side each fold. Mean absolute error and root mean squared error, both averaged across folds,
compared against a naive baseline that predicts the training fold mean for every test partici-
pant.

3.10.4 Robustness Checks

Four robustness checks were run on the two primary Session 2 endpoints to test whether the
main findings held under different analysis conditions [28].

Check 1 - Remove extreme time outliers: Instead of capping extreme time episodes at
the IQR bound, participants with extreme time values were removed entirely from the dataset.
This tested whether the capping decision was responsible for the results.

Check 2 - Complete rubric cases only: The analysis was restricted to participants who
had complete rubric scores for both Session 1 and Session 2, excluding the 141 participants
with any missing rubric values. This tested whether the pattern of missing rubric responses
biased the main findings.

Check 3 - By collection site: The primary comparisons were re-run separately for the MAIN
site (n = 524) and the ONLINE site (n = 863). This tested whether the findings were driven
by one site or held consistently across both collection environments.

Check 4 - By education level subgroup: The primary comparisons were re-run separately
within each of the four education level subgroups: Secondary, Diploma, Degree and Postgrad-
uate. This tested whether the null result in Session 2 held across all education levels or was
driven by one particular group.

For each check and each primary endpoint, the following were reported: Cohen’s d, p-value
and whether the direction of the effect held compared to the reference result from the main
analysis. A finding was considered robust if the direction held and the effect size remained
negligible across all four checks [12, 28].

3.11 Reliability Checks

Reliability checks were run before the main statistical analysis to confirm that the measures
used in this study were consistent and trustworthy. If a measure was unreliable, any results
built on it could not be trusted even if the effect sizes looked interesting.
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Scale reliability - Cronbach’s alpha: Cronbach’s alpha was computed for all four multi-item
Likert scales: effort in Session 1, engagement in Session 1, AI use in Session 1 and independence
in Session 2 [29]. The formula used was:

α =
k

k − 1

(︃
1−

∑︁
Var(xi)

Var(X)

)︃
(3.11)

Where k is the number of items, Var(xi) is the variance of each individual item and Var(X)
is the variance of the total scale score. A value of 0.70 or above was considered acceptable for
this study [29]. Item-level correlations were also inspected using heatmaps to identify which
pairs of items were driving low alpha values.

Rubric inter-rater reliability - ICC: A second rater independently scored 66.6 percent of all
justification responses, well above the 20 percent minimum threshold. ICC(2,1), the two-way
random effects model for absolute agreement with single measures, was computed for each of
the three rubric dimensions: correctness, justification quality and independence [30]. A value
of 0.60 or above was considered acceptable for a pilot study [30]. Pearson correlation between
raters and the mean score difference were also reported for each dimension. Rater agreement
scatter plots were produced to visualise the level of agreement per dimension.

COI manipulation check: A Mann-Whitney test was used to compare HES between the
AI-assisted and control groups [33]. Since HES was available for both groups, it provided a
stronger manipulation check than comparing COI alone. A significant difference confirmed that
the AI condition produced measurable behavioural differences between groups.

COI ablation check: COI was recomputed four times, dropping one component at a time
and using the remaining three. The mean of each ablated COI was compared to the full four-
component COI mean. A difference of less than 0.1 was considered stable. This confirmed that
no single component dominated the index [32].

COI weight sensitivity check: Two alternative weighting schemes were tested against the
equal weights used to build COI. The first gave double weight to verify rate. The second gave
double weight to AI ratio. Pearson correlations between each alternative scheme and the equal
weight scheme were computed. A correlation above 0.90 confirmed that equal weights were
defensible [32].

COI and HES inter-component correlations: Pearson correlations between all pairs of
components within COI and within HES were computed and displayed as heatmaps. Positive
correlations within an index confirmed that all components pointed in the same direction. A
strong correlation between COI and HES was also checked to confirm construct separation,
meaning the two indices measured different things [8].

3.12 Bias Control and Data Validation

Several kinds of bias could affect a study of this design. Each was identified before the analysis
began and each was handled by a specific check rather than by assumption. Table 3.3 lists
them, what was done and where the evidence is reported.
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Type of bias What was done about it Where the evidence is

Selection bias Fixed inclusion and exclusion criteria ap-
plied by the platform before any task
could start. Two different sites used, one
supervised and one self-paced.

Ch 3, Inclusion and Exclusion Criteria;
Ch 3, Data Collection Sites

Allocation bias Warm-up ability, AI confidence, educa-
tion and age band compared between the
two conditions before any outcome was
analysed.

Ch 4, Table 4.2

Attrition bias Warm-up scores of the 87 non-
completers compared with those of
the 1,387 completers.

Ch 4, Completers and Exclusions

Confounding Adjusted regression on both primary
endpoints, controlling baseline ability,
education and AI confidence.

Ch 4, Adjusted Regression Results

Measurement
bias in the
tasks

Objective answers auto-scored against
a fixed key, removing rater judgement
from the primary accuracy endpoint.

Ch 3, Task Types and Families

Rater bias A second rater independently scored 66.6
percent of justifications. Agreement
measured with ICC and the mean dif-
ference between raters reported.

Ch 4, Table 4.12

Response bias
in self-report

Self-report compared against be-
havioural logs on the same participants.
Where they disagreed, the log measures
were used and the self-report was de-
moted to descriptive.

Ch 5, self-report and behavioural section

Missing data
bias

Three types of missingness identified and
handled separately. Whole analysis re-
peated on complete rubric cases only.

Ch 3, Missing Value Treatment; Ch 4,
Check 2

Site and sub-
group bias

Primary comparisons repeated sepa-
rately by site and by education level.
Model error reported by subgroup.

Ch 4, Table 4.20; Subgroup Error Diag-
nostics

Multiple com-
parison bias

Benjamini-Hochberg false discovery rate
correction applied to all secondary p-
values.

Ch 3, Group Comparisons

Table 3.3: Bias types considered in this study, the control applied to each and where the
evidence appears.

Two of these need further comment because a check was run and the result was not clean.

The first is rater bias. The second rater scored lower than the primary rater on both subjective
rubric dimensions, by 0.241 points on justification quality and by 0.351 points on independence.
This is a measured, systematic difference, not random noise, and it points to the two raters
not having been calibrated against a common standard before scoring began. Because the
primary rater’s scores were used throughout the analysis, any systematic tendency in that
rater’s standard is carried into every rubric-based result. The difference is in a consistent
direction, which means it would shift both groups in the same way rather than favour one of
them, but this cannot be confirmed from the data. This is discussed further in Chapter 5.
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The second is the stopping rule. Recruitment stopped when the collection window closed rather
than at a planned target, and participants were still opening the link at that point. This means
the sample favours people who responded early, which is a mild form of selection bias. Nothing
in the design corrects for it, and it is recorded in the limitations.

Three sources of bias were not controlled and should be stated. Neither participants nor the
primary rater were blind to condition, so the rater knew which group a script came from, and
expectations could have affected scores on the subjective dimensions. Incentives were offered
at the MAIN site, which may have drawn people with different motivations from those who
joined online without payment. And the tasks were completed in a session set up for research,
not as work that affected a participant’s grade or pay, so the pressure to get a correct answer
quickly was lower than it would be in a real assessment.

3.13 Ethical Considerations

Ethical approval was granted by the Research Ethics Committee on 25 June 2026, marking the
official start of the study. All data collection, storage and processing followed the conditions of
that approval and the ethical guidelines for research involving human participants [9, 10].

Before the study began, all participants were briefed on the full purpose of the study, what
they would be asked to do, how long it would take and how their data would be stored and
used. Participants were told that taking part was voluntary and that they could withdraw
at any time without any penalty or consequence. Informed consent was obtained from every
participant before any data was collected.

All data was anonymised using unique participant IDs. Participants were instructed not to
include personal identifiers such as their name or phone number in any platform inputs during
the sessions. Only the researcher and supervisor had access to the raw data files.

Participation incentives were provided during data collection to encourage attendance and full
engagement, particularly at the MAIN site where participants were brought in batches during
a period when universities were on holiday. This was necessary due to time constraints and is
acknowledged as a possible source of variability in participant motivation.

The risks to participants were minimal. Some participants may have experienced mild mental
fatigue from completing the problem-solving tasks across two sessions. Participants were al-
lowed to take short breaks at any time and could stop without any consequence. No sensitive
personal information beyond basic background variables such as age range and education level
was collected.

All data handling followed ethical guidelines for research involving human participants and
responsible AI use [9, 10].
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Chapter 4

Analysis and Results

4.1 Introduction

This chapter presents the full analysis and results of the study. It follows the same order
as the analysis pipeline: data integration and exploration, preprocessing, feature engineering,
reliability checks, statistical analysis, predictive modelling and robustness checks. All results
are reported with the actual numbers from the analysis. Where appropriate, figures from the
analysis notebooks are included to support the written interpretation. The results appear in
the order set out in Table 3.1. Data integration, preprocessing and feature engineering report
the outcome of Specific Objective 1. The reliability checks and the statistical analysis report
Specific Objective 2. The predictive modelling section reports Specific Objective 3, and the
robustness checks apply to the Objective 2 endpoints.

4.2 Data Integration and Sample Description

4.2.1 Data Files Loaded

Nine raw data files were loaded for analysis. Table 4.1 lists each file, its content and whether
it contained data.
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File Content Status

participants.csv Participant background,
group assignment and
warmup scores

Used

session meta.csv Session start and end times-
tamps, transfer prompt re-
sponses

Used

task responses.csv Task-level answers, justifi-
cations, timing and AI use
flags

Used

rater scores.csv Primary and double rater
rubric scores per task
episode

Used

scale responses.csv Likert scale item ratings per
participant per session

Used

hint events.csv Hint level requests, view-
ing times and copy flags per
task

Used

telemetry events.csv Paste, tab blur, infraction
and answer revision events

Used

deviation logs.csv Proctor deviation records Empty

layer2 logs.csv Live ChatGPT session logs Empty

Table 4.1: Raw data files loaded for analysis.

Two files were empty and were retained in the repository for transparency but not used in any
analysis step. The deviation log was empty because the study was delivered entirely through the
online platform at both sites. There was no separate paper process for recording deviations, and
no deviations were entered through the platform. At the MAIN site a researcher was present
in the room to set up the session and read the brief, but the session itself ran on the platform
and no manual deviation records were kept.

4.2.2 Completers and Exclusions

Of the 1,474 participants who enrolled, 1,387 completed both sessions and formed the final
analysis sample, representing a retention rate of 94.1%. The remaining 87 participants were
excluded as follows:

• 66 started Session 1 but did not complete it

• 20 checked in but never started any tasks

• 1 completed Session 1 but did not return for Session 2

A dropout bias check was carried out before proceeding with complete case analysis [28]. Com-
pleters had a mean warmup score of 3.46 and non-completers had a mean of 3.42. The difference
of 0.04 was negligible and confirmed there was no meaningful dropout bias. The groups that
dropped out were therefore not systematically different from those who completed the study.
Complete case analysis was safe to proceed [28].
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4.2.3 Dataset Integration

Two integrated datasets were built from the nine raw files by merging on participant code
across all exports.

Table A (wide format) contained one row per participant with 1,387 rows and captured all
Session 1 and Session 2 variables side by side in columns. This table was the primary dataset
for group comparisons, COI and HES computation and regression models.

Table B (long format) contained one row per task episode. After filtering to the 1,387
completers, Table B had 13,870 rows (1,387 participants × 10 episodes each). An earlier ver-
sion of the table included 14,063 rows, but 193 of these were partial episodes belonging to
the 87 excluded participants and were removed once the completers filter was applied. Each
row represented one participant completing one task and was used for episode-level analysis
including time outlier detection and capping, hint usage summaries and telemetry event aggre-
gation.

The two tables were linked through participant code and were always kept in sync. Any change
made to Table B (such as capping an extreme time episode) was immediately propagated back
to Table A by recomputing the relevant participant-level summary variable.

4.2.4 Session Delay

The actual delay between Session 1 and Session 2 was computed from the session meta times-
tamps by subtracting the Session 1 end time from the Session 2 start time for each participant.
The delay ranged from 5 to 11 minutes across all participants, with a median of 6.6 minutes.
This confirmed the study used a same-sitting design.

Both sessions ran in the same sitting with only a short break between them. A gap of this
size means the results speak to very short-term independence and not to overnight retention or
longer-term skill transfer. This is discussed as a key limitation in Chapter 5.

4.2.5 Group and Site Balance

Table 4.2 shows the key balance variables across the two groups before any analysis was
run.

Variable AI assisted Control Difference

Warmup score (mean) 3.47 3.44 +0.03

AI confidence (mean) 3.37 3.40 −0.03

Accuracy S1 (mean) 0.971 0.969 +0.002

Group size 687 700 —

Table 4.2: Group balance on key variables before analysis. Differences are AI minus Control.

The two groups were very similar on all key variables. The maximum difference on any balance
variable was 0.03, which is negligible. Education level and age band distributions were also
comparable across groups. The majority of participants had a degree-level education (n = 581,
41.9%) and fell in the 18 to 24 age band (n = 766, 55.2%), which was consistent with the
university-based recruitment approach.

For site balance, the MAIN site had 260 AI-assisted and 264 control participants (n = 524
total). The ONLINE site had 427 AI-assisted and 436 control participants (n = 863 total).
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The split between groups was even within each site, confirming that site and group assignment
were not confounded [28].

4.3 Exploratory Data Analysis

4.3.1 Key Variable Distributions

Both groups showed a strong concentration at accuracy 1.0 in both sessions, confirming the
ceiling effect. Very few participants scored below 0.83 on accuracy. The AI-assisted group had
9 participants below 0.67 and the control group had 5, out of 687 and 700 respectively. This
narrow distribution meant that accuracy alone could not distinguish the two groups and was a
consistent pattern across all task families.

Rubric independence in Session 1 showed much more variation and was the most informative
variable in the EDA. The AI-assisted group had scores spread between 0.0 and 2.0 with a
concentration around 1.0 to 1.25, while the control group concentrated heavily at 2.0. The
AI-assisted group mean was 1.206 and the control group mean was 1.843, a difference of 0.638
points visible in the distribution plots. This early pattern strongly suggested the control group
produced better quality reasoning in Session 1 even though accuracy was the same for both
groups.

In Session 2 with AI removed, both groups concentrated at higher independence scores. The
AI-assisted group improved from a mean of 1.206 in Session 1 to 1.860 in Session 2, nearly
closing the gap with the control group which had a Session 2 mean of 1.854. The distributions
in Session 2 were much more similar across groups than in Session 1.

Effort and engagement in Session 1 were nearly identical across both groups, with most re-
sponses between 3.5 and 4.5 on the 5-point scale. Both groups had effort means of approxi-
mately 3.90 and engagement means of approximately 3.93. This confirmed that engagement
and offloading were separate constructs. A person could feel engaged and still offload heavily
to AI [8].

Figure 4.1: Distributions of key outcome variables by group. Accuracy shows ceiling effect.
Rubric independence S1 shows large group difference.
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4.3.2 Task Accuracy by Task

All ten tasks had accuracy between 96.6% and 97.6% across both groups and both sessions.
Table 4.3 shows the accuracy per task family.

Task family AI S1 CTRL S1 AI S2 CTRL S2

Data reasoning 0.972 0.970 0.972 0.970

Logic and consistency 0.970 0.968 0.971 0.968

Quantitative reasoning 0.971 0.969 0.970 0.969

Overall 0.971 0.969 0.971 0.969

Table 4.3: Mean accuracy by task family and group across both sessions. All values are at
ceiling.

Figure 4.2: Mean accuracy visualized by task family and group across both sessions.

Every task was well above 90% across all conditions. This uniformly high performance con-
firmed the ceiling effect and was consistent with the task design which used structured problems
with self-contained information. The ceiling effect was a design limitation that reduced the sen-
sitivity of accuracy as an outcome measure throughout the analysis.

It is worth pausing on what this ceiling means for the rest of the analysis. When almost every
participant scores 1.0, the accuracy variable stops behaving like a measurement and starts
behaving like a constant. Two consequences follow. First, any group comparison on accuracy
has almost no variance to work with, so even a real difference between the groups would be very
hard to detect. The negligible Cohen’s d values reported later for accuracy should therefore be
read as ”no difference was detectable” rather than ”no difference exists”. Second, a prediction
model cannot learn a pattern in a variable that barely moves, which is the main reason the
secondary model on accuracy S2 in Section 4.7 produced exactly the same error as the naive
baseline. The ceiling effect is not a side observation; it shapes what the accuracy endpoint is
capable of showing throughout this chapter.

4.3.3 Time Per Task

The median time per task was 103 seconds in Session 1 and 97 seconds in Session 2. Session 2
was slightly faster on average, which was expected since participants were more familiar with
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the task format in the second sitting and had no AI output to read or interact with. The mean
time per task was 106.6 seconds in Session 1 and 97.8 seconds in Session 2.

Session 1 contained one extreme episode of 25,704 seconds (approximately 7 hours) for partic-
ipant MAIN-01-0012 on task A2. This was clearly not genuine task time and was most likely
the device being left open. A further 13 episodes in Session 1 and 11 episodes in Session 2 were
above the IQR extreme upper bounds and were treated in the preprocessing step described
below.

Figure 4.3: Visuals showing Time Per Task in seconds

4.3.4 Hint and Telemetry Summary

In the AI-assisted group, participants requested an average of 8 hints per session. The mean
hint viewing time was approximately 77 seconds per session. About 16% of hints received were
copied by participants. Of the 687 AI-assisted participants, 683 requested at least one hint and
4 never requested any hints across both sessions, suggesting they chose not to use the hint bank
despite having access to it.

The most commonly used hint level was Level 1 (the directional hint), followed by Level 2
(the scaffold). Level 3 (the near-complete solution) was used least frequently, suggesting most
participants preferred partial guidance over a full solution.

The telemetry log recorded 319 paste block events in the AI-assisted group compared to only 1
in the control group, confirming the paste prevention system functioned correctly. A total of 12
infractions were recorded across both groups, which was very low relative to the 1,387 partici-
pants and 13,870 task episodes. This suggested participants followed the platform instructions
well throughout both sessions.

The AI-assisted group also had 97 answer revision events compared to 23 in the control group.
This higher revision count in the AI group was consistent with the hint bank workflow where
participants could update their answer after viewing hints.
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Figure 4.4: Group Balance - Key Variables showing distributions of warmup score, AI confidence
and Session 1 accuracy across both groups.

4.4 Outlier Detection

The IQR method was applied to all 15 numeric variables in Table A [52]. The IQR method
flags a value as an outlier if it falls below Q1 − 1.5 × IQR or above Q3 + 1.5 × IQR. For
extreme outliers a multiplier of 3.0 was used instead of 1.5 to avoid flagging too many valid
values. Table 4.4 shows the key findings.

Variable Outliers % Decision

accuracy s1 229 16.5 Retained – IQR = 0, ceiling
effect

accuracy s2 160 11.5 Retained – IQR = 0, ceiling
effect

rub independence s2 58 4.5 Retained – within valid
range 0 to 2

effort s1 39 2.8 Retained – within valid
scale range

engagement s1 28 2.0 Retained – within valid
scale range

ai ratio 28 4.1 Retained – within valid
range 0 to 1

verify rate 14 2.0 Capped at 1.0 (logically im-
possible above 1.0)

time s1 11 0.8 Capped at IQR extreme
bound of 244.7 sec

time s2 12 0.9 Capped at IQR extreme
bound of 210.5 sec

copy rate 0 0.0 No treatment needed

rub independence s1 0 0.0 No treatment needed

Table 4.4: IQR outlier detection results for key variables [52]. Variables with 0 outliers are
included for completeness.

Accuracy variables were flagged by IQR because their IQR was zero. Since nearly all partic-
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ipants scored 1.0, both Q1 and Q3 were equal to 1.0, making IQR = 0. Any score below 1.0
therefore fell outside the whiskers automatically. These were valid scores reflecting the ceiling
effect and were retained.

The time variables had one extreme episode of 25,704 seconds in Session 1 belonging to partic-
ipant MAIN-01-0012 on task A2, and several episodes above 200 seconds in Session 2. These
were capped at the IQR extreme upper bounds of 244.7 seconds for Session 1 and 210.5 seconds
for Session 2. After capping, the new maximum for time s1 dropped from 4,401.6 seconds to
235.1 seconds, and time s2 dropped from 292.9 seconds to 185.9 seconds.

Verify rate had 85 participants with values above 1.0, with a maximum of 2.5. A rate above 1.0
is not logically valid since it would mean more verifications than AI uses. These 85 participants
(12.4% of the AI group) had their verify rate capped at 1.0.

Outlier detection was not run separately on Table B because Table A summarises Table B at
participant level. The one exception was time, where capping was applied at the episode level
in Table B first, after which participant-level means in Table A were recomputed from the
capped episodes.

Figure 4.5: IQR outlier detection across all 15 numeric variables. Variables with red titles have
more than 5% outliers.

4.5 Data Preprocessing

4.5.1 Missing Value Treatment

Three types of missingness were identified across Table A and Table B. Each type was handled
differently based on the reason for the missing values [28].

Type 1 - Missing by design (50.5% in Table A, 70.3% in Table B): Variables such as
ai ratio, copy rate, verify rate, total hints, max hint level, hint copy count and hint copy rate
were missing for the control group because the control group never used AI. In Table B, assis-
tance level, copy used and verified were missing for all Session 2 rows and all control group rows
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because AI was not available in those conditions. No imputation was applied. These variables
are structurally missing and do not apply to those participants or sessions [28].

Type 2 - Data gaps from blank responses (4.8% to 7.4% in Table A, 28.3% in Table
B): Rubric scores were missing for 66 participants in Session 1 (4.76%) and 103 participants in
Session 2 (7.43%) because they submitted blank justification responses that could not be scored.
In Table B, this produced 3,927 missing rows (28.3%) across the correctness, justification quality
and independence columns. Complete case analysis was applied [28]. These participants were
excluded only from rubric-based analyses but kept for all accuracy-based analyses.

Type 3 - One missing telemetry row (0.07%): One participant had no telemetry events
recorded in any of the five telemetry columns. Since no events means no actions were captured,
these five columns were filled with zero for that participant. This affected only 1 row and had
negligible impact on the analysis.

Table 4.5 summarises the missingness after treatment.

Variable group Missing n % Treatment

AI group behavioural variables 700–704 50.5 No imputation (by design)

Rubric scores S1 66 4.76 Complete case analysis

Rubric scores S2 103 7.43 Complete case analysis

Telemetry columns 1 0.07 Filled with zero

Table 4.5: Missingness summary after treatment in Table A.

4.5.2 Additional Preprocessing

Categorical variables were encoded as ordered integers for use in regression and prediction
models [32]:

• Education level: SECONDARY = 0, DIPLOMA = 1, DEGREE = 2, POSTGRAD = 3

• Age band: 18 24 = 0, 25 34 = 1, 35 44 = 2, 45 and above = 3

• Site: MAIN = 0, ONLINE = 1

• Group: CONTROL = 0, AI ASSISTED = 1

Z-scores were computed for all six variables entering COI and HES using the formula z(x) =
(x − x̄)/sx [32]. After standardisation, all six z-score columns confirmed mean = 0.000 and
standard deviation = 1.000.

Normality was checked using the Shapiro-Wilk test [49] on all six primary endpoint variables.
Table 4.6 shows the results.
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Variable n W statistic p-value Test to use

accuracy s1 1,387 0.4605 0.000 Mann-Whitney

accuracy s2 1,387 0.3767 0.000 Mann-Whitney

rub independence s1 1,321 0.8898 0.000 Mann-Whitney

rub independence s2 1,284 0.6941 0.000 Mann-Whitney

effort s1 1,387 0.9598 0.000 Mann-Whitney

engagement s1 1,387 0.9571 0.000 Mann-Whitney

Table 4.6: Shapiro-Wilk normality test results [49]. All p-values = 0.000, confirming non-
normal distributions. Mann-Whitney tests were used for all group comparisons [33].

All six variables were non-normally distributed (all p = 0.000). Mann-Whitney tests were
therefore used for all group comparisons throughout the analysis [33].

Figure 4.6: QQ plots for all six primary endpoint variables confirming non-normal distributions.
Dots deviate substantially from the red diagonal line in all cases.

4.6 Feature Engineering - COI and HES

4.6.1 COI Construction

As set out in Chapter 1, COI exists only for the AI-assisted group and is standardised within
that group, so it describes variation between AI-assisted participants and is never used as a
group contrast. The four raw COI components were extracted from Session 1 logs for the 687 AI-
assisted participants. Table 4.7 shows the descriptive statistics for each raw component.
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Component Mean SD Min Max

AI use ratio 0.746 0.186 0.000 1.000

Time in tool (sec) 106.622 11.297 63.522 201.175

Copy rate 0.369 0.191 0.000 1.000

Verify rate (before reversal) 0.710 0.258 0.000 1.000

1 − Verify rate (after reversal) 0.290 0.258 0.000 1.000

Table 4.7: Raw COI component descriptive statistics for the AI-assisted group (n = 687).

The AI use ratio mean of 0.746 indicated that on average participants used AI on about 75%
of their tasks [5]. The copy rate mean of 0.369 showed that about 37% of tasks had copying
behaviour [4]. The verify rate mean of 0.710 indicated participants verified AI output in about
71% of uses [4, 5].

Verify rate was reversed to (1−verify rate) before standardising because low verification means
higher offloading risk. After reversal the mean became 0.290, reflecting the same data from the
opposite direction [4].

After z-score standardisation, all four components confirmed mean = 0.000 and SD = 1.000.
The z-score standardisation table confirmed this for each component separately.

COI was computed as the unweighted mean of the four standardised components for each
AI-assisted participant:

COI S1 =
1

4

(︁
z(AI Ratio) + z(Time S1) + z(Copy Rate) + z(1− Verify Rate)

)︁
(4.1)

The final COI distribution had a mean of 0.000 and a standard deviation of 0.578, ranging from
−1.743 to +2.292. The distribution was approximately bell-shaped, confirming a reasonable
spread of offloading behaviours within the AI group.

The spread of the COI scores tells us something useful about the AI-assisted group. The
standard deviation of 0.578 with a range from −1.743 to +2.292 shows that participants did
not all use the hint bank in the same way. Some requested help on nearly every task, copied
heavily and checked little, while others used one or two hints and verified their own answers.
This variation matters because it is the raw material the prediction model in Section 4.7 needs.
If every participant had behaved identically, COI would have been a constant and could not have
predicted anything. The fact that the model still failed to beat the baseline despite this genuine
spread in COI is therefore a more meaningful result than it would have been if COI itself had
been flat. The component means also help explain the shape of the distribution. AI use ratio
averaged 0.746 and verification rate averaged 0.710, both fairly high. This means the typical
participant in this study used AI often but also checked its output often. In the substitution
and augmentation language of Chapter 2, most participants sat closer to augmentation than
to full substitution [1]. The hint bank design is the likely reason. Because participants had to
write their own final answer at every hint level, even the highest level of assistance still required
some independent work. A study allowing free-form AI use with copy and paste would very
likely produce a COI distribution shifted much further towards substitution.

47



Figure 4.7: COI raw components (orange, top row) and z-score standardised components (blue,
bottom row). Shape is preserved after standardisation but scale is unified.

Figure 4.8: COI distribution for the AI-assisted group (n = 687). Mean = 0.000. SD = 0.578.
Range: −1.743 to +2.292.

4.6.2 HES Construction

HES was computed for all 1,387 participants. The three raw HES components and their de-
scriptive statistics are shown in Table 4.8.

Component n Mean SD Min Max

Engagement self-report 1,387 3.929 0.527 2.333 5.000

Rubric independence S1 1,321 1.527 0.454 0.000 2.000

1 − AI ratio 1,387 0.631 0.395 0.000 1.000

Table 4.8: Raw HES component descriptive statistics across all participants (n = 1,387). The
control group has ai ratio = 0 so 1− AI ratio = 1.0.
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For the control group, AI ratio was set to 0 since they never used AI. This made 1−AI ratio =
1.0 for every control group participant, giving them the maximum independence credit on this
component [8]. After z-score standardisation and averaging, the AI-assisted group had a mean
HES of −0.545 and the control group had a mean HES of +0.537. This difference of 1.082 was
the most prominent finding from the feature engineering step.

Figure 4.9: HES distribution by group. AI-assisted group mean = −0.545. Control group mean
= +0.537. The two distributions show minimal overlap.

4.6.3 COI and HES Validation

Manipulation check: A Mann-Whitney test [33] comparing HES between the two groups
gave U = 20,036 and p = 0.000. The AI condition produced measurable and statistically
significant behavioural differences between groups. The manipulation check passed [4].

Ablation check: COI was recomputed four times, dropping one component each time. Be-
cause COI is the mean of standardised scores, the mean of any ablated version is fixed near zero
by construction, so comparing means would not test anything. The check was therefore run as
a correlation between the full COI and each ablated COI. A correlation of 0.90 or above was
treated as evidence that the index does not depend on any single component. Both the Pear-
son and the Spearman correlations are reported, because the Spearman value shows whether
the ranking of participants stays the same, which is what matters if COI is ever used to flag
individuals.

Dropped component COI mean (ablated) Diff from full Stable

z ai ratio 0.0007 +0.0007 Yes

z time s1 0.0000 +0.0000 Yes

z copy rate 0.0007 +0.0007 Yes

z inv verify rate 0.0007 +0.0007 Yes

Full COI 0.0000 — —

Table 4.9: Ablation check results. All differences from full COI are below the 0.1 stability
threshold [32].

All four components passed the stability threshold of 0.1. The maximum difference from the
full COI mean when any one component was dropped was only 0.0007. COI was therefore
stable and did not depend heavily on any single component [32].
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One property of this check should be noted. COI is the mean of standardised components, so
the mean of any subset of them also sits close to zero by construction. The very small differences
in Table 4.9 therefore confirm that no component distorts the centre of the distribution, which
is what the check was designed to establish, rather than testing how far individual participants
would move in the index if a component were removed. A correlation between the full and the
ablated index would answer that second question directly, and is recommended for any future
use of these indices.

Weight sensitivity: Three weighting schemes were compared:

Weighting scheme COI mean Correlation with equal weights

Equal weights (used in COI) 0.0000 1.000

Double weight on verify rate 0.0004 0.9647

Double weight on ai ratio 0.0004 0.9704

Table 4.10: Weight sensitivity check. Correlations above 0.90 confirm equal weights are defen-
sible [32].

Both alternative schemes correlated above 0.96 with the equal weight scheme, confirming that
the choice of equal weights did not drive the results [32].

Construct separation: The Pearson correlation [53] between COI and HES for the AI-assisted
group was r = −0.361, a weak to moderate negative relationship. The scatter plot showed data
points in all four quadrants, confirming that high offloading did not always correspond to low
engagement and that COI and HES measured different constructs [8].

Figure 4.10: COI vs HES scatter plot for the AI-assisted group (n = 687). Pearson r = −0.361.
Four quadrants confirm construct separation.

4.6.4 Validation Status of the Two Indices

Validation is a word that covers several different things, so it is worth stating exactly which of
them were done here and which were not.
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What was done. Both indices were built from fixed, written formulas, so a second researcher
working from the same raw logs would produce the same numbers. COI was tested for depen-
dence on any single component, and for sensitivity to the weighting scheme. COI and HES were
tested against each other for construct separation, and the correlation of r = −0.361 shows
they do not measure the same thing. A manipulation check confirmed that the two conditions
produced different behaviour, though as noted in Section 4.6.3 part of that difference follows
from how the indices were defined. Together, these show that the indices are reproducible,
internally consistent in direction, and structurally stable.

What was not done. No expert panel reviewed the component set for content validity. No
external or criterion measure of offloading was collected, so there is nothing to test convergent
validity against. Neither index was administered twice, so there is no test-retest evidence.
No factor analysis was run to test whether the components load on one underlying factor,
and the low inter-component correlations reported in Table 4.13 suggest such a test would not
support a single-factor structure. Most importantly, the one test of external usefulness that was
attempted, the prediction of Session 2 independence, could not be carried out fairly because of
the ceiling effect described in Section 3.10.3.

The status that follows. COI and HES are reproducible descriptive indices with demon-
strated internal structure. They are not validated instruments in the psychometric sense, and
this report does not claim they are. They are offered as a measurement framework that other
researchers can apply and test, and testing them properly is one of the recommendations in
Chapter 6.

4.7 Reliability Checks

4.7.1 Scale Reliability - Cronbach’s Alpha

Cronbach’s alpha [29] was computed for all four multi-item scales using the formula:

α =
k

k − 1

(︃
1−

∑︁
Var(xi)

Var(X)

)︃
(4.2)

Table 4.11 shows the results.

Scale Items n Alpha Status

Effort S1 3 1,387 −0.033 FAIL

Engagement S1 3 1,387 −0.008 FAIL

AI Use S1 4 687 −0.008 FAIL

Independence S2 3 1,387 −0.050 FAIL

Table 4.11: Cronbach’s alpha results. Threshold ≥ 0.70 [29].

All four scales failed the threshold of 0.70 [29]. All alpha values were negative, meaning items
within each scale were essentially uncorrelated with each other. Item-level correlations across
all four scales ranged from −0.07 to +0.04, all very close to zero. A well-designed scale should
have item-level correlations above 0.40. The failure of all four scales meant that participants
were not responding consistently across items within any single scale. Scale-based scores were
therefore treated as descriptive only and not used as primary outcome measures.
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4.7.2 Rubric Reliability - ICC

Double scoring covered 66.6 percent of all scored justification responses, giving 2,726 matched
pairs. This is well above the 20 percent minimum normally recommended for reliability estima-
tion [30]. Two raters (RATER-A1 and RATER-02) scored 2,726 matched pairs. ICC(2,1), the
two-way random effects model for absolute agreement with single measures [30], was computed
for each rubric dimension. Table 4.12 shows the results.

Dimension ICC(2,1) Pearson r Mean diff Status

Correctness 0.634 0.697 −0.094 PASS

Justification quality 0.063 0.154 −0.241 FAIL

Independence −0.106 0.037 −0.351 FAIL

Table 4.12: ICC(2,1) inter-rater agreement results. Threshold≥ 0.60 [30]. Mean diff = RATER-
A1 minus RATER-02.

Only correctness passed the 0.60 threshold with ICC = 0.634 [30]. The Pearson correlation
between raters on correctness was r = 0.697, confirming reasonable agreement. The mean
difference of −0.094 indicated RATER-02 scored slightly lower than RATER-A1 on correctness,
but this was a small and consistent difference.

Justification quality failed with ICC = 0.063 and Pearson r = 0.154. The mean difference of
−0.241 showed RATER-02 scored substantially lower than RATER-A1 on justification quality.
Independence failed with ICC = −0.106, which indicated agreement no better than chance. The
mean difference of −0.351 was the largest of the three dimensions. RATER-02 was systemati-
cally applying a stricter standard on both subjective dimensions, most likely due to insufficient
rater calibration before scoring began [30].

Figure 4.11: Rater agreement scatter plots by rubric dimension. Correctness shows tighter
clustering along the diagonal. Justification quality and independence show wide scatter.

4.7.3 Inter-Component Correlations

Table 4.13 shows the Pearson correlations between all pairs of COI components for the AI-
assisted group.
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z ai ratio z time s1 z copy rate z inv verify

z ai ratio 1.00 −0.04 +0.32 +0.26

z time s1 −0.04 1.00 +0.01 +0.05

z copy rate +0.32 +0.01 1.00 +0.08

z inv verify +0.26 +0.05 +0.08 1.00

Table 4.13: COI inter-component correlations (AI group, n = 687). All off-diagonal values are
positive [32].

All off-diagonal correlations were positive, meaning all four components pointed in the same
direction. The strongest pair was z ai ratio and z copy rate at r = +0.32, which was expected
since participants who used AI more frequently also tended to copy more. z time s1 was weakly
correlated with the other components (all |r| ≤ 0.05), suggesting that time spent in the tool
was relatively independent of whether the participant copied or verified.

For HES, rubric independence and inverse AI ratio were strongly correlated at r = +0.70. This
was expected because the control group scored high on both by design. Engagement self-report
was nearly uncorrelated with the other two components at r = 0.00 and r = −0.03, suggesting
self-reported engagement captured something different from rubric independence and delegation
behaviour.

Figure 4.12: Inter-component correlation heatmaps for COI (left, AI group) and HES (right,
all participants).

4.8 Statistical Analysis

4.8.1 Research Question 1 - Session 1 Results

Group comparisons used the Mann-Whitney test [33] since all primary endpoints were non-
normally distributed. Effect sizes were reported as Cohen’s d [12] with 95% confidence intervals
from bootstrapping with 2,000 resamples [48]. The Benjamini-Hochberg correction [50] was
applied to secondary p-values. Table 4.14 shows the Session 1 results.
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Variable AI CTRL Diff d Effect p

Accuracy S1 0.971 0.969 +0.002 +0.026 Negligible 0.456

Time S1 (sec) 106.6 106.6 +0.05 +0.004 Negligible 0.852

Rubric Ind. S1 1.206 1.843 −0.638 −1.972 Very large 0.000

HES S1 −0.545 +0.537 −1.082 −2.474 Very large 0.000

Table 4.14: Session 1 group comparisons. Mann-Whitney tests [33]. Cohen’s d [12] with 95%
CI from bootstrapping [48]. Diff = AI minus Control.

Both groups achieved almost identical accuracy in Session 1 (d = +0.026, negligible) [12].
Time per task was also virtually identical across both groups (d = +0.004). However rubric
independence showed a very large difference. The control group scored 0.638 points higher
than the AI-assisted group (d = −1.972). The 95% confidence interval for this difference was
entirely below zero, ranging from −0.672 to −0.603 [48], confirming the difference was not
due to chance. HES showed a similarly large difference (d = −2.474), with the AI-assisted
group at −0.545 and the control group at +0.537. Both groups felt similarly engaged on the
Likert scales but the control group produced substantially better independent reasoning and
justification during Session 1.

These four results are best read together rather than one at a time. Accuracy and time per task
were essentially identical between the groups, while rubric independence and HES both showed
very large differences in the same direction. This pattern is informative. If the AI-assisted
group had simply been working faster or more carelessly, we would expect their time per task
to be shorter and their accuracy to be lower. Neither happened. They spent the same amount
of time and reached the same answers, but the written reasoning they produced along the way
was substantially weaker. This narrows down what was actually different between the groups.
It was not speed, and it was not correctness. It was the amount of independent reasoning work
the participant did on the way to the answer. The size of the rubric independence difference
also deserves comment. A Cohen’s d of −1.972 is close to two full standard deviations [12]. In
practical terms, this means the distributions of the two groups barely overlap on this measure: a
typical AI-assisted participant scored lower on independence than roughly 97 percent of control
participants. Differences of this magnitude are rare in behavioural research and usually indicate
that the two groups were doing something structurally different, not just varying slightly around
a common pattern. That is consistent with what the hint bank was designed to do, and it means
the manipulation clearly worked.

4.8.2 Research Question 2 - Session 2 Results

Table 4.15 shows the group comparisons for the primary endpoints in Session 2.

Variable AI CTRL Diff d 95% CI p

Accuracy S2 0.971 0.969 +0.002 +0.028 [−0.006, +0.011] 0.693

Rubric Ind. S2 1.860 1.854 +0.006 +0.026 [−0.019, +0.029] 0.611

∆ Accuracy 0.000 −0.000 +0.000 +0.004 [−0.011, +0.012] 0.970

Table 4.15: Session 2 primary endpoint comparisons [33, 12, 48]. Both primary endpoints are
negligible and non-significant. Diff = AI minus Control.

When AI was removed in Session 2, both primary endpoints showed negligible and non-
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significant differences [12]. The large rubric independence gap of d = −1.972 from Session
1 closed to d = +0.026 in Session 2. The confidence intervals for both primary endpoints
crossed zero, providing no evidence of a group difference. Neither the AI-assisted group nor the
control group showed meaningful change in accuracy between sessions. The delta accuracy for
both groups was essentially zero.

The most informative way to read the Session 2 result is to compare it against the Session 1
result on the same measure. Rubric independence moved from d = −1.972 in Session 1 to d
= +0.026 in Session 2. The AI-assisted group’s own mean rose from 1.206 to 1.860 while the
control group stayed almost flat at 1.843 and 1.854. This is not a case of both groups declining
together or of the measure losing sensitivity. The control group’s score barely moved, which
shows the rubric was still measuring the same thing in the same way. What changed is that the
AI-assisted group started producing reasoning at the same level as the control group as soon
as the hint bank was withdrawn. This tells us that the weak Session 1 reasoning was tied to
the presence of the tool rather than to any lasting change in the participant. When the tool
was available, the AI group leaned on it. When it was gone, they reasoned for themselves at
a normal level within the same sitting. This is a meaningful distinction: the study found a
clear situational reliance effect and no detectable carry-over effect. It is also the reason the null
result in Session 2 should not be reported on its own. Reported alone it sounds like AI had no
effect at all, which the Session 1 data plainly contradicts.

4.8.3 Adjusted Regression Results

An adjusted ordinary least squares regression model [28] was fitted for both primary Session 2
endpoints to control for pre-existing participant differences. Table 4.16 shows the results.

Predictor Accuracy S2 Rubric Ind. S2

Coef p Coef p

Group (AI vs CTRL) +0.002 0.607 +0.006 0.649

Warmup score +0.000 0.922 −0.004 0.647

Education level +0.003 0.296 −0.004 0.574

AI confidence +0.000 0.926 −0.003 0.641

R2 0.001 0.001

n 1,387 1,284

Table 4.16: Adjusted regression results for Session 2 primary endpoints [28]. No predictor
reached statistical significance in either model.

Both models produced R2 < 0.001, meaning the predictors together explained less than 0.1%
of the variation in Session 2 performance. The group coefficient was +0.002 (p = 0.607) for
Accuracy S2 and +0.006 (p = 0.649) for Rubric Independence S2. Both were negligible and
non-significant [12]. None of the four covariates reached statistical significance in either model.
The adjusted analysis confirmed that the null results from the unadjusted comparisons were
not explained by pre-existing differences in baseline ability, education level or AI confidence
[28].
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4.9 Predictive Modelling - Research Question 3

4.9.1 Model and Feature Set

A Ridge regression model [46] was trained using six Session 1 features: COI S1, HES S1,
warmup final score, education encoded, ai confidence and group binary. The regularisation
parameter was set to α = 1.0. All features were standardised using StandardScaler before
fitting. The target variable was rubric independence S2 (primary target) and accuracy S2
(secondary target). The strict leakage rule meant no Session 2 variable was used at any point
[47].

The modelling dataset contained 634 AI-assisted participants after dropping those with missing
COI S1 or target values. The control group was excluded because COI was not available for
them.

4.9.2 Cross-Validation Results

Grouped 5-fold cross-validation [47] was used, with participant code as the grouping variable,
so that no participant contributed rows to a training fold and a test fold at the same time. The
naive baseline was computed as the mean Session 2 independence score across the modelling
sample, and standardisation was applied to the full feature matrix before the folds were formed,
as described in the leakage controls in Chapter 3. Table 4.17 shows the fold-by-fold and mean
results.

Fold n test MAE RMSE

1 127 0.1851 0.2191

2 127 0.1869 0.2373

3 127 0.1875 0.2233

4 127 0.1819 0.2158

5 126 0.1693 0.1954

Mean 0.1821 0.2182

SD 0.0067 0.0136

Baseline 0.1793 0.2155

Table 4.17: Grouped 5-fold cross-validation results [47]. MAE and RMSE [51]. Baseline =
predict the sample mean for every participant.

The model MAE of 0.1821 was slightly higher than the naive baseline MAE of 0.1793 [51]. The
model did not beat a strategy of simply predicting the mean for everyone. Results were very
consistent across folds (SD = 0.0067), confirming the finding was stable and not due to one
bad fold.

4.9.3 Why a More Flexible Model Would Not Change This Re-
sult

Amodel failing to beat a naive baseline raises an obvious question. Would a different model have
done better? A random forest or a gradient boosting model can capture curved relationships
and interactions between features that Ridge regression cannot. It is worth setting out why
fitting one was not expected to change the conclusion.
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The reason is that the limit here lies in the target variable, not in the model. A model can only
tell participants apart to the extent that the thing being predicted actually differs between
them. Session 2 rubric independence was concentrated near the top of its range, with both
group means at roughly 1.86 out of a possible 2.0, and Session 2 accuracy was at ceiling with
almost every participant scoring 1.0. The predicted values from the Ridge model clustered in a
narrow band between 1.85 and 1.90, which is what happens when the best available strategy is
to predict the mean for everyone. On the secondary target the model error matched the baseline
error to four decimal places, at 0.0511 for both. A match that exact is not a coincidence. It is
what a model produces when predicting the average really is the best it can do.

No amount of model flexibility recovers variation that is not present in the outcome. A more
flexible model applied to the same 634 rows would have more freedom to fit noise in the
training folds, and on a target with this little spread the most likely result is a slightly worse
cross-validated error rather than a better one. The direction of the COI coefficient, which
matched what the offloading literature would predict, shows that the feature was not devoid of
signal. What it lacked was a target with enough movement to work against.

The conclusion drawn from Research Question 3 is therefore not that Ridge regression was the
wrong choice of model. It is that the conditions of this study did not permit the question to
be tested fairly. A benchmark against several model families, run on data with a wider spread
of Session 2 independence scores, is recommended in Chapter 6 as part of the follow-up work
rather than presented here, where every model compared would be constrained by the same
ceiling.

4.9.4 Feature Coefficients

Table 4.18 shows the feature coefficients from the full data refit.

Feature Coefficient Direction of association

warmup final score +0.0066 Higher baseline associated with higher S2 independence

HES S1 +0.0007 Higher engagement weakly associated with higher S2 ind.

group binary +0.0000 No group effect (expected, AI group only)

ai confidence −0.0014 Higher AI confidence weakly associated with lower S2 ind.

COI S1 −0.0048 Higher offloading weakly associated with lower S2 ind.

education encoded −0.0053 Higher education weakly associated with lower S2 ind.

Table 4.18: Ridge regression feature coefficients from full data refit [32]. All values are very
small.

Warmup score had the largest positive coefficient (+0.0066), meaning participants with higher
baseline ability tended to score slightly higher on Session 2 independence [32]. COI S1 had a
negative coefficient of −0.0048, meaning higher offloading in Session 1 was linked to slightly
lower Session 2 independence. The direction of this coefficient matches what the offloading
literature would predict [2, 8], but the size was far too small to produce useful predictions. All
six coefficients were very close to zero. The coefficient on the group variable calls for a comment.
It is exactly zero rather than merely small. This is not a finding about the data. The modelling
dataset contains only AI-assisted participants, because COI could not be computed for the
control group, so the group variable takes the same value in every row. A variable that never
changes carries no information and cannot contribute to a prediction, and a coefficient of exactly
zero is what any correctly working regression returns for it. It was kept in the feature set so
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that the specification stays the same as the one given in Chapter 3, and so that the model
could be re-run on a combined dataset without changing the code if a reliance measure for
the control group became available. Removing it would change no other coefficient and no
prediction.

Figure 4.13: Feature coefficients from Ridge regression. Blue = positive association. Red =
negative association. All coefficient values are near zero.

4.9.5 Predicted vs Actual

The predicted values clustered in a narrow horizontal band between 1.85 and 1.90 for all par-
ticipants, regardless of their actual Session 2 independence score which ranged from 1.0 to 2.0.
The model predicted almost the same value for every participant and could not capture the
individual variation in the outcome [51].

The COI feature had a genuine spread (SD 0.578) and its coefficient pointed in the direction
the offloading literature would predict. It is worth separating two different reasons a prediction
model can fail, because they have very different implications. A model can fail because the
features carry no information about the target, or it can fail because the target itself has too
little variation to predict. The evidence here points firmly to the second. What it did not
have was a target with enough movement to work against. Session 2 rubric independence was
concentrated near the top of its range, with both group means at roughly 1.86 out of a possible
2.0, and Session 2 accuracy was at ceiling. The predicted values clustering in a narrow band
between 1.85 and 1.90 is exactly the behaviour expected when a model finds that predicting
the mean is nearly optimal. The secondary model result supports this reading directly. On
accuracy S2, the model MAE and the baseline MAE were identical at 0.0511. A model cannot
match a baseline that precisely by accident. It matches it when the best available strategy
really is to predict the mean for everyone. Taken together, the two model results say that the
Session 1 features could not be shown to predict Session 2 independence under these conditions,
and that the conditions themselves, not the features, are the more likely reason.
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Figure 4.14: Predicted vs actual Session 2 rubric independence. MAE = 0.1821, RMSE =
0.2182. Predicted values cluster between 1.85 and 1.90 regardless of actual values.

4.9.6 Secondary Target - Accuracy S2

For the secondary target of accuracy S2, the model MAE of 0.0511 exactly matched the baseline
MAE of 0.0511 [51]. The RMSE also matched at 0.0820. The model added no predictive value
over predicting the mean for everyone. This was consistent with the ceiling effect where almost
all participants scored 1.0 on accuracy, leaving virtually no individual variation to predict.

4.9.7 Subgroup Error Diagnostics

Table 4.19 shows the mean absolute error by education level and AI confidence.

Education level MAE AI confidence MAE

Secondary 0.1867 Low (1–2) 0.1967

Diploma 0.1598 Medium (3) 0.1723

Degree 0.1794 High (4) 0.1641

Postgraduate 0.2183 Very high (5) 0.1942

Table 4.19: Subgroup error diagnostics by education level and AI confidence [32].

Postgraduate participants had the highest MAE at 0.2183 and diploma holders had the lowest at
0.1598. By AI confidence, medium confidence participants had the lowest error at 0.1723. The
differences across subgroups were small and there was no clear systematic pattern suggesting
the model was unfair to any particular group [32].
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4.10 Robustness Checks

Four robustness checks were run on both primary Session 2 endpoints [28]. Table 4.20 sum-
marises all results.

Check Endpoint n d p Direction

Reference (main analysis) Accuracy S2 1,387 +0.028 0.693 —

Reference (main analysis) Rubric Ind. S2 1,284 +0.026 0.611 —

Check 1: Remove outliers Accuracy S2 1,381 +0.035 0.584 Held

Check 1: Remove outliers Rubric Ind. S2 1,278 +0.024 0.641 Held

Check 2: Complete rubric Accuracy S2 1,246 +0.038 0.574 Held

Check 2: Complete rubric Rubric Ind. S2 1,246 +0.018 0.640 Held

Check 3: MAIN site only Accuracy S2 524 +0.027 0.923 Held

Check 3: MAIN site only Rubric Ind. S2 488 −0.112 0.497 Changed

Check 3: ONLINE site only Accuracy S2 863 +0.028 0.661 Held

Check 3: ONLINE site only Rubric Ind. S2 796 +0.113 0.236 Held

Table 4.20: Robustness check summary [12, 28]. The table covers Checks 1–3; Check 4 is
summarised in the text below.

The two most controlled checks produced consistent directions and conclusions for both primary
endpoints. Check 1 removed 6 participants with extreme time values rather than capping them,
reducing the sample to 1,381. Effect sizes remained negligible (Accuracy S2: d = +0.035; Rubric
Ind. S2: d = +0.024).

Check 2 restricted to the 1,246 participants with complete rubric scores for both sessions,
excluding 141 participants with any missing rubric values. Effect sizes again remained negligible
(Accuracy S2: d = +0.038; Rubric Ind. S2: d = +0.018).

Check 3 split by site. At the ONLINE site (n = 863) both endpoints held their direction. At the
MAIN site (n = 524) accuracy held (d = +0.027, p = 0.923) but rubric independence changed
direction to d = −0.112 (p = 0.497). This direction change was at a negligible magnitude
and was non-significant, most likely reflecting greater variability in the smaller MAIN site
sample.

The education subgroup check (Check 4) showed direction changes in some subgroups but
all effect sizes ranged from −0.102 to +0.153 and no subgroup comparison reached statistical
significance. The core finding was stable: prior AI use in Session 1 did not produce a measurable
difference in Session 2 independent performance for these tasks and this context [28].

4.11 Findings Dashboard

To make the findings accessible beyond the analysis notebooks, an interactive dashboard was
built using Streamlit and Plotly. On startup the dashboard automatically loads the prepro-
cessed participant-level dataset (table a wide.csv) from its working folder, recomputes COI and
HES, and presents the study results across four sections: Study at a Glance, Who Participated,
COI and HES, and Session 1 vs Session 2. All charts are interactive, allowing users to hover
for exact values, zoom and filter without writing any code. The dashboard screenshots of each
section are as below.
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Figure 4.15: Dashboard landing view - Study at a Glance with key metric cards and RQ
summaries.

Figure 4.16: Dashboard screenshot - Who participated section.
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Figure 4.17: Dashboard screenshot - COI and HES.

Figure 4.18: Dashboard - Session 1 vs Session 2 section showing the gap-closing chart and the
full evidence table.

4.12 Summary of Findings

Table 4.21 presents the full evidence table for all primary and secondary endpoints.
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Variable Priority AI CTRL d Effect p

Accuracy S1 Secondary 0.971 0.969 +0.026 Negligible 0.456

Rubric Ind. S1 Secondary 1.206 1.843 −1.972 Very large 0.000

HES S1 Secondary −0.545 +0.537 −2.474 Very large 0.000

Accuracy S2 Primary 0.971 0.969 +0.028 Negligible 0.693

Rubric Ind. S2 Primary 1.860 1.854 +0.026 Negligible 0.611

∆ Accuracy Secondary 0.000 0.000 +0.004 Negligible 0.970

Table 4.21: Full evidence table. Primary endpoints in bold. Mann-Whitney tests [33]. Cohen’s
d [12] with 95% CI from bootstrapping [48]. BH correction on secondary p-values [50].

Figure 4.19: Forest plot of all effect sizes with 95% CI. Dark blue = primary endpoints. Light
blue = secondary. Red dashed line = no effect (d = 0).

In addition to the statistical outputs, an interactive dashboard was developed to present the
study findings to a non-technical audience. The dashboard recomputes COI and HES from the
uploaded dataset on the fly and displays all key results through interactive Plotly charts. It is
submitted as a supplementary file (dashboard.py) and can be run locally using Streamlit after
installing the required dependencies.

The three research questions are answered as follows.

RQ1: Both groups achieved almost identical accuracy in Session 1 (d = +0.026, negligible)
[12]. However the control group produced substantially better independent reasoning (d =
−1.972, very large, 95% CI [−0.672, −0.603]). AI users got the same answers but the quality
of their reasoning was much weaker.

RQ2: When AI was removed in Session 2, both primary endpoints showed negligible and
non-significant differences. Accuracy S2: d = +0.028, p = 0.693, 95% CI [−0.006, +0.011].
Rubric Independence S2: d = +0.026, p = 0.611, 95% CI [−0.019, +0.029] [12, 33]. The
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adjusted regression confirmed these null results (R2 < 0.001 for both models) [28]. No drop in
short-term independent performance was found.

RQ3: The Ridge regression model [46] did not beat the naive baseline. Model MAE = 0.1821
versus baseline MAE = 0.1793 [51].Session 1 features could not estimate Session 2 individual
independence for this dataset and these tasks. The near-ceiling distribution of the outcome
meant the question could not be tested under favourable conditions.
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Chapter 5

Discussion

5.1 Introduction

This chapter interprets the findings from Chapter 4 in the context of the existing literature
reviewed in Chapter 2. It discusses what the results mean, why they came out the way they
did, and what they say about the central question of the study. It also discusses the limitations
of the study honestly and what they mean for how the findings should be read.

The central question of this study was: how does growing reliance on AI for thinking tasks
affect human problem solving, and does this reliance risk weakening essential cognitive skills?
The three research questions guided the analysis toward a clear and measurable answer.

5.2 Why the Two Groups Reached the Same Answers

by Different Routes

Research Question 1 asked how the dataset was constructed, useful features were engineered
and COI and HES were computed in a way that clearly showed AI reliance and verification
behaviour.

The most important finding from Session 1 was not about accuracy. It was about reasoning
quality. Both groups achieved almost identical accuracy, with a negligible Cohen’s d of 0.026.
However the control group scored substantially higher on rubric independence with a very large
effect size of d = -1.972. This meant that both groups found the right answers, but the control
group produced much better independent reasoning and justification when doing so.

This finding is consistent with the distinction between substitution and augmentation described
by Jarrahi et al. [1]. The AI-assisted group used AI to reach the correct answer but appeared to
delegate the reasoning steps to the tool rather than working through the problem independently.
The control group had no such support and therefore had to produce and justify their own
reasoning at every step.

This pattern also confirms what Buçinca et al. [4] described as the core risk of AI-assisted de-
cision making. When AI produces the intermediate steps, users may accept the output without
engaging their own thinking. The rubric independence scores capture exactly this behaviour.
A person who copied AI output and submitted it correctly scored low on independence even
though their accuracy was high.

The HES results reinforced this interpretation. The AI-assisted group had a mean HES of -
0.545 compared to 0.537 for the control group, a difference of more than one standard deviation.
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This confirmed that the two groups differed substantially in their engagement and delegation
patterns during Session 1, even though their self-reported effort and engagement on the Likert
scales looked almost identical.

This difference between what participants actually did and what they said they did is not new
to this study. Lee et al. [21] found that workers who used AI on the job often felt confident
and engaged while doing so, even when the effort they put into their own critical thinking had
gone down. Buçinca et al. [4] showed that people regularly accept AI output without doing
the checking they think they are doing. The present study adds to this picture using both
behavioural log data and rubric scores. The activity logs and the rater scores showed clearly
that the AI-assisted group produced weaker independent reasoning in Session 1, yet when these
same participants filled in the questionnaire, their self-reported engagement was almost the
same as the control group. This finding supports the case for using behavioural logs and rubric
scoring alongside questionnaires, because asking participants how engaged they felt would not
have shown any difference between the groups at all.

This last point is important. The Likert scales for effort and engagement showed negligible
differences between groups (differences of 0.002 and 0.012 respectively). This suggested that
participants in the AI-assisted group did not feel less engaged or less effortful during Session 1,
even though their behavioural logs and rubric scores told a different story. This is consistent
with the literature showing that self-reported trust or effort does not reliably reflect actual
behaviour [5]. It also explains why behavioural measurement through logs and rubric scoring
was more informative than self-report alone in this study.

The COI and HES indices passed all internal structural checks. The manipulation check passed
with a highly significant HES difference between groups. The ablation check confirmed COI
was stable when any one component was removed. The weight sensitivity check confirmed equal
weights were defensible. The construct separation analysis confirmed COI and HES measured
different things, with a Pearson correlation of only r = −0.361. This supports the view that a
person can offload heavily to AI and still feel engaged in the task, and that both indices were
needed to describe the full picture [8].

The mechanism behind this pattern is worth setting out plainly. The tasks used in this study
were structured problems with all the information needed contained in the task itself. For a
problem of this kind there are two routes to a correct answer. A participant can work through
the reasoning steps and arrive at the answer, or they can obtain the answer and then produce
a justification to accompany it. Both routes end at the same place, which is why accuracy
was identical. They differ in the amount of independent reasoning performed along the way,
which is why rubric independence differed so sharply. The hint bank made the second route
available to the AI-assisted group and not to the control group. This helps explain a finding
that looks contradictory at first: the AI group spent the same amount of time per task as the
control group (106.6 seconds for both) yet produced weaker reasoning. If they were taking a
shortcut, why was it not faster? The most plausible explanation is that the time was spent
differently rather than saved. Reading hint text, deciding whether to request the next level,
and rewriting the hint content into a personal justification all take time. The total was similar;
the cognitive work inside it was not. This is consistent with Buçinca et al. [4], who found that
adding AI support changes how attention is allocated during a task rather than simply reducing
the total effort spent. Comparing this against the wider literature shows both agreement and a
point of difference. Deng et al. [11] reported in their meta-analysis that AI support generally
improves performance while lowering perceived effort, and Kosmyna et al. [19] found reduced
engagement during AI-assisted writing. The present study agrees with the engagement finding
but not with the performance finding: accuracy did not improve here. The ceiling effect is the
most likely reason. When almost everyone can already reach the correct answer unaided, AI
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has no room to raise accuracy further, and its influence shows up only in the process measures.
This suggests that studies reporting accuracy gains from AI may be working with tasks that are
difficult enough for a gain to be visible, and that process measures may be the more sensitive
instrument when tasks are easy.

5.3 Why the Independence Gap Closed So Completely

in Session 2

Research Question 2 asked how Session 1 AI reliance affected delayed independent performance
in Session 2 when AI was removed.

The answer is clear: it did not. Both primary endpoints in Session 2 showed negligible and
non-significant differences between the groups. Accuracy S2 had a Cohen’s d of 0.028 and rubric
independence S2 had a d of 0.026, both with confidence intervals crossing zero and p-values well
above 0.05. The adjusted regression confirmed these null results after controlling for baseline
ability, education level and AI confidence. Four robustness checks confirmed the conclusions
held across different outlier treatments, missingness approaches, collection sites and education
levels.

This finding does not support the hypothesis that AI use reduces short-term independent per-
formance. Prior AI use in Session 1 did not produce a measurable reduction in independent
performance in Session 2 for these tasks and this context. This partially contradicts findings
from Grinschgl et al. [6] and Storm and Soares [7], who found that cognitive offloading can
reduce memory retention and independent performance. However there is an important contex-
tual difference. Those studies tested retention over longer delays, typically hours or days. This
study used a same-sitting design with a delay of approximately seven minutes. It is possible
that a longer delay would have produced different results.

This short-delay result should be read alongside recent studies that used longer delays and found
clearer costs. Bastani et al. [20] found that the harm of unrestricted AI practice only became
visible on a later unaided test, not during practice itself, which suggests that a seven-minute
gap may simply be too short for any cost to appear. Kosmyna et al. [19] similarly reported that
reduced engagement during AI-assisted writing showed up most clearly in later recall, again
pointing to a delayed rather than immediate effect. The present finding of no short-term drop
in independent performance is therefore not in conflict with these studies, rather, it locates the
current result at the very short end of the delay range and suggests that the more concerning
effects reported elsewhere may operate over hours or days rather than minutes.

The most striking pattern in the Session 2 data was the closing of the gap. In Session 1, the
control group scored 0.638 points higher on rubric independence with a very large effect size.
In Session 2, that gap closed to only 0.006. The AI-assisted group improved their mean rubric
independence from 1.206 in Session 1 to 1.860 in Session 2. This sharp improvement suggests
that when AI was taken away, the AI-assisted group was still able to produce good independent
reasoning almost immediately. This is consistent with the view that a seven-minute break is
not long enough for any meaningful forgetting or skill degradation to occur [11].

Another possible explanation is that the task design itself limited the opportunity for any
loss of short-term independent performance to appear. The tasks were structured and self-
contained, meaning all the information needed to answer correctly was provided within the
task itself. This design reduced the reliance on prior knowledge or long-term memory, which
are the kinds of cognitive processes most likely to be affected by offloading over time [3]. A
study using open-ended tasks that required genuine recall and elaboration might have found
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different results.

The ceiling effect in accuracy also played a role. With almost all participants scoring 1.0 on
accuracy, there was very little variation for the analysis to detect. Even if there had been a
small real difference between groups in Session 2, the accuracy measure would not have been
sensitive enough to pick it up. This was a design limitation that was unavoidable given the
task type but must be considered when reading the results [11].

The central question this result raises is why a gap as large as two standard deviations dis-
appeared within seven minutes. Three explanations are worth weighing. The first is that no
lasting change ever occurred, and the Session 1 gap simply reflected the tool being present
rather than anything happening inside the participant. The second is that a lasting change oc-
curred but recovered almost immediately once the participant had to work unaided. The third
is that a lasting change occurred and persists, but the Session 2 measure was not sensitive
enough to detect it. The data available here favour the first explanation but cannot rule out
the third. Favouring the first is the fact that the control group’s scores barely moved between
sessions (1.843 to 1.854), which shows the rubric was stable and was not simply becoming easier
to satisfy. Against ruling out the third is the ceiling problem: Session 2 independence scores
for both groups sat near the top of the scale at about 1.86 of a possible 2.0, leaving little room
for a group difference to appear even if one existed. A more demanding Session 2 task set
would be needed to separate these two possibilities. The seven-minute gap is the single most
important reason to be cautious about generalising this result. Bastani et al. [20] found that
harm from unrestricted AI practice appeared only on a later unaided test, and Grinschgl et
al. [6] and Storm and Soares [7] both measured offloading costs over longer intervals. The
mechanism those studies point to is consolidation: what is not practised is not retained, and
retention is measured over hours or days, not minutes. Seven minutes is too short for forgetting
to operate. This study therefore does not contradict that body of work. It measures a different
thing: immediate independent capability rather than retention. Reporting it as evidence that
AI does not harm learning would be a misreading of what the design can support. There is
also a design feature specific to this study that may have made the gap easier to close. The
hint bank required participants to write their own final answer at every assistance level. Even
a participant who used the highest hint level still practised the act of composing a justification.
This is a meaningfully different experience from copying a complete AI answer, which is what
a participant using an unrestricted tool would be able to do. It is plausible that the design
preserved just enough independent practice to prevent any carry-over cost from appearing, and
that a study without that constraint would produce a different Session 2 result.

One feature of the rubric must be stated here. The independence dimension was defined against
evidence of copying from hint content, and control group participants, who had no hints, were
scored at the top of the scale by default unless there was specific evidence of external copying.
In Session 2 no participant had access to hints, so that default applied to both groups. Part of
the Session 1 gap and part of its closure in Session 2 therefore follow from how the dimension
was defined rather than from a change in participant behaviour alone. The behavioural log
measures, which do not depend on rater judgement, are the stronger evidence for the Session
1 difference.

5.4 Why Session 1 Behaviour Could Not Predict Session

2 Independence

Research Question 3 asked whether Session 1 features alone could predict Session 2 indepen-
dence risk.
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The answer is also no. The Ridge regression model did not beat a naive baseline of predicting
the mean value for everyone. The model MAE of 0.1821 was slightly higher than the baseline
MAE of 0.1793. The predicted vs actual plot confirmed the model could not distinguish between
participants who scored high or low in Session 2. It predicted almost the same value for every
participant.

This result is consistent with the Session 2 group comparisons. When there is very little real
variation in the outcome, prediction models will also struggle to find signal in the features [51].
The ceiling effect in accuracy and the very small group difference in rubric independence in
Session 2 meant there was simply not enough variation to predict.

COI S1 had a negative coefficient of −0.0048. This means that within the AI-assisted group,
participants with higher offloading scores in Session 1 tended to have slightly lower independence
scores in Session 2. This is a predictive association only. COI was measured, not manipulated,
so this coefficient cannot be read as the amount by which offloading reduced independence. The
direction of this link matches what earlier studies would predict, but the size was too small to
be of any practical use [2, 8]. This suggests that the relationship between Session 1 offloading
and Session 2 independence may exist but is too weak to detect in a same-sitting design with
structured tasks.

These results are also consistent with the literature. Tian and Zhang [8] found that AI depen-
dence was linked to weaker critical thinking, but their study was correlational and did not use
a controlled delayed endpoint. The predictive relationship between Session 1 offloading and
Session 2 independence may be more visible in a study with a longer delay, more varied tasks
and greater outcome variability.

The prediction model did not beat a naive baseline, with a mean absolute error of 0.1821
against the baseline’s 0.1793. The important question is not whether the model failed but what
its failure is evidence of. There are two possibilities that lead to opposite conclusions, and
separating them matters. The first possibility is that Session 1 behaviour genuinely carries no
information about Session 2 independence. If this were true, it would be a substantive finding:
it would mean that how a person uses AI on one occasion tells us nothing about how they will
perform unaided afterwards. The second possibility is that the information exists but the study
conditions prevented it from being detected. The evidence points to the second. COI had a
real spread across participants (SD 0.578), its coefficient carried the sign that the offloading
literature predicts [2, 8], and the target variable was severely restricted, with both group means
near 1.86 out of 2.0 and the accuracy target at ceiling. A model has nothing to predict when the
outcome is nearly the same for everyone. The secondary model makes this argument concrete.
On accuracy S2 the model error and the baseline error were identical at 0.0511, to four decimal
places. That level of agreement is what happens when predicting the group mean genuinely is
the best available strategy, which is the expected outcome when a variable is at ceiling. Read
together, the two models say that the study was not in a position to test the predictive question
properly, rather than that the question has been answered in the negative. This has a direct
implication for how the COI index should be regarded. The failure of the model is not evidence
that COI lacks predictive value. It is evidence that this design, with a seven-minute gap and a
near-ceiling outcome, could not evaluate that value. A study with a longer delay and a task set
producing a wider spread of independence scores would give COI a fair test. Until such a study
is run, COI should be described as a reproducible descriptive measure of offloading behaviour
whose predictive usefulness remains untested.
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5.5 What the Self-Report and Behavioural Measures Dis-

agreeing Tells Us

The disagreement between the two kinds of measure is one of the more useful findings of this
study, and it is worth stating what follows from it. The Likert scales showed differences of 0.002
for effort and 0.012 for engagement, both negligible. The behavioural logs and rubric scores on
the same participants in the same session showed a difference of nearly two standard deviations.
Both cannot be describing the same underlying quantity. The most likely reading is that they
are measuring different things and both are reporting accurately. The Likert items asked
participants how hard they were trying and how involved they felt. There is no reason to think
the AI-assisted group was trying less hard; they were engaged with a task and working at it for
the same length of time. What the rubric measured was not effort but the independence of the
reasoning produced. A participant can invest genuine effort into understanding and restating a
hint and still not be reasoning independently. Under this reading the self-report is not wrong,
it is answering a different question. This carries a practical warning for research design in
this area. A study relying on self-reported engagement alone would have concluded from this
dataset that AI made no difference in Session 1. That conclusion would have been wrong,
and the error would not have been detectable from within the self-report data. This supports
the argument made by Mehrotra et al. [5] that attitude and perception measures are poor
substitutes for behavioural measures in human-AI research, and it is a concrete demonstration
of the size of the discrepancy rather than a general caution.

5.6 What These Findings Mean for AI Use in a Ugandan

Higher Education Setting

This study was conducted in Kampala with university students and working adults, and several
features of that setting shape how the results should be read. Considering them explicitly
is important because most of the studies reviewed in Chapter 2 were carried out in North
American, European or East Asian contexts [11, 20, 19], and it should not be assumed that
findings transfer directly. The first relevant feature is the pattern of AI access. Participants
reported a mean AI confidence of about 3.4 out of 5, indicating familiarity rather than expertise.
In settings where AI tools have been in routine academic use for longer, participants may have
developed more established habits of when to rely on AI and when not to. The reliance
behaviour observed here may therefore reflect a relatively early stage of adoption.

This matters for how far the Session 1 result can be carried. A group with more settled
AI habits might show a stronger reliance effect. Or it might show a weaker one, if longer
use has taught them to check more consistently. The second feature is the data collection
environment itself. Recruitment took place during a university holiday period, which required
assembling participants in computer lab batches at the MAIN site and offering incentives to
secure attendance. This has two consequences worth stating. It means the sample is drawn
from those able and willing to attend under those conditions, and it means participants were
completing the tasks in a session arranged for the study rather than in the course of their
normal academic work. Reliance behaviour during a paid research session may differ from
reliance behaviour when a student is completing an assessment that affects their grade, where
the incentive to obtain a correct answer quickly is considerably stronger.

The third feature concerns the practical relevance of the findings. In Uganda and comparable
settings, AI tools are entering higher education at a point when assessment practice still relies
heavily on written work produced outside supervised conditions. The Session 1 finding is
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directly relevant to this. It shows that a student can produce fully correct answers while
performing substantially less independent reasoning, and that marking the answer alone would
not reveal this. An institution assessing only final answers would see no difference between the
two groups in this study. This is an argument for including reasoning quality in assessment
criteria rather than an argument for restricting AI access, and it applies with particular force
where large class sizes make detailed marking difficult. The limits on how far any of this can
be carried beyond Kampala are set out in Section 5.7.1.

5.7 What This Study Can and Cannot Conclude

Bringing the strands together, it is useful to state plainly what this study establishes and
what it leaves open. Being explicit about the boundary protects the findings from being over-
read in either direction. The study establishes three things. First, providing structured AI
assistance during a problem-solving session was associated with a substantially lower level of
independent reasoning in the work produced during that session, with an effect size of nearly
two standard deviations. Because the AI condition was set by the study rather than observed,
and because the two groups were balanced on baseline warm-up score, education, age band and
AI confidence, the most likely explanation for this difference is the AI condition itself. The
claim is limited to the participants, tasks and setting of this study. It is not a claim that AI
assistance reduces independent reasoning in general. Second, that difference did not persist
into an unaided session seven minutes later, on tasks of comparable structure. Third, the
behavioural indices COI and HES can be constructed reproducibly from activity logs and pass
their internal validation checks, giving a measurement framework that other researchers can
apply. The study does not establish several things that it might be mistaken for establishing.
It does not show that AI use is harmless to learning, because it did not measure learning or
retention over any meaningful interval. It does not show that COI has no predictive value,
because the near-ceiling outcome variables prevented that question from being tested fairly. It
does not show that self-reported engagement is worthless, only that it was not sensitive to the
difference the behavioural measures detected. And because two of the three rubric dimensions
failed inter-rater agreement, the independence scores rest on a single rater’s judgement and
carry more uncertainty than the accuracy scores do [30]. The most defensible summary is
therefore narrower than either an alarming or a reassuring headline would suggest. Structured
AI assistance changed how participants worked on a task without changing whether they got it
right, and did not reduce what they could do unaided a few minutes later. Whether the same
holds after a day, a week, or a semester of habitual use is the question this design was not able
to reach, and it is the question that matters most for policy.

Study Design Delay Their finding How this study com-
pares

Bastani et al. (2024) [20] Field experiment, maths
practice

Days Practice with AI re-
duced later unaided per-
formance

No such drop here,
but delay was minutes
rather than days

Kosmyna et al. (2025)
[19]

Repeated essay sessions
with EEG

Weeks Reduced engagement
built up over sessions

One session only; cannot
observe build-up

Gerlich (2025) [2] Survey None Higher AI use linked to
lower critical thinking

Measured behaviour,
not self-report; same
direction in Session 1

Deng et al. (2024) [11] Meta-analysis Mixed Better performance with
AI present, mixed learn-
ing effects

Consistent with Session
1 accuracy result here

This study Two-session experiment,
n = 1,387

∼7 min Large drop during AI
use, no drop once AI re-
moved

-

Table 5.1: This study’s findings set against comparable published work.
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The pattern in Table 5.1 is worth stating directly. The studies that found a lasting cost to
AI use all tested after a delay measured in days or weeks. This study tested after a delay
measured in minutes and found no cost. The results do not contradict one another. They sit
at different points on the same time axis, and the difference between them is exactly the gap
that the recommendations in Chapter 6 ask future work to close.

5.7.1 Boundaries of Generalisation

The direct answer is no. These findings do not generalise to all universities, and three things
stand in the way.

The first is how the sample was chosen. Participants were recruited by convenience from two
sites in one city [31]. There was no sampling frame, no random selection from a defined popu-
lation and no weighting. A convenience sample supports a comparison between two conditions
inside the study. It does not support any statement about how common a behaviour is outside
it.

The second is who the participants actually were. The sample was not drawn from a university
at all in the strict sense. Recruitment covered universities, vocational training institutes and
workplace groups, and it took place during a holiday period when many students were away
on internships. Even if the results did generalise to the group they came from, that group is a
mixture of students and working adults rather than a student body.

The third is the setting. Participants worked through structured tasks in a session arranged for
research, with no consequence attached to the result. University work is graded, unsupervised
and open-ended, and the incentive to obtain a correct answer quickly is much stronger there.
Reliance behaviour under those conditions may look quite different.

It is still worth separating what does travel from what does not, because a blanket refusal to
generalise is as unhelpful as an overclaim.

What travels. The measurement approach travels. The COI and HES formulas, the two-
session design with a no-AI endpoint, and the analysis pipeline can be applied anywhere the
same kinds of log are available. Any institution that can record AI requests, copying and
verification can compute these indices on its own students.

What travels with care. The Session 1 finding, that a group with AI assistance produced
correct answers with substantially less independent reasoning, is a comparison made inside the
study between two groups that were balanced at the start. It is not a population estimate. The
mechanism it points to is a general one and the effect size was very large, so it is reasonable to
expect a similar direction elsewhere. The size of the effect is another matter and should not be
carried across.

What does not travel. Every number that describes the sample rather than the contrast
between conditions. The retention rate of 94.1 percent, the mean AI confidence of 3.4, the mean
COI and the share of participants who verified their answers all describe these 1,387 people.
None of them should be quoted as a figure for Ugandan universities.

Setting the boundary this way is not a weakness of the study. It is what allows the parts that
do hold up to be used with confidence.

5.8 Reliability Limitations and Their Impact

The reliability checks produced results that must be discussed honestly because they affect how
much trust can be placed in the scale-based and rubric-based findings.
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All four Likert scales failed Cronbach’s alpha with values close to zero or negative [29]. This
meant the items within each scale were essentially uncorrelated. A person who rated one
effort item highly did not consistently rate the other two effort items highly. This is a serious
reliability problem. It means the scale scores cannot be treated as reliable measures of their
intended constructs. They were therefore used as descriptive information only and not as
primary outcome measures in the statistical analysis.

The most likely explanation for the scale failures is that participants interpreted each item
independently rather than as part of a coherent scale. This can happen when items are too
similar in wording, when participants answer quickly without reading carefully, or when the
construct being measured is genuinely multidimensional and the items capture different aspects
of it [29]. In a study conducted under time pressure with incentives for participation, quick or
inattentive responding is a real possibility.

It is worth setting out exactly which results depend on which failed measure, because the
failures do not affect everything equally.
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Result Measure it
rests on

What the reliability
failure means for it

Accuracy S1 and S2 Auto-scored
answer key

Not affected. Scoring is
automatic and needs no
rater judgement.

Rubric correctness Rubric, ICC =
0.634

Passed. Can be used
with normal confidence.

Rubric indepen-
dence S1 and S2
(primary endpoint)

Rubric, ICC =
−0.106

Rests on the primary
rater alone. The sec-
ond rater agreed no bet-
ter than chance on this
dimension.

Rubric justification
quality

Rubric, ICC =
0.063

Same problem. Re-
ported as descriptive
only.

COI Behavioural
logs

Not affected by the rater
or scale failures. The
logs record actions, not
judgements.

HES Two of three
components af-
fected

Contains self-reported
engagement, from
a scale with alpha
= −0.008, and rubric
independence, which
failed ICC.

Likert scale com-
parisons (effort, en-
gagement, AI use,
independence)

Four scales, all
alpha below
zero

Descriptive only. Not
used as outcomes.

Table 5.2: Which results depend on which measure, and what the reliability failures mean for
each.

The table shows that the failures are concentrated in the measures built from judgement and
self-report, and that the two most objective measures, auto-scored accuracy and the behavioural
logs, are untouched. This is worth saying plainly, because it is the reason the study still has
usable findings.

The position of HES needs stating clearly. Two of its three components come from measures
that failed a reliability check. Self-reported engagement came from a scale with an alpha of
−0.008. Rubric independence in Session 1 came from the dimension with the worst inter-rater
agreement of the three. The third component, the inverse AI use ratio, is a log-based measure
and is not affected, but it is also fixed at 1.0 for every control participant by design. Taken
together, this means HES cannot be presented as a validated measure of engagement. It is a
descriptive summary that combines one reliable log signal with two signals that carry known
measurement problems. Every use of HES in this report should be read on that basis, and the
term ”validated” is not used for it anywhere in this report.
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For the rubric ICC results, only correctness passed the 0.60 threshold with ICC = 0.634 [30].
Justification quality and independence both failed with ICC values of 0.063 and -0.106 re-
spectively. The negative ICC for independence is particularly concerning as it indicated that
RATER-02 was scoring almost independently of RATER-A1 on that dimension. The mean dif-
ferences showed that RATER-02 consistently scored lower than RATER-A1 on the subjective
dimensions, by 0.241 points for justification quality and 0.351 points for independence. This
suggested insufficient calibration between the two raters before scoring began [30]. There is a
structural reason for the independence dimension performing worst of the three. Control group
responses, and all Session 2 responses, were scored at the top of the scale by default in the
absence of evidence of copying. This compresses the distribution towards the ceiling, and an
intraclass correlation coefficient falls towards zero when the variance between participants is
small, regardless of how consistently the raters applied the rule. The ICC of −0.106 therefore
reflects the shape of the scoring rule as well as the level of rater agreement.

The practical implication is that the rubric independence scores used in the primary analysis
and in HES must be interpreted with caution. They reflect the primary rater’s judgements
only. Whether those judgements were accurate and consistent cannot be confirmed for the two
dimensions that failed ICC. The correctness dimension is more trustworthy since it is the most
objective and it passed the ICC threshold.

There is a further consequence that runs in the opposite direction to the usual reading of a
reliability failure, and it needs stating because it affects the main result. When a measure is
unreliable, the differences it records get pushed towards zero. Rater noise adds variation that
belongs to the rater rather than to the participant, and that extra variation makes any real
group difference harder to see. This means the null result in Session 2 is weaker evidence of
no difference than it would be if the measure had passed. Some part of that null could be
measurement noise rather than a true absence of difference.

There is a limit to how far that argument can be pushed. The same rubric dimension, scored
by the same rater under the same conditions, produced a difference of d = −1.972 in Session 1.
A measure made only of noise cannot produce an effect of that size. The independence rubric
was clearly able to separate the two groups when a large difference was present. What cannot
be ruled out is that it was too noisy to detect a Session 2 difference that was small but real.
The honest statement is that Session 2 showed no difference large enough for this measure to
detect, which is not quite the same as showing no difference at all.

Despite these limitations, the rubric independence findings were consistent in direction with
what theory and the behavioural log data predicted. The control group scored higher on
independence in Session 1, which matched the expectation from the substitution versus aug-
mentation framework [1]. The null result in Session 2 was also internally consistent across
multiple robustness checks. This internal consistency gives some confidence that the pattern is
real even if the precise rubric scores carry uncertainty.

5.9 Practical Implications

The implications below follow from what was observed in one sample, on one set of structured
tasks, over one short delay. They are offered as reasonable steps to consider rather than as con-
clusions that hold everywhere. The findings have several practical implications for education,
workplace settings and AI governance.

In education settings, the Session 1 findings suggest that AI access during problem solving
changes the quality of reasoning produced, even when it does not change the accuracy of
answers [4]. This means teachers and institutions who evaluate students only on final answer
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accuracy may be missing an important signal. A student using AI heavily can achieve high
accuracy without developing the reasoning skills that the task was designed to build.

The study supports the case for designing AI-assisted tasks in ways that require students to
produce their own justifications and verify AI output before submitting [4]. COI and HES
provide a practical way to measure whether students are doing this or simply copying AI
output. Even if these indices need further validation in educational settings, they represent a
more informative picture of AI use than accuracy alone.

In workplace settings, the finding that Session 1 AI use did not harm Session 2 performance
over a seven-minute delay is reassuring but should not be over-interpreted. The study did not
measure what would happen after one day, one week or one month. The concern expressed in
the literature about AI reducing independent capability over time [2, 7] cannot be ruled out
based on a same-sitting test alone.

For AI governance, the COI and HES scoring rules produced by this study offer a compact
and reusable measurement package [9, 10]. Instead of relying on self-report surveys or general
attitudes toward AI, organisations can measure actual reliance behaviour from activity logs
and use that data to monitor AI use patterns in their teams or classrooms.

5.10 Limitations

Several limitations affected this study and must be considered when interpreting the find-
ings.

Session delay: The most important limitation is the seven-minute gap between the two
sessions. A longer gap of a day or more would have tested overnight retention and would have
given any weakening of skill more time to show up [6, 7]. The same-sitting design can only speak
to very short-term independence. It cannot support any claim about longer-term effects.

Ceiling effect: Task accuracy was very high for almost all participants in both sessions, with
most scoring 1.0. This left very little variation in the primary accuracy endpoint and reduced
the sensitivity of both the group comparisons and the prediction model [11]. Future studies
should use tasks that produce more spread in accuracy to give the analysis more to work
with.

Scale reliability failures: All four Likert scales failed Cronbach’s alpha [29]. This means
self-reported effort, engagement, AI use and independence scores could not be used as reliable
primary measures. The study relied more heavily on behavioural log features and rubric scores
as a result.

Rubric ICC failures: Two of three rubric dimensions failed inter-rater agreement [30]. Justi-
fication quality and independence scores reflect only the primary rater’s judgements and carry
uncertainty. More thorough rater calibration before scoring would have improved reliabil-
ity.

Task type: The tasks were structured and self-contained, meaning all needed information was
provided within the task. This reduced the reliance on recall and elaboration, which are the
cognitive processes most likely to be affected by offloading over time [3]. Results may differ
with more open-ended or knowledge-intensive tasks.

Sample: The sample was drawn from Kampala, Uganda and may not represent other popula-
tions, cultures or educational settings [31]. Participation incentives were provided due to time
constraints, which may have introduced variability in participant motivation.

Prediction model scope: The predictive model only covered the AI-assisted group because
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COI required AI use data. The control group could not be included, limiting the model to 634
participants.

Data collection timeline: Data collection was stopped at 1,474 enrolled participants due to
time constraints even though participants were still attempting to fill in forms at the time of
closure. This may have introduced a small selection bias in favour of faster or more motivated
participants.
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Chapter 6

Conclusion and Recommendations

6.1 Introduction

This chapter brings together the findings from the analysis and discussion to answer the three
research questions and the central question of the study. It also provides practical recommen-
dations for educators, organisations and future researchers based on what was found. The three
research questions are answered in the order given in Table 3.1, so that each specific objective,
the question drawn from it, the analysis that addressed it and the answer reached can be read
as one line of argument running from Chapter 1 to here.

6.2 Answers to the Research Questions

6.2.1 Research Question 1

How was a good dataset constructed, useful features engineered from raw behavioural logs, and
COI and HES computed in a way that clearly showed AI reliance and verification behaviour,
and how reliably did the two indices measure what they claim to measure?

A two-session labelled dataset was successfully constructed from nine raw data files collected
across the two sites in Kampala, Uganda. After filtering to completers only, the final dataset
had 1,387 participants across two integrated tables. Table A held one row per participant and
Table B held one row per task episode, giving 13,870 episode-level records.

Four behavioural features were engineered from Session 1 activity logs for the AI-assisted group:
AI use ratio, time in tool, copy rate and verification rate. These were combined into the
Cognitive Offloading Index using deterministic z-score formulas. Three engagement signals were
combined into the Human Engagement Score in the same way. Both indices were checked for
internal stability through ablation and weight sensitivity analysis, and for construct separation
against each other. COI was stable across all ablation and weighting combinations. COI and
HES had a weak correlation of r = −0.361, confirming they measured different constructs.

The manipulation check confirmed that the AI condition produced measurable behavioural
differences. The AI-assisted group showed much weaker independent reasoning in Session 1 (d =
-1.972) and a much lower HES (d = -2.474) compared to the control group, even though accuracy
was almost identical (d = 0.026). This confirmed that COI and HES captured meaningful
variation in how participants used AI during Session 1 [1, 4].

On the reliability of the two indices: the COI and HES indices were internally valid and stable.
However the Likert scales failed Cronbach’s alpha and two rubric dimensions failed ICC. These
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failures mean the scale-based and subjective rubric scores must be treated with caution [29, 30].
The behavioural log features feeding into COI and the correctness rubric dimension, which
passed ICC, can be used with more confidence.

6.2.2 Research Question 2

How did Session 1 AI reliance affect delayed independent performance in Session 2 when AI
was removed?

The answer is that Session 1 AI reliance did not produce a measurable effect on Session 2
independent performance for these tasks and this context. Both primary endpoints in Session
2 showed negligible and non-significant differences. Accuracy S2 had a Cohen’s d of 0.028 (p
= 0.693) and rubric independence S2 had a d of 0.026 (p = 0.611). Both confidence intervals
crossed zero. The adjusted regression confirmed these null results after controlling for baseline
ability, education and AI confidence. All four robustness checks confirmed the conclusions held
[12, 28].

The large independence gap from Session 1 (d = -1.972) closed to essentially zero in Session
2 (d = 0.026). The AI-assisted group improved their mean rubric independence from 1.206
in Session 1 to 1.860 in Session 2, nearly matching the control group mean of 1.854. This
confirmed that AI use during Session 1 changed how participants thought during the task but
did not reduce what they could do independently seven minutes later. No drop in short-term
independent performance was found [6, 11].

6.2.3 Research Question 3

Can Session 1 behavioural features alone estimate the Session 2 independent performance of
an individual participant, and do the conditions of this study allow that question to be tested
fairly?

Research Question 3 asks something the first two cannot reach. The group comparisons es-
tablish whether AI access shifts an average; this question asks whether the same measures
say anything about a named individual, which is what any screening use would require. The
answer is no. The Ridge regression model did not beat a naive baseline of predicting the mean
value for everyone. The model MAE was 0.1821 compared to a baseline MAE of 0.1793. The
model predicted almost the same value for every participant and could not capture individual
variation in Session 2 independence [46, 51].

The COI coefficient was negative at -0.0048, meaning higher offloading in Session 1 was as-
sociated with slightly lower Session 2 independence in the expected direction [2, 8]. However
the magnitude was too small to be practically useful. The ceiling effect in accuracy and the
small group difference in rubric independence in Session 2 left very little variation to predict
[11].

Session 1 features could not serve as a reliable early warning tool for overreliance risk under the
conditions of this study. This result does not mean COI has no predictive value in principle.
It means that a same-sitting design with structured tasks and a ceiling effect does not provide
the conditions needed to test predictive value adequately. Future studies with longer delays
and more varied outcomes would be needed to evaluate this properly [8].
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6.3 Answer to the Central Question

The central question of this study was: how does growing reliance on AI for thinking tasks affect
human problem solving, and does this reliance risk weakening essential cognitive skills?

Based on the evidence from this study, the answer has two parts.

Part 1 - AI use changed how people thought during the task. The AI-assisted group
produced substantially weaker independent reasoning and justification during Session 1 com-
pared to the control group, even though both groups achieved the same accuracy. This confirms
that AI use shifted the reasoning process toward the tool and away from the person, which is
the substitution pattern described in the literature [1, 4]. Accuracy alone missed this difference
entirely.

Part 2 - No loss of short-term independent performance was detected. When AI
was removed seven minutes later, both groups performed at the same level. The reasoning
quality gap disappeared and the primary endpoints showed negligible differences. Based on
this study, AI reliance during Session 1 did not weaken independent problem solving seven
minutes later.

However this conclusion comes with a critical condition. The study only tested independence
after a seven-minute break in the same sitting. It cannot say anything about what would
happen after one day, one week or one month of regular AI use. The risk described in the
literature, that habitual AI reliance may gradually reduce independent cognitive capability
over time [2, 6, 7], remains plausible and cannot be ruled out by this study. This study simply
shows that for these tasks, this context and this delay, no immediate independence cost was
measurable.

6.4 Recommendations

6.4.1 For Educators and Institutions

• Do not rely on accuracy alone to evaluate AI-assisted performance. The findings
showed that accuracy was identical across groups even when reasoning quality differed
substantially. Rubric-based independence scoring or similar qualitative measures should
be used alongside accuracy to get a fuller picture of what students are actually learning
[4].

• Require justification and verification during AI-assisted tasks. Students who
must explain their reasoning in their own words and check AI output before submitting
are less likely to simply copy and accept. This is consistent with the forcing function
approach shown to reduce overreliance in AI-assisted decision making [4].

• Use behavioural logs where possible. If a learning platform records activity data
such as AI use frequency, time in tool and copy behaviour, these can be used to compute
reliance indices similar to COI. These give a more honest picture of how students interact
with AI than self-report surveys alone [5].

• Consider periodic no-AI testing. Even if AI use does not harm very short-term
independence, longer-term effects are unknown. Regular independent tests without AI
can help track whether independent capability is being maintained over time [9].
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6.4.2 For Organisations and Workplaces

• Monitor AI reliance behaviour through logs, not just output quality. Em-
ployees who produce correct outputs with heavy AI assistance may not be developing or
maintaining the skills needed when AI is unavailable. COI and HES provide a practical
framework for monitoring this [9, 10].

• Design workflows that require human verification steps. Requiring employees
to check and explain AI-generated outputs before submitting them reduces the risk of
passive acceptance and keeps human reasoning active in the process [4, 5].

• Do not use same-day tests to evaluate AI impact on skills. This study showed
that a seven-minute break was not enough to detect any skill change. Organisations that
want to understand the longer-term association between AI use and employee capability
should use delayed independent tests over days or weeks, not minutes [6].

6.4.3 For Future Research

• Use a longer delay between sessions. The most important methodological change
for a follow-up study is to test independence after 24 hours, 72 hours or one week. The
present design could only measure whether independent performance held up after a few
minutes. A longer delay would give any loss of skill time to appear, and would test the
question this study could not reach, which is whether regular AI use weakens independent
capability over days or weeks [6, 7].

• Use tasks that produce more variation in accuracy. The ceiling effect in this study
severely limited what the analysis could detect. Future studies should use tasks calibrated
to produce accuracy scores spread across the full range from 0 to 1 so that differences
between groups are more detectable [11].

• Invest in rater calibration before scoring. The ICC failures in this study showed
that two raters applied very different standards on the subjective rubric dimensions. A
calibration session with practice scoring and discussion before the main scoring begins
would improve inter-rater agreement substantially [30].

• Validate COI and HES on different task types and populations. The indices
built in this study were checked for internal stability on structured problem solving tasks
with a Kampala-based sample. Their performance on open-ended tasks, creative work
or professional decision making in other populations is unknown and needs to be tested
[1, 8].

• Test the predictive model with greater outcome variability. The Ridge regression
model failed to beat the baseline partly because there was very little variation in Session
2 outcomes to predict. A study with a longer delay and more varied tasks would give
the model a genuine opportunity to show whether COI and HES have predictive value
[46, 51]. A follow-up study should also benchmark Ridge regression against at least one
flexible model, such as a gradient boosting regressor, so that the choice of model family
is tested empirically rather than argued from the shape of the outcome distribution.

• Include a larger and more diverse sample. The convenience sample from two sites
in Kampala limits generalisation. A larger study drawing from multiple countries, age
groups and educational backgrounds would produce findings with wider applicability [31].
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6.5 Contribution of the Study

Despite its limitations, this study made several clear contributions.

A reproducible measurement framework. The COI and HES scoring rules, and formulas
produced by this study are fully documented and reusable. Another researcher can take the
same raw logs and reproduce the exact same scores from scratch. This addresses the validity
gap identified in Chapter 2 where most existing studies lacked auditable measurement tools
[1, 9].

A two-session labelled dataset. The cleaned dataset with 1,387 completers, 13,870 task
episodes and linked Session 1 and Session 2 outcomes is a structured resource for future analysis.
It is one of the few datasets in this area that links behavioural AI use logs directly to delayed
independent performance outcomes [6, 7].

An honest null result. The finding of no loss of short-term independent performance is a
genuine and useful scientific result. It is not a failure. It shows that for structured tasks with
a seven-minute delay, AI use does not immediately harm independent performance. This is a
baseline that future studies with longer delays can build on and compare against [11].

A practical interactive dashboard. The Streamlit dashboard produced as part of this
study provides a working prototype of how the COI and HES framework can be deployed for
stakeholder use. Users can upload the preprocessed dataset and immediately explore study-level
metrics, participant breakdowns, COI and HES distributions and the main session comparison
findings through interactive Plotly charts. The dashboard demonstrates that the measurement
framework is not limited to academic analysis but can be packaged into a tool that educators,
researchers and organisations can use without writing any code.

6.6 Final Reflection

This study set out to turn a common worry about AI into measurable data. The worry was
that people who rely heavily on AI to do their thinking for them will end up less able to
think independently. That worry is reasonable and the literature gives good reasons to take it
seriously [2, 6, 8].

What this study found is that the worry is not confirmed in the short term for these tasks.
But it is also not dismissed. The AI-assisted group clearly produced weaker reasoning during
Session 1. They just recovered quickly when AI was taken away. Whether that recovery holds
after days or weeks of habitual AI use is the question this study could not answer and that
future research must address.

The data science framework built here, the COI and HES indices, the analysis pipeline and
the risk screen dashboard, provides the tools to investigate that question in a rigorous and
reproducible way. That is perhaps the most lasting contribution of this work.
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Appendix A

Research Project timelines

The study was carried out from June 2026 to August 2026 following approval by the Research
Ethics Committee on 25 June 2026. That date marked the official start of the research. The
study followed a structured sequence of phases from data collection through to final report
submission.

In the first phase, which took place in late June 2026 immediately after ethics approval was
received, the study tools were finalised. This included the task sets, questionnaires, rubrics, the
hint bank protocol and the online study platform. A small pilot was conducted with a limited
number of participants to test the system and identify any issues before full data collection
began.

In the second phase, which ran through July 2026, data collection was conducted across both
sites. At the MAIN site, participants were brought into a computer lab in organised batches.
At the ONLINE site, participants received a link and completed both sessions at their own
convenience. Session 1 and Session 2 were completed in the same sitting with a short break of
approximately seven minutes between sessions. Data collection was stopped at 1,474 enrolled
participants in July 2026 due to time constraints, even though participants were still attempting
to fill in the forms at the time of closure.

In the third phase, which also took place in July 2026, the raw data was cleaned, integrated
and processed. The nine raw data files were merged into two integrated tables. Missing values
were treated, outliers were detected and capped, and the COI and HES indices were computed
following the proposal formulas.

In the fourth phase, the full analysis pipeline was run. This included exploratory data analysis,
group comparisons for both sessions, effect size estimation with confidence intervals, reliability
checks, predictive modelling and four robustness checks. The interactive dashboard was also
built and tested during this phase.

In the final phase, the results were written up and organised into this report. This included
interpretation of findings, discussion of limitations and preparation of all appendices. The final
report is anticipated to be completed in August 2026.
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Summary Timeline Table

Phase and Period Work done Outputs

Ethics approval and
tool finalisation (25
June 2026)

Ethics approval received.
Study tools finalised. Pilot
conducted.

Approved instruments, pi-
lot fixes, platform ready for
data collection

Data collection (July
2026)

Session 1 and Session 2 con-
ducted across MAIN and
ONLINE sites. 1,474 par-
ticipants enrolled. 1,387
completers retained.

Raw data files across nine
exports. Session delay con-
firmed at approximately 7
minutes.

Data cleaning and fea-
ture engineering (July
2026)

Missing value treatment,
outlier capping, encoding,
z-score standardisation,
COI and HES computation.

table a preprocessed.csv,
table b preprocessed.csv,
COI S1 and HES S1
columns

Analysis and mod-
elling (July to August
2026)

EDA, group comparisons,
effect sizes, reliability
checks, Ridge regression,
robustness checks, dash-
board development.

Evidence table, forest plot,
reliability report, model re-
sults, robustness summary,
interactive dashboard

Report writing and
finalisation (August
2026)

Interpretation of findings,
discussion of limitations,
recommendations and all
appendices prepared.

Final research report sub-
mitted in August 2026

Ethics approval reference: Research Ethics Committee approval was granted on 25 June
2026. All data collection, storage and processing followed the conditions of that approval and
the ethical guidelines for research involving human participants [9, 10].
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Appendix B

Declaration of AI use

Declaration of AI Tool Use and Originality

I, Richard Wambede, Reg No. J25M19/005, declare that this research report is my own original
work. Where AI tools were used to assist in the preparation of this document, the nature of
that use is disclosed below in full, in accordance with the academic integrity policy of my
institution.

1. I used ChatGPT to help organise the report sections and improve the flow of the writing.
The prompt used was: “Generate LaTeX format for my abstract and structure my sections
clearly.” I modified the output by rewriting parts in simpler English, correcting some
wording and making sure it matched my study content and findings.

2. I used DeepSeek to paraphrase selected sections to reduce repetition and improve read-
ability. The prompt used was: “Rewrite this text in very simple English with small
mistakes to sound human.” I modified the output by adjusting the grammar, removing
unnecessary words and making sure the original meaning and technical accuracy were
preserved.

3. I used Claude to check the clarity of explanations in sections such as the significance
of the study, limitations and key definitions. The prompt used was: “Is this explanation
clear for a research report, and how can I simplify it?” I modified the output by selecting
only useful suggestions and rewriting the text in my own words.

4. I used ChatGPT to suggest realistic example figures such as percentages and simple
statistics used to illustrate points in the discussion. The prompt used was: “Add simple
realistic numbers to make this section stronger but not fake results.” I modified the output
by keeping only values that were reasonable and consistent with my actual study design
and findings.

5. I used DeepSeek to assist with formatting the LaTeX document correctly. The prompt
used was: “Convert this text into LaTeX with sections and itemize.” I modified the
output by correcting formatting issues and adjusting the structure to fit my document
style and content.

6. I used Claude to assist with developing and refining the research poster. The prompts
used included: “Help me structure this research content into a clear academic poster
layout” and “Suggest improvements to the layout, spacing and presentation of the poster.”
I modified the output by selecting suitable suggestions, adjusting the LaTeX code and
redesigning sections of the poster to match my research content and required presentation
format.
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I, Richard Wambede, Reg No. J25M19/005, further declare that I have no known competing
financial interests or personal relationships that could have influenced the work reported in this
research.

Signature:

Date:
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Appendix C

List of 20 Major Journal Publications
reviewed

C.0.1 Review Papers and Meta-Analyses

• Deng, Jiang, Yu, Lu and Liu (2024), published in Computers & Education (Elsevier, Q1
in education technology), report a systematic review and meta-analysis of experimental
ChatGPT studies. They find consistent performance gains during AI use but mixed and
weaker effects on learning itself.

• Mehrotra, Degachi, Vereschak, Jonker and Tielman (2024), in the ACM Journal on Re-
sponsible Computing, present a systematic review of how appropriate trust in human-AI
interaction is built and measured, and identify overreliance as the dominant failure mode.

• Risko and Gilbert (2016), in Trends in Cognitive Sciences (Cell Press, a leading review
journal in cognitive science), define cognitive offloading and review the conditions under
which people choose to shift cognitive work onto external tools.

• Skulmowski (2023), in Educational Psychology Review (Springer), sets out a theoreti-
cal account of digital externalization, explaining how offloading reshapes the cognitive
architecture of learning rather than simply reducing effort.

• Storm and Soares (2024), a chapter in The Oxford Handbook of Human Memory (Oxford
University Press), reviews what is known about memory in digital environments and the
conditions under which external storage weakens internal retention.

C.0.2 Journal Articles

• Grinschgl, Papenmeier and Meyerhoff (2021), in the Quarterly Journal of Experimental
Psychology, show experimentally that cognitive offloading boosts immediate task perfor-
mance while diminishing later memory for the offloaded content.

• Sparrow, Liu and Wegner (2011), in Science (AAAS), report the Google effect: when
people expect information to remain available, they remember where to find it rather
than the information itself.

• Sweller (1988), in Cognitive Science, introduces cognitive load theory and shows that
the way a problem is worked through, not only whether it is solved, determines what is
learned.

• Doshi and Hauser (2024), in Science Advances (AAAS), find that generative AI raises
individual creative output while reducing the collective diversity of the ideas produced.
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• Spitale, Biller-Andorno and Germani (2023), in Science Advances, show that people strug-
gle to distinguish AI-generated text from human text and that synthetic content can be
persuasive even when inaccurate.

• Gerlich (2025), in Societies (MDPI), links self-reported AI tool use to lower critical think-
ing scores, with cognitive offloading as the proposed mechanism.

• Tian and Zhang (2025), in Acta Psychologica (Elsevier), model AI dependence as acting
on critical thinking through cognitive fatigue, with AI literacy as a buffering factor.

• Jarrahi, Newlands and Lutz (2022), in Big Data & Society (SAGE), argue for a mutual
augmentation perspective in which AI extends human cognition rather than replacing it,
and provide the substitution versus augmentation distinction used in this study.

C.0.3 Conference Papers

• Buçinca, Malaya and Gajos (2021), published in Proceedings of the ACM on Human-
Computer Interaction (ACM CSCW, CORE A*), show that cognitive forcing functions,
which require users to engage before seeing an AI answer, measurably reduce overreliance.

• Degachi, Jonker, Tielman and Vereschak (2024), at the ACM CHI Conference on Hu-
man Factors in Computing Systems (CORE A*), examine how appropriate trust can be
designed into human-centred AI systems.

• Lee, Sarkar, Tankelevitch, Drosos, Rintel, Banks and Wilson (2025), at ACM CHI 2025,
survey knowledge workers and report self-reported reductions in cognitive effort alongside
confidence effects when generative AI is used for professional tasks.

C.0.4 Other Relevant Publications

• Bastani, Bastani, Sungu, Ge, Kabakcı and Mariman (2024), a Wharton School working
paper, report a field experiment in which unrestricted AI practice improved performance
during practice but reduced later unaided performance.

• Kosmyna, Hauptmann, Yuan, Situ, Liao, Beresnitzky, Braunstein and Maes (2025), an
arXiv preprint from the MIT Media Lab, use brain-activity measurement across repeated
essay sessions and describe an accumulation of cognitive debt under sustained AI assis-
tance.

• UNESCO (2023) issues global guidance on the use of generative AI in education and
research, including the governance conditions institutions should meet before adopting
such tools.

• The National Institute of Standards and Technology (2023) publishes the AI Risk Man-
agement Framework (AI RMF 1.0), which provides the risk vocabulary used in this study
when discussing overreliance as a measurable harm.
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Appendix D

Research Alignment with the MSc
Programme, National Development
Agenda and Global Frameworks

D.1 Alignment with the MSc Programme in Data Sci-

ence

This research aligns closely with the MSc programme in Data Science and Analytics. The
study applies data collection, feature engineering, statistical modelling and model evaluation
to a question about human behaviour during AI-assisted problem solving. It uses composite
index construction, predictive modelling, grouped cross-validation, effect size estimation with
confidence intervals, reliability testing and a reproducible analysis pipeline. These match the
core competencies the programme develops: working with real and imperfect datasets, build-
ing and honestly evaluating models, and interpreting results in a form that supports decision
making.

The study also exercises the judgement side of the discipline. The predictive model did not beat
a naive baseline, the four Likert scales failed their reliability checks, and two of the three rubric
dimensions failed inter-rater agreement. Reporting these outcomes openly, and explaining what
they do and do not permit the study to claim, is as much a part of data science practice as
producing a working model.

D.2 Alignment with the Fourth National Development

Plan (NDPIV)

Uganda’s Fourth National Development Plan, covering FY2025/26 to FY2029/30, pursues the
goal of higher household incomes, full monetisation of the economy and employment for sus-
tainable socio-economic transformation, under the theme of sustainable industrialisation for
inclusive growth, employment and wealth creation [61]. ICT is one of the seven high-impact
growth areas the plan identifies, and human capital development is one of its programme ar-
eas.

This study speaks to both. As AI tools enter Ugandan classrooms and workplaces, the plan’s
human capital objectives depend on those tools building capability rather than replacing it. The
study provides behavioural evidence on how people actually use AI during problem solving, and

93



a measurement approach that institutions can apply to check whether adoption is strengthening
independent reasoning or substituting for it.

D.3 Alignment with Uganda Vision 2040

Uganda Vision 2040 sets out to transform Ugandan society from a peasant to a modern and
prosperous country within thirty years, moving the country from a predominantly peasant
low-income economy to a competitive upper middle-income one [62]. Reaching that position
depends on a workforce able to work with advanced technology without becoming dependent
on it.

This study supports that objective by producing a measurable framework for observing how
people interact with AI during cognitive work. The Cognitive Offloading Index and the Human
Engagement Score are built from behavioural logs rather than self-report, so any institution
that can record AI requests, copying and verification can compute them on its own users.

D.4 Alignment with the Digital Uganda Vision

The Digital Uganda Vision sets the goal of a digitally empowered society and knowledge econ-
omy [63]. This study contributes to the digital literacy side of that agenda. It supports balanced
technology use, in which people draw on AI while continuing to practise their own reasoning,
and it offers a way to tell the difference between the two in practice. This is directly relevant to
the universities, vocational training institutions and workplaces in Uganda that are adopting
AI tools faster than they are developing ways to monitor their effect.

D.5 Alignment with the Sustainable Development Goals

This research supports three Sustainable Development Goals [64].

It aligns with SDG 4 (Quality Education) by generating evidence on how AI assistance
affects the quality of student reasoning and short-term independent problem solving. The
finding that AI use changed how participants worked during the tasks, while their accuracy
stayed the same, has direct implications for how AI is built into assessment and for what
marking an answer alone can and cannot reveal.

It contributes to SDG 8 (Decent Work and Economic Growth) by helping organisations
understand how to adopt AI in ways that keep independent cognitive capability intact, which
matters for building a workforce that can adapt as the tools change.

It supports SDG 9 (Industry, Innovation and Infrastructure) by providing a reproducible
data science pipeline, together with two documented indices, that other researchers and organ-
isations can apply to study AI reliance in their own settings.

D.6 Alignment with Responsible AI and Ethics

This study aligns with international efforts to promote responsible and ethical AI use [9, 10]. It
produces measurable evidence on overreliance risk and provides a way of detecting substitution
behaviour from activity logs rather than from assumptions about what users are doing. This
supports guidance calling for human-centred systems in which human reasoning and verification
remain active parts of the process. The design of the hint bank, which required participants to
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write their own final answer at every assistance level, follows the same principle as the cognitive
forcing functions shown to reduce overreliance in controlled settings [4].

D.7 Alignment with Global Digital Transformation Trends

AI is being adopted rapidly in education, business and decision making worldwide, and the
evidence on what this does to human thinking remains mixed [11, 2]. This study contributes a
simple, measurable and reproducible framework for studying that question. The COI and HES
indices, the cleaned dataset and the analysis pipeline are offered as reusable contributions that
can be adapted and tested in other sectors, populations and task types beyond the setting of
this study.
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Appendix E

Data Dictionary

This appendix defines every variable in the raw data files used in this study. Each variable
is listed with its source file, column name, data type, allowable values and a plain-language
description. This dictionary allows another researcher to understand and reproduce every
variable in the dataset without needing to contact the original researcher [9].

Variables marked as AI group only were structurally missing for the control group by design.
Variables marked as S1 only were only collected during Session 1. Variables marked as empty
were retained in the repository for transparency but contained no data because the relevant
data collection layer was not activated.

E.1 Participants File

Table E.1: Data Dictionary for the Study Dataset

Column Type Allowed Values Description

participant_code String – Anonymous participant identifier
used to merge records across all
datasets.

site_code String MAIN, ONLINE Data collection site. MAIN
indicates computer laboratory
sessions, while ONLINE indicates
self-completed participation.

batch_code String – Batch identifier in the format
YYYYMMDD SITE BATCH##.

group_assignment Enum CONTROL,
AI ASSISTED

Experimental group allocation.

assignment_method Enum SUGGES
TED ACCEPTED,
MAN-
UAL OVERRIDE

Method used to assign the
participant to a study group.

auto_assigned Boolean True, False Indicates whether the participant
was assigned automatically by the
server.

consent_given Boolean True, False Participant consent status recorded
during registration.

age_band Enum 18–24, 25–34, 35–44,
45+

Participant age category.
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Column Type Allowed Values Description

education_level Enum Secondary, Diploma,
Degree, Postgraduate

Highest educational qualification.

english_comfort Integer 1–5 Self-rated English proficiency using
a five-point Likert scale.

ai_use_frequency Enum Never, Monthly,
Weekly, Daily

Frequency of AI tool usage.

ai_confidence Integer 1–5 Self-rated confidence in using AI
tools.

warmup_auto_score Integer 0–4 Automatically generated warm-up
assessment score.

warmup_final_score Integer 0–4 Final validated warm-up score used
as the baseline ability measure.

warmup_score_overridden Boolean True, False Indicates whether the automatic
warm-up score was manually
adjusted.

device_category Enum Desktop, Mobile,
Tablet

Device type used by the
participant.

os_family String – Operating system family.

browser_family String – Browser family. The complete
user-agent string is not exported.

status Enum Checked In, Form0,
Session1, Break,
Session2, Scales S2,
Completed,
Withdrawn

Participant status at export. Only
records with Completed status
were included in the final analysis.

E.2 Task Responses File

Column Type Allowed values Description

participant code string — Merge key.

session number int 1 | 2 Session this response belongs to.

task code string A1..C2 | A3..B4 Task identifier. A1 to C2 are Ses-
sion 1 tasks. A3 to B4 are Session
2 parallel forms.

objective answer string — Submitted objective answer.

objective auto correct boolean true | false Auto-scored against the fixed an-
swer key. Used to compute Accu-
racy S1 and Accuracy S2.

text justification string — Free-text justification submitted
by the participant. Minimum 30
characters required.

task familiarity boolean true | false Self-reported flag indicating
whether the participant had seen
a similar problem before.

self check boolean true | false Self-check attestation submitted
with the response.

confidence rating int 1..5 Confidence in the submitted an-
swer on a 1 to 5 Likert scale.
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Column Type Allowed values Description

control compliance boolean true | false | null Control group attestation that
no AI was used. Null for AI
group.

assistance level int 0..3 | null Highest hint level revealed during
the task. 0 means no hints used.
Null for control group and Ses-
sion 2. AI group Session 1 only.

requests count int — Number of hint unlock requests
made. AI group Session 1 only.

copy used boolean true | false | null Whether the participant copied
hint wording into their answer.
AI group Session 1 only.

verified boolean true | false | null Whether the participant re-
ported verifying the AI output.
AI group Session 1 only.

verification method enum RECOMPUTE
| ESTIMATE |
ALT METHOD |
CONSISTENCY
| OTHER | null

Method used to verify the an-
swer. AI group Session 1 only.

verification method otherstring — Free text when verification
method was OTHER.

verification evidence string — One-sentence verification evi-
dence. Required when verified =
true.

duration objective ms int — Milliseconds from task start to
first committed objective answer.

duration justification msint — Milliseconds from first answer to
final submission.

duration total ms int — Total milliseconds from task
start to submission. Divided by
1000 to give duration sec used in
analysis.

answer change count int — Number of times the objective
answer was revised before sub-
mission.

participant notes string — Optional free-text notes from the
participant.

needs double score boolean true | false Flagged for a second independent
rater score.

submitted at timestamp — Submission timestamp.

E.3 Telemetry Events File

Column Type Allowed values Description

participant code string — Merge key.

session number int 1 | 2 Session in which the event oc-
curred.

task code string — Task context at time of event.
Nullable.
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Column Type Allowed values Description

event type enum PASTE |
PASTE BLOCKED
| TAB BLUR |
TAB FOCUS
| AN-
SWER REVISION
|
HINT UNLOCK
| HINT COPY |
INFRACTION |
BREAK START
| BREAK END
| SES-
SION START
| SESSION END

Behavioural event type captured
by the platform.

event metadata json — Event-specific metadata stored
as JSON.

client timestamp ms bigint — Client-side event timestamp in
milliseconds.

created at timestamp — Server receipt time.

E.4 Hint Events File

Column Type Allowed values Description

participant code string — Merge key. AI group Session 1
only.

task code string — Task for which the hint was re-
quested.

level int 1..3 Hint level revealed. Level 1 is
directional. Level 2 is scaffold.
Level 3 is near-complete worked
solution.

request number int — Sequential request index for the
task.

viewed duration ms int — Time in milliseconds the hint was
visible to the participant.

copied boolean true | false Whether the participant copied
the hint text.

E.5 Scale Responses File

Column Type Allowed values Description

participant code string — Merge key.

session number int 1 | 2 Session in which the scale was ad-
ministered.
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Column Type Allowed values Description

item code string S1-E1..E3 |
S1-H1..H3 |
S1-AI1..AI4 |
S2-H1..H3 |
S2-I1..I3

Likert item code. S1-E = effort
Session 1. S1-H = engagement
Session 1. S1-AI = AI use Ses-
sion 1 (AI group only). S2-H =
engagement Session 2. S2-I = in-
dependence Session 2.

rating int 1..5 Likert rating given by the partic-
ipant.

E.6 Rater Scores File

Column Type Allowed values Description

participant code string — Merge key.

session number int 1 | 2 Session of the scored response.

task code string — Task of the scored response.

rater display code string — Anonymous rater code. Two
raters were used: RATER-A1
(primary) and RATER-02 (dou-
ble scorer).

correctness int 0..2 Rubric dimension: correctness of
the answer. 0 = incorrect. 1 =
partially correct. 2 = fully cor-
rect.

justification quality int 0..2 Rubric dimension: quality of the
written justification. 0 = absent
or unclear. 1 = partial. 2 = clear
and complete.

independence int 0..2 Rubric dimension: independence
of reasoning. 0 = fully copied or
AI-dependent. 1 = partial own
reasoning. 2 = fully independent
reasoning.

is double score boolean true | false True if this is a second indepen-
dent score for reliability check-
ing. False if this is the primary
rater score.

E.7 Session Meta File

Column Type Allowed values Description

participant code string — Merge key.

session number int 1 | 2 Session number.

started at timestamp — Session start timestamp. Used to
compute the delay between Ses-
sion 1 and Session 2.

ended at timestamp — Session end timestamp.

transfer prompt used boolean true | false | null Whether the transfer prompt was
answered. Session 2 only.
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Column Type Allowed values Description

transfer prompt text string — Free-text response to the transfer
prompt. Session 2 only.

E.8 Deviation Logs File

This file was empty. The study was conducted entirely online and no physical proctors were present
to record deviations. The file is retained in the repository for reproducibility and transparency.

Column Type Allowed values Description

participant code string — Merge key. Nullable for batch-
level deviations.

batch code string — Batch in which the deviation oc-
curred.

proctor display code string — Anonymous proctor code.

description string — Plain-text description of the de-
viation.

created at timestamp — Timestamp when the deviation
was logged.

E.9 Layer 2 Logs File

This file was empty. Layer 2 was planned as an optional calibration step using live ChatGPT sessions.
It was not activated during data collection. All data was collected using Layer 1, the offline Hint
Bank. The file is retained for completeness.

Column Type Allowed values Description

participant code string — Merge key.

prompt log id string — External AI tool log identifier.

model name shown string — Model name presented to the
participant.

prompt count int — Number of prompts submitted to
the AI tool.

time in tool minutes numeric — Minutes spent in the AI tool.

copy similarity note string — Observed copy similarity note
from the proctor.

E.10 Derived Variables in Table A

The following variables were engineered from the raw files and added to Table A during the analysis
pipeline. They do not appear in the raw files.

Column Type Allowed values Description

accuracy s1 float 0..1 Mean proportion of objective
tasks answered correctly in Ses-
sion 1.

accuracy s2 float 0..1 Mean proportion of objective
tasks answered correctly in Ses-
sion 2. Primary endpoint.
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Column Type Allowed values Description

delta accuracy float -1..1 Change in accuracy from Session
1 to Session 2. Computed as
accuracy s2 minus accuracy s1.
Descriptive only.

time s1 float seconds Mean task duration in sec-
onds across Session 1 episodes.
Capped at 244.7 seconds after
outlier treatment.

time s2 float seconds Mean task duration in sec-
onds across Session 2 episodes.
Capped at 210.5 seconds after
outlier treatment.

rub correctness s1 float 0..2 Mean primary rater correctness
score across Session 1 tasks.

rub justification s1 float 0..2 Mean primary rater justification
quality score across Session 1
tasks.

rub independence s1 float 0..2 Mean primary rater indepen-
dence score across Session 1
tasks.

rub correctness s2 float 0..2 Mean primary rater correctness
score across Session 2 tasks.

rub justification s2 float 0..2 Mean primary rater justification
quality score across Session 2
tasks.

rub independence s2 float 0..2 Mean primary rater indepen-
dence score across Session 2
tasks. Primary endpoint.

effort s1 float 1..5 Mean of effort scale items S1-E1,
S1-E2, S1-E3. Failed Cronbach’s
alpha. Descriptive only.

engagement s1 float 1..5 Mean of engagement scale items
S1-H1, S1-H2, S1-H3. Failed
Cronbach’s alpha. Descriptive
only.

ai use s1 float 1..5 Mean of AI use scale items S1-
AI1 to S1-AI4. AI group only.
Failed Cronbach’s alpha. De-
scriptive only.

ai ratio float 0..1 Proportion of Session 1 tasks
where AI assistance was used. AI
group only.

copy rate float 0..1 Proportion of Session 1 tasks
where hint text was copied. AI
group only.

verify rate float 0..1 Proportion of AI uses followed by
a verification action. AI group
only. Capped at 1.0 after outlier
treatment.

group binary int 0 | 1 Binary group label.
AI ASSISTED = 1. CON-
TROL = 0.
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Column Type Allowed values Description

education encoded int 0..3 Encoded education level. SEC-
ONDARY = 0. DIPLOMA = 1.
DEGREE = 2. POSTGRAD =
3.

site encoded int 0 | 1 Encoded site. MAIN = 0. ON-
LINE = 1.

age encoded int 0..3 Encoded age band. 18 24 = 0.
25 34 = 1. 35 44 = 2. 45 PLUS
= 3.

COI S1 float unbounded Cognitive Offloading Index for
Session 1. AI group only. See
Appendix B for formula.

HES S1 float unbounded Human Engagement Score for
Session 1. All participants. See
Appendix B for formula.
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Appendix F

COI and HES Scoring Specification

This appendix documents the exact scoring rules for the Cognitive Offloading Index (COI) and the
Human Engagement Score (HES). The purpose is to allow another researcher to take the same raw data
files and reproduce the exact same index scores without needing to contact the original researcher. This
level of documentation follows the transparency principles set out in the NIST AI Risk Management
Framework [9].

F.1 General Principles

Both indices follow the same three-step construction process.

1. Extract the raw component variables from the raw data files.

2. Standardise each component using a z-score so that all variables are on the same scale.

3. Combine the standardised components by taking their unweighted mean.

The z-score formula used for all components is:

z(x) =
x− x̄

sx
(F.1)

Where x̄ is the mean of the variable computed across the relevant group and sx is the standard
deviation. After standardisation, every component has a mean of 0 and a standard deviation of 1,
confirmed in the analysis [32].

Important: The means and standard deviations used for standardisation must be computed from
the same group that the index applies to. For COI, use the AI-assisted group only. For HES, use
all participants. Using a different reference group will produce different z-scores and different index
values.

F.2 Cognitive Offloading Index (COI)

F.2.1 Applicability

COI applies to the AI-assisted group only, Session 1 only. The control group has no AI use data and
therefore cannot have a COI score. COI values for control group participants must be set to missing
(NaN), not zero. Because the z-scores are computed within the AI-assisted group, COI describes
how one AI-assisted participant compares with another. It cannot express a difference between the
two conditions and must never be used as a group contrast. See Chapter 3, Where COI Sits in This
Study.
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F.2.2 Raw Components

Four raw components are extracted from the task responses file for Session 1 AI-assisted partici-
pants.

Component Formula Range Notes

AI Ratio tasks with ai / total tasks 0 to 1 tasks with ai = count of
tasks where assistance level
> 0.

Time S1 mean(duration total ms) /
1000

seconds Mean episode time in sec-
onds per participant. Cap
extreme values before com-
puting the mean. See outlier
rules below.

Copy Rate copy count / total tasks 0 to 1 copy count = count of tasks
where copy used = true.

Verify Rate verify count / tasks with ai 0 to 1 verify count = count of tasks
where verified = true. If
tasks with ai = 0, set ver-
ify rate = 0. Cap at 1.0 after
computing. See outlier rules
below. Setting verify rate
to 0 when tasks with ai =
0 gives that participant the
maximum score on this com-
ponent after reversal, even
though they had nothing to
verify. This is partly offset
by their low AI ratio and
copy rate.

Table F.1: Components and formulas used to calculate the Cognitive Offloading Index (COI).

F.2.3 Outlier Rules Before Standardisation

Two components require outlier treatment before standardisation.

Time S1:

• Compute Q3 and IQR from all Session 1 episode times in Table B across all participants.

• Cap any episode where duration sec exceeds Q3 + 3.0 × IQR at that bound before computing
participant means.

• In this study the cap was 244.7 seconds.

Verify Rate:

• After computing verify rate, cap any value above 1.0 at exactly 1.0.

• A rate above 1.0 is not logically valid as it would mean more verifications than AI uses.

• In this study 85 participants required this correction.
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F.2.4 Reversal Rule

Verify Rate is reversed before standardising. This is because low verification means higher offloading
risk. The reversed component is:

inv verify rate = 1−Verify Rate (F.2)

The z-score is then computed on inv verify rate, not on Verify Rate directly.

F.2.5 COI Formula

After extracting raw components, applying outlier rules and reversing verify rate, standardise each
component using the z-score formula. Then compute COI as the unweighted mean of the four z-score
components:

COI S1 =
1

4

(︁
z(AI Ratio) + z(Time S1) + z(Copy Rate) + z(1−Verify Rate)

)︁
(F.3)

F.2.6 Interpretation

• Higher COI indicates stronger substitution behaviour. The participant used AI frequently, spent
longer on each task, copied more and verified less.

• Lower COI indicates augmentation behaviour. The participant used AI sparingly, produced
more of their own reasoning and checked AI output.

• COI is a relative measure. A score of 0 means the participant was at the average for the AI-
assisted group on all four components combined. It does not mean the participant did not
offload.

• There is no absolute threshold above which a participant is classified as a high offloader. COI
should be used comparatively within the AI-assisted group.

F.2.7 Post-Computation Checks

After computing COI, run the following checks:

• Mean of COI across AI group should be approximately 0 (confirmed: 0.000 in this study).

• Standard deviation should be greater than 0 (confirmed: 0.578 in this study).

• No COI values should exist for control group participants.

• Ablation check: drop one component at a time and recompute COI. Because COI is a mean of
standardised components, any ablated version is also centred near zero by construction, so this
check confirms that no component distorts the centre of the distribution rather than testing
how far individual participants move. A correlation between the full and ablated index answers
that second question directly and is recommended for future use.

• Weight sensitivity: compare equal weights against double weight on verify rate and double
weight on ai ratio. Correlation between schemes should exceed 0.90.

F.3 Human Engagement Score (HES)

F.3.1 Applicability

HES applies to all participants including the control group. Session 1 only. The control group receives
a special treatment for the AI delegation component described below.
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F.3.2 Raw Components

Three raw components are extracted from different sources.

Component Source Range Notes

Engagement self scale responses file. Mean of
items S1-H1, S1-H2, S1-H3

1 to 5 All participants. If one item
is missing, use the mean of
the remaining two. If two or
more items are missing, treat
the scale as missing.

Rubric
Independence

rater scores file. Mean of
independence scores where
is double score = false, Ses-
sion 1 only

0 to 2 Primary rater only. All par-
ticipants. Missing where
participant submitted blank
justification. This dimen-
sion did not reach the ICC
threshold, so the component
carries measurement uncer-
tainty. See Chapter 5.

inv AI Ratio 1 - AI Ratio from
task responses file

0 to 1 For control group, AI Ratio
= 0, so inv AI Ratio = 1.0.
This gives control group par-
ticipants the maximum inde-
pendence credit for not using
AI.

Table F.2: Components used in the HES measure.

F.3.3 Control Group Rule for inv AI Ratio

The control group has no AI use data. Their ai ratio is set to 0 before computing inv AI Ratio. This
means control group participants receive inv AI Ratio = 1.0, which is the maximum value. This is
intentional. A person who used no AI delegated nothing to the tool and therefore receives the full
independence credit on this component.

Do not set inv AI Ratio to missing for the control group. Set ai ratio to 0 first and then compute
1− 0 = 1.0.

F.3.4 HES Formula

Standardise each of the three components using the z-score formula computed across all participants
(not AI group only). Then compute HES as the unweighted mean:

HES S1 =
1

3

(︁
z(Engagement self) + z(Rubric Independence S1) + z(1−AI Ratio)

)︁
(F.4)

Two points about this formula must be stated openly. First, rubric independence in Session 1 is also
reported as a Session 1 outcome in Chapter 4, so part of the group difference in HES follows from
how HES was built rather than being an independent finding. Second, two of the three components
rest on measures that failed a reliability check: the engagement scale returned a Cronbach’s alpha of
−0.008 and the independence rubric dimension did not reach the ICC threshold. HES is therefore a
reproducible descriptive summary, not a validated measure of engagement.
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F.3.5 Interpretation

• Higher HES indicates more active engagement and better quality independent reasoning during
Session 1.

• Lower HES indicates less engagement, more passive acceptance and greater delegation to AI.

• The control group should have a higher mean HES than the AI-assisted group. This is an internal
consistency check on the computation, not evidence of a group difference, for the reason given
under Interpretation above. If it does not hold, review the inv AI Ratio computation.

• In this study the AI-assisted group had a mean HES of -0.545 and the control group had a mean
HES of 0.537.

F.3.6 Post-Computation Checks

After computing HES, run the following checks:

• Mean of HES across all participants should be approximately 0.

• HES should exist for all 1,387 participants except those with missing rubric independence scores
due to blank responses.

• The control group should have a higher mean HES than the AI-assisted group. This is the
manipulation check. If this does not hold, review the inv AI Ratio computation.

• Construct separation: the Pearson correlation between COI and HES should be weak to mod-
erate in the negative direction (confirmed: r = -0.361 in this study). A very strong correlation
would suggest the two indices overlap too much.

F.4 Summary Table

Table F.3: Construction of Composite Indices

Index Component Data Source Description

COI_S1 AI Ratio Task responses Weight = 1/4 (AI-assisted group
only). Higher values indicate
greater reliance on AI.

COI_S1 Session 1 Task Time Task responses Weight = 1/4 (AI-assisted group
only). Mean Session 1 task time in
seconds. This is total task
duration, not time inside the hint
tool.

COI_S1 Copy Rate Task responses Weight = 1/4 (AI-assisted group
only). Proportion of tasks on which
hint content was copied into the
answer.

COI_S1 Inverse Verify Rate Task responses Weight = 1/4 (AI-assisted group
only). Higher values indicate less
verification of AI-generated
content.
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Index Component Data Source Description

HES_S1 Engagement (Self) Scale responses Weight = 1/3 (all participants).
Higher values indicate greater
self-reported engagement. Scale did
not meet the Cronbach’s alpha
threshold.

HES_S1 Rubric Independence Rater scores Weight = 1/3 (all participants).
Higher values indicate more
independent reasoning in the work
produced. Dimension did not meet
the ICC threshold.

HES_S1 Inverse AI Ratio Task responses Weight = 1/3 (all participants).
Higher values indicate less
delegation of work to AI.

F.5 Reproducibility Notes

• All z-scores must be computed on the analysis sample after exclusions. Do not compute z-scores
on the full enrolled sample of 1,474. Use the 1,387 completers only.

• COI z-scores must be computed within the AI-assisted group only (n = 687). Using all 1,387
participants to compute COI z-scores will produce different values.

• HES z-scores must be computed across all 1,387 participants including the control group.

• Outlier treatment must be applied before z-score computation. Applying it after will produce
different standardised values.

• The order of operations is: (1) filter to completers, (2) apply outlier treatment, (3) compute
raw components, (4) apply reversal rules, (5) compute z-scores, (6) compute index means.
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Appendix G

Rubric Scoring Guide

This appendix documents the rubric used by raters to score participant justification responses across
three dimensions: correctness, justification quality and independence. The rubric was used for all
justification tasks in both Session 1 and Session 2.

Each dimension is scored on a scale of 0 to 2. The total possible score per task is 6. In the analysis,
the three dimensions were treated separately rather than summed. The primary rater scored all
responses. A second rater independently scored 66.6 percent of all justification responses, producing
2,726 matched pairs for inter-rater reliability checking.

G.1 General Scoring Instructions

• Score each dimension independently. Do not let the correctness score influence the independence
score or vice versa.

• Read the full justification before assigning any score. Do not score based on the first sentence
alone.

• Do not penalise for grammar, spelling or language errors unless the meaning is completely
unclear.

• Do not reward length. A short but clear and correct justification scores higher than a long but
vague one.

G.2 Dimension 1 - Correctness

Correctness measures whether the reasoning in the justification supports the correct answer. It is the
most objective of the three dimensions.

Score Label Description and examples

2 Fully correct The justification clearly supports the correct an-
swer. The reasoning steps are accurate and
the conclusion follows logically from the working
shown. Minor numerical errors are acceptable if
the method is correct and the participant clearly
understood the process.
Example: “I added 3,500 and 2,200 to get 5,700.
Then I subtracted 1,000 for the discount to get
4,700.” (Answer is 4,700 and is correct.)
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Score Label Description and examples

1 Partially correct The justification shows some correct reasoning
but contains a meaningful error in method or
calculation. The answer may be wrong but the
participant demonstrated partial understanding
of the process.
Example: “I added the two values but forgot to
apply the discount.” (Shows awareness of steps
but missed one.)

0 Incorrect or absent The justification does not support the answer,
shows a fundamentally incorrect method, or is
blank. This includes cases where the participant
stated the answer without any reasoning.
Example: “The answer is 4,700 because I calcu-
lated it.” (No reasoning shown.)

G.3 Dimension 2 - Justification Quality

Justification quality measures how clearly and completely the participant explained their reasoning.
This is more subjective than correctness and requires rater judgement about clarity and complete-
ness.

Score Label Description and examples

2 Clear and complete The justification explains the full reasoning pro-
cess in the participant’s own words. A reader
who did not see the task could follow the logic
and understand how the answer was reached.
All key steps are stated.
Example: “I first identified the two costs from
the table. I added them together to get the total.
I then checked whether a discount applied and
subtracted it. This gave me the final answer of
4,700.”

1 Partial The justification explains some but not all of the
reasoning. Key steps are missing or the expla-
nation is too brief to fully follow without the
original task in front of you.
Example: “I added the numbers and got 4,700.”
(Correct but does not explain which numbers or
why.)

0 Absent or unclear The justification is blank, too short to convey
meaning, consists only of the answer repeated,
or is so unclear that the reasoning cannot be
followed even with the task in front of you.
Example: “4,700 is correct.” or “I just worked
it out.”

G.4 Dimension 3 - Independence

Independence measures how much of the reasoning in the justification appears to come from the
participant’s own thinking rather than being copied or closely adapted from AI output or the hint
bank. This is the most subjective dimension and was the most difficult to score consistently across
raters.
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Score Label Description and examples

2 Fully independent The reasoning is clearly expressed in the partic-
ipant’s own words and style. There is no sign of
direct copying or close paraphrasing from hint
content. Even if the participant used AI assis-
tance, they have clearly processed and restated
the reasoning in their own way.
Example (AI group): Participant used Level 1
hint but wrote their own full working in plain
language that differs clearly from the hint word-
ing.
Example (control group): All reasoning is self-
generated. Score 2 by default unless there is ev-
idence of copying from another source.

1 Partial independence The reasoning shows some original thinking but
also contains sections that appear to be closely
adapted from hint content or AI output. The
participant may have rephrased some parts but
the structure or key phrases echo the source ma-
terial.
Example: Participant used Level 2 hint and the
justification follows the scaffold structure closely
but fills in some of the blanks with their own
words.

0 Fully copied or AI-
dependent

The justification appears to be directly copied
from hint content or AI output with little or no
modification. Key phrases, sentence structure
or numerical presentation closely mirror the hint
wording. This score should also be given when
the participant submitted the Level 3 worked so-
lution with only trivial changes such as removing
one sentence.
Example: Participant used Level 3 hint and the
justification is word for word or near word for
word from the worked solution.

G.5 Special Cases and Edge Rules

Control group participants had no access to AI or hints. Score their independence dimension as 2 by
default unless there is specific evidence of external copying.

• Control group and independence: Control group participants had no access to AI or hints.
Score their independence dimension as 2 by default unless there is specific evidence of external
copying. Raters should not penalise a control group participant for writing in a style that
happens to sound similar to a textbook explanation.

• Correct answer with copied justification: It is possible to score 2 on correctness and
0 on independence. If the participant copied a correct worked solution, correctness = 2 and
independence = 0.

• Wrong answer with independent reasoning: It is possible to score 0 on correctness and
2 on independence. If the participant worked through the problem independently but made an
error, correctness = 0 and independence = 2.
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• Blank justification: If the justification is blank or fewer than five words, assign 0 on all three
dimensions. Record the response as a blank submission in the rater notes.

• Non-English responses: If the justification is written in a language the rater cannot assess,
record all three dimensions as missing rather than zero. A zero would record a language barrier
as a reasoning failure. Missing values are handled by the rules in Chapter 3.

• Borderline cases: When genuinely uncertain between a 1 and a 2 on any dimension, assign 1.
When genuinely uncertain between a 0 and a 1, assign 0. Always prefer the more conservative
score when uncertain.

• Session 2 and independence: No participant had access to AI or hints in Session 2. The
independence dimension was therefore scored as 2 by default for all Session 2 responses unless
there was specific evidence of external copying, using the same rule applied to control group
participants in Session 1. This rule should be kept in mind when comparing independence
scores across sessions, because it compresses Session 2 scores towards the top of the scale for
both groups.

G.6 Inter-Rater Reliability Results

Table G.4 shows the ICC(2,1) inter-rater reliability results from the double scoring exercise [30].

Dimension n pairs ICC(2,1) Pearson r Mean diff Status

Correctness 2,726 0.634 0.697 -0.094 PASS

Justification quality 2,726 0.063 0.154 -0.241 FAIL

Independence 2,726 -0.106 0.037 -0.351 FAIL

Table G.4: ICC(2,1) results. Threshold = 0.60 [30]. Double scoring coverage = 66.6%.

Only correctness passed the 0.60 threshold. The negative mean differences for justification quality and
independence showed that RATER-02 consistently applied a more stringent standard than RATER-
A1 on the two subjective dimensions. This was most likely due to insufficient rater calibration before
scoring began. Future studies should conduct a calibration session where both raters score the same
practice responses together and discuss disagreements before scoring the main dataset [30]. There is
also a structural contributor. Because control group responses and all Session 2 responses were scored
2 by default in the absence of copying evidence, the distribution of independence scores is compressed
towards the ceiling. An intraclass correlation coefficient falls towards zero when between-participant
variance is small, regardless of how consistently the raters applied the rule, so the value reported here
reflects the shape of the scoring rule as well as the level of agreement.
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Appendix H

Analysis Pipeline Overview

This appendix provides an overview of the full analysis pipeline used in this study. The pipeline was
implemented in a single Jupyter notebook. Every step is reproducible from the raw data files using
the code provided.

The pipeline follows nine stages, matching Table 3.2 in Chapter 3. Each stage builds on the previous
one. The output of each step is either a cleaned dataset, a set of computed variables or a results table
that feeds into the next step.

H.0.1 Pipeline Overview

Analysis stage What was done Output

Data Integration Raw files loaded and merged on
participant code. Completers fil-
tered to 1,387. Table A (wide,
one row per participant) and Ta-
ble B (long, one row per episode)
built. Group balance, session
delay and dropout bias checked.
Distributions and outlier pat-
terns visualised.

table a wide.csv, ta-
ble b long.csv

Missing Value Treat-
ment

Missing values classified into
three types: by design, blank re-
sponses and one telemetry row.
No imputation applied to design-
missing variables. Complete case
analysis applied to rubric gaps.
One telemetry row filled with
zero. Missingness bar charts pro-
duced.

Cleaning log, missingness
charts

Outlier Treatment IQR method applied to all 15 nu-
meric variables. Extreme time
episodes capped in Table B and
participant means recomputed in
Table A. Verify rate capped at
1.0 for 85 participants. Accu-
racy outliers retained (ceiling ef-
fect). Before and after compari-
son plots produced.

Updated table a clean, ta-
ble b clean
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Analysis stage What was done Output

Additional Prepro-
cessing

Categorical variables encoded as
ordered integers. Binary group
label created. Z-scores computed
for all six COI and HES input
variables. Shapiro-Wilk normal-
ity checks run on all primary end-
points. Final preprocessed tables
saved.

table a preprocessed.csv,
table b preprocessed.csv

Feature Engineering COI and HES built step by step
from raw components following
the formulas in the scoring spec-
ification appendix. Raw com-
ponents shown with descriptive
stats. Z-score standardisation
applied and confirmed. COI
and HES computed and added to
the dataset. Manipulation check
(run on HES, since COI has no
control-group counterpart), ab-
lation check, weight sensitivity
check and construct separation
scatter all run and reported.

COI S1 and HES S1
columns in dataset

Reliability Checks Cronbach’s alpha computed for
all four Likert scales. ICC(2,1)
computed for all three rubric di-
mensions on the double-scored
subset (66.6% coverage). Item
correlation heatmaps and rater
agreement scatter plots pro-
duced. Inter-component correla-
tions for COI and HES reported.

Reliability summary table

Statistical Analysis Mann-Whitney group compar-
isons run for all primary and sec-
ondary endpoints in Session 1
and Session 2. Cohen’s d com-
puted with bootstrap 95% CI.
Adjusted regression models fitted
for both primary Session 2 end-
points. Benjamini-Hochberg cor-
rection applied to secondary p-
values. Forest plot and full ev-
idence table produced.

Evidence table, forest plot
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Analysis stage What was done Output

Predictive Modelling Ridge regression trained using
six Session 1 features only.
Grouped 5-fold cross-validation
by participant ID to prevent data
leakage. MAE and RMSE re-
ported against naive baseline.
Feature coefficients inspected.
Predicted vs actual scatter pro-
duced. Subgroup error diagnos-
tics run by education level and
AI confidence. Secondary target
(accuracy S2) also tested.

Model results, coefficient
chart, subgroup diagnos-
tics

Robustness Checks Four checks run on both primary
Session 2 endpoints: remove out-
liers instead of capping, complete
rubric cases only, by collection
site and by education level sub-
group. Direction and conclusion
reported for each check against
the reference result.

Robustness summary table
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Appendix I

Other useful figures

Figure I.1: Two groups in Session 1. AI is removed for everyone in Session 2 to test delayed
independence
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Figure I.2: Shows the comparison between AI and human brain thinking
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Appendix J

Research poster layout
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Appendix K

Research Ethics Committee (REC)
Approval
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Figure K.1: REC approval
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Appendix L

Data collection tools

This appendix describes the data collection instruments used in this study. Data was collected using
structured questionnaires, a three-level hint bank and automated behavioural logs recorded by the
study platform. All instruments were administered through the online study platform during the
same sitting for both sessions.

D1. Background and Warmup Form (Form 0)

Before Session 1 began, all participants completed a short background form and two warmup tasks.
The background form collected the following information.

Item Scale Purpose

Age band Categorical 18 24, 25 34, 35 44, 45 PLUS. Used as a
background control variable.

Education level Categorical SECONDARY, DIPLOMA, DEGREE,
POSTGRAD. Encoded as 0 to 3 for use in
regression models.

English comfort 1 to 5 Likert Self-rated comfort reading and writing in En-
glish. Used to flag participants who may have
struggled with task instructions.

AI use frequency Categorical NEVER, MONTHLY, WEEKLY, DAILY.
Self-reported frequency of AI tool use before
the study.

AI confidence 1 to 5 Likert Self-rated confidence using AI tools. Used as
a covariate in the adjusted regression model.

The two warmup tasks were short structured problems similar to the main tasks. They were scored
automatically. The warmup final score (range 0 to 4) was used as the primary baseline ability measure
in all group balance checks and regression models.

D2. Session 1 Post-Task Questionnaire

After completing all Session 1 tasks, all participants completed an eight-item questionnaire. Items
were rated on a 1 to 5 Likert scale where 1 meant strongly disagree and 5 meant strongly agree. The
eight items were organised into two subscales.

Effort subscale (S1-E1 to S1-E3):
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Item Wording

S1-E1 I put a lot of effort into completing these tasks.

S1-E2 I worked hard on every task even when it was difficult.

S1-E3 I tried my best throughout the session.

Engagement subscale (S1-H1 to S1-H3):

Item Wording

S1-H1 I stayed focused and engaged during the tasks.

S1-H2 I thought carefully about each problem before submitting my answer.

S1-H3 I felt mentally active and involved throughout the session.

The remaining two items (S1-C1 and S1-U1) captured confidence and understanding and were used
descriptively only.

Reliability note: All three subscale items failed Cronbach’s alpha in reliability checking. Alpha
values were near zero for both the effort and engagement subscales (see Chapter 4, Section 4.6.1).
These scale scores were therefore treated as descriptive only and not used as primary outcome measures
[29].

D3. AI Usage Questionnaire (AI Group Only)

Participants in the AI-assisted group completed an additional four-item questionnaire after Session
1. Items were rated on a 1 to 5 Likert scale. The four items formed the AI use subscale (S1-AI1 to
S1-AI4).

Item Wording

S1-AI1 I relied heavily on the AI hints to produce my answers.

S1-AI2 I copied or closely followed the AI output in my justifications.

S1-AI3 I accepted AI suggestions without checking them myself.

S1-AI4 I verified the AI outputs before including them in my answers.

These items were intended to capture self-reported AI reliance behaviour to support the computation
of COI. The subscale also failed Cronbach’s alpha in reliability checking. Behavioural log features
were therefore used as the primary inputs to COI rather than these self-report items [5].

D4. Session 2 Post-Task Questionnaire

After completing all Session 2 tasks, all participants completed a six-item questionnaire. No AI
was available in Session 2. Items were rated on a 1 to 5 Likert scale. The six items covered two
subscales.

Engagement subscale (S2-H1 to S2-H3):

Item Wording

S2-H1 I stayed focused and engaged during Session 2.

S2-H2 I thought carefully about each problem without any external help.

S2-H3 I felt mentally active and involved throughout Session 2.

Independence subscale (S2-I1 to S2-I3):
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Item Wording

S2-I1 I was able to solve the tasks on my own without needing any help.

S2-I2 I remembered how to approach these types of problems from before.

S2-I3 I felt confident explaining my answers in my own words.

Reliability note: The independence subscale also failed Cronbach’s alpha in reliability checking.
Session 2 scale scores were treated as descriptive only [29].

D5. Hint Bank (AI Group Only, Session 1)

The hint bank was the primary data collection instrument for the AI-assisted group. It replaced the live
ChatGPT interface originally planned in the proposal. Each task had three hint levels available.

Level Label Description

1 Directional hint A short pointer toward the correct method without
giving the answer. The participant still had to work
out all steps themselves.

2 Scaffold A partially completed worked solution with blanks
that the participant had to fill in. The structure of
the solution was provided but the participant had
to supply the values and reasoning.

3 Near-complete solu-
tion

A nearly complete worked solution. The partici-
pant had to read, understand and restate the rea-
soning in their own words in the justification box
before submitting.

Participants could request any level and could view multiple hints per task. Each hint request was
logged with the level requested, the time the hint was visible and whether the participant copied the
hint text. Participants were required to submit final answers and justifications in their own words
regardless of which hint level they used.

D6. Behavioural Logs

In addition to questionnaires, the study platform automatically recorded the following behavioural
events for all participants during both sessions.

Log variable What was recorded

duration total ms Total time in milliseconds from task start to submis-
sion. Converted to seconds for analysis. Used to compute
Time Offload component of COI.

copy used Whether the participant copied hint text into their an-
swer. Boolean per task episode. Used to compute
Copy Rate component of COI.

verified Whether the participant reported verifying the AI output
before submitting. Boolean per task episode. AI group
Session 1 only. Used to compute Verify Rate component
of COI.

assistance level Highest hint level requested during the task. Integer 0 to
3. 0 means no hints used. AI group Session 1 only. Used
to compute AI Ratio component of COI.

tel paste count Number of paste events recorded by the platform.
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Log variable What was recorded

tel paste blocked Number of paste attempts blocked by the platform.

tel infraction count Number of infraction events recorded.

tel answer revisions Number of times the objective answer was revised before
submission.

tel tab blur count Number of times the participant switched away from the
task tab.

These behavioural logs provided objective data that was used as the primary inputs for COI and
HES computation. They were more informative than self-report scales alone since they captured what
participants actually did rather than what they said they did [5].

D7. Rubric Scoring Sheet

All justification responses were scored by a primary rater using a three-part rubric covering correct-
ness, justification quality and independence. A second rater independently scored 66.6 percent of all
responses for inter-rater reliability checking. The full rubric scoring guide with score definitions and
examples is provided in Appendix C.

D8. Summary of Data Collection Instruments

Instrument Group Session Used for

Background form All Before S1 Baseline variables and covari-
ates

Warmup tasks All Before S1 Baseline ability measure

Effort scale (S1-E1 to
E3)

All After S1 Descriptive only (failed relia-
bility)

Engagement scale (S1-
H1 to H3)

All After S1 HES component (descriptive
only)

AI use scale (S1-AI1 to
AI4)

AI only After S1 Descriptive only (failed relia-
bility)

Hint bank logs AI only S1 COI components (primary
source)

Behavioural event logs All Both COI and HES components

Session 2 engagement
scale

All After S2 Descriptive only (failed relia-
bility)

Session 2 independence
scale

All After S2 Descriptive only (failed relia-
bility)

Rubric scoring sheet All Both Primary rubric outcomes and
HES
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Appendix M

Student - supervisor
meeting/supervision plan
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Meeting Date Agenda Expected Output

1 29 June 2026 Proposal review and feed-
back discussion. Agree on
research objectives, title re-
vision and three specific ob-
jectives. Confirm study
design and data collection
plan.

Revised title, three agreed
objectives, confirmed two-
session design and task set.

2 7 July 2026 Data collection update. Re-
view EDA and preprocess-
ing results. Discuss miss-
ing value treatment, out-
lier findings and reliability
check outcomes.

Approved EDA notebook,
cleaned dataset, docu-
mented trim rules and
reliability report.

3 14 July 2026 Review COI and HES con-
struction. Discuss feature
engineering decisions, vali-
dation checks and statistical
analysis results for RQ1 and
RQ2.

Approved COI and HES
scoring specification, evi-
dence table with effect sizes
and confidence intervals.

4 21 July 2026 Review predictive mod-
elling results, robustness
checks and dashboard pro-
totype. Discuss limitations
and how they affect inter-
pretation of findings.

Approved Step 6 and Step
7 outputs, working dash-
board, agreed limitations
section.

5 28 July 2026 Review of the complete
analysis and interpretation
of findings. Discuss align-
ment between the research
questions, statistical results
and predictive modelling
outcomes.

Confirmed analysis and in-
terpretation, revised results
and discussion sections, and
agreed areas requiring fur-
ther refinement.

6 5 August 2026 Full draft review. Check the
structure, consistency and
clarity of all chapters. Re-
view references, tables, fig-
ures and presentation of re-
sults.

Revised complete disserta-
tion draft, corrected refer-
ences and improved tables
and figures.

7 18 August 2026 Final report and research
poster review. Confirm that
all supervisor comments
have been addressed. Re-
view final formatting, con-
clusions, recommendations
and poster presentation
before submission.

Final approved dissertation,
completed research poster
and readiness for submis-
sion and presentation.

Table M.1: Student-Supervisor Meeting Plan: June to August 2026
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DISSERTATION CORRECTION COMPLIANCE FORM (POST VIVA FORM) 
 

Date: 15/09/2026 
 
Name of Candidate: Wambede Richard   Reg.No: J25M19/005 
 
Title of Dissertation: A Data Science Approach to Measuring Cognitive Offloading and 
Short-Term Independent Problem Solving in AI-Assisted Tasks: A Two-Session 
Experimental Study in Kampala, Uganda 

 

S/N COMMENTS BY 
EXTERNAL EXAMINER 

ACTION TAKEN INDICATOR 

1 Strengthen the 
justification for 
sampling and sample 
size. 

A new subsection, Justification of the Sample 
Size, was added. It explains that recruitment 
ran until the data collection window closed, 
so the sample size is justified after the fact 
rather than before it. 

 

The weak claim that cited a twelve-per-group 
pilot rule was removed. 

Two paragraphs were added to the Sampling 
Method subsection explaining why 
convenience sampling is acceptable for an 
experiment. In this design the fair comparison 
rests on how people were allocated between 
conditions, not on how they were recruited. 
It is also stated that the sample size does not 
improve how well the sample represents the 
wider population. 

 

Ch 3: Sampling 
Method, 

 

Justification of 
the Sample Size  

2 Clearly distinguish short-
term independent 
performance from long-
term skill retention. 

Two new definitions were added to the Key 
Definitions section. Short-term independent 
performance and Long-term skill retention. 

The existing definition of Delayed 
Independent Performance was reworded to 
point to the short-term term and to state that 
it never means long-term retention. 

The term skill erosion was removed from the 
abstract, Chapter 1, Chapter 3, Chapter 4, 
Chapter 5 and Chapter 6, and replaced with 
short-term independent performance. 

The abstract now states plainly that the 
design did not test long-term skill retention 
and that nothing in the results speaks to what 

Abstract, 

 

Ch 1: Key 
Definitions, 

 

Ch 6 Future 
Research 

  



S/N COMMENTS BY 
EXTERNAL EXAMINER 

ACTION TAKEN INDICATOR 

happens after a day, a week or a semester of 
regular AI use. 

The future research recommendation was 
corrected to state that a longer delay tests 
the question this study could not reach. 

 

3 Moderate causal and 
generalisation claims. 

The Group Assignment subsection was 
rewritten to state that allocation was 
random, and to explain what random 
allocation does and does not allow the study 
to claim. This was previously left vague. 

The attribution sentence in Chapter 5 was 
reworded. It now says the AI condition is the 
most likely explanation, and adds that the 
claim is limited to the participants, tasks and 
setting of this study and is not a claim about 
AI use in general. 

An opening sentence was added to Practical 
Implications saying that the implications 
follow from one sample, one task set and one 
short delay, and are offered as steps to 
consider rather than conclusions that hold 
everywhere. 

 

Ch 3: Group 
Assignment, 

 

Ch 5: What This 
Study Can and 
Cannot Conclude  

4 Discuss more fully the 
impact of failed scale 
and rubric reliability. 

A table was added to show which results 
depend on each measure and what each 
reliability failure means for the results. The 
table shows that the failures occurred in 
measures based on judgement and self-
report, while the auto-scored accuracy 
measures and behavioural logs were not 
affected. 

A paragraph was also added to explain that 
two of the three HES components came from 
measures that failed the reliability check. 

Two paragraphs were added to explain 
attenuation. An unreliable measure can 
reduce observed differences towards zero, 
meaning that the Session 2 null finding 
provides weaker evidence of no difference 
than it may appear. The limits of this 
interpretation are also explained. 

The conclusion is therefore stated more 
carefully: Session 2 found no difference large 
enough for this measure to detect, rather 
than proving that no difference existed at all. 

 

Ch 5: 

Reliability 
Limitations and 
Their Impact 

5 Clarify the validation 
status of the COI and 
HES indices. 

A new subsection, Validation Status of the 
Two Indices, was added to clearly separate 
the validation work that was done from what 
was not done. 

Abstract, 

 



S/N COMMENTS BY 
EXTERNAL EXAMINER 

ACTION TAKEN INDICATOR 

What was done: The formulas were clearly 
defined for reproducibility, together with a 
component-dependence test, weight 
sensitivity test, and construct separation test 
(r = -0.361). 

What was not done: There was no expert 
review of content validity, external measure 
for convergent validity, test-retest reliability, 
or factor analysis. 

The indices are therefore described as 
reproducible descriptive indices rather than 
validated measurement tools. The term 
validated was also removed from the 
abstract, Chapter 4, and Chapter 6 where it 
overstated the work done. 

A note was also added to the ablation check 
to clarify that, because COI is based on the 
mean of standardised components, the test 
mainly shows whether the centre of the 
distribution remains stable when a 
component is removed. 

 

Ch 4: Validation 
Status of the Two 
Indices 

6 Verify citations and 
references. 

Every citation key was checked against the 
reference list. All citations now resolve and 
there are no undefined keys.  

The four wrong entries were corrected, and 
some references deleted from the list. 

 

References 

7 Thoroughly proofread 
the dissertation. 

A full proofreading pass was carried out.  

All broken cross-references and sentences 
were fixed and repaired, contradictions 
between chapters were removed, repeated 
material was removed, missing spaces, and 
corrupted equation characters were 
corrected. 

 

Throughout the 
entire thesis 
report 

 

S/N COMMENTS BY 
INTERNAL EXAMINER 

ACTION TAKEN INDICATOR 

1 Why was the Cognitive 
Offloading Index 
included when the 
reported findings do not 
show it? The findings 
show independent 
problem solving instead. 
Align the title and the 
framing of the study 
with what the findings 
actually show. 

The mismatch was traced to Research 
Question 2, which promised that COI would 
measure the Session 1 to Session 2 
relationship, when COI is computed from z-
scores taken within the AI-assisted group only 
and therefore cannot produce a between-
group result. Four changes were made. First, 
the reliability clause was removed from 
Research Question 2 and moved to Research 
Question 1, where the indices are built and 
checked, so COI is now claimed only where it 

Ch 1: Research 
Questions.  

 

Ch 3: Where COI 
Sits in This Study. 

 

Ch 4: COI 
Construction. Ch 
5.  

 



S/N COMMENTS BY 
INTERNAL EXAMINER 

ACTION TAKEN INDICATOR 

is reported. Second, a new subsection, Where 
COI Sits in This Study, was added after the 
alignment table in Chapter 1. It states that 
COI is a within-condition individual-difference 
measure serving Objective 1 and Objective 3, 
that HES and rubric independence carry the 
between-group comparison in Objective 2, 
and that COI is therefore absent from the 
Session 2 evidence table by design rather 
than by failure. Third, the same point was 
added at the head of the COI Construction 
section in Chapter 4, and the answers to 
Research Questions 1 to 3 in Chapter 6 were 
realigned to the wording now used in Chapter 
1. Fourth, the two remaining uses of the word 
validated in relation to COI were removed 
from Chapter 5, for consistency with External 
Examiner comment 5. The title was reviewed 
and kept as it stands. Cognitive offloading 
was demonstrated in the findings, through 
the Session 1 rubric independence difference 
of d = -1.972 and the HES difference of d = -
2.474, and short-term independent problem 
solving was measured directly in Session 2, so 
both halves of the title are supported by 
reported results. 

Ch 6: RQ1, RQ2, 
RQ3.  

2    

3    

 

S/N COMMENTS BY VIVA 
VOCE PANNEL 

ACTION TAKEN INDICATOR 

1 Explain how you handled 
data leakage. 

A new subsection called Leakage Controls was 
added to Chapter 3, setting out four separate 
controls i.e Time separation, Target 
separation, Participant separation and 
Preprocessing. 

 

Ch 3, Predictive 
Modelling, 
Leakage Controls 

2 The model used for this 
study is not clearly 
talked about. 

A new subsection, Choice and Specification of 
the Model, was added. It first separates the 
two kinds of model in the study.  

The adjusted regression is explanatory and is 
read through its coefficients. 

The Ridge model is predictive and is read 
through its error on data it has not seen. 

The Ridge objective function is now given as 
an equation, with the squared error term and 
the penalty term explained in plain words. 

Three reasons for choosing Ridge are now 
given and the full specification is now listed. 

 

Ch 3, Choice and 
Specification of 
the Model 



S/N COMMENTS BY VIVA 
VOCE PANNEL 

ACTION TAKEN INDICATOR 

3 How was bias handled, 
and how was data 
validated to remove 
bias? 

A new section, Bias Control and Data 
Validation, was added to Chapter 3, with a 
table listing each type of bias, the control 
applied and where the evidence appears. 

The types covered are selection bias, 
allocation bias, attrition bias, confounding, 
measurement bias in the tasks, rater bias, 
response bias in self-report, missing data 
bias, site and subgroup bias, and multiple 
comparison bias. 

The checks already run are now gathered in 
one place: the dropout check comparing 
completers and non-completers, the group 
and site balance table, the adjusted 
regression controlling baseline ability, 
education and AI confidence, the four 
robustness checks, the subgroup error 
diagnostics, and the Benjamini-Hochberg 
correction. 

Two checks that did not come out clean are 
reported openly. The second rater scored 
lower than the primary rater on both 
subjective dimensions, and recruitment 
stopped when the window closed rather than 
at a planned target. 

 

Ch 3, Bias Control 
and Data 
Validation 

4 Did you do any 
comparison of results 
with any existing 
models? 

Two comparisons were added. 

First, a comparison of findings. A table was 
added to Chapter 5 setting this study against 
Bastani et al. (2024), Kosmyna et al. (2025), 
Gerlich (2025) and Deng et al. (2024), 
showing the design, the delay before the 
unaided test and the finding for each. The 
pattern is that studies finding a lasting cost 
all tested after days or weeks, while this 
study tested after minutes. 

Second, a comparison of models. A new 
subsection explains why a more flexible 
model would not change the result.  

A recommendation was added to Chapter 6 
that a follow-up study should benchmark 
Ridge regression against at least one flexible 
model on data with a wider spread of 
outcomes. 

 

Ch 5: Findings 
comparison table, 

 

Ch 4: Why a More 
Flexible Model 
Would Not Change 
This Result, 

 

Ch 6: 
Recommendations 

5 There is no evidence of 
a framework in your 
write up. 

A Conceptual Framework section with a 
diagram was added at the end of Chapter 2. 

The diagram shows the condition, which is 
whether AI assistance was available in Session 
1. It then shows the behaviour measured in 
between, which is COI from four logged 
behaviours and HES from three signals. It 

Ch 2: Conceptual 
Framework 



S/N COMMENTS BY VIVA 
VOCE PANNEL 

ACTION TAKEN INDICATOR 

then shows the outcomes, which are accuracy 
and rubric independence measured first with 
AI present and then with AI removed. The 
controlled variables are shown separately. 

The three research questions are mapped 
onto three parts of the figure. Research 
Question 1 asks whether the middle layer can 
be measured, Research Question 2 asks 
whether the condition affects the right-hand 
layer, and Research Question 3 asks whether 
the middle layer can predict the right-hand 
layer for one individual. 

 

6 Both the data processing 
pipeline and the data 
collected for this study 
are not clear. 

A list was added at the start of the data 
processing section setting out exactly what 
each participant produced: one participant 
record, two session records, ten task 
episodes, ten to twenty rubric scores, sixteen 
Likert responses and a variable number of 
telemetry events, and the totals are now 
stated.  

The nine-stage pipeline table was kept and is 
now linked to the conceptual framework, so 
the reader can see what is measured and how 
the raw logs become those measures. 

The tables listing the raw files, the merged 
analysis tables and their row counts were 
kept in Chapter 4 so the path from raw export 
to analysis table can be followed. 

 

Ch 3: Data 
Processing and 
Analytic 
Approach, 

 

Ch 4: Data 
Integration 

7 What metrics did you 
use to measure cognitive 
offloading? 

The four metrics are now named in the 
abstract as well as in the methodology, so the 
reader meets them on the first page. 

Cognitive offloading was measured with the 
Cognitive Offloading Index, built from four 
behaviours i.e the AI use ratio, Session 1 task 
time, the copy rate, and the verification rate. 

 

Each of the four is converted to a z-score and 
the four are averaged. None of the four 
comes from what participants said about 
themselves. The definition of COI in Chapter 
1 was corrected. It previously suggested a 
threshold of 0.7. 

 

Abstract,  

 

Ch 1: Key 
Definitions,  

 

Ch 3: COI 
Components and 
Formula 

8 Align your research title 
to the fraction of your 
research that was 
completed. 

The title was changed to: A Data Science 
Approach to Measuring Cognitive Offloading 
and Short-Term Independent Problem Solving 
in AI-Assisted Tasks: A Two-Session 
Experimental Study in Kampala, Uganda. 

Title page 



S/N COMMENTS BY VIVA 
VOCE PANNEL 

ACTION TAKEN INDICATOR 

The word prediction was removed from the 
title, because the prediction objective was 
exploratory and the model did not beat a 
naive baseline. 

Short-Term was added, so the title itself 
states that only short-term independent 
performance was measured. 

AI-Assisted Tasks replaced AI-Assisted 
Environments, which is narrower and matches 
what was actually studied. 

The design and the location were added to 
the title, so the two-session structure and the 
Kampala setting are visible before the reader 
opens the document.  

 

9 Can the findings of your 
research be generalized 
to all universities? 

A new subsection, Boundaries of 
Generalisation, was added to Chapter 5. It 
answers the question directly with no. 

Three reasons are given. The sample was a 
convenience sample from two sites in one city 
with no sampling frame. The participants 
were not a university body but a mixture of 
students from universities and vocational 
institutes and working adults, recruited 
during a holiday period. The tasks were 
completed in a session arranged for research 
with no consequence attached, unlike graded 
university work. 

 

Ch 5: Boundaries 
of Generalisation 

10 Referencing objective 3, 
why was prediction 
necessary for your 
research when your 
primary interest was 
establishing the effect 
of AI use? 

Objective 3 and Research Question 3 were 
reworded. Objective 3 now reads as testing 
whether Session 1 reliance behaviour alone 
can estimate the Session 2 independence of 
an individual participant, and so whether COI 
could work as an early screening measure. 
Research Question 3 now also asks whether 
the conditions of this study allow that 
question to be tested fairly. 

An explanation of why the two objectives 
differ was added to Chapter 3.  

A matching response was also added to the 
Chapter 6 answer to Research Question 3. 

 

Ch 1: Objectives 
and Research 
Questions,  

 

Ch 3: Predictive 
Modelling, 

 

Ch 6: RQ3 

11 It must be clear how 
each of your specific 
objectives map onto 
your research questions 
and your analysis. 

An alignment table was added showing all 
three objectives on one page. Each row runs 
from the objective, to the research question, 
to the data used, to the method applied, to 
where the result is reported, to the answer 
reached. 

The introductions to Chapter 3, Chapter 4 and 
Chapter 6 were each given a sentence 

Ch 3: 
Introduction, 
alignment table, 

 

Ch 4 and Ch 6 
Introductions 



S/N COMMENTS BY VIVA 
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pointing to the table, so the same structure is 
visible from every chapter. 
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