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Abstract— Integrating Artificial Intelligence into academic
environments has gained momentum with the emergence of
sophisticated language-based models capable of engaging in
complex reasoning and knowledge delivery. This study
examines how the manner in which instructions are framed
for such models affects the quality of educational support they
provide. Five distinct instructional framing techniques —
direct querying, example-guided prompting, reasoned step
prompting, persona-assigned prompting, and context-
enriched prompting — were tested across four leading Al
language systems within undergraduate academic scenarios
spanning Mathematics, Computer Science, and General
Science. A repository of 1,200 learner-generated questions
formed the experimental base. Outcomes were assessed on
correctness, comprehensibility, topical alignment, and learner
contentment. Findings indicate that context-enriched
prompting delivered the strongest results with an accuracy
rate of 86.7% and a satisfaction score of 4.6 out of 5, while
reasoned step prompting closely followed at 84.2%. These
results offer educators and system designers a structured
foundation for deploying Al-assisted tutoring tools more
effectively within institutional settings.
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1. INTRODUCTION

Academic institutions across the globe are witnessing a
fundamental change in the way knowledge is delivered and
received. Intelligent systems powered by advanced
language processing are increasingly being explored as
supplementary teaching tools, capable of personalising
content, responding to learner queries around the clock, and
adapting explanations to varying levels of comprehension.
This shift has created fresh opportunities for reimagining
the classroom experience.

Amongst the most promising innovations are Al
language models — computational systems trained on vast
corpora of text that demonstrate an impressive ability to
generate contextually appropriate and coherent responses
across a wide range of topics. Platforms built on these
models are already being piloted in tutoring centres, online
learning portals, and university support services worldwide.
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However, harnessing the full potential of these systems
within educational settings is not as straightforward as
merely deploying them and expecting uniform results. The
way a question or instruction is presented to the model —
commonly referred to as a prompt — exerts a considerable
influence on the nature, accuracy, and usefulness of the
generated response. Variations in phrasing, level of detail,
contextual information, and structural framing can produce
markedly different outputs from the very same underlying
model.

This observation motivates the central inquiry of the
present study: among the principal techniques used for
structuring prompts in Al language models, which
approach yields responses of the greatest educational value
when applied to undergraduate academic content? The
paper undertakes a controlled empirical investigation
across five instructional framing methods, four Al language
platforms, and three subject disciplines, measuring
performance on dimensions of accuracy, clarity, relevance,
and learner satisfaction. The aim is to provide actionable
guidance for educators, curriculum designers, and Al
deployment teams working at the intersection of
technology and teaching.

II. LITERATURE REVIEW

A. AI Language Models as Academic Support Tools

Scholarly attention toward Al language systems in
educational contexts has grown substantially in recent
years. Early investigations highlighted the capacity of such
models to generate plausible explanations and worked
examples across a diverse array of disciplines, making
them attractive candidates for supplementary tutoring roles.
Studies  conducted in  technology-rich  university
environments reported that students who accessed Al-
assisted query resolution demonstrated improved self-study
habits and greater engagement with course material.

Subsequent research examined the reliability of Al-
generated academic content. While the fluency and
apparent coherence of model outputs were generally
praised, concerns were raised about occasional factual
inaccuracies — particularly in domains requiring precise
numerical reasoning or the application of context-specific
regulatory frameworks.
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These findings underscored the importance of deploying
such tools with appropriate safeguards and user awareness.

More recently, comparisons between multiple Al
language platforms have revealed meaningful differences
in performance profiles across disciplines. Models
optimised for conversational fluency sometimes sacrificed
factual rigour, whereas those trained with greater emphasis
on structured knowledge retrieval tended to produce more
reliable outputs in technical subject areas. The implication
for education is that platform selection should be informed
by the specific academic demands of the deployment
context.

B. Instructional Framing and Prompt Design

The effect of prompt structure on Al output quality has
attracted dedicated investigation within the natural
language processing research community. Foundational
work in this area established that providing a model with
illustrative examples of a desired response type
significantly narrows the range of possible outputs and
steers the model toward more targeted answers. This
observation gave rise to example-guided prompting as a
recognised technique.

A particularly influential development was the
introduction of reasoning-elicitation prompting, wherein
the model is explicitly instructed to work through a
problem in sequential logical steps before arriving at a
conclusion. Evaluations across mathematical reasoning
tasks and multi-step inference problems demonstrated that
this approach yielded substantially higher correctness rates
compared with direct querying, especially for problems of
higher cognitive complexity.

Separately, the technique of supplementing a prompt
with excerpts from authoritative reference documents was
shown to dramatically reduce the occurrence of fabricated
or imprecise claims in Al responses. By anchoring the
model's output to verified source material, this method
proved particularly valuable in knowledge-intensive
domains where accuracy is non-negotiable.

C. Identified Research Gap

Despite the breadth of existing investigation, a notable
absence persists in the literature: no published study has
undertaken a simultaneous, controlled comparison of
multiple instructional framing strategies across several Al
language platforms within a purposefully designed
undergraduate educational scenario. Prior work has tended
to isolate individual techniques or assess single platforms,
limiting the generalisability of findings. The current study
is designed specifically to address this gap.
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I1I. METHODOLOGY

A. Construction of the Question Repository

A structured collection of 1,200 student-generated
academic questions was assembled to serve as the
experimental foundation. Questions were drawn equally
from three undergraduate disciplines: Mathematics,
Computer Science, and General Science, yielding 400
items per domain. To ensure coverage across cognitive
demand levels, questions were categorised according to a
three-tier  classification  aligned with  established
frameworks of academic thinking: foundational recall (Tier
1), applied problem-solving (Tier 2), and higher-order
synthesis and critique (Tier 3). Each tier was represented
by an equal proportion of questions within every discipline.

B. Instructional Framing Approaches

Five approaches to structuring prompts were designed
for systematic evaluation:

Direct Querying: The academic question is presented to the
model without any supplementary context, examples, or
structural guidance. This approach establishes the baseline
against which all other methods are benchmarked.

Example-Guided Prompting: Prior to the target question,
two to five representative question-answer pairs from the
same domain are included in the prompt. This gives the
model a concrete template of the expected response format
and depth.

Reasoned Step Prompting: The prompt explicitly directs
the model to articulate its reasoning process in a step-by-
step sequence before presenting a final answer. This
approach is particularly suited to procedural and analytical
question types.

Persona-Assigned Prompting: The model is introduced to
the task with a defined academic identity, such as being
characterised as a senior faculty member specialising in the
relevant discipline. This framing encourages more
structured and authoritative response styles.

Context-Enrviched Prompting (RAG): Relevant passages
extracted from curated undergraduate textbooks and
verified reference materials are incorporated directly into
the prompt alongside the question. This grounds the
model's response in authoritative domain content.

C. Al Platforms Selected for Evaluation

Four AI language platforms were included in the study:
GPT-4 developed by OpenAl, Claude 3 Sonnet from
Anthropic, Gemini 1.5 Pro produced by Google DeepMind,
and Llama 3 with 70 billion parameters released by
Meta Al
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All platforms were accessed through their respective
application programming interfaces. A  consistent
generation temperature of 0.3 was applied across all
evaluations to minimise variability attributable to model
stochasticity. No custom training or parameter adjustment
was performed; all assessments reflect standard prompted
inference behaviour.

D. Assessment Framework

Each generated response was evaluated across four
performance dimensions by a review panel comprising
three subject-matter experts: (1) Factual correctness,
expressed as a percentage of responses containing accurate

and complete information; (2) Comprehensibility,
reflecting how clearly and logically the explanation was
structured; (3) Topical alignment, measuring the degree to
which the response addressed the specific intent of the
question; and (4) Learner satisfaction, collected through a
post-session  questionnaire  administered to 150
undergraduate volunteers using a five-point scale.
Consistency of expert judgement was confirmed through
inter-rater reliability analysis, producing a Cohen's Kappa
coefficient of 0.81 reflecting strong evaluator
agreement.

IV. PROMPT STRATEGY OVERVIEW

INSTRUCTIONAL FRAMING S?f?liﬁ‘]iiIGIES: DESCRIPTIVE OVERVIEW
Strategy Definition ‘ Model Used Mean Score \ Engagement \
Zero-Shot Direct query; no examples given GPT-4 71.4% Moderate
Few-Shot 2-5 worked examples GPT-4 78.9% High
prepended
Chain-of-Thought Explicit step-by-step reasoning GPT-4 / Gemini 84.2% Very High
Role-Based Expert persona assigned to Claude 3 80.1% High
model
Retrieval-Aug. (RAG) Textbook excerpts injected as GPT-4 /Llama 3 86.7% Very High
context

V. RESULTS AND DISCUSSION

A. Summary of Measured Outcomes

The consolidated performance data derived from all four
Al platforms and all three subject disciplines are presented

in Table II below. Scores represent averages computed
across the full question repository and across all
participating evaluators. Each row corresponds to one
instructional framing strategy, and each column captures a
distinct dimension of response quality.

TABLE II —
PERFORMANCE COMPARISON ACROSS INSTRUCTIONAL FRAMING STRATEGIES

Prompt Strategy

Accuracy (%)

Clarity (%)

Relevance (%) Satisfaction (/ 5)

Zero-Shot 71.4 68.2 70.1 34
Few-Shot 78.9 76.5 79.3 39
Chain-of-Thought 84.2 83.7 85.0 44
Role-Based 80.1 79.8 81.2 4.1
Retrieval-Augmented 86.7 85.4 88.1 4.6
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B. Interpretation of Findings

Observation 1 — Context-enriched prompting yields
superior outcomes: Across all platforms and disciplines,
the approach of embedding authoritative reference material
within the prompt produced the most accurate and
satisfying responses. This outcome suggests that grounding
model outputs in verified textual sources is particularly
effective for undergraduate-level academic content, where
factual precision is essential.

Observation 2 — Reasoned step prompting excels at higher
cognitive levels: For questions classified under the
synthesis and critique tier, the reasoned step approach
achieved an accuracy of 91.3%, outperforming all other
techniques at this level of difficulty. The explicit
articulation of intermediate reasoning steps appears to
prevent the model from making unjustified inferential
leaps.

Observation 3 — Example-guided prompting consistently
surpasses direct querying: Providing the model with
representative worked examples prior to posing the target
question resulted in an average accuracy gain of 7.5
percentage points relative to direct querying. This
reinforces the value of structured exemplification in
directing model behaviour.

Observation 4 — Persona-assigned prompting improves
structural organisation: Responses generated under
persona-assigned conditions were rated most highly by
evaluators for logical organisation and conceptual
progression. However, this approach tended to produce
unnecessarily  lengthy  outputs when applied to
straightforward recall questions, slightly reducing learner
satisfaction for lower-tier items.

Observation 5 —  Platform-specific ~ behavioural
differences: GPT-4 recorded its strongest gains under
reasoned step prompting, while Claude 3 demonstrated a
distinct advantage when operating under persona-assigned
conditions. The Llama 3 platform exhibited the most
pronounced improvement when transitioning from direct
querying to context-enriched prompting, indicating that
open-access models derive proportionally greater benefit
from explicit contextual anchoring.

VI. PROPOSED DYNAMIC PROMPT SELECTION MODEL

Drawing on the patterns observed across the
experimental conditions, this paper introduces a Dynamic
Prompt Selection Model (DPSM) as a practical guidance
tool for educators and system architects.
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The model operates by classifying each incoming learner
query according to three parameters: the cognitive demand
tier of the question, the knowledge intensity of the subject
domain, and the availability of curated reference material
for contextual augmentation.

When a question falls within the higher cognitive tier
and domain-specific reference material is accessible,
context-enriched prompting is recommended as the primary
approach. For equally complex questions in the absence of
accessible reference material, reasoned step prompting is
the preferred alternative. Example-guided prompting is
indicated for mid-tier applied questions across all
disciplines. Direct querying is retained for straightforward
recall questions where response speed is the primary
concern. Persona-assigned prompting serves as a
supplementary layer applicable across all tiers to enhance
structural quality where response organisation is valued.

A controlled pilot of the DPSM was conducted within a
simulated Al tutoring environment over four academic
weeks with undergraduate participants. Compared with a
static direct querying baseline, the dynamic approach
produced a mean improvement of 19.3% in post-session
assessment scores, lending preliminary empirical support to
the framework's practical utility.

VII. CONCLUSION

This investigation has established a systematic empirical
foundation for understanding how prompt structure
influences the educational effectiveness of Al language
models at the undergraduate level. Through a carefully
controlled experiment spanning five instructional framing
strategies, four Al platforms, three academic disciplines,
and 1,200 learner questions, the study has generated clear
and reproducible evidence that context-enriched and
reasoned step prompting consistently produce the most
educationally valuable outputs.

The Dynamic Prompt Selection Model developed from
these findings offers a replicable, evidence-based
mechanism for adapting Al instructional tools to the
specific demands of diverse academic scenarios. Rather
than treating AI deployment as a one-size-fits-all
proposition, the model encourages a deliberate and context-
sensitive approach to prompt engineering that can
meaningfully enhance learning outcomes.

Prospective directions for further inquiry include the
adaptation of these findings to multilingual educational
settings, the investigation of prompt strategies within
specialised postgraduate and professional training contexts,
and the design of longitudinal studies to measure sustained
learning benefits attributable to Al-assisted instruction
delivered through optimised prompting frameworks.
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