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ABSTRACT
The performance of Large Language Models (LLMs) for text
classification depends on how well prompts are designed and re-
fined. This paper presents a structured framework for improving
prompt refinement strategies for LLM-based classification, with
a focus on question-type classification for Microsoft technical
certification exams. Several prompt optimization techniques were
evaluated, including Chain of Thought (CoT), Self-Consistency,
Tree of Thought (ToT), and different configurations of Retrieval-
Augmented Generation (RAG) were evaluated. A modular prompt
structure was also developed to support category-specific evalu-
ation and improve decision consistency. Experiments were con-
ducted in three stages: (1) tuning and comparing prompt refine-
ment techniques, (2) optimizing RAG retrieval parameters, and
(3) applying a modular rule-based approach to enhance clas-
sification reliability. Experimental results indicate that the pro-
posed framework enhances classification performance, achiev-
ing an absolute improvement of approximately 40 percentage
points in F1 score compared to baseline prompting methods. The
methodology can be adapted to educational assessment, auto-
mated content analysis, and other text classification applications.
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Keywords
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1. INTRODUCTION
1.1 Research Background
Large language models have significantly advanced natural lan-
guage processing by demonstrating strong performance across a
wide range of text based tasks, including classification, sentiment
analysis, and question answering. Their adaptability and reasoning
capabilities make them particularly suitable for complex language
understanding tasks. However, achieving reliable performance in
text classification remains challenging due to factors such as am-

biguous prompt design, limited contextual grounding, and insuffi-
cient domain specific optimization.
Prompt engineering can be an effective method for improving
model behavior, by guiding large language models through iterative
prompt refinement. Well designed prompts can improve accuracy,
consistency, and interpretability of model outputs. This study fo-
cuses on prompt engineering for quality based exam question clas-
sification in technical certification assessments, where the objective
is to automatically identify and filter low quality questions while
maintaining alignment with domain specific evaluation criteria.

1.2 Problem Statement
Crafting assessment items for Microsoft credentials and certifica-
tions is an intricate, expensive, and time-consuming endeavor in-
volving many stakeholders, ranging from internal content develop-
ers to external specialized vendors. With nearly 90 certifications,
each requiring 100–300 questions for practice assessments, exams,
and certification renewals that demand regular refresh, the demand
for efficient, cost-effective, and high-quality assessment question
creation is paramount.
In the context of Microsoft Learn, the challenge is amplified by the
need to adhere to stringent rules and guidelines for exam standard-
ization, as detailed in a comprehensive 45-page document. Gener-
ated questions must be accurate, unbiased, and strictly based on Mi-
crosoft’s official documentation or training materials. The system
must produce items for a range of low- to high-stakes assessments,
including diverse question types beyond multiple-choice, reflect-
ing increased complexity and adherence to higher-order cognitive
skills as per Bloom’s taxonomy. Additionally, it is essential to iden-
tify duplicates and enemy pairs within the item bank, where enemy
pairs are questions that could hint at each other’s answers.
Conventional assessment authoring workflows are labor intensive,
inconsistent, and difficult to scale. While AI assisted authoring of-
fers the potential to improve efficiency and reduce manual effort,
its effectiveness depends on reliable classification and quality con-
trol mechanisms. Large language models combined with structured
prompt engineering present a promising solution, but their perfor-
mance varies based on prompt design and refinement. This moti-
vates the need for a modular and systematic prompt engineering
framework that improves classification accuracy and provides ac-
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tionable feedback for item authors or as input for an automated item
filtering system.

1.3 Research Objectives
This study introduces a comprehensive framework for optimizing
LLM prompts tailored to exam question quality classification tasks.
The research aims to:

(1) Develop and evaluate advanced prompt engineering strategies,
including Chain of Thought (CoT), Self-Consistency, and Tree
of Thought (ToT) techniques.

(2) Optimize Retrieval-Augmented Generation (RAG) to enhance
retrieval and generation processes.

(3) Propose a modularized prompt structure to enable category-
specific evaluations (e.g., relevancy, format, clarity, complex-
ity, accuracy).

(4) Assess the effectiveness of the proposed methodologies
through quantitative experiments measuring precision, recall,
and F1 scores.

Through iterative experimentation and performance evaluation, a
scalable methodology is established for achieving high accuracy
and consistency in LLM driven classification tasks. This work pro-
vides a practical guide for prompt optimization across diverse and
complex application scenarios.

2. RELATED WORK
2.1 Prompt Engineering for LLM Optimization
Prompt engineering is a key approach for improving the perfor-
mance of large language models on classification tasks. Early stud-
ies focused on zero shot and few shot learning, where models were
evaluated on unseen tasks with limited or no examples. More re-
cent work has explored zero shot text classification by integrating
prompt based keyword extraction and knowledge graph embed-
dings, demonstrating improved performance in low data settings
[21]. Other studies have questioned whether in context learning
alone is sufficient, suggesting that retrieval mechanisms or addi-
tional tuning may be required for reliable classification [4].
To improve interpretability and accuracy, Chain of Thought
prompting introduced structured reasoning steps [13], while Self
Consistency Chain of Thought aggregated multiple reasoning paths
to enhance reliability [21]. Tree of Thought prompting further ex-
tended this approach by evaluating alternative reasoning paths to
support decision making [22]. More recently, Rank Prompting has
been proposed to improve decision consistency in classification
tasks [29]. Additional research has examined lightweight large lan-
guage models for classification, showing that prompt learning tech-
niques can reduce computational cost while maintaining competi-
tive accuracy [3].
Prompt engineering has also been applied to domain specific tasks
such as legal text classification [6] and financial natural language
processing, where combining prompt strategies with fine tuning has
improved performance [15]. Prompt chaining approaches, in which
classification precedes extraction, have further demonstrated im-
provements in structured reasoning and information retrieval [10].
Building on these studies, this work integrates multiple prompt
engineering strategies within a unified classification framework.
Through iterative experimentation, Chain of Thought, Tree of
Thought, Role Prompting, and Rank Prompting were applied to the
same task and their effectiveness was evaluated using precision, re-
call, and F1 score metrics.

2.2 LLM Evaluation
Evaluation plays a critical role in assessing the effectiveness of
large language models for natural language processing tasks. Tradi-
tional evaluation methods rely on metrics such as BLEU, ROUGE,
and METEOR, which primarily measure surface level similarity
between generated text and reference outputs [17, 12]. While use-
ful, these metrics often fail to capture semantic correctness, log-
ical reasoning, and factual accuracy. More advanced evaluation
methods have been introduced, including BERTScore, which lever-
ages contextual embeddings to assess semantic similarity [26],
MAUVE, which compares the distribution of generated text with
human written text [18], and GPTScore, a model based metric
shown to correlate with human judgment [5].
Evaluating large language models in retrieval augmented settings
presents additional challenges, particularly for long context inputs.
Prior work has proposed dual perspective retrieval augmented gen-
eration frameworks to improve retrieval efficiency and context uti-
lization [27]. Other studies have examined how model performance
degrades as input context length increases, resulting in reduced
accuracy and consistency [24]. Evaluation efforts have also ex-
panded to include truthfulness and reliability metrics. The Truth-
fulQA benchmark focuses on factual correctness and hallucination
avoidance [12], while the Holistic Evaluation of Language Mod-
els framework incorporates dimensions such as bias, fairness, and
calibration [11].
In contrast to prior approaches, this study evaluates prompt engi-
neering strategies using expert labeled ground truth data within a
structured classification task. Instead of relying solely on generic
text similarity metrics, performance was assessed using precision,
recall, and F1 score metrics to ensure practical relevance.

2.3 Quality based Exam Question Classification
Quality based exam question classification evaluates assessment
items according to predefined criteria such as clarity, complexity,
and relevance [13]. Recent research has applied large language
models with adaptive techniques including prompt tuning and ac-
tive learning to improve classification performance [7]. Zero shot
classification methods have also been explored for domain specific
tasks, demonstrating that prompt based approaches can generalize
effectively with limited labeled data [21].
This study extends prior work by introducing a structured and data
driven framework to identify effective prompt tuning strategies for
exam question classification. Unlike general purpose classification
models, the proposed approach explicitly incorporates domain spe-
cific evaluation criteria. Related research in legal text classification
highlights the importance of tailoring prompt design to specialized
domains [6], while recent findings suggest that in context learn-
ing alone may be insufficient without additional tuning or retrieval
mechanisms [4]. Similar conclusions have been reported in finan-
cial text classification, where hybrid prompt based approaches im-
proved domain specific performance [15].
To support systematic evaluation, this work uses expert labeled
ground truth data to compare multiple prompt tuning strategies. In
addition, a Rule Compliance Score was introduced to measure how
closely model outputs align with predefined classification rules, en-
suring both accurate and contextually meaningful predictions. Prior
research on prompt chaining shows that classification before ex-
traction improves performance in structured retrieval tasks [10].
The resulting modular evaluation framework supports scalability
and adaptability, enabling application beyond educational assess-
ments to broader text classification scenarios.
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3. METHODOLOGY
The development of optimized prompts for exam question quality
classification followed a structured roadmap that used classifica-
tion metrics as evaluation criteria for comparative analysis. Itera-
tive experiments were conducted to assess effectiveness and adapt-
ability, with ground truth data used to validate improvements in
classification performance. This roadmap enabled systematic inte-
gration and refinement of prompt engineering techniques through
controlled experimentation.
The framework emphasized refined prompt patterns and advanced
in context strategies, including hybrid combinations such as Few
Shot Prompting with Chain of Thought and Zero Shot Prompt-
ing with Chain of Thought, as well as Role Prompting and Rank
Prompting. Further optimization was achieved through Retrieval
Augmented Generation, with experiments on chunk size selection,
overlap configuration, and indexing strategies. Finally, a modular-
ized approach was introduced to improve scalability and support
structured evaluation across classification categories.

3.1 Prompt Engineering Techniques
3.1.1 Zero-Shot Prompting. In the zero-shot prompt technique,
specific to the use case the model classified exam questions based
on task instructions without any guiding examples [19, 16]. The
prompt defined the role, rules for classification, and an output
format in JSON. The technique established a baseline using pre-
trained knowledge but struggled with nuanced rule violations and
logical connections between question stems. These limitations
highlighted the need for contextual guidance, paving the way for
improved techniques such as Few-Shot Prompting.

3.1.2 Few-Shot Prompting. Few-shot prompting significantly en-
hances LLM’s ability to classify questions by embedding task-
specific examples within the prompt [14]. This technique leverages
a small, curated set of examples to establish context, guiding the
model’s responses toward alignment with the predefined classifi-
cation rules [28]. For instance, in the classification task, sample
questions and responses are included to illustrate compliance or vi-
olation of quality criteria.

3.1.3 Chain of Thought Prompting. Chain of Thought (CoT)
prompting is a structured approach that guides an LLM through
a sequential reasoning process to enhance its decision-making ca-
pabilities. Specific to the use case (Figure 1), CoT prompting in-
volves breaking down the evaluation into discrete, logical steps cor-
responding to predefined rules.
Each step requires the model to assess specific rule categories
and provide detailed reasoning for its classification decisions. CoT
prompting combines systematic evaluation, granular reasoning, and
enhanced consistency to significantly improve classification ac-
curacy. By structuring the evaluation process through Sequential
Analysis, CoT prompts guide the model to address each rule me-
thodically, minimizing the risk of overlooking critical quality as-
pects. The structured breakdown of criteria further enables the iden-
tification of nuanced rule violations, enabling the model to tackle
intricate tasks.

Prompt Excerpt

Task:
For each exam question provided, please follow the steps to evaluate

Fig. 1. Chain-of-Thought(CoT) Prompt Flow

it sequentially against a set of defined rules.

Step 1: Assess Question Clarity and Subtlety
- Rules: <list of rules>
- Provide a decision indicating compliance or violation in **Rule 1
Decision**, with a brief explanation in **Rule 1 Explanation**.

Step 2: Evaluate Answer Quality and Challenge
- Rules: <list of rules>
- Provide a decision indicating compliance or violation in **Rule 2
Decision**, with a brief explanation in **Rule 2 Explanation**.
...

Overall Classification Decision Process:
- After assessing each step, compile the decisions. Conclude with an
overall classification decision of the question as ”Level1” or ”Other”
in ”ItemLevel”, based on the assessments made for each rule. Provide
an ”Overall Reasoning” for the final decision.
- If the question violates any rule, classify it as ”Level1” and provide
reasoning highlighting which specific rule(s) were violated. This indi-
cates the question is unsuitable for use due to issues in clarity, chal-
lenge, depth, or logic.
- If the question adheres to all the **Rules**, classify it as ”Other”
and affirm the question’s adherence to the quality standards.

3.1.4 Self-Consistency Chain of Thought Prompting. Self-
Consistency Chain of Thought (SC-CoT) prompting leverages the
principles of SC-CoT reasoning to systematically evaluate exam
questions in this use case [20] (See Figure 2). The method empha-
sizes the rigorous assessment of question quality across rules within
predefined categories. This technique ensures robust and consistent
classification by generating multiple reasoning paths for the same
question and consolidating these paths into a final decision based
on modal consensus.

3.1.5 Tree of Thought Breadth-First Search Prompting. The
Breadth-First Search (BFS) approach in Tree of Thought(ToT)
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Fig. 2. Self-Consistency Chain-of-Thought (SC-CoT) Prompt Flow

prompt systematically evaluates questions against predefined rules
[22] (See Figure 3).
Each category of rule was treated as a distinct branch. The BFS
strategy ensured that all rules were evaluated concurrently, allow-
ing for a comprehensive assessment of questions quality. Few-shot
examples illustrated compliant and non-compliant scenarios, en-
abling the model to better understand the evaluation process.
Each question was simultaneously evaluated against all rules in par-
allel, leveraging BFS to prevent oversight in the decision-making
process. For example, Rule 1 focused on whether the question stem
was clear and free from overt clues, while Rule 2 checked the qual-
ity of distractors and alignment with technical requirements. Rule
3 assessed the question’s complexity to ensure it extended beyond
basic memorization, and Rule 4 confirmed the logical connection
between the stem and answers. Aggregating the results from all
branches ensured comprehensive evaluation and accurate classi-
fication. Questions failing any rule were classified as ‘violation’
while those complying with all were deemed ‘compliant’. The BFS
strategy improved transparency by requiring detailed explanations
for each decision, facilitating validation against predefined criteria.

3.1.6 Tree of Thought Depth-First Search Prompting. In Depth-
First Search (DFS) ToT prompting, rules are assessed sequentially
(See Figure 4).
If a rule is violated, the classification halts, reducing unnecessary
evaluations [22]. With DFS, the model evaluated Rule 1 first. If the
question stem failed this rule, further evaluation ceased, classify-
ing the questions immediately. This method optimized resource use
by focusing on problematic rules. This DFS strategy proved effec-
tive in identifying low-quality questions early in the evaluation pro-
cess, significantly reducing computational overhead. By progress-
ing rule-by-rule, the model ensured thorough and focused assess-
ments, avoiding distractions from irrelevant checks. The method
demonstrated a strong capacity for early error detection, contribut-

ing to a more robust and scalable evaluation framework for question
stem.

3.1.7 Role-Play Prompting. Role-Play Prompting involves as-
signing the model a specific role, such as a subject-matter expert,
to guide its behavior and align responses with domain-specific ex-
pectations [9]. This method improves task-specific performance by
embedding contextual relevance into the prompt. The prompt di-
rected the model to evaluate questions according to categorized
rules, simulating the decision-making process of a professional
psychometrician.

Prompt Excerpt

Role:
You are a renowned Certification Exam Psychometrician tasked with
safeguarding the integrity and efficacy of the certification exams.
Your expertise is crucial in maintaining the highest quality standards
for the examination process. Today, you will perform a critical analy-
sis of several exam questions to ensure they meet defined strict criteria.

Task:
As the psychometrician, your role involves meticulously evaluating
each exam question to identify those that are unsuitable for use,
referred to as Level 1 questions. You will apply your expertise to
examine each question against the comprehensive quality criteria.
These criteria are designed to ensure that the questions are relevant,
sufficiently challenging, and align with the expected knowledge and
skills of the candidates.
...

3.1.8 Rank Prompting. The Rank Prompting approach was uti-
lized to evaluate question stems by systematically generating and
comparing multiple reasoning paths for each rule [7]. The primary
objective was to identify unsuitable questions based on violations
of rigorous quality rules. For each rule, the model generated at least
three distinct reasoning paths and ranked them based on rule cat-
egories. For example, Rule 1 evaluated whether the question stem
was clear and free of answer hints. The model generated different
interpretations of the stem’s clarity and ranked these paths to iden-
tify the most consistent and logical assessment. The technique’s ef-
ficiency was evident in the early identification of low-quality ques-
tions, reducing redundant evaluations and streamlining the process.
All prompt engineering techniques were applied under identical ex-
perimental conditions on the same labeled dataset, ensuring fair
comparison. By standardizing evaluation across Zero Shot, Few
Shot, Chain of Thought, Self Consistency, Tree of Thought, Role
Prompting, and Rank Prompting, the effect of each technique on
classification accuracy was isolated.

3.2 Retrieval Augmented Generation
Retrieval Augmented Generation techniques were evaluated to
improve retrieval quality and support more accurate response
generation[25]. The approach involved systematic variation of
chunk size and chunk overlap to identify effective context windows
for retrieval. Chunk configuration directly affects retrieval perfor-
mance, as larger chunks provide broader context but may introduce
irrelevant information, while smaller chunks improve precision at
the risk of losing contextual continuity.
Multiple retrieval strategies were examined, including keyword
based search, vector based search, Maximal Marginal Relevance,
and hybrid search methods. Keyword based retrieval performs well
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Fig. 3. Tree of Thought (ToT) Breadth-First Search (BFS) Prompt Flow

Fig. 4. Tree of Thought (ToT) Depth-First Search (DFS) Prompt Flow

for structured queries but often lacks semantic depth. Vector based
retrieval improves semantic matching through dense embeddings
but may be less effective for specialized domain queries. Maxi-
mal Marginal Relevance balances relevance and diversity, reduc-
ing redundancy in retrieved results. Hybrid search combines key-
word and vector based methods to leverage the strengths of both
approaches. These retrieval designs align with recommendations
from Rankify, which integrates dense and sparse retrievers with re
ranking for systematic evaluation of Retrieval Augmented Genera-
tion pipelines [1].
Recent studies indicate that standard Retrieval Augmented Gen-
eration architectures face challenges when handling long context
inputs [27]. LongRAG introduces a dual perspective retrieval strat-
egy that improves context selection and response synthesis. Moti-
vated by this work, re ranking strategies were evaluated to improve
retrieval quality and reduce hallucinations. Re ranking prioritizes
relevant documents and limits the inclusion of misleading context.
Prior research such as RankRAG [23] and DSLR [8] demonstrates
that fine grained ranking improves factual consistency while pre-
serving informativeness. Additional work shows that attention pat-
terns in large language models can support efficient zero shot re
ranking with low latency [2]. The experiments applied these in-
sights to improve factual accuracy in generated responses.

Different embedding models were further evaluated, and the
Chroma indexer was employed to support efficient retrieval at scale.
Embedding selection plays a critical role in capturing semantic re-
lationships, while the Chroma indexer enables scalable indexing
and retrieval across large text corpora.
Overall, these experiments provide insights into effective retrieval
configuration for item classification tasks. By systematically eval-
uating retrieval strategies, chunking methods, embedding models,
and re ranking techniques, this study contributes to the develop-
ment of a robust and scalable Retrieval Augmented Generation
pipeline for large language model driven classification.

3.3 Modularized Approach
During the initial prompt engineering and Retrieval Augmented
Generation experimentation using a single system prompt, all rules
were incorporated into one large prompt. While this approach was
straightforward to implement, it presented several challenges: (1)
the prompt became excessively long, straining the model’s atten-
tion and context window, (2) multiple nuanced rules had to be sum-
marized or merged, sometimes causing a loss in granularity, and
(3) the large language model (LLM) often tended to overlook or
skip certain rules due to the sheer volume of information. These
limitations motivated the development of a modularized approach,
in which the rules were divided across five distinct prompts, each
dedicated to a specific category. By modularizing the rules, the ap-
proach ensures that the large language model addresses each re-
quirement in a more systematic and accurate manner.

3.3.1 Approach Design. The modularized approach divides the
overarching “question quality” rules into five categories:

(1) Accuracy: Focuses on ensuring factual correctness and align-
ment with the intended learning outcomes.

(2) Clarity: Addresses linguistic clarity, unambiguous language,
and straightforward question stems.

(3) Complexity: Assesses whether the question’s difficulty and
cognitive load align with the targeted skill level.

(4) Format: Looks at formatting guidelines, such as question
structure, choice layout, and readability.

(5) Relevancy: Evaluates the question’s pertinence to the course
content or learning objectives.

For each of these categories, a separate prompt was developed,
which includes: 1) A concise set of rules specific to that category
(e.g., “There is no technical error in question stem” under Accu-
racy); 2) Instructions on how to determine compliance or violation
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of each rule; and 3) Examples of compliance or violation if neces-
sary. By doing so, the LLM processes a reduced set of instructions
per prompt, lowering the likelihood of ignoring or conflating cer-
tain rules.

3.3.2 Implementation Details. According to Figure 5:

Fig. 5. Flow Chart of Modularized Approach

(1) Five-Prompt Evaluation: Each question (or item) is sequen-
tially passed through five prompts—one for each category. The
model outputs a verdict of either “violation” or “compliance”
for each relevant rule under that category.

(2) Rule Violation/Compliance Scoring: Each category (Accu-
racy, Clarity, Complexity, Format, Relevancy) yields a cate-
gory score. The default for a fully compliant category is a max-
imum score (category-specific maximum). For every rule vio-
lated:
(a) A penalty is applied that reduces the category score.
(b) An “easy-to-fix” factor (ranging from 1 to 3) is consid-

ered to scale the penalty. Rules that are deemed easier to
fix incur a smaller penalty than more complex or critical
rules.

(c) If a rule is a “deal breaker,” violation of that rule sets the
entire category’s score to 0, reflecting the significance of
that rule.

(3) Summation of Scores: Once the LLM has evaluated com-
pliance/violation across all five categories, a Final Score was
computed by summing the 5 individual category scores. This
Final Score provides a holistic view of the item’s overall qual-
ity.

(4) Final Classification Decisions: Drawing on insights from
subject matter experts, specifically content authors, thresholds
and conditions were defined to classify items as Level 1 bad
questions or Acceptable. The classification logic, based on
grading criteria provided by content authors, includes condi-
tions such as:
(a) Score Thresholds: Different thresholds are imposed for

both the overall Final Score and individual category

scores. For example, if the Final Score falls below a de-
fined cutoff, such as 56 or 58, and category scores in Ac-
curacy or Format drop below predefined thresholds, the
item is automatically classified as Level 1.

(b) Deal Breakers: If any deal-breaker rule is violated (re-
sulting in a 0 score in any category), the item is flagged as
Level 1.

By combining these rules, penalties, and threshold checks, a struc-
tured and transparent classification process is established, enabling
precise identification of the category or categories that require im-
provement.
The modularized approach improves maintainability by organizing
rules into category specific prompts, simplifying updates and on-
going management. It provides granular diagnostic feedback that
enables item writers to identify problematic categories and address
issues more efficiently, while preserving detailed rule coverage and
subject matter expert priorities. The structure also supports scala-
bility by allowing new categories or rule changes to be incorporated
without redesigning the entire system.

4. EXPERIMENTS AND EVALUATION RESULTS
4.1 Experimental Data and Evaluation Design
To evaluate the effectiveness of the proposed classification ap-
proaches across diverse scenarios, the study employs three stan-
dard evaluation metrics, Precision, Recall, and F1 Score, com-
puted against a labeled dataset of certification exam questions. The
dataset contains over 520 questions drawn from 20 Microsoft tech-
nical certification exams, with each exam contributing between 20
and 40 questions. These exams span six major solution areas, in-
cluding Infrastructure, Data & AI, Digital & App Innovation, Busi-
ness Applications, Modern Work and Security. This design enables
evaluation across varied technical domains, question formats, and
cognitive complexity levels.
Each question was independently reviewed and labeled by subject
matter experts using predefined quality criteria that include accu-
racy, clarity, complexity, format, and relevancy. Based on these cri-
teria, questions were classified as either Level 1 or Acceptable.
These expert annotations serve as ground truth labels for all re-
ported performance metrics, ensuring that evaluation reflects real
world assessment standards.
Rather than treating the dataset as a single uniform corpus, the eval-
uation design explicitly incorporates variability across exams, so-
lution areas, and content styles. The selected certification exams
represent distinct technical contexts and authoring conventions, al-
lowing performance to be assessed under multiple realistic usage
scenarios. As a result, the reported metrics capture model behav-
ior across heterogeneous datasets that differ in language structure,
domain constraints, and assessment intent.

4.1.1 Iterative and Multi Scenario Evaluation Strategy. An it-
erative and multi scenario evaluation strategy was adopted to
strengthen robustness and generalizability. Initial prompt engineer-
ing and retrieval configurations were evaluated on smaller subsets
ranging from 50 to 100 questions. These subsets were intention-
ally sampled across different certification exams and solution areas
to ensure coverage of diverse question types, difficulty levels, and
domain specific constraints.
Findings from early stage evaluations informed refinements to
prompt structures, retrieval parameters, and classification logic be-
fore scaling to larger subsets. Once stable performance trends were
observed across multiple subsets and scenarios, the most effective
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configurations were evaluated on the full dataset of 520 questions.
This staged approach enabled systematic identification of failure
cases and reduced the risk of overfitting to specific exams or ques-
tion styles.
By repeatedly evaluating performance across exams from different
solution areas at each stage, the study demonstrates that observed
improvements are consistent across multiple datasets and assess-
ment scenarios. Performance gains were found to be stable across
domains with varying technical focus and linguistic structure, sup-
porting the applicability of the proposed framework to large scale
and diverse certification assessment settings.

4.1.2 Experimental Setup and Model Configuration. All exper-
iments were conducted using the Azure OpenAI Service, primar-
ily leveraging the GPT-4.0 model. To ensure comparability across
prompt engineering techniques, inference parameters were held
constant across all runs. The temperature was set to 0.5 to balance
determinism with controlled variability, the maximum token limit
was capped at 1,500, top-p was set to 1.0, and both frequency and
presence penalties were fixed at 0.5.
Each experimental configuration was evaluated three times to miti-
gate stochastic variation, and all reported results represent averages
across runs. In addition to prompt-only experiments, Retrieval-
Augmented Generation (RAG) configurations were systematically
evaluated by varying chunk sizes (ranging from 1,000 to 8,191
tokens), overlap values (0 to 150 tokens), and retrieval strate-
gies, including Keyword-based search, Vector-based search, Maxi-
mal Marginal Relevance (MMR), and Hybrid approaches with re-
ranking.
For retrieval experiments, both Ada-002 and MiniLM-L6-v2 em-
bedding models were employed, with all embeddings indexed us-
ing the Chroma vector database. This experimental design en-
abled controlled comparison of prompt engineering techniques, re-
trieval strategies, and modular evaluation approaches under consis-
tent conditions.

4.2 Definitions and Importance of Evaluation Metrics
(1) Recall: Recall measures the proportion of problematic ques-

tions correctly identified by the model. High recall is critical
to prevent flawed items from compromising exam validity and
learner outcomes.

(2) Precision: Precision indicates the proportion of questions clas-
sified as problematic that are truly problematic. High precision
minimizes unnecessary manual review by reducing false posi-
tive classifications.

(3) F1 Score: The F1 score combines precision and recall into a
single metric, providing a balanced assessment of overall clas-
sification performance when both false negatives and false pos-
itives are costly.

Given the high stakes of exam reliability, recall is slightly prior-
itized over precision in the final selection. Identifying as many
flawed questions as possible (even if it means some additional man-
ual checks for false positives) is generally deemed more acceptable
than letting defective questions remain in circulation.

4.3 Comprehensive Prompt Engineering Results
Table 1 summarizes the performance of various prompt engineering
methods, which gives the average scores of all the testing exams:
On the prompt engineering front, Role Prompting combined with
Few-Shot examples and Self-Consistency in Chain of Thought
(SC-CoT) reasoning delivered the best performance, attaining sim-

Table 1. Prompt Engineering Methods Performance
Method Prec. (%) Rec. (%) F1 (%)
Zero-Shot Prompting 15.38 4.65 7.14
Few-Shot Prompting (1) 29.03 20.93 24.32
Few-Shot Prompting (2) 28.57 23.26 25.64
CoT Prompting 23.08 6.98 10.72
CoT + Few-shot (Self-
Consistency)

38.10 55.81 45.29

ToT (BFS) 15.38 4.65 7.14
ToT (DFS) 13.33 4.65 6.89
ToT (BFS) + Few-shot 25.00 20.93 22.78
Role Prompting 25.00 16.28 19.72
Role + Few-shot 41.07 53.49 46.46
Rank + Few-shot 29.79 32.56 31.11

ilar F1 scores. Both methods underscore the value of combining
innovative strategies and precise configurations for achieving opti-
mal results in their respective applications. Considering the higher
Recall score of SC-CoT prompt, it was selected for further RAG
experiments.

4.4 RAG Experimental Results
Table 2 is a cross-tabulation of the RAG experimental results on
SC-CoT prompt, highlighting the performance metrics achieved
under each configuration.
For retrieval techniques, Hybrid (0.5-0.5) Search + Re-ranking with
Ada-002 embedding and Chroma indexer at a chunk size of 8191
and overlap of 150 emerged as the top configuration, achieving the
highest F1 score of 56.88%, with a precision of 45.21% and recall
of 76.74%. The balanced hybrid search weights, re-ranking, and
advanced embedding methods proved highly effective.

4.5 Modularized Approach Results
Table 3 presents the performance of the modularized evaluation ap-
proach:
The Modularized Approach achieved strong overall performance,
evidenced by a high recall of 88.89% and a balanced F1 score of
66.67%, despite a moderate precision of 53.33%. This indicates
that while the system occasionally includes some false positives,
it is exceptionally effective at capturing the majority of relevant in-
stances. The balanced F1 score underscores that the benefits of high
recall outweigh the trade-offs in precision, making the Modularized
Approach a robust solution for applications where comprehensive
retrieval is paramount.

5. DISCUSSION
5.1 Interpretation of Results
In this study, a systematic approach was established to address the
classification task, emphasizing the importance of precise and ef-
ficient methods in automated rule identification. The process be-
gan with extensive experimentation on various prompt engineering
techniques to determine the most effective structure for enhancing
classification accuracy. Through iterative testing, the Self Consis-
tency Chain of Thought prompt was identified as the most effective
approach, as it encourages the model to explicitly reason through its
decisions, thereby reducing ambiguity and improving interpretabil-
ity. As a result, this method emerged as the most suitable choice for
complex classification scenarios.
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Table 2. RAG Experimental Results
Chunk Size Overlap Search Method Embedding Indexer Precision (%) Recall (%) F1 Score (%)

1000 0 Keyword MiniLM-l6-v2 Chroma 12.50 4.65 7.78
1000 0 Vector MiniLM-l6-v2 Chroma 32.73 41.86 36.73
4096 150 MMR MiniLM-l6-v2 Chroma 34.55 44.19 38.78
8191 150 MMR Ada-002 Chroma 38.60 51.16 40.00
8191 150 Hybrid (0.5–0.5) + Re-ranking Ada-002 Chroma 45.21 76.74 56.88
8191 150 Hybrid (0.8–0.2) + Re-ranking Ada-002 Chroma 40.63 60.47 48.56

Table 3. Modularized Approach Results
Approach Precision (%) Recall (%) F1 Score (%)
Modularized Approach 53.33 88.89 66.67

Following the prompt tuning experiments, different parameter con-
figurations for Retrieval Augmented Generation were systemati-
cally explored to optimize retrieval accuracy. By evaluating mul-
tiple configurations, RAG was fine tuned to ensure that generated
responses were both contextually accurate and relevant, thereby
strengthening the overall classification framework.
Building upon these advancements, a modularized approach to
question classification was introduced. This approach segmented
the classification task into discrete categories aligned with specific
rule categories, streamlining the identification and rectification of
rule violations. For content authors and domain experts, this mod-
ular strategy provides a clear and actionable framework, allowing
them to efficiently pinpoint and resolve specific issues without nav-
igating cumbersome or monolithic systems.
Another critical aspect of the applied methodology was the itera-
tive nature of experimentation. Rather than applying each method
to the dataset in a single pass, prompts were refined through multi-
ple smaller scale trials before being scaled to the full dataset. This
iterative design allowed us to (a) detect performance bottlenecks
early, (b) incorporate improvements dynamically, and (c) converge
toward stronger final results. This stepwise refinement not only
strengthens the validity of the reported metrics but also enhances
the reproducibility of this study for future researchers.
Overall, the findings highlight the effectiveness of this sequential
approach—progressing from prompt tuning to RAG optimization
and culminating in a modular classification framework. This struc-
tured methodology delivers accurate, interpretable, and adaptable
classification solutions tailored for dynamic environments.

5.2 Further Application and Impact
The proposed item classification framework has been integrated
into the Microsoft Learn assessment authoring workflow. By au-
tomating the evaluation of exam questions across key quality crite-
ria including accuracy, clarity, complexity, format, and relevance,
the system streamlines item review and provides targeted feedback
to item authors. This integration has reduced manual review effort
for subject matter experts and improved both efficiency and scala-
bility within the authoring process.
The framework currently supports the development and mainte-
nance of hundreds of assessment items across nearly ninety certifi-
cations. Early evaluations indicate that approximately forty percent
of AI generated items are suitable for practice assessments with-
out significant revision, while the system effectively identifies most
problematic items through high recall. Category specific feedback
enables item authors to resolve issues more efficiently, contributing
to improved quality and consistency across Microsoft Certification
assessments.

5.3 Broader Implications
The techniques introduced in this study extend beyond technical
certification exams. The modularized prompt engineering approach
can be applied to a wide range of text classification tasks, includ-
ing content moderation, customer support routing, and automated
grading. Retrieval Augmented Generation techniques may also en-
hance systems that require accurate retrieval and classification of
textual information, such as search and recommendation platforms.
Furthermore, this work emphasizes the value of incorporating do-
main specific rules into large language model workflows, which is
particularly important in regulated fields such as healthcare, legal
services, and finance.

6. CONCLUSION AND FUTURE WORK
This study introduces a novel, sequentially structured roadmap
for optimizing question classification tasks using Large Language
Models (LLMs), emphasizing an innovative modularized prompt
engineering framework. The research methodology followed a
clear sequential roadmap: initially focusing on identifying the opti-
mal prompt structure through rigorous prompt engineering, subse-
quently refining Retrieval-Augmented Generation (RAG) config-
urations, and finally developing and validating a modularized ap-
proach. Extensive experimentation confirmed that this sequential,
modularized strategy delivered substantial improvements in preci-
sion, recall, and F1 scores compared to conventional single-prompt
methods. The structured, modular design not only enhances accu-
racy and interpretability but also significantly simplifies rule viola-
tion detection and correction. This empowers content authors and
domain experts to efficiently address specific rule violations and
integrate evolving rules or additional categories seamlessly.
Future research directions include:

(1) Expanding to Broader Domains: Applying the modularized ap-
proach to diverse scenarios, such as sentiment analysis, intent
detection, and customer feedback analysis, to assess and vali-
date generalizability.

(2) Active Learning Integration: Exploring active learning meth-
ods to further enhance prompt optimization, minimizing the
manual effort required to maintain and update classification
systems.

(3) Model Efficiency through Distillation: Employing distillation
techniques to create lightweight models that retain classifica-
tion performance while reducing computational demands and
improving inference efficiency.

Ultimately, this research establishes a valuable foundation for
prompt engineering methodologies and RAG optimization and en-
courages further exploration into efficient, adaptable, and inter-
pretable classification strategies using LLMs.
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