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Abstract—The integration of Large Language Models (LLMs)
into software systems is transforming regulated sectors like insur-
ance, where precision, compliance, and efficiency are essential.
While proprietary LLMs like GPT-4 offer state-of-the-art per-
formance, their closed-source nature and high computational de-
mands constrain adoption in privacy-sensitive and cost-restricted
InsurTech environments. In response, this paper investigates how
lightweight, open-source LLMs can be effectively deployed for
domain-specific question answering in insurance, emphasizing
software engineering considerations such as modularity, inference
stability, and prompt orchestration. We propose a software-
engineered evaluation framework tailored to insurance-related
tasks, featuring modular prompt management, automated rubric-
based evaluation, and backend support for reproducibility and
compliance tracking. A curated benchmark dataset derived from
the Hong Kong Insurance Intermediaries Qualifying Examina-
tion (IIQE) is constructed to reflect real-world regulatory and
operational challenges. Ten open-source models are systemati-
cally evaluated across four question types using both standard
and Chain-of-Thought (CoT) prompting strategies. Our findings
show that compact models such as DeepSeek-R1-1.5B achieve
strong accuracy with minimal resource consumption, making
them suitable for practical deployment. CoT prompting further
enhances reasoning performance, particularly for models with 3B
parameters or more. With proper prompt design and modular
deployment, lightweight LLMs can support secure, efficient, and
interpretable InsurTech applications, enabling trustworthy AI-
driven software systems in regulated domains.

Index Terms—Large Language Models, Prompt Engineering,
InsurTech, Chain-of-Thought Reasoning, Software System Inte-
gration

I. INTRODUCTION

The rise of Large Language Models (LLMs) such as GPT-4,
LLaMA, and DeepSeek has significantly advanced the capabil-
ities of natural language processing, driving progress in ques-
tion answering, code generation, and conversational AI. As
summarized by Hou et al. [1], LLMs are rapidly transforming
various stages of the software development lifecycle, including
design, implementation, testing, and maintenance. At the same
time, Ozkaya [2] warns that while these tools are power-
ful, they pose risks related to hallucination, overconfidence,
and the difficulty of distinguishing between human-written
from AI-generated content. These developments increasingly
influence software system design, particularly in the creation

of intelligent components that support automation and user
interaction.

Aghajani et al. [3] highlight that software documentation
is often inadequate or outdated, hindering understanding and
maintenance. This motivates the use of LLMs to generate or
augment documentation in a task-aware and context-sensitive
manner, especially valuable in regulated domains where trans-
parency and clarity are critical. In such domains, including
insurance, Cao et al. [4] emphasize that integrating LLMs into
software systems offers promising opportunities to enhance
operational efficiency.

However, it simultaneously raises challenges regarding com-
pliance, reliability, and cost. Aryan et al. [5] note that or-
ganizations must carefully balance model accuracy, general-
ization, and deployment cost, while Jin et al. [6] emphasize
that effective LLM adoption requires disciplined engineering
practices, such as model monitoring, orchestration, and cost
management, to ensure safe and efficient operation in real-
world software environments.

The InsurTech sector exemplifies this transformation, as
software engineers actively leverage LLM-powered solutions,
demonstrated by Jin et al. [6], to automate claim processing,
policy explanation, and customer support. Kemell et al. [7]
observe that LLMs are increasingly employed as evaluators
within software pipelines, supporting tasks such as scoring,
correctness verification, and error detection. However, domain-
specific constraints, demonstrated by Anwar et al. [8] and
Fan et al. [9], including legal accuracy, data sensitivity, and
regulatory compliance, require careful software design. The
integration of LLMs into regulated industries, as highlighted
by Kemell et al [7], underscores the need for explainable,
secure and resource-efficient system architectures that ensure
reliable outputs.

Furthermore, reliance on closed-source LLMs such as GPT-
4 raises concerns about data privacy and system transparency.
This paper investigates how LLMs can be effectively in-
tegrated into insurance-related question-answering systems,
highlighting software engineering considerations such as de-
ployment strategies, performance trade-offs, and alignment
with industry standards.
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Wang et al. [10] emphasize that many organizations opt
for self-hosted, fine-tuned open-source LLMs to safeguard
sensitive code and data despite the performance gap relative
to proprietary models. Chen et al. [11] finds that targeted
language selection enhances performance while reducing train-
ing time in code-related tasks, reinforcing the importance of
lightweight models, such as DeepSeek-R1-1.5B, in environ-
ments where privacy, cost control, and efficiency must be
carefully balanced.

Given these constraints, lightweight and open-source LLMs
offer a pragmatic alternative for the InsurTech applications.
They balance computational efficiency, cost management, and
data protection, making them well suited to deployment in
regulated settings. Kang et al. [12] further suggest that with
careful prompting and supporting tool, smaller or self-hosted
models can handle a large portion of tasks typically assigned
to expensive cloud-based systems.

To address the specific engineering demands of this domain,
this paper proposes a modular integration framework that
facilitates the adoption of lightweight LLMs for insurance-
specific question-answering tasks. Yang et al. [13] emphasize
the non-functional requirements of the framework such as effi-
ciency, privacy, and explainability are essential to trustworthy
AI system design. It supports plug-and-play compatibility with
multiple open-source models. In this study, DeepSeek-R1-1.5B
is adopted as the default engine due to its strong downstream
performance. Alizadeh et al. [14] demonstrate that optimized
model deployment enables both full-precision and quantized
variants to balance inference accuracy with energy efficiency
and latency in offline environments.

Our work focuses on insurance-related question answering,
a task demanding precision, compliance awareness, and con-
textual reasoning. To support this, we construct a domain-
aligned benchmark inspired by Hong Kong’s Insurance Inter-
mediaries Qualifying Examination (IIQE), encompassing real-
world topics such as policy definitions, regulatory compliance,
actuarial calculations, and case-based advisories. Yu et al. [15]
show that instruction tuning can significantly improve LLM
adaptability to domain-specific tasks when coupled with well-
structured prompts. This supports our use of tailored prompt
engineering and instruction formats to guide insurance-related
question answering with high accuracy and relevance.

We evaluate multiple open-source LLMs using both stan-
dard prompting and Chain-of-Thought (CoT) prompting strate-
gies across varied question types. To explore the effectiveness
and limitations of LLMs in insurance-related software appli-
cations, this study defines three core objectives: (1) to evaluate
and compare the performance of different LLMs on domain-
specific insurance tasks, (2) to analyze performance varia-
tion across question typologies, including definition-based,
calculation-based, scenario-based, and regulation-focused, and
(3) to assess the impact of CoT prompting on accuracy in
reasoning-intensive contexts.

Through this empirical investigation, we demonstrate the
feasibility of building efficient, secure, and regulation-
compliant InsurTech systems using lightweight LLMs. The

key contributions of this paper are as follows:
• We present a comparative benchmark of several open-

source Large Language Models (LLMs) on a domain-
specific insurance question answering task, using a
dataset aligned with real-world regulatory and operational
requirements.

• We conduct a typology-driven analysis of LLM perfor-
mance across four distinct question categories: definition-
based, calculation-based, scenario-based, and regulation-
focused items, highlighting the strengths and weaknesses
of each model.

• We evaluate the effectiveness of Chain-of-Thought (CoT)
prompting in enhancing reasoning accuracy for complex,
context-sensitive insurance questions.

• We provide practical engineering insights and design rec-
ommendations for integrating LLMs into InsurTech sys-
tems, focusing on compliance-aware architecture, model
selection strategies, and deployment considerations for
regulated environments.

II. METHODOLOGY

We adopt a hybrid evaluation framework that combines
model performance benchmarking with software-oriented in-
tegration analysis. This dual-layer approach not only measures
the accuracy of large language models (LLMs) on insurance-
specific content, but also evaluates their practicality for de-
ployment in real-world InsurTech systems. From a software
engineering perspective, this includes factors such as domain
alignment, input/output reliability, and model adaptability
within regulated application environments.

To assess the language models’ effectiveness in handling
insurance-related questions, we employ the Insurance Interme-
diaries Qualifying Examination (IIQE) as our benchmark. The
IIQE serves as an authoritative and standardized certification
for individual licensees in Hong Kong, encompassing diverse
regulatory and operational aspects of insurance practice. Its
well-structured design provides a robust foundation for con-
structing evaluation tasks that mirror real-world insurance
workflows and compliance requirements, making it ideally
suited for benchmarking domain-specific LLM performance
within a software-integrated context.

A. Dataset

For this study, we constructed five examination sets, each
consisting of 255 multiple-choice questions randomly sampled
from the official IIQE question bank. All questions are written
in Traditional Chinese, consistent with the language used in
the actual IIQE examination. Each set includes 75 questions
from the Principles and Practice of Insurance (P&P) Paper, 50
from the General Insurance (GI) Paper, 50 from the Long Term
Insurance (LT) Paper, and 80 from the Investment-linked Long
Term Insurance (IL) Paper. Every question is annotated with a
reference answer and metadata (e.g. question type and source
paper) to support granular evaluation. Table I summarizes the
distribution of questions across the five sets.
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TABLE I: Distribution of questions across the five examination sets.

Label IIQE Set 1 Set 2 Set 3 Set 4 Set 5 Total

PP Principles and Practice of Insurance Examination 75 75 75 75 75 375
GI General Insurance Examination 50 50 50 50 50 250
LT Long Term Insurance Examination 50 50 50 50 50 250
IL Investment-linked Long Term Insurance Examination 80 80 80 80 80 400

Total 255 255 255 255 255 1275

The dataset comprises four distinct question types, each
targeting a specific dimension of insurance knowledge.
Definition-based questions evaluate the model’s understanding
of foundational concepts, such as terminology, principles, and
policy structures. Compliance-based questions test regulatory
comprehension, including legal obligations, insurance legis-
lation, and compliance standards. Scenario-based questions
assess contextual reasoning and real-world decision-making.
Calculation-based questions examine numerical reasoning and
the application of actuarial or financial formulas relevant to
insurance practice.

This typology establishes a structured basis for evaluat-
ing LLM capabilities across varied cognitive dimensions. By
systematically categorizing questions, we enable fine-grained
performance analysis, identifying each model’s strengths and
weaknesses in interpreting, reasoning about, and applying
insurance knowledge. The distribution of these question types
across the five examination sets is detailed in Table II.

B. Evaluated Language Models

Ten open-source LLMs of varying architectures and parame-
ter scales were evaluated: DeepSeek-R1 model (1.5B), Gemma
2 models (2B and 9B), Llama 3.1 (8B), Llama 3.2 models
(1B and 3B), and Qwen 2.5 models (0.5B, 1.5B, 3B, and 7B).
Table III summarizes the models and their parameter sizes.

The selected models represent different trade-offs between
reasoning ability, computational efficiency, and deployment
scalability, key considerations for InsurTech software systems.
DeepSeek-R1 (Guo et al. [16]) features a 1.5B-parameter ar-
chitecture optimized for reasoning via reinforcement learning,
producing chain-of-thought (CoT) output efficiently. Gemma
2 (Gemma Team et al. [17]) employs Transformer-based ar-
chitectures with reinforcement learning from human feedback
(RLHF), demonstrating strong performance across 2B and 9B
scales, particularly in compliance-sensitive or edge-deployable
settings.

The Llama series (Dubey et al. [18]) offers multilingual
capability and flexible deployment. Both the 8B model from
Llama 3.1 and the 1B/3B models from Llama 3.2 are tested
for latency-sensitive environments. Qwen 2.5 (Bai et al. [19])
provides domain-adaptive reasoning across models ranging
from 0.5B to 7B parameters.

All models incorporate modern instruction-tuning methods
such as Direct Preference Optimization (DPO) and support
long-context inference, making them well suited for complex
insurance tasks. Collectively, they demonstrate the growing
maturity of open-source LLM ecosystems as viable alter-

natives to proprietary systems for compliant, cost-effective
InsurTech deployment.

C. Prompting Strategies

To evaluate the reasoning and decision-making capabili-
ties of LLMs in insurance-related question answering, we
designed two prompting strategies: Standard Prompting and
CoT Prompting. Both follow a zero-shot format, requiring the
model to analyze a multiple-choice question and select the
most appropriate answer from the given options.

The goal of this comparison is to determine whether
explicit reasoning instructions improve model performance,
especially in tasks involving domain-specific logic, regula-
tory interpretation, actuarial computation, and scenario-based
judgment. In both setups, the models are also required to
provide justifications for their answers, allowing simultaneous
evaluation of answer accuracy and explanation quality, critical
for interpretability and trustworthiness in regulated domains
such as insurance.

From a software engineering perspective, prompt design
serves as a lightweight but powerful mechanism for guiding
model behavior. In compliance-sensitive environments like
InsurTech, prompts function as structured interaction modules
that ensure LLM outputs remain auditable, interpretable, and
aligned with regulatory requirements. Properly engineered
prompts thus enhance both trust and system accountability.

1) Standard Prompting: The model is instructed to read
the question and answer options, select the best choice, and
provide a brief justification. This setup is most effective for
definition-based or factually grounded questions. The standard
prompt is designed as follows:

Analyze the following question and options, then select the
best answer. Provide a brief reasoning for your choice.
Input: [Question and Options]

2) CoT Prompting: The CoT strategy extends the standard
prompt by instructing the model to “think step by step”,
encouraging the generation of intermediate reasoning steps
before reaching a conclusion. This is particularly useful for
tasks requiring contextual interpretation, policy analysis, or
numerical reasoning. The CoT prompt is designed as follows:

Analyze the following question and options, then select the
best answer. Provide a brief reasoning for your choice.
[Input: Question and Options]
Let’s think it step by step.
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TABLE II: Distribution of question types across the five examination sets

Label Type Set 1 Set 2 Set 3 Set 4 Set 5 Total

CAL Calculation-based Question 2 4 1 3 2 12
COM Compliance-based Question 64 67 60 63 64 318
DEF Definition-based Question 125 119 123 119 121 607
SCE Scenario-based Question 64 65 71 70 72 338

Total 255 255 255 255 255 1275

TABLE III: List of evaluated models

No. Label Model Parameter Size

1 Deepseek-R1-1.5B DeepSeek-R1 1.5B Small
2 Gemma-2-2B Gemma 2 2B Small
3 Gemma-2-9B Gemma 2 9B Medium
4 Llama-3.2-1B Llama 3.2 1B Small
5 Llama-3.2-3B Llama 3.2 3B Small
6 Llama-3.1-8B Llama 3.1 8B Medium
7 Qwen-2.5-0.5B Qwen 2.5 0.5B Small
8 Qwen-2.5-1.5B Qwen 2.5 1.5B Small
9 Qwen-2.5-3B Qwen 2.5 3B Small

10 Qwen-2.5-7B Qwen 2.5 7B Medium

This step-by-step design enhances traceability, transparency,
and post-decision auditability, critical features for regulated
domains. CoT responses can also be logged and reviewed,
making them suitable for explanation-aware interfaces or
human-in-the-loop validation.

By comparing both strategies across our benchmark dataset,
we provide empirical insights into how prompt engineering
influences model performance and system interpretability in
insurance applications.

III. EMPIRICAL SETUP

A. System Architecture

To enable structured experimentation and reproducible
benchmarking, we developed a modular software evaluation
system tailored for LLM-based insurance question answering.
The system architecture prioritizes flexibility, scalability, and
traceability, supporting prompt selection, model inference,
and automated evaluation. The workflow, shown in Fig. 1,
comprises of two key stages: Examination and Evaluation.

In the Examination stage, each insurance question is routed
through a Prompt Manager, which formats the question into
either a Standard Prompt or a CoT Prompt, depending on
the experimental configuration. The generated prompt is then
processed by the Model Execution Engine, which interfaces
with all ten open-source models. Each model generates a
predicted answer and, where applicable, its reasoning.

In the Evaluation stage, the system captures the question,
ground-truth answer, and model-generated output. This infor-
mation is passed to a Rubric-based Evaluator, which scores
both answer accuracy and explanation quality according to
predefined criteria. All metadata (model name, prompt type,
question type, and scores) are stored in a MongoDB database
for reproducibility, visualization, and subsequent analysis.

Fig. 1: LLM Evaluation Workflow: Insurance questions are
processed through standard or CoT prompt templates, exe-
cuted by the model engine, and scored using a rubric-based
evaluator. Results are stored in MongoDB for analysis.

This architecture provides end-to-end automation for
domain-specific evaluation while satisfying software-
engineering standards for modularity and audit-ability,
principles emphasized in trust-worthy AI system design.

B. Core Components and Experimental Control

The experimental infrastructure consists of five modular
components, each designed for reproducibility, fairness, and
integration within InsurTech platforms.
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The Prompt Manager handles the dynamic selection and
formatting of prompt templates. It maintains version control
for both standard and CoT prompts, ensuring consistent and
repeatable input generation across experiments.

The Model Execution Engine serves as the inference back-
end, interfacing with models via Hugging Face Transform-
ers and Ollama APIs. The engine supports batch execution,
caching, and configurable token limits, optimizing throughput
while maintaining compatibility with varying model architec-
tures.

The Evaluator Module employs GPT-4o as an external
judgment model to assess both answer correctness and expla-
nation quality. A rubric-based assessment is applied, following
the interpretability and auditability practices proposed by
Chundi et al. [20] and Kang et al. [21]. The rubric evaluates
correctness, relevance, and clarity, with human review applied
in ambiguous cases to ensure integrity.

All outputs, including model responses, prompts, scores,
and logs, are stored in the MongoDB-based Database Layer,
enabling complete traceability and longitudinal analysis.

Finally, an Experiment Orchestrator automates the full ex-
perimental cycle, ensuring consistent testing across all models,
question types (definition, scenario, compliance, calculation),
and prompting strategies. It also manages scheduling, error
handling, and performance logging to maintain reliability.

This modular design supports scalable and transparent
benchmarking, key requirements for evaluating AI systems in
regulated industries.

C. Dataset Formatting and Inference Workflow

A standardized inference workflow ensures consistency
across all evaluated models. The IIQE dataset comprises five
sets of 255 multiple-choice questions, covering four papers:
(P&P, GI, LT, and IL. Each question contains four options and
one correct answer. The preprocessing and inference pipeline
proceeds as follows:

1) Input Formatting: Each question is embedded into
either a standard or CoT prompt template according to
the experimental setting.

2) Response Generation: The model generates an answer
and, where applicable, an accompanying explanation.

3) Answer Extraction: The system parses the model’s
output to extract the selected answer (e.g., A, B, C, or
D).

4) Result Logging: All outputs, including responses,
prompt type, and metadata, are stored in the MongoDB
database.

To account for stochastic variability in LLM outputs, each
model is executed five times per exam set and per prompting
strategy. The final accuracy scores are computed as the mean
across runs, providing a more reliable estimate of model
performance. This repetition-based control method aligns with
best practices in empirical AI evaluation.

D. Research Questions

The study is structured around three research questions:

RQ1: Which LLMs perform best on domain-specific
insurance-related questions in terms of accuracy and clarity?

Ten open-source LLMs (0.5B–9B parameters) were bench-
marked on 1,275 multiple-choice questions from the Insurance
Intermediaries Qualifying Examination (IIQE), covering (P&P,
GI, LT, and IL papers. All models were tested under Standard
Prompting, which instructed them to select the best answer
and provide a short justification. Each model was run five
times to reduce stochastic variation, and average accuracy
was computed across runs. This setup provides a controlled
comparison of factual accuracy and robustness in applying
LLMs to insurance-specific knowledge.

RQ2: Does CoT prompting improve LLM performance on
reasoning-intensive insurance questions?

All ten models were further evaluated using Zero-shot
CoT Prompting, where an additional instruction to “think
step by step” encouraged explicit reasoning before answering.
Models generated both an answer and explanation, which
were scored for accuracy and explanation quality using a
rubric-based assessment with GPT-4o. Each experiment was
repeated five times per exam set, and results were averaged.
This design enables a controlled comparison of how structured
reasoning instructions affect model performance, particularly
in compliance interpretation and client-case analysis.

RQ3: How does performance vary across different ques-
tion types (e.g., definition-based, calculation-based, scenario-
based, compliance-based)?

All IIQE questions were annotated into four categories,
Calculation, Compliance, Definition, and Scenario, and each
model was evaluated under both Standard and CoT prompting.
This typology-based analysis reveals model strengths and
weaknesses across reasoning styles and knowledge types,
highlighting where targeted fine-tuning or domain adaptation
may further enhance InsurTech applications.

E. Evaluation Metrics and Scoring Procedure

To evaluate model performance on the IIQE benchmark,
we employed a structured, multi-dimensional scoring pipeline.
The evaluation framework measures both answer correctness
and explanation quality, using automated model-based scoring
and statistical aggregation across multiple runs to ensure
reliability and interpretability.

All model responses were assessed by GPT-4o, configured
with a rubric prompt to evaluate four aspects:

• Correctness (1 or 0): Whether the selected answer
matches the ground truth.

• Relevance (1 or 0): Whether the explanation references
key insurance concepts or reasoning paths.

• Clarity (1 or 0): Whether the explanation is concise,
coherent, and free of unnecessary content.

• Overall Comment: A qualitative summary generated by
GPT-4o to support human review.

Overly long outputs were truncated to a predefined token
limit for consistency. All responses, evaluation scores, and
related metadata were logged in a MongoDB database for de-
tailed and reproducible analysis. The pipeline, fully automated
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with integrated logging, captured essential information such
as model predictions, correctness, and prompt type (Standard
or CoT). This structured logging enabled efficient post-hoc
statistical analysis and visualization across models, prompting
methods, and question categories.

We adopted several quantitative metrics to compare models
under different prompting strategies and question types:

• Accuracy: Ratio of correct answers to total questions:

Accuracy =
Number of correct answers
Total number of questions

• Stability via Averaged Scoring: Each model was eval-
uated five times per exam set under each prompting
strategy; final scores were averaged to reduce variance
from stochastic generation.

• Prompting Effectiveness: Comparison of performance
under Standard and CoT prompting to quantify the impact
of structured reasoning cues.

• Model-wise and Size-wise Comparison: Cross-family
evaluation (e.g., Llama, Gemma, Qwen, DeepSeek) and
parameter-scale comparison (small 0.5B–3B vs. medium
7B–9B) to assess how architecture and scale affect per-
formance.

• Component-Level Analysis: Results broken down by
IIQE sections - (P&P, GI, LT, and IL, to examine model
sensitivity to different regulatory subdomains.

• Question-Type Analysis: Performance categorized by
question type - definition-, compliance-, scenario-, and
calculation-based, to identify model strengths and weak-
nesses across reasoning styles.

This comprehensive, rubric-guided evaluation framework
provides fine-grained, reproducible performance assessment
across linguistic, conceptual, and regulatory dimensions, en-
abling a clearer understanding of LLM capabilities in domain-
specific insurance question answering.

IV. STUDY RESULTS

A. Comparative Accuracy and Clarity Across LLMs (RQ1)

To address RQ1, we evaluated the accuracy and explanatory
clarity of ten open-source LLMs across five IIQE examina-
tion sets under both Standard and CoT prompting strategies.
Tables IV reports detailed accuracy rates per model and
examination set under the standard prompting condition.

Under the Standard Prompting, DeepSeek-R1-1.5B consis-
tently outperformed all other models, achieving the highest
average accuracy of 51.11% across the five sets. Despite
its relatively small parameter size (1.5B), the model exhib-
ited remarkable consistency across all IIQE components and
question types, demonstrating an exceptional balance between
performance and efficiency.

Qwen-2.5-7B also achieved strong results, with an average
accuracy of 39.31% under standard prompting. Notably, this
model exhibited the largest improvement when transitioning
from Standard to CoT prompting, especially in compliance-
based and scenario-based questions—highlighting its capabil-
ity for complex reasoning and policy interpretation.

Gemma-2-9B showed solid performance on regulation-
focused questions, underscoring its strength in rule-based
reasoning.

In contrast, smaller-capacity models such as Qwen-2.5-0.5B
and Gemma-2-2B recorded substantially lower accuracies (be-
low 16%), reflecting the limitations of ultra-lightweight mod-
els in handling knowledge-intensive and context-dependent
tasks.

x Findings: For InsurTech applications emphasizing both ac-
curacy and reasoning reliability, DeepSeek-R1-1.5B and Qwen-
2.5-7B emerge as leading candidates. Their balance of model
size, reasoning capacity, and computational efficiency makes them
suitable for real-world deployment. Mid-scale models such as
Qwen-2.5-3B and Llama-3.1-8B offer moderate performance and
may be used within hybrid routing strategies—delegating complex
queries to larger models while assigning simpler tasks to smaller,
latency-optimized ones.

B. Effectiveness of CoT Prompting (RQ2)

To examine the effect of CoT prompting on reasoning-
intensive insurance tasks, all ten LLMs were re-evaluated
using the IIQE dataset under the Zero-shot CoT prompting
condition. As shown in Table V and Fig. 2, CoT prompting
consistently improved accuracy across all models, though the
magnitude varied with model architecture and size.

DeepSeek-R1-1.5B maintained its leading position, achiev-
ing an average accuracy of 52.88%, a modest yet stable gain
over its standard baseline. Qwen-2.5-7B recorded a significant
increase from 39.31% to 50.21%, confirming the effectiveness
of CoT prompting for reasoning-heavy contexts.

Fig. 2: Comparison of accuracy between Standard and CoT
prompting across models.

Mid-sized models, such as Llama-3.2-3B and Qwen-2.5-
3B, experienced the largest relative improvements (+15.11
and +13.15 percentage points, respectively). This suggests that
CoT prompting is particularly beneficial for models with mod-
erate capacity, as it helps activate latent reasoning pathways
and improves performance in domain-specific reasoning.

By contrast, high-performing models under the standard
prompting (e.g., Deepseek-R1-1.5B and Qwen-2.5-7B) ex-
hibited smaller but consistent improvements (+1.77% and
+10.90%, respectively), reflecting strong baseline reasoning
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TABLE IV: Accuracy Rates of Models Using Standard Prompting

Model Set 1 Set 2 Set 3 Set 4 Set 5 Average

Deepseek-R1-1.5B 48.31% 50.51% 53.33% 53.33% 50.04% 51.11%
Gemma-2-2B 18.12% 14.59% 14.20% 11.06% 15.61% 14.71%
Gemma-2-9B 28.55% 23.06% 27.06% 30.98% 26.04% 27.14%
Llama-3.2-1B 18.12% 16.78% 16.16% 16.31% 17.02% 16.88%
Llama-3.2-3B 16.55% 15.61% 16.47% 15.14% 14.82% 15.72%
Llama-3.1-8B 22.35% 18.59% 19.37% 22.51% 20.63% 20.69%
Qwen-2.5-0.5B 16.16% 16.71% 15.53% 15.14% 14.75% 15.65%
Qwen-2.5-1.5B 19.29% 16.78% 17.80% 18.04% 20.71% 18.53%
Qwen-2.5-3B 27.45% 24.24% 23.22% 24.00% 28.31% 25.44%
Qwen-2.5-7B 40.86% 37.10% 38.75% 40.24% 39.61% 39.31%

TABLE V: Accuracy Rates of Models Using CoT Prompting

Model Set 1 Set 2 Set 3 Set 4 Set 5 Average

Deepseek-R1-1.5B 54.12% 52.78% 53.73% 54.27% 49.49% 52.88%
Gemma-2-2B 23.22% 22.75% 24.55% 26.98% 26.27% 24.75%
Gemma-2-9B 41.57% 26.20% 32.63% 37.65% 35.84% 34.78%
Llama-3.2-1B 24.86% 24.55% 30.35% 24.94% 25.33% 26.01%
Llama-3.2-3B 30.90% 30.20% 30.82% 31.45% 30.75% 30.82%
Llama-3.1-8B 23.37% 24.63% 25.65% 25.25% 26.35% 25.05%
Qwen-2.5-0.5B 16.00% 15.69% 16.94% 17.65% 15.14% 16.28%
Qwen-2.5-1.5B 24.78% 19.61% 22.27% 20.86% 22.90% 22.09%
Qwen-2.5-3B 36.47% 38.27% 40.24% 39.84% 38.12% 38.59%
Qwen-2.5-7B 51.29% 48.55% 50.35% 49.57% 51.29% 50.21%

stability. Smaller models, including Qwen-2.5-0.5B and Qwen-
2.5-1.5B, showed minimal change, suggesting limited reason-
ing depth.

Fig. 3: Comparison of accuracy between Standard and CoT
prompting across models.

The relationship between model size and accuracy is vi-
sualized in Fig. 3, which presents a scatter plot comparing
each model’s performance under both Standard and CoT
prompting strategies. The figure reveals a clear trend: as
model size increases, the relative performance gains from CoT
prompting become more pronounced. This pattern suggests
that larger models are more capable of leveraging structured
reasoning cues embedded in CoT prompts to enhance domain-

specific question answering. For example, models such as
Qwen-2.5-7B and Gemma-2-9B exhibited significant ac-
curacy improvements under CoT prompting, likely due to their
enhanced parameter capacity that enables deeper contextual
representation and multi-step reasoning. In contrast, smaller
models like Qwen-2.5-0.5B and Llama-3.2-1B showed
only marginal gains, indicating limited capacity to utilize the
additional reasoning path provided by CoT.

These results suggest that while CoT prompting is a promis-
ing software-level strategy to improve LLM interpretability
and performance, its effectiveness is closely tied to model
architecture and parameter scale. Therefore, in designing intel-
ligent InsurTech solutions, the selection of prompt strategies
must consider model size to maximize reasoning efficiency
and cost-performance trade-offs.

x Findings: CoT prompting generally enhances reasoning and
interpretability, especially for models with ≥ 3B parameters.
However, for deterministic tasks such as numerical or actuarial
calculations, Standard Prompting may remain preferable to mini-
mize verbosity and prevent reasoning-induced errors.

C. Performance Variation Across Insurance Question Types
(RQ3)

To analyze how prompting strategies influence specific
question categories, we conducted a comparative assess-
ment across four types: Definition-based, Compliance-based,
Scenario-based, and Calculation-based questions, details as
shown in Table VI.
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TABLE VI: Average Accuracy per Question Type (in percentage)

Model Calculation Compliance Definition Scenario
S CoT + S CoT + S CoT + S CoT +

DeepSeek-R1:1.5B 70.00 60.00 -10.00 53.02 56.54 3.52 48.57 50.58 2.01 53.20 53.31 0.12
Gemma-2-2B 8.33 16.67 8.33 14.72 25.16 10.44 14.76 25.14 10.38 14.85 23.96 9.11
Gemma-2-9B 26.67 21.67 -5.00 26.29 35.47 9.18 29.36 35.16 5.80 23.96 33.91 9.94
Llama-3.1-8B 21.67 26.67 5.00 18.36 23.21 4.84 22.08 26.36 4.28 20.36 24.38 4.02
Llama-3.2-1B 10.00 21.67 11.67 16.79 25.72 8.93 17.66 26.92 9.26 15.80 24.79 8.99
Llama-3.2-3B 6.67 16.67 10.00 15.91 29.56 13.65 15.91 31.24 15.32 15.50 31.78 16.27
Qwen-2.5-0.5B 10.00 8.33 -1.67 14.28 15.72 1.45 16.38 16.34 -0.03 15.86 16.98 1.12
Qwen-2.5-1.5B 11.67 10.00 -1.67 17.74 19.87 2.14 20.23 23.00 2.77 16.45 22.96 6.51
Qwen-2.5-3B 18.33 23.33 5.00 22.58 38.43 15.85 26.79 40.23 13.44 25.98 36.33 10.36
Qwen-2.5-7B 26.67 31.67 5.00 35.72 49.06 13.33 40.79 51.57 10.77 40.47 49.53 9.05

Definition-based questions benefited consistently from
CoT prompting. Models such as Qwen-2.5-7B (40.79%
→ 51.57%) and Gemma-2-9B demonstrated improved
lexical and conceptual precision. Mid-sized models like
Llama-3.2-3B and Qwen-2.5-3B gained substantially
(+15.33% and +13.44%, respectively), indicating that CoT
enhances conceptual articulation.

Compliance-based questions, requiring contextual inter-
pretation of regulatory frameworks, also saw strong gains.
Qwen-2.5-7B improved from 35.72% to 49.06%, and
Qwen-2.5-3B from 22.58% to 38.43%, whereas smaller
models displayed marginal gains due to capacity constraints.

Scenario-based questions, demanding multi-step
reasoning, exhibited the highest relative improvements.
Deepseek-R1-1.5B remained stable (53.20% → 53.31%),
while Qwen-2.5-7B achieved a substantial jump (40.47%
→ 49.53%).

Calculation-based questions produced mixed results.
CoT prompting sometimes degraded numerical accuracy
by introducing extraneous reasoning. For example,
Deepseek-R1-1.5B dropped from (70.00% → 60.00%),
and Gemma-2-9B declined by 5 points. Although some
smaller models improved slightly, the overall trend suggests
CoT may not suit arithmetic-intensive questions.

x Findings: CoT prompting enhances reasoning-intensive cat-
egories in definition, compliance, and scenario-based questions,
but may reduce precision in calculation tasks. Therefore, prompt
strategy should be adapted to question type to optimize LLM
performance in InsurTech applications.

V. IMPLICATIONS

A. Model Selection and Suitability

The empirical findings highlight that model selection in
InsurTech applications must balance both technical constraints
and task-specific demands. While larger models such as
Qwen-2.5-7B deliver superior reasoning accuracy, compact
models like DeepSeek-R1-1.5B achieve competitive per-
formance at a fraction of the computational cost. This makes
them ideal for edge deployment or cost-sensitive systems
where latency, privacy, and energy efficiency are critical.

For mission-critical applications, such as client suitability
assessments, policy interpretation, and regulatory compliance,
mid- to large-scale models (≥ 3B parameters) are recom-
mended due to their robust reasoning under CoT prompting.
In contrast, sub-2 B models are suitable mainly for retrieval-
based or fact-centric tasks with limited reasoning complexity.

From a software engineering perspective, prompt engineer-
ing, particularly zero-shot CoT, emerges as a cost-effective
alternative to fine-tuning. The results demonstrate consistent
gains in scenario-based and compliance-driven questions when
structured prompts are applied. Nevertheless, CoT is not
universally optimal; in calculation-oriented or deterministic
problems, it may introduce verbosity and arithmetic noise.
Accordingly, a dynamic prompt-routing mechanism should be
adopted, automatically selecting prompt structures based on
question classification, versioning, and runtime logic detection
to ensure both efficiency and precision.

B. Modular and Scalable Deployment Architecture

For real-world deployment, InsurTech platforms should
adopt modular and microservice-based architectures, where
LLMs function as interchangeable service components with
scalable interfaces. A backend routing layer can dynamically
assign incoming queries to models based on task complex-
ity. Lightweight models handle frequent, low-risk, or routine
queries. Mid- or large-scale models (e.g., Qwen-2.5-7B)
handle reasoning-intensive or compliance-critical inquiries.
Retrieval-augmented backends process context-rich or high-
stakes decisions.

All model outputs should pass through a post-processing
pipeline that performs answer verification, log storage, and
fallback management. Such a design ensures traceability,
explainability, and fault tolerance, satisfying both technical
reliability and regulatory auditability standards essential in the
insurance sector.

C. Practical Integration Pathways and System Robustness

As illustrated in Fig. 4, we propose a hybrid LLM integra-
tion architecture for insurance applications. Incoming queries
are first classified and routed to one of several back-ends: a
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lightweight base model; a CoT-enhanced model for reasoning-
intensive questions; a retrieval-augmented generator (RAG) for
compliance-heavy or document-referenced tasks.

The system’s output then flows through a multi-stage ver-
ification layer, encompassing scoring, reliability assessment,
and optional human-in-the-loop review. This layered approach
minimizes latency for simple inquiries while ensuring robust-
ness and accuracy for complex, high-risk decisions.

The proposed design aligns with modern software engineer-
ing best practices, including microservice orchestration, fault-
tolerant pipelines, and explainable AI governance. It offers
a scalable, auditable, and adaptive foundation for embedding
LLMs into regulated InsurTech environments—bridging the
gap between innovation and compliance.

Fig. 4: Proposed InsurTech LLM integration architecture.

VI. THREATS TO VALIDITY

A. Construct Validity

Construct validity may be affected by how question diffi-
culty and domain specificity were operationalized. Although
this study utilized 1,275 real-world insurance questions and
manually categorized them into four distinct types, definition,
compliance, scenario, and calculation, in the annotation pro-
cess may contain elements of subjective bias.

Furthermore, while accuracy served as the primary evalua-
tion metric, other critical dimensions such as fairness, response
calibration, and hallucination tendency were not directly quan-
tified. These unmeasured factors may influence interpretability
and limit the comprehensiveness of the evaluation. Future
replications should consider multi-dimensional metrics that
incorporate reliability, explanation consistency, and regulatory
adherence.

B. External Validity

External validity may be constrained by the study’s reliance
on an IIQE-based benchmark, which reflects the specific
linguistic and regulatory context of Hong Kong’s insurance in-
dustry. While the dataset captures authentic reasoning patterns
and regulatory logic relevant to InsurTech applications, its
generalizability to other jurisdictions, languages, or regulatory
systems remains uncertain.

To broaden applicability, future research should extend
this framework to multilingual datasets, localized insurance
standards, and cross-border regulatory corpora. Such exten-
sions would enhance the robustness and transferability of the
findings across different insurance markets and governance
environments.

C. Internal and Methodological Validity

Although multiple evaluation safeguards were applied, such
as rubric-based scoring, five-run averaging, and human-in-
the-loop review, methodological threats remain. Differences
in model architecture, tokenization schemes, and inference
randomness could still introduce variance in results. While
averaging mitigates this, it does not fully eliminate model
stochasticity.

Additionally, the rubric-based evaluator (GPT-4o), despite
showing strong alignment with human judgment, may itself
carry latent evaluation bias depending on prompt phrasing or
rubric sensitivity. Incorporating ensemble evaluators or expert-
reviewed subsamples could further validate scoring integrity in
future studies.

VII. RELATED WORK

A. Prompt Engineering and CoT Reasoning

Prompt engineering has become a lightweight yet powerful
alternative to full model fine-tuning, particularly when adapt-
ing Large Language Models (LLMs) for domain-specific tasks.
Techniques such as zero-shot and few-shot prompting enable
practitioners to elicit specialized behaviors from general-
purpose models without retraining. Among these approaches,
Chain-of-Thought (CoT) prompting, introduced by Wei et
al. [22] has gained wide attention for improving multi-step
reasoning in arithmetic, logical, and commonsense inference.

According to Vatsal and Dubey [23], prompt engineer-
ing methods can substantially influence performance across
natural-language-processing (NLP) tasks by refining contex-
tual understanding and reasoning depth. Similarly, Dakhel et
al. [24] found that structured prompts, especially step-by-step
CoT instructions, significantly enhance semantic accuracy and
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reduce hallucination in complex code-generation scenarios.
These results underscore the importance of well-structured
prompting in precision-critical and traceable domains such as
InsurTech.

CoT prompting encourages an LLM to decompose complex
problems into intermediate reasoning stages before reaching a
conclusion. Although the method has proven effective on gen-
eral benchmarks such as GSM8K, SVAMP, and MATH, its ap-
plication in high-stakes, regulated domains in law, medicine, or
insurance, remains underexplored. Domain-specific question-
answering (QA) requires precise legal interpretation and reg-
ulatory reasoning that may not benefit uniformly from CoT
strategies.

Recent research has begun to address this limitation. For
instance, Shi et al. [25] applied CoT prompting to legal rea-
soning, highlighting the need for domain-tailored adaptation to
achieve interpretability and compliance alignment. Building on
this foundation, our study applies CoT prompting to insurance
QA and analyzes its impact across four regulatory question
types: compliance, definition, scenario, and calculation-based
items.

From a software-engineering standpoint, integrating CoT
into production systems requires robust prompt versioning,
intent classification, and fallback handling. The modular ar-
chitecture developed in this study includes a Prompt Manager
and an Experiment Orchestrator to ensure reproducibility and
traceability of CoT performance across heterogeneous model
deployments.

B. LLMs in Regulated Domains: The Case for InsurTech

The adoption of LLMs in regulated industries such as
insurance, banking, and healthcare presents unique challenges.
Beyond achieving raw accuracy, these systems must produce
explainable, auditable, and legally defensible outputs.

Ahlgren et al. [26] observed that LLMs are increasingly
leveraged for evaluative assistance in software engineering,
complementing or replacing human reviewers in code val-
idation and quality assessment. Their findings demonstrate
the feasibility of rubric-based LLM evaluation pipelines in
domains where accountability is critical, including insurance.

Traditional benchmarks like MMLU or HELM inadequately
represent the domain-specific reasoning, terminology, and nu-
merical rigor required in insurance QA. Examinations such as
the IIQE test nuanced regulatory interpretation and premium
calculation, areas poorly covered by general datasets.

To address this, Chen et al. [27] introduced FinQA, a
financial QA dataset grounded in banking scenarios, while
Shi et al. [25] examined LLM reliability in legal text genera-
tion. Nevertheless, such studies often lack multi-type question
evaluation and comparative analysis of prompt strategies. Our
work fills this gap by introducing an IIQE-aligned dataset
and a modular, rubric-based evaluation framework capable
of assessing both factual correctness and explanation quality
across diverse insurance question types.

C. LLM-as-Evaluator: Scalable Assessment of Answer Quality

Manual evaluation of LLM outputs is time-consuming and
inconsistent, particularly when scaling to multiple prompt
formats. Recent studies propose using LLMs as automated
evaluators, exploiting their ability to apply structured rubrics
to assess output quality.

OpenAI and various academic groups have shown that
GPT-4 can approximate human judgment in tasks assessing
writing quality, dialogue coherence, and factual accuracy. Fan
et al. [28] advanced this approach through Sedareval, a self-
adaptive rubric framework that decomposes evaluation into
interpretable dimensions in correctness, relevance, and clarity,
in which achieve strong correlation with human ratings.

In parallel, open-source LLMs such as DeepSeek, Gemma,
Llama, and Qwen offer cost-effective and privacy-preserving
alternatives to proprietary APIs. Gao et al. [29] demonstrated
that compact models like DeepSeek can replicate expert-level
QA evaluation when aligned with domain-specific rubrics,
enabling trustworthy offline assessment pipelines.

Consistent with Thode et al. [30], our framework em-
ploys structured rubric prompts to evaluate both factual ac-
curacy and explanatory clarity, ensuring interpretability and
auditability. Moreover, compact models (1–7 billion param-
eters) show competitive performance when combined with
optimized prompting and reasoning strategies, underscoring
their practicality for privacy-sensitive and resource-constrained
InsurTech applications.

VIII. CONCLUSION

This study presents a comprehensive framework for evaluat-
ing open-source LLMs on insurance-related, domain-specific
tasks. Leveraging a curated dataset inspired by Hong Kong’s
Insurance Intermediaries Qualifying Examination (IIQE), we
systematically benchmarked ten open-source models across
four question types and two prompting strategies — Standard
Prompting and CoT Prompting.

The proposed modular architecture supports scalable and
reproducible experimentation, integrating a rubric-based eval-
uation pipeline powered by GPT-4o for assessing both answer
accuracy and explanation quality. Our findings show that
compact models such as DeepSeek-R1-1.5B and Qwen-2.5-7B
deliver strong performance relative to their size, demonstrating
that lightweight models can be practically deployed in privacy-
sensitive and cost-constrained InsurTech environments.

We further find that the effectiveness of CoT prompting
depends on model scale and question type: larger or mid-
sized models (≥ 3B parameters) benefit most from structured
reasoning instructions, while calculation-oriented tasks may
still favor standard prompting. These results provide actionable
guidance for model selection, prompt design, and system
integration within regulated industries that demand accuracy,
transparency, and compliance.

Building on this foundation, future research may explore the
integration of retrieval-augmented generation (RAG) pipelines
linked to domain-specific knowledge bases to enhance factual
grounding and compliance alignment. Further work could
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also involve fine-tuning open-source LLMs on annotated in-
surance corpora to improve performance in scenario-based
and calculation-heavy contexts. Expanding to multilingual
datasets, incorporating real-time user feedback, and conduct-
ing adversarial robustness testing would strengthen both relia-
bility and practical deployment readiness for production-grade
InsurTech solutions.
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