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Abstract
Thailand’s immigration system includes various visa types, such as Tourist
(TR), Business (Non-Immigrant B), Education (Non-Immigrant ED), ED
Plus, Media (Non-Immigrant M), Official (Non-Immigrant F), Depen-
dent/Spouse (Non-Immigrant O), SMART, Transit, Long-Term Resident
(LTR), Retirement (O-A), and Long-Stay Retirement (O-X), each gov-
erned by distinct and frequently updated policies. This complexity causes
confusion and difficulties for foreign nationals in understanding required
documents, eligibility criteria, and policy changes, as shown by a survey
involving 75 respondents in Bangkok. Without scalable and accurate so-
lutions, these challenges can reduce service efficiency and public trust. To
address this, the study employs GPT-4, a Large Language Model (LLM),
optimized with prompt engineering and few-shot learning to automatically
answer visa-related questions with accurate, clear, and policy-compliant
responses. A simulated dataset of 1,600 question-answer pairs was created
from official Thai immigration policies. GPT-4’s performance was sys-
tematically evaluated using automatic metrics (BLEU, ROUGE-L, ME-
TEOR) and human assessments of accuracy, clarity, and user satisfaction,
providing a robust methodological basis for evaluating its effectiveness in
public service. Results show strong performance across most categories,
with the highest BLEU scores observed in Tourist (0.82), Business (0.81),
and Long-Term Resident (LTR) (0.78) visa-related queries. Correspond-
ing peak ROUGE-L scores were 0.86 for Tourist, 0.84 for Business, and
0.81 for Long-Term Resident (LTR) visas, while METEOR scores peaked
at 0.79 (Tourist), 0.78 (Business), and 0.76 (Long-Term Resident (LTR)).
The system achieved an overall BLEU score of 0.75, ROUGE-L of 0.79,
and METEOR of 0.73. Human evaluators rated GPT-4’s responses with
an average score of 4.5 for accuracy, 4.6 for language clarity, and 4.4 for
user satisfaction (on a 5-point scale). A Pearson correlation of 0.78 be-
tween BLEU and human-rated accuracy indicates high alignment between
automated and human evaluation. These results highlight GPT-4’s po-
tential in enhancing public-facing services such as immigration services by
providing accurate, clear, and policy-aligned responses. Future work will
focus on multilingual support, real-time policy updates, and deployment
in live service environments.

1. Introduction

Public services are currently facing significant chal-
lenges in providing accurate and timely information to
the public, especially in complex sectors such as immi-

gration services. According to data reported by Barber
and Sciortino (2024), as a hub for intra-regional mi-
gration and a major destination country in Southeast
Asia, Thailand hosts at least 5.3 million non-Thai na-
tionals, marking an 8 percent increase from nearly 4.9
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million non-Thai residents reported in the previous edi-
tion. Moreover, Thailand is a prominent destination
for tourism, employment, and higher education, which
significantly impacts the number of foreigners applying
for various immigration services, including visa applica-
tions.

In Thailand, the immigration system includes vari-
ous visa types comprising 12 categories, namely, Tourist
(TR), Business (Non-Immigrant B), Education (Non-
Immigrant ED), ED Plus, Media (Non-Immigrant M),
Official (Non-Immigrant F), Dependent/Spouse (Non-
Immigrant O), SMART, Transit, Long-Term Resident
(LTR), Retirement (Non-Immigrant O-A), and Long-
Stay Retirement (O-X), each governed by distinct and
frequently updated policies and procedures. This reg-
ulatory complexity often leads to numerous inquiries
from the public who seek precise, clear, and contextual
explanations.

The complexity of regulations within Thailand’s im-
migration system often raises numerous questions from
the public, who require accurate, clear, and contextual
explanations. This aligns with the findings of a survey
conducted by the researchers involving 75 foreign na-
tionals working or studying in Bangkok, Thailand. The
respondents expressed complaints regarding visa pro-
cedures that were perceived as confusing, overly com-
plicated, and lacking clear information that was easily
accessible in a language they could understand. Many
reported difficulties in understanding the required doc-
uments and eligibility conditions, ineffective communi-
cation of policy changes, and uncertainty in the appli-
cation and renewal processes.

In addition, immigration services also face internal
challenges such as heavy workloads for officers, lack of
consistency in providing responses, and language barri-
ers between officers and foreign visa applicants. These
conditions may result in inaccurate information deliv-
ery, delays in application processing, and decreased
user satisfaction (Betrand et al., 2023; Dongbo et al.,
2023). Therefore, an Artificial Intelligence (AI)-based
approach that is scalable and accurate is needed to en-
hance both the efficiency and quality of public services
in the immigration sector.

With the rapid advancement of AI, Large Language
Models (LLMs) such as the Generative Pre-trained
Transformer 4 (GPT-4) have demonstrated remark-
able capabilities in understanding and generating natu-
ral language across various contexts (Mai and Carson-
Berndsen, 2024; Mahbub et al., 2024; Shahandashti
et al., 2024). This technology has been increasingly ap-
plied in chatbots, automated Question-Answering (QA)
systems, and virtual assistants across both public ser-
vice and business domains (OpenAI, 2023; Brown et al.,
2020). In particular, LLMs have been explored in the
fields of law and public policy to simplify access to doc-
uments and provide policy-based responses (Liu et al.,
2024a; Lai et al., 2024).

However, a research gap remains in the specific ap-

plication of GPT-4 within the immigration service do-
main, particularly in developing automated QA sys-
tems capable of comprehensively supporting various
visa types. The complexity of Thailand’s immigration
regulations requires an LLM that excels in understand-
ing intricate policies and generating accurate, context-
aware responses. By leveraging GPT-4 through prompt
engineering and few-shot learning, an automated QA
system can be trained to provide answers tailored to
specific visa categories. This approach has the potential
to reduce the workload of immigration officers, improve
the consistency of information, and deliver faster, more
accurate, and policy-aligned public services.

The main objective of this study is to systemati-
cally evaluate the effectiveness of an LLM-based QA
system powered by GPT-4 in providing accurate, clear,
and policy-aligned responses to inquiries across 12 ma-
jor Thai visa categories.

To achieve this objective, the study makes the fol-
lowing itemized contributions:

1. Dataset Construction: We built a specialized sim-
ulated dataset consisting of 1,600 question–answer
pairs representing 12 major visa categories based
on official Thai immigration regulations.

2. System Architecture and Methodology: We pro-
posed and implemented an automated QA system
architecture based on GPT-4, utilizing few-shot
prompting and rule-based post-processing to en-
hance policy alignment and response accuracy.

3. Comprehensive Evaluation: We systematically
evaluated GPT-4’s performance using a combina-
tion of automated metrics (Bilingual Evaluation
Understudy (BLEU), Recall-Oriented Understudy
for Gisting Evaluation based on longest common
subsequence (ROUGE-L), and Metric for Evalu-
ation of Translation with Explicit Ordering (ME-
TEOR)) and human assessments (accuracy, lan-
guage clarity, and user satisfaction) to establish a
robust methodological foundation.

The remainder of this paper is structured as follows:
Section 2 reviews the related work. Section 3 details
the materials and methods, including dataset construc-
tion and system architecture. Section 4 presents the
experimental results. Section 5 discusses the findings
and policy implications. Finally, Section 6 concludes
the study and suggests directions for future work.

2. Related Works

Several previous studies have explored the application
of technology to enhance the efficiency of visa applica-
tion systems, either through predicting application out-
comes or digitizing the verification process. One of the
early studies by Swain et al. (2018) developed a data-
driven classification model to predict the likelihood of
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H1B visa approval in the United States with reason-
ably good accuracy. Their study utilized historical data
encompassing job attributes, location, and salary and
provided probabilistic estimates of application success.
This approach proved beneficial for both applicants and
companies in assessing their chances before submitting
a visa application. However, a limitation they encoun-
tered was the unavailability of datasets related to the
employer’s nationality and the exclusion of applicant so-
cial media profiles and activities, as required under the
new policy.

Another study by Yanbo and Kongjit (2020) specifi-
cally highlighted the challenges faced by Chinese nation-
als in applying for long-term visas to Thailand, such
as the 60-day tourist, education (NON-ED), business
(NON-B), and family (NON-O). Through interviews
and surveys, the study identified key reasons for visa
application failures, including a lack of understanding of
regulations, incomplete documentation, and communi-
cation barriers. This research is significant as it reveals
the complexities foreign users encounter within the Thai
visa system.

In a recent development, a study conducted by Raj
et al. (2023) applied data science techniques to ana-
lyze patterns in H1B work visa applications using a
2015–2019 dataset obtained from the U.S. Department
of Labor. Focusing on predictive modeling, the study
presented a statistical approach to identify trends and
improve the prediction of application outcomes. The
results demonstrate how machine learning can provide
practical insights into the dynamics of visa applica-
tions in the destination country with reasonably good
accuracy. However, the study recommends employing
kernel-based approaches with multidimensional spaces
to enhance the model’s functionality in evaluating how
well it fits the data for predicting future outcomes.

A recent study by Chowdhury et al. (2024) intro-
duced a blockchain-based Self-Sovereign Identity (SSI)
system using Hyperledger Indy to accelerate and se-
cure the global visa application process. The system
leverages Decentralized Identifiers (DIDs) and Verifi-
able Credentials (VCs) to integrate entities such as pass-
port offices, visa centers, and immigration authorities.
The study emphasizes the importance of cross-border
interoperability in achieving an efficient and secure dig-
ital immigration process. However, it also acknowledges
certain limitations and proposes enhancements to scal-
ability and system performance by incorporating mod-
ern cryptographic algorithms, exploring AI-powered an-
alytics for real-time threat detection, improving connec-
tivity with other blockchain platforms, and integrating
biometric authentication.

Furthermore, we highlight the rapidly growing trend
of applying LLMs for government and policy QA sys-
tems. According to Gao et al. (2023), the use of LLMs
is crucial for enhancing QA systems, particularly in gov-
ernment contexts, where they are valuable for improv-
ing administrative efficiency. Additionally, Liu et al.

(2024a) investigated the use of LLMs to create Legal
QA systems, focusing on the ability of models such as
GPT to interpret legal language and provide legally ac-
curate advice. The core of the work emphasizes the
need for advanced prompt engineering to achieve reli-
able performance in contexts where factual accuracy is
critical.

A survey conducted by Lai et al. (2024) showed that
LLMs for policy QA have the potential to assist stake-
holders by providing efficient legal advice, accelerating
case processing, and improving decision accuracy and
consistency. However, challenges remain, including lim-
itations in processing long texts, adapting to individual
cases, and addressing privacy and ethical issues. The
authors recommend improving data quality, enhancing
privacy protection, developing model capabilities (e.g.,
GPT), and establishing adequate ethical and regulatory
frameworks.

Equally important, Jiang et al. (2025) introduced
ARGUS (Answer Retrieval and Governance Under-
standing System), an LLM-based QA system cus-
tomized for government domains using a hybrid re-
trieval strategy with LlamaIndex. ARGUS improves
factual consistency and contextual relevance through a
combination of graph-based entity retrieval and text re-
trieval. Evaluation using classical metrics and RAGAS
indicators demonstrated high performance (ROUGE-
1 0.68; semantic relevance 0.81). The chain-of-
thought mechanism enhanced interpretability, and ab-
lation studies showed significant improvements over the
baseline. Results also indicated that hybrid retrieval
outperformed pure vector or pure graph-based strate-
gies.

While previous studies have made significant contri-
butions to visa processing, focusing mostly on outcome
prediction, root cause analysis of administrative issues,
or digitalizing processes through decentralized identity
technology, there remains a research gap regarding the
application of LLMs, particularly using GPT-4 as the
latest model. Prior studies also support the recommen-
dation of applying LLMs as automated QA systems ca-
pable of providing context-rich and policy-specific re-
sponses to government-related queries, especially in im-
migration.

Our study differentiates itself by shifting the fo-
cus from predicting visa outcomes or digitalizing ad-
ministrative processes to directly addressing users’ in-
formation deficits through a real-time policy QA sys-
tem, using a carefully constructed dataset and few-shot
prompting to ensure GPT-4 strictly adheres to policy-
specific facts, an essential requirement in high-risk do-
mains such as immigration. In doing so, the research
evaluates not only the technical accuracy of responses
using BLEU, ROUGE-L, and METEOR metrics, but
also user assessments of clarity, satisfaction, and align-
ment with the underlying immigration policies.
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3. Materials and Methods

3.1 Dataset Construction and Splitting

To evaluate GPT-4’s ability to automatically answer
immigration-related questions, we constructed a simu-
lated dataset consisting of 1,600 question–answer (QA)
pairs grounded in official Thai immigration policy
sources, covering the 12 predefined visa categories in-
cluded in this study. Each QA pair was derived from
authoritative policy knowledge bases, including immi-
gration policy rules issued by the Thai Immigration
Bureau, visa category classifications defined by the Min-
istry of Foreign Affairs of Thailand, as well as visa appli-
cation guidelines and consular requirements from official
Royal Thai Embassies and Consulates. These sources
include legal guidelines, standardized application forms,
official FAQs, and publicly available visa guidance doc-
uments, ensuring legal validity, policy consistency, and
practical applicability.

Each question was formulated to resemble natural
conversational English. For instance, examples include:
“Can I bring my spouse on a SMART Visa?” and
“What are the financial requirements for an O-X visa?”
The answers were derived from official and current reg-
ulations while considering the context of the inquiry,
such as the length of stay, applicant type (e.g., student,
retiree, or journalist), and required supporting docu-
ments.

To ensure a fair, objective, and data-leakage-free
model evaluation process, the dataset consisting of 1,600
QA pairs was divided into three main subsets: a training
set, a validation set, and a test set. This data split was
performed using a stratified sampling approach adopted
from Sharma et al. (2023) and Lu et al. (2023), based
on visa categories to ensure that each visa type was pro-
portionally represented in all subsets. The detailed data
distribution is presented in Table 1.

Table 1. Dataset splitting for GPT-4 evaluation.

Dataset subset Number of Q&A pairs Percentage

Training set 960 60%
Validation set 320 20%
Test set 320 20%

The data split presented in Table 1 serves specific
purposes in the prompt engineering process and model
evaluation, as described by Dai et al. (2025). The train-
ing set was used to construct examples for few-shot
prompting scenarios, enabling GPT-4 to understand the
context of questions related to Thai immigration poli-
cies. The validation set was used to test and refine the
prompt engineering approach prior to the final evalu-
ation. Meanwhile, the test set was used to compre-
hensively assess GPT-4’s performance using both au-
tomated metrics, such as BLEU, ROUGE-L, and ME-
TEOR, and human evaluation. Table 2 summarizes the

distribution of QA pairs across the 12 main visa cate-
gories included in the simulated dataset.

Table 2. Dataset partition for evaluating GPT-4.

Visa category Training Validation Test Total
(60%) (20%) (20%) Q&A Pair

Tourist (TR) 80 27 27 134
Business
(Non-Immigrant B)

90 30 30 150

Education
(Non-Immigrant ED)

100 33 33 166

ED Plus 90 30 30 150
Media
(Non-Immigrant M)

80 27 27 134

Official
(Non-Immigrant F)

70 23 23 116

Dependent/Spouse
(Non-Immigrant O)

80 27 27 134

SMART 90 30 30 150
Transit 70 23 23 116
Long-Term Resident
(LTR)

80 27 27 134

Retirement
(Non-Immigrant O-A)

70 23 23 116

Long-Stay Retirement
(Non-Immigrant O-X)

80 27 27 134

Total 960 320 320 1,600

3.2 System Architecture

The system architecture was designed to support an
automated QA service powered by GPT-4 within the
context of Thai immigration visa policies. The system
consists of several key components that work in an in-
tegrated manner, from the user interface to the output
evaluation stage. Each component plays a specific role
in ensuring that user questions are processed efficiently
and that accurate, policy-compliant answers are gener-
ated.

Fig. 1 presents a visual representation of the system
architecture. This modular approach allows flexible de-
velopment and enhancement of the system as needed.
Each component in the architecture plays a distinct role
and is organized within a modular structure. The fol-
lowing sections describe the function of each component.

3.2.1 User Interaction

The system interface is designed as a simple web-based
chatbot (see Fig. 2) to facilitate intuitive user interac-
tion. This component enables users to submit queries in
natural English using a conversational style. The sys-
tem supports real-time interaction, in which user inputs
are processed and responses are generated dynamically.
This approach allows users to interact with the system
in a natural and user-friendly manner without requiring
structured or predefined query formats.

3.2.2 Query Preprocessing

Before being sent to the model, user queries submitted
through the interface undergo a multi-stage preprocess-
ing phase to ensure that the input is clean, standardized,
and ready for GPT-4 inference.
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Figure 1. System architecture.

Figure 2. Web-based chatbot interface.

The process begins with a cleaning stage, which in-
volves removing irrelevant characters such as excessive
spaces, special symbols, and non-alphabetic punctua-
tion marks using regular expressions (regex) to stan-
dardize the text format. Subsequently, normalization
is performed to simplify sentence structures, correct
common typographical errors, and resolve ambiguous
terminology to improve contextual clarity. Ambigu-
ous or multi-interpretable entities frequently found in
user queries, such as “short stay,” “partner,” or “per-
manent resident,” are mapped to their official pol-
icy equivalents. For instance, “short stay” is normal-
ized to “Single-Entry Tourist Visa” or “Visa Exemp-
tion Status,” depending on the context, through a sim-
ple dictionary-based replacement technique for specific
policy-related terms. Finally, the cleaned and normal-
ized text is tokenized in preparation for submission to
the GPT-4 Application Programming Interface (API).
Since GPT-4 employs the cl100k base tokenizer, the
input text is segmented into tokens, which serve as the

fundamental units of text processed by the LLM.

3.2.3 LLM Inference (GPT-4 Core)

The core system module in this study is based on GPT-
4, a large language model (LLM) developed by OpenAI
and accessed through an API endpoint in a stateless
manner. GPT-4 is built upon the Transformer archi-
tecture (Yekta, 2024) and optimized using Reinforce-
ment Learning from Human Feedback (RLHF), which
aligns model outputs with human preferences regard-
ing safety, helpfulness, and factual grounding (Barman
et al., 2025). GPT-4 is trained on an extensive multi-
modal dataset consisting of text and code, enabling it to
generate text, translate languages, create diverse types
of content, and provide informative answers to a wide
range of questions. Compared with its predecessors,
GPT-3 and GPT-2, GPT-4 incorporates a substantially
larger and more sophisticated architecture based on a
Mixture-of-Experts (MoE) design, with an estimated
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1.76 trillion total parameters (OpenAI, 2023; Olivato
et al., 2024). This scale and architectural complexity
allow the model to learn intricate patterns from a con-
siderably larger volume of training data. As a result,
GPT-4 produces more precise, nuanced, and contextu-
ally coherent outputs across diverse tasks (Shultz et al.,
2025; OpenAI, 2023).

The model adopts a decoder-only neural architec-
ture based on self-attention and feed-forward networks,
which constitute the core components of the Trans-
former framework. GPT-4 relies exclusively on the de-
coder component to process hidden-state sequences and
generate output tokens autoregressively. Fundamen-
tally, GPT-4 predicts the next token based on the pre-
ceding context, making it highly effective for produc-
ing coherent and contextually appropriate text (Uruj
et al., 2025). This capability for complex language un-
derstanding and factual adherence makes GPT-4 partic-
ularly suitable for high-stakes domains requiring a high
degree of accuracy, such as public immigration services.

Given the stateless nature of the API, each interac-
tion is treated as an independent session without con-
textual memory. To ensure consistent and context-
aware responses, this study employs a few-shot prompt-
ing strategy, in which several representative input–
output examples are embedded within each API request
(Brown et al., 2020; Bahrami et al., 2023; Konduru
et al., 2024). This approach enables GPT-4 to infer the
expected task patterns and generate outputs that con-
form to the desired format and semantics, even in the
absence of persistent contextual information. Moreover,
few-shot prompting was selected for two primary rea-
sons: cost-effectiveness, as it avoids the need for expen-
sive retraining, and rapid iteration, which allows flexi-
ble adaptation to policy updates or system requirements
through prompt modification.

Few-shot examples are selected dynamically based
on the initial identification of the visa category inferred
from the user input. The selection criteria are based on
visa relevance, whereby examples are drawn from the
identified visa category, and topical representation, en-
suring that the selected examples cover frequently asked
questions and key policy topics aligned with the official
guidelines of the Thai Immigration Bureau, including
required documents, duration of stay, work eligibility,
and extension policies.

3.2.4 GPT-4 Prompt Template Design

This template is designed to guide the GPT-4 model
to assume the role of a policy authority, prioritize fac-
tual accuracy, and provide structured responses. The
system prompt, shown in Table 3, defines the primary
roles and rules, including instructions that govern the
model’s behavior, tone, and knowledge boundaries. It
is sent only once per session or as part of the initial API
call.

To manage uncertainty and reduce the risk of pro-

viding incorrect information, a fallback clause is in-
cluded in the prompt (see Table 3, Fallback Mechanism
Components). This fallback mechanism is essential for
enabling self-correction in the LLM through feedback-
based methods (Sun et al., 2024; Liu et al., 2024b), re-
flecting the precautionary principle commonly applied
in the implementation of automated public services.

For example, in the Business (Non-Immigrant B) –
Documents category, diverse and detailed few-shot ex-
amples were constructed to cover key aspects, includ-
ing General Document Requirements (Invitation Let-
ter), Supporting Documents from the Thai Company,
Consequences of Incomplete Documents, and Required
Documents After Approval. Table 4 presents the design
of the few-shot examples for this category.

The final instruction sent to the GPT-4 model is a
single, hierarchically organized text designed to maxi-
mize performance and policy compliance. This struc-
ture consists of three mandatory components. First,
the [COMPLETE SYSTEM PROMPT] serves as the
foundational guardrail, containing instructions that de-
fine the model’s role (persona), rules, knowledge lim-
itations, and fallback mechanisms, thereby establish-
ing the model as an accurate immigration officer. Sec-
ond, the instruction is followed by six dynamically
selected few-shot examples ([DYNAMIC FEW-SHOT
EXAMPLES: Q1–A6]). This component comprises six
question–answer pairs selected from the Non-Immigrant
B dataset, covering topic variations such as mandatory
documents, exemptions, and visa-status conversion re-
strictions, thereby guiding the model toward the desired
answer format and factual depth. Finally, the prompt
includes the USER QUESTION: [cleaned and normal-
ized user input], representing the question submitted
by the user after preprocessing, in which typographical
errors have been corrected and ambiguous terms stan-
dardized. This component is immediately followed by
the ANSWER: tag, which serves as an explicit signal
for GPT-4 to begin generating output that adheres to
the provided instructions and examples.

An example of real-world user queries and GPT-4
outputs is presented in Table 5, illustrating variations
in user input, the preprocessing actions performed (Nor-
malization), and the final outputs generated by GPT-4
after processing through the System Prompt and rele-
vant Few-Shot Examples.

The normalization technique was applied to bridge
the gap between natural, informal language and the for-
mal language used in immigration policies while ensur-
ing uniform input for the GPT-4 module. This process
employs a hybrid approach centered on a Rule-Based
Mapping Algorithm (Dictionary Lookup) to resolve
terminology-related issues (Gadag and Sagar, 2016;
Bollmann et al., 2011). The algorithm maps ambiguous
or abbreviated user phrases, such as replacing “Non-B”
with “Non-Immigrant B Visa” or converting ‘holiday
visa” into “Tourist Visa (TR),”, to their official equiva-
lents, which is important for maintaining factual accu-
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Table 3. System prompt (main roles and rules).

Component Content Key Objective

System Persona You are a professional Thai Immigration Officer responsible for
providing visa information.

Establishes expertise and an authorita-
tive tone.

Policy Rules (Knowledge
Cutoff)

Your task is to answer all user questions clearly, concisely, and
accurately, based solely on official Thai immigration policies.

Limits model creativity and emphasizes
factual accuracy.

Clarification and Structure Explicitly include the visa category name (e.g., Tourist (TR))
in the first response. Use formal official language (e.g., English,
Indonesian, etc.)

Ensures responses are verifiable and
well-structured.

Fallback Mechanism If you are unsure, or the question falls outside the scope of the
policy documents you are aware of, you MUST NOT guess or
fabricate an answer. Respond with the standard phrase: “For
the most accurate and up-to-date information regarding your
specific case, please contact the Thai Immigration Office di-
rectly.”

Ensures service safety and ethics by pre-
venting hallucinations.

racy within the domain. In addition, a Lexical Substitu-
tion Algorithm is employed for sentence standardization
(Vladika et al., 2025; Naser-Karajah and Arman, 2024;
Roller and Erk, 2016). This process transforms incom-
plete or informal user questions (e.g., Raw User Query:
“Is just the invitation letter from the office enough?”)
into complete and formal policy-oriented queries (e.g.,
Query After Normalization: “Is the Invitation Letter
alone sufficient to apply for a Non-Immigrant B Visa?”),
thereby preparing optimized input for accurate few-shot
prompting.

Next, the GPT-4 generation parameters were care-
fully configured to balance factual accuracy and limited
randomness, which is particularly important in the im-
migration policy domain that requires strict compliance.
The model used was GPT-4-0314, selected for its sta-
bility and strong reasoning capabilities at the time of
the study, ensuring consistent and reproducible behav-
ior throughout the experiments. To achieve determinis-
tic outputs, the Temperature parameter was set to a low
value (0.2 on a scale from 0 to 1), thereby reducing cre-
ativity and minimizing the risk of hallucinations. Mean-
while, Top p was maintained at 0.9 to allow limited flex-
ibility in selecting high-probability tokens, which helps
preserve natural language fluency without compromis-
ing factual accuracy. Finally, Max tokens was limited
to 256 to ensure concise and efficient responses while
preventing excessive elaboration. To ensure method-
ological transparency, all system inference data were
collected through the GPT-4 API during March 12–16,
2025.

The output generated by GPT-4 is subsequently
passed to a post-processing phase, where rule-based fil-
ters are applied. These filters verify that the response
explicitly mentions the correct visa type and adheres
to standardized formatting for public-service communi-
cation. All input and output interactions are logged
systematically to support performance evaluation, iter-
ative prompt refinement, and documentation of failure
cases. This modular system architecture provides flexi-
bility and scalability as immigration policies evolve and
new visa categories are introduced.

3.2.5 Response Validation and Post Process-
ing

The post-processing phase is designed to ensure the
quality, clarity, and regulatory compliance of the an-
swers generated by GPT-4. After the model produces
an initial response, the output undergoes a refinement
stage aimed at removing redundant phrases, normaliz-
ing formatting, and aligning the response structure with
the communication standards used in official immigra-
tion documents. This process includes the use of con-
cise yet complete phrasing, consistent terminology, and
a polite and professional tone appropriate for public-
service contexts.

During this phase, the system also applies a series of
rule-based filtering mechanisms to ensure that GPT-4
outputs comply with policy requirements and maintain
structural consistency before being presented to the end
user. The mechanism consists of three validation levels
designed to address potential inconsistencies or ambi-
guities that may arise from the LLM.

The first level involves two mandatory checks:
Visa Category Mention Validation and Logical Con-
sistency Checking. Visa Category Mention Validation
uses Regular Expressions (Regex) to detect normal-
ized visa-category keywords (e.g., Tourist (TR) or Non-
Immigrant B) within the first 20 tokens of the response.
If no visa category is detected, the appropriate visa cat-
egory is automatically inserted at the beginning of the
output to ensure clarity. Meanwhile, Logical Consis-
tency Checking operates through a predefined key–value
schema containing core policy constraints (e.g., “O-X
Visa holders are not permitted to work”).

The second level is Factual Inconsistency Handling.
If Logical Consistency Checking detects a conflict, such
as when the GPT-4 output contains phrases imply-
ing permission or uncertainty (e.g., “may be allowed”
or “not sure”), while the corresponding policy con-
straint specifies “PROHIBITED,” the system immedi-
ately overrides the conflicting statement. This mech-
anism prevents the generation of responses that are
legally contradictory or inconsistent with established
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Table 4. Few-shot example for Business (Non-Immigrant B).

Question Category User Input (Q) Reference Output (A)

Main Mandatory
Requirement

What key documents must my company
in Thailand prepare for my Business
Visa?

To support your Non-Immigrant B (Business) application, the
Thai company must provide: an official Invitation/Sponsorship
Letter specifying the purpose and duration of your stay, Proof
of Company Registration (e.g., Affidavit of the Registrar), and
an updated List of Shareholders.

Obligations of the
Thai Company

Besides the invitation letter, what other
mandatory documents must the
sponsoring company include?

The sponsoring company must provide the audited Financial
Statements (Balance Sheet and Profit and Loss Statement) for
the most recent year. These documents must match those
submitted to the Thai tax authorities.

Indonesian Passport
Document
Procedure

If I am an Indonesian citizen, does my
passport need a minimum validity for the
Business Visa?

Yes. To apply for a Non-Immigrant B, your passport must
have a minimum validity of six (6) months from your planned
date of arrival in Thailand. Passports with less than six
months’ validity will be rejected.

Consequences of
Completeness

What happens if I forget to include the
work permit proof from the Thai
company?

If the work permit proof from the sponsoring company is
incomplete, your Non-Immigrant B application will be delayed
or rejected. Complete documentation from the Thai company
is an absolute requirement for approval.

Post-Approval
Documents

After obtaining the Business Visa, do I
need to bring additional documents upon
arrival in Thailand?

Yes. After the visa is issued, upon arrival you may be asked to
present a Guarantee Letter from your company and proof of
sufficient funds to cover living expenses during your stay.

Status Conversion
Restriction

Can I change from a Tourist Visa to a
Business Visa in Thailand?

Generally, this is not allowed. You must apply for a
Non-Immigrant B from outside Thailand, through a Thai
Embassy or Consulate. Status changes from a Tourist (TR)
within the country are only permitted under limited
emergency circumstances.

immigration policies. For example, ambiguity regard-
ing the work eligibility of O-X Visa holders is replaced
with the definitive statement: “No, holders of the Long-
Stay Retirement (O-X) Visa are not permitted to work
in Thailand.”

The final level is the Fallback Trigger, which ensures
that model uncertainty is safely redirected to official
authorities. This mechanism uses string matching or
regex-based detection to identify uncertainty markers
generated by GPT-4, such as ‘I am not sure” or incom-
plete fallback phrases. If a trigger condition is detected,
the system automatically appends a standardized fall-
back clause to the end of the output. The clause states:
“For the most accurate and up-to-date information re-
garding your specific case, please contact the Thai Im-
migration Office directly.” This mechanism ensures that
users are referred to an official source whenever the sys-
tem cannot provide a definitive answer.

The implementation of rule-based filtering improves
system reliability by correcting uncertainties and incon-
sistencies in GPT-4 outputs. One representative ex-
ample involves questions regarding employment eligi-
bility under the Long-Stay Retirement (O-X) Visa cate-
gory. A GPT-4 response containing uncertainty (e.g., “I
am not sure about working”) is immediately processed
through the Logical Consistency Checking mechanism.
The uncertain statement is replaced with the corre-
sponding policy constraint (‘Not permitted to work in
Thailand”), while the Fallback Trigger simultaneously
appends the standardized redirection clause.

For queries related to Education (ED) Visa docu-

mentation, the system performs an additional format-
ting correction. The Visa Category Mention Validation
mechanism automatically inserts the full visa-category
label (“Education Visa (Non-Immigrant ED)”) at the
beginning of the response when the original output con-
tains only the abbreviated term “ED visa.”

Through these mechanisms, the system ensures that
every response remains factually accurate and struc-
turally consistent with Thai immigration service stan-
dards, regardless of variations in the quality of the
model’s initial output.

3.2.6 Logging and Evaluation

To ensure reliable tracking of every interaction and facil-
itate auditing, the system utilizes an SQLite database as
a lightweight embedded repository for recording all user
input–output pairs, inference parameters, and times-
tamps. This setup ensures that every interaction can
be fully traced through an audit trail, supporting post-
mortem evaluation and failure analysis.

The recorded input–output pairs also serve as the
foundation for systematic performance evaluation and
quantitative analysis of GPT-4 responses. All interac-
tions are stored within the logging system for track-
ing and subsequent analysis. The system evaluation is
conducted using two complementary approaches. First,
automatic evaluation is applied to 320 QA pairs from
the test dataset using three metrics: BLEU, ROUGE-L,
and METEOR.

BLEU measures the similarity of n-grams between
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Table 5. Real-world usage examples (User Queries) and GPT-4 output results.

Raw User Query User Query After Normalization Expected Output (GPT-4)

What are the required
documents from the Thai
side?

What mandatory documents from
the Thai side are needed to apply
for a Non-Immigrant B Visa?

The mandatory documents from the Thai side include the
Official Invitation Letter, Proof of Company Registration
(Affidavit of the Registrar), and the audited Financial
Statement (Balance Sheet and Profit and Loss Statement)
for the most recent year. These documents must match those
submitted to the Thai tax authorities.

Is just the invitation letter
from the office enough?

Is the Invitation Letter alone
sufficient to apply for a
Non-Immigrant B Visa?

No, it is not sufficient. In addition to the Official Invitation
Letter, you must include other supporting documents from
the sponsoring company, such as Proof of Company
Registration and the audited Financial Statement.

Can I upgrade my Tourist
Visa to a Business Visa at
Bangkok Immigration?

Is it possible to change a Tourist
Visa (TR) to a Non-Immigrant B
Visa at the Bangkok Immigration
Office?

Generally, this is not allowed. Applications for a
Non-Immigrant B Visa must be made from outside Thailand.
Changing visa status within the country is only permitted in
very limited emergency situations.

I want to start working, but
my visa is still a Tourist Visa.
What should I do?

What is the procedure to change
my current Tourist Visa to a
Work Visa (Non-Immigrant B)?

The standard procedure is to apply for a Non-Immigrant B
Visa from outside Thailand. You cannot directly convert a
Tourist Visa (TR) to a Work Visa from within Thailand.

model-generated answers and reference answers, provid-
ing a quantitative assessment of word- and phrase-level
precision (Syahidi and Kiyokawa, 2025; Gupta et al.,
2024; Onan and Alhumyani, 2024; Wo lk and Marasek,
2014). The BLEU score is calculated using Equa-
tion (1).

BLEU = BP · exp

(
N∑

n=1

Wn logPn

)
(1)

where BP represents the Brevity Penalty applied to
outputs that are excessively short; N denotes the max-
imum n-gram length considered (typically 4); Wn is the
weight assigned to each n-gram precision; and Pn de-
notes the modified n-gram precision.

ROUGE-L evaluates similarity based on the Longest
Common Subsequence (LCS) between model-generated
answers and reference answers, emphasizing sentence
continuity and contextual consistency (Citarella et al.,
2025; Syahidi et al., 2025; Onan and Alhumyani, 2024).
Equation (2) is used to compute ROUGE-L.

ROUGE-L =
(1 + β2)RLCSPLCS

RLCS + β2PLCS
(2)

where β is a parameter used to balance recall and pre-
cision (typically set to 1), RLCS represents the recall
score based on the longest common subsequence, and
PLCS denotes the corresponding precision score.

METEOR evaluates semantic quality by considering
stemming, synonym matching, and penalties associated
with incorrect word order, thereby providing a more
sensitive assessment of semantic similarity and linguis-
tic flexibility. In addition, this metric combines preci-
sion and recall with different weights and incorporates
a fragmentation penalty (Mahyoub et al., 2025; Onan
and Alhumyani, 2024). METEOR is calculated using
Equation (3).

METEOR = (1 − Penalty) · Fmean (3)

where Fmean is defined by Equation (4).

Fmean =
10PR

P + 9R
(4)

where P denotes unigram-based precision, R denotes
unigram-based recall, and Penalty represents the frag-
mentation penalty applied when matching words appear
in an order different from that of the reference. The
metric Fmean corresponds to a weighted harmonic mean
that assigns nine times greater importance to recall than
precision.

Second, human evaluation is conducted by three in-
dependent evaluators who assess the generated answers
based on content accuracy with respect to Thai im-
migration policies, language clarity, and user satisfac-
tion. This evaluation is performed after the automatic
testing phase and during selected stages of the system
development cycle, such as major version releases or
model updates, to ensure consistent response quality.
A five-point rating scale is employed, where 1 indicates
very poor performance and 5 indicates excellent perfor-
mance.

By combining automatic and human evaluation
methods, the system can assess not only the technical
correctness of generated responses but also their prac-
tical relevance and comprehensibility for end users (Liu
et al., 2023; Sottana et al., 2023).

3.3 Example Prompt and Output Results

To evaluate the effectiveness of the GPT-4-based
question-answering system in the context of Thai visa
information services, the system was tested using a va-
riety of questions representing the 12 major visa cat-
egories. This evaluation employed prompt engineering
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with a few-shot learning approach, as described in Sec-
tion 3.2.3, in which the model was provided with sev-
eral example question–answer pairs to guide response
generation. This approach enables GPT-4 to identify
question patterns and understand the specific context
of complex visa regulations.

Table 6 presents representative examples of the
prompts used, together with two summary responses
generated by GPT-4 for each visa category. The re-
sults indicate that, when provided with well-designed
and normalized prompts, the model can generate infor-
mative responses that align with official regulations and
address the information needs of visa applicants.

4. Experimental Results

4.1 Evaluation Results per Visa Category

To assess the ability of the GPT-4-based system to
provide accurate and relevant responses to visa-related
questions, an automatic evaluation was conducted us-
ing three widely adopted Natural Language Processing
(NLP) metrics, namely BLEU, ROUGE-L, and ME-
TEOR. This evaluation was performed to measure the
model’s consistency in understanding the complex con-
text of immigration policies and generating responses
that are both factually accurate and clearly commu-
nicated. Given the diversity of Thai immigration ser-
vices and the distinct regulations associated with dif-
ferent visa categories, evaluating performance at the
visa-category level is particularly important. Table 7
presents the average BLEU, ROUGE-L, and METEOR
scores calculated from two responses generated by GPT-
4 for each question across the 12 major visa categories.
These results provide a comprehensive overview of the
model’s performance and highlight the visa categories
for which the system generates the most accurate re-
sponses.

Table 7. Average automatic evaluation scores per visa
category.

Visa category BLEU ROUGE-L METEOR

Tourist (TR) 0.82 0.86 0.79

Business (Non-Immigrant B) 0.81 0.84 0.78

Education (Non-Immigrant
ED)

0.75 0.80 0.73

ED Plus 0.73 0.78 0.72

Media (Non-Immigrant M) 0.69 0.74 0.68

Official (Non-Immigrant F) 0.70 0.75 0.69

Dependent/Spouse
(Non-Immigrant O)

0.76 0.79 0.74

SMART 0.74 0.78 0.72

Transit 0.71 0.76 0.69

Long-Term Resident (LTR) 0.78 0.81 0.76

Retirement (Non-Immigrant
O-A)

0.77 0.80 0.75

Long-Stay Retirement
(Non-Immigrant O-X)

0.72 0.76 0.70

The results presented in Table 7 indicate that the
Tourist (TR) category achieved the highest perfor-
mance, with BLEU, ROUGE-L, and METEOR scores
of 0.82, 0.86, and 0.79, respectively. These values rep-
resent the highest scores among all evaluated visa cat-
egories. This result suggests that visa categories sup-
ported by extensive and publicly available documenta-
tion allow the model to generate responses that closely
align with the reference answers. Other categories, in-
cluding Business (Non-Immigrant B) and Long-Term
Resident (LTR), also demonstrated strong performance,
achieving BLEU scores of 0.81 and 0.78, respectively.
These findings indicate that the system can provide
clear and accurate responses for visa categories with
well-defined policy requirements.

To provide an overall assessment of system perfor-
mance, the average values of the three automatic evalu-
ation metrics were calculated across all visa categories.
These aggregate scores offer a general indication of the
quality and consistency of GPT-4-generated responses
in different visa-related contexts. The results show that
the system achieved an average BLEU score of 0.75, an
average ROUGE-L score of 0.79, and an average ME-
TEOR score of 0.73. These results demonstrate that the
proposed system maintains a consistent level of perfor-
mance across a broad range of Thai immigration visa
categories.

4.2 Human Evaluation

In addition to the automated evaluation, a manual eval-
uation was conducted by three independent evaluators
with backgrounds in Thai immigration policy and com-
putational linguistics. The purpose of this evaluation
was to obtain a broader perspective on the quality of
responses generated by the GPT-4-based system.

4.2.1 Evaluation Procedure

The manual evaluation procedure involved assessing 100
responses generated by GPT-4. These responses were
evaluated using a five-point Likert scale, where 1 indi-
cated very poor performance and 5 indicated very good
performance. The evaluation was based on three dimen-
sions: Accuracy, which assessed whether the response
was consistent with official Thai immigration regula-
tions (Q: Does the answer align with official Thai im-
migration regulations?); Language Clarity, which eval-
uated the clarity and comprehensibility of the language
used (Q: Is the language used clear and easy to un-
derstand?); and User Satisfaction, which measured the
extent to which the response was perceived as helpful
and satisfactory (Q: Does the answer help or satisfy the
user’s inquiry?).

4.2.2 Evaluation Results

The manual evaluation results demonstrate strong per-
formance of the GPT-4-based question-answering (QA)

10



Aulia Akhrian Syahidi Journal of Applied Informatics and Technology 2026, 8(2), 262526

system across all evaluation dimensions, as summarized
in Fig. 3.

Figure 3. Manual evaluation results by independent
evaluators across three dimensions.

The high score obtained for Accuracy (4.5) indi-
cates that the combination of few-shot prompting and
rule-based post-processing contributed to generating re-
sponses that were largely consistent with official immi-
gration policies. Given the policy-oriented nature of the
domain, this result suggests that the system was able
to adhere to factual constraints associated with the 12
visa categories included in this study. The findings pro-
vide evidence that the combination of system prompts
and rule-based validation mechanisms helped reduce the
occurrence of factually inconsistent responses.

The highest score was observed for Language Clar-
ity (4.6), indicating that the system effectively commu-
nicated complex immigration regulations in a manner
that was easy to understand. This result suggests that
GPT-4 can transform policy-related information into
user-friendly responses while maintaining the intended
meaning of the original regulations. The findings also
support the objective of reducing communication barri-
ers associated with immigration procedures and policy
interpretation.

The User Satisfaction score of 4.4 further reflects the
positive perception of the generated responses. This re-
sult suggests that users considered the responses help-
ful, relevant, and sufficiently informative for addressing
their inquiries. The combination of factual consistency
and clear language likely contributed to the favorable
satisfaction ratings observed during the evaluation.

Taken together, the consistently high scores across
Accuracy, Language Clarity, and User Satisfaction in-
dicate that the proposed system can generate responses
that are generally accurate, understandable, and use-
ful within the context of Thai immigration services.
These findings provide additional evidence supporting
the suitability of GPT-4 for policy-oriented question-
answering applications and highlight its potential for
assisting users in navigating complex immigration reg-
ulations.

4.3 Correlation Analysis

To examine the relationship between automatic evalua-
tion metrics and human judgments, Pearson correlation
coefficients were calculated, with the results presented
in Table 8.

Table 8. Correlation between automatic evaluation met-
rics and human judgments.

Metric Pair Pearson Correlation (r)

BLEU vs Accuracy (Human) 0.78

ROUGE-L vs Language
Clarity (Human)

0.72

METEOR vs User
Satisfaction (Human)

0.75

The correlation analysis revealed strong positive re-
lationships between the automatic evaluation metrics
and the corresponding human evaluation dimensions.
All correlation coefficients exceeded the threshold of
r ≥ 0.70, indicating substantial agreement between au-
tomated and manual assessments. Among the evalu-
ated metrics, BLEU demonstrated the strongest corre-
lation with Accuracy, suggesting that n-gram overlap is
closely associated with factual consistency in responses
related to immigration policies. ROUGE-L showed the
strongest relationship with Language Clarity, indicating
that structural similarity between generated and refer-
ence answers is related to human perceptions of compre-
hensibility. In addition, METEOR exhibited a strong
correlation with User Satisfaction, reflecting the impor-
tance of semantic similarity in shaping user perceptions
of response quality.

These findings suggest that the selected automatic
evaluation metrics provide meaningful indicators of re-
sponse quality within the immigration policy domain.
The observed correlations support the use of BLEU,
ROUGE-L, and METEOR as complementary evalua-
tion measures for monitoring the performance of LLM-
based question-answering systems. Furthermore, the re-
sults indicate that automatic evaluation can provide a
practical and efficient assessment framework while re-
ducing the need for extensive manual evaluation in fu-
ture system development and maintenance.

5. Discussion

The experimental results presented in Section 4 provide
strong evidence regarding the performance and relia-
bility of the GPT-4-based system in answering ques-
tions related to Thai immigration visa services. These
findings, derived from both automatic and manual eval-
uations, demonstrate that the designed system holds
significant potential in generating accurate, clear, and
satisfactory responses for users across various visa cat-
egories.
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5.1 Strengths Based on Automated Evalua-
tion

The automated evaluation results demonstrate that the
proposed GPT-4-based question-answering system can
maintain a consistently high level of performance across
multiple visa categories. The overall BLEU, ROUGE-
L, and METEOR scores indicate that the generated re-
sponses exhibit substantial lexical similarity, structural
consistency, and semantic alignment with the reference
answers. These findings suggest that GPT-4 can effec-
tively interpret immigration-related questions and gen-
erate responses that are consistent with the intended
policy information.

Among the evaluated visa categories, the Tourist
(TR) category achieved the strongest performance.
This outcome may be attributed to the availability of
extensive and standardized public documentation, in-
cluding visa requirements, eligibility criteria, and appli-
cation procedures. The abundance of publicly accessi-
ble information likely provides more consistent linguistic
patterns and policy descriptions, allowing the model to
generate responses that closely align with the reference
answers. Similar observations have been reported in
previous studies, where LLM performance tended to im-
prove when tasks were associated with well-documented
and frequently occurring information domains.

Strong performance was also observed for the Busi-
ness (Non-Immigrant B) and Long-Term Resident
(LTR) categories. These results suggest that the pro-
posed prompt engineering strategy can effectively guide
GPT-4 in handling visa categories that involve multiple
eligibility conditions, supporting documents, and proce-
dural requirements. The ability to maintain relatively
high scores across these categories indicates that the
model can preserve contextual consistency while gener-
ating detailed policy-oriented responses.

In contrast, comparatively lower scores were ob-
served for categories such as Media (Non-Immigrant M)
and Long-Stay Retirement (Non-Immigrant O-X). One
possible explanation is that these visa categories involve
more specialized regulations and less frequently refer-
enced policy information. Consequently, the available
information may exhibit greater variability in termi-
nology and procedural details, increasing the difficulty
of generating responses that closely match the refer-
ence answers. This finding highlights the importance
of domain-specific knowledge representation when de-
ploying LLM-based systems in specialized administra-
tive contexts.

The average BLEU, ROUGE-L, and METEOR
scores further indicate that the system performs con-
sistently across a diverse range of visa-related scenar-
ios. The relatively strong ROUGE-L score suggests
that GPT-4 can maintain coherent information flow
and response structure, which is particularly impor-
tant when communicating procedural information to
visa applicants. Likewise, the METEOR score reflects

the model’s ability to preserve semantic meaning even
when alternative wording is used. Taken together, these
findings suggest that the proposed system can generate
responses that are not only factually relevant but also
linguistically coherent and semantically appropriate for
immigration-related question-answering tasks.

5.2 Findings from Manual Evaluation

The manual evaluation results provide a complemen-
tary perspective to the automated metrics by assess-
ing response quality from a human-centered viewpoint.
While automatic evaluation focuses primarily on lexical
and semantic similarity, manual assessment captures as-
pects related to factual appropriateness, comprehensi-
bility, and perceived usefulness. The consistently high
scores obtained across all evaluation dimensions suggest
that the proposed system can generate responses that
align well with both policy requirements and user ex-
pectations.

The strong performance observed in the Accuracy
dimension indicates that GPT-4 was generally able to
produce responses that were consistent with official
Thai immigration regulations. This finding is partic-
ularly important in the context of visa-related services,
where inaccurate information may lead to misunder-
standings or inappropriate decision-making by appli-
cants. The result suggests that the combination of
domain-specific prompt design, few-shot examples, and
rule-based validation mechanisms contributed to main-
taining factual consistency in the generated responses.

Language Clarity received the highest evaluation
score among all assessed dimensions. This result sug-
gests that the system was effective in transforming
policy-oriented information into responses that were
easy to understand and communicate. Immigration reg-
ulations often contain technical terminology and proce-
dural requirements that may be difficult for applicants
to interpret. The ability of GPT-4 to present such infor-
mation in a clear and structured manner may therefore
improve accessibility and facilitate information retrieval
for users seeking visa-related guidance.

The User Satisfaction results further support the
practical value of the proposed system. The relatively
high satisfaction score indicates that users generally
perceived the generated responses as useful and relevant
to their information needs. The findings suggest that re-
sponse quality is influenced not only by factual correct-
ness but also by the clarity, completeness, and overall
readability of the generated content. Consequently, the
combination of accurate information and understand-
able language appears to contribute positively to the
overall user experience.

Although the evaluation results were highly encour-
aging, qualitative feedback provided by the evaluators
also highlighted opportunities for improvement. In
some cases, responses lacked specific procedural details,
such as processing timelines or additional administra-
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tive requirements. These observations suggest that fu-
ture enhancements could focus on incorporating more
detailed procedural information and expanding domain-
specific knowledge resources to further improve response
completeness.

Overall, the manual evaluation findings indicate that
the proposed GPT-4-based system achieves a balance
between factual consistency and communicative effec-
tiveness. The alignment between the manual and au-
tomated evaluation results provides additional evidence
that the system can generate responses that are not only
relevant to immigration policies but also understandable
and useful from the perspective of end users.

5.3 Correlation Analysis Between Automatic
and Manual Evaluation

The correlation analysis provides additional insights
into the relationship between automatic evaluation met-
rics and human perceptions of response quality. While
automated metrics offer a scalable and objective assess-
ment framework, human evaluation remains essential
for capturing factors such as factual appropriateness,
readability, and user satisfaction. Therefore, examining
the degree of agreement between these two evaluation
approaches is important for determining whether au-
tomatic metrics can serve as meaningful indicators of
real-world system performance.

The results presented in Table 8 show strong posi-
tive correlations between all metric-assessment pairs, in-
dicating substantial alignment between automatic and
manual evaluations. In particular, the strong relation-
ship between BLEU and Accuracy suggests that lexical
overlap remains an important indicator of factual con-
sistency within the immigration policy domain. Unlike
open-ended conversational tasks, immigration-related
responses often rely on standardized terminology, offi-
cial policy statements, and procedural descriptions. As
a result, higher lexical similarity between generated and
reference answers is likely to reflect greater adherence
to policy-related information.

A similarly strong correlation was observed between
ROUGE-L and Language Clarity. This finding suggests
that response structure and information organization
play an important role in shaping human perceptions
of comprehensibility. Since ROUGE-L emphasizes the
longest common subsequence between generated and
reference responses, the metric may capture the extent
to which key information is presented in a logical and
coherent order. This characteristic is particularly rel-
evant in public-service applications, where procedural
information must be communicated clearly to avoid mis-
understanding.

The observed relationship between METEOR and
User Satisfaction further highlights the importance of
semantic similarity in evaluating question-answering
systems. Unlike BLEU and ROUGE-L, METEOR in-
corporates synonym matching and partial lexical varia-

tions, making it more sensitive to differences in wording
while preserving meaning. The strong correlation ob-
served in this study suggests that users tend to respond
positively to answers that convey the intended informa-
tion effectively, even when the wording differs from the
reference responses.

Taken together, these findings indicate that BLEU,
ROUGE-L, and METEOR capture complementary as-
pects of response quality and exhibit meaningful align-
ment with human judgments. The results support the
use of automatic evaluation metrics as practical indi-
cators for monitoring the performance of LLM-based
question-answering systems in policy-oriented domains.
Although human evaluation remains indispensable for
assessing nuanced aspects of response quality, the strong
correlations observed in this study suggest that au-
tomatic metrics can provide an efficient and scalable
mechanism for routine system evaluation and perfor-
mance tracking.

Furthermore, the observed agreement between au-
tomated and human assessments provides additional
confidence in the validity of the evaluation framework
adopted in this study. This finding is particularly im-
portant for future research involving large-scale policy-
oriented question-answering systems, where extensive
human evaluation may be costly, time-consuming, and
difficult to maintain consistently.

5.4 System Advantages

Several advantages of the GPT-4-based QA system were
identified in this study. First, the system demonstrated
adaptability across visa categories by successfully an-
swering questions related to 12 different types of Thai
visas. Second, it generated responses in natural and
communicative English, making the information more
accessible and easier to understand for non-expert users.
Third, the system exhibited modularity through prompt
engineering techniques, allowing contextual guidance
toward specific visa types using a few-shot learning ap-
proach.

These findings suggest that the GPT-4-based system
can provide accurate, well-structured, and user-centered
responses for visa-related services. The alignment ob-
served between automated and manual evaluation re-
sults further indicates the potential for efficient and scal-
able validation of public policy question-answering sys-
tems. Overall, the findings suggest that GPT-4 can flex-
ibly interpret complex policy-related inquiries without
requiring explicit fine-tuning, making it a potentially
valuable tool for supporting communication in public
services.

5.5 Limitations and Challenges

Although the results demonstrate encouraging perfor-
mance, several limitations of the proposed system were
identified. First, the system relies heavily on the format
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and quality of the few-shot prompts used, which directly
influence the accuracy and relevance of the generated
responses. Second, the system may encounter difficul-
ties when answering highly specific questions, such as
those involving policy exceptions or rapidly changing
regulations, and may occasionally generate generalized
responses.

Third, GPT-4 does not have real-time access to of-
ficial immigration policy databases, making it unable
to incorporate newly issued regulations or policy up-
dates unless such information is manually included in
the prompt. In addition, generated responses may not
always contain important advisory statements, such as
recommending users verify information with immigra-
tion authorities, which may create risks if the informa-
tion is used without further confirmation.

The variation in performance observed across visa
categories also highlights the importance of domain-
specific adaptation, particularly for visa types asso-
ciated with limited or less frequently referenced in-
formation. Future improvements may include fine-
tuning with localized datasets, integrating Retrieval-
Augmented Generation (RAG) techniques for real-time
policy updates, and providing multilingual support to
improve accessibility. Qualitative error analysis may
also help identify failure patterns and support contin-
uous system improvement. Furthermore, incorporating
user-specific contextual information, such as nationality,
travel history, or purpose of visit, may improve response
relevance and user satisfaction while maintaining con-
sistency with evolving immigration policies.

5.6 Implications for Public Sector Services

This study provides insights into the potential appli-
cation of large language models in public-sector ser-
vices, particularly in immigration visa information ser-
vices. The use of automated question-answering sys-
tems may enhance service efficiency by reducing the
need for repetitive information requests handled by im-
migration officers. Such systems may also improve infor-
mation accessibility by assisting international visa ap-
plicants in understanding visa requirements without re-
quiring in-person consultations.

In addition, this study serves as a case example
of applying GPT-based systems in regulatory domains
that require a high degree of factual consistency. How-
ever, practical deployment should be accompanied by
appropriate governance mechanisms, including human
review, regular policy updates, and transparent audit-
ing processes to help identify and address potential lim-
itations and biases.

5.7 Policy Significance and Real-World Im-
pact

The findings of this study highlight the potential role of
GPT-4-based question-answering systems in supporting

public-service innovation. By providing responses that
were generally evaluated as accurate, clear, and use-
ful, the proposed system has the potential to address
some limitations associated with visa information ser-
vices, including inconsistent information delivery and
language-related communication barriers.

From an administrative perspective, the system may
assist in handling routine and complex information re-
quests, thereby supporting immigration officers in pro-
viding information services. In terms of service con-
sistency, the use of standardized prompts and policy-
oriented examples may contribute to more uniform re-
sponses across different user inquiries, which is impor-
tant for maintaining public confidence in information
services.

Overall, the results suggest that GPT-4-based
question-answering systems may serve as useful tools
for supporting immigration information services when
combined with carefully designed prompts and valida-
tion mechanisms. While further validation is required
before large-scale deployment, the findings indicate the
potential of such systems to improve information ac-
cessibility and support communication between govern-
ment agencies and visa applicants.

6. Conclusion and Future Works

This study successfully evaluated the application of
GPT-4 as an automated QA system for Thai immigra-
tion visa services across 12 main visa categories. Using
a few-shot prompt engineering approach and a simu-
lated dataset of 1,600 QA pairs based on official policy
guidelines, the system demonstrated high performance,
achieving BLEU, ROUGE-L, and METEOR scores of
up to 0.82, 0.86, and 0.79, respectively, for the Tourist
(TR) category, as well as average human evaluation
scores of 4.5-4.6 for accuracy and clarity. These results
indicate the strong potential of GPT-4 to enhance the
responsiveness, efficiency, and accessibility of digital im-
migration services.

Nevertheless, several limitations were identified.
First, the evaluation was conducted using a simulated
dataset and did not involve real-world user interac-
tions. Second, the system does not have real-time con-
nectivity with official immigration information systems,
which may limit its ability to reflect newly issued pol-
icy updates. Third, generated responses may not al-
ways include important advisory statements or official
disclaimers. Finally, the effectiveness of the system
remains dependent on the design and maintenance of
prompt templates, which may limit scalability and au-
tomated adaptation.

Beyond its technical contributions, this study
demonstrates the potential application of large language
models in public-service information systems. The re-
sults indicate that GPT-4 can support the delivery
of consistent and understandable immigration informa-
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tion, thereby assisting users in navigating visa-related
requirements and procedures.

Future research may focus on multilingual support
to improve accessibility, integration with official im-
migration APIs to provide real-time policy updates,
domain-specific fine-tuning to enhance response preci-
sion, and the deployment of a prototype chatbot in
operational environments with continuous user evalu-
ation. Additional research may also explore governance
and auditing mechanisms to improve transparency, ac-
countability, and responsible AI deployment, as well as
the use of Elasticsearch for centralized log management
and real-time monitoring of system performance.
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Table 6. Sample prompts and summary responses generated by GPT-4 for 12 Thai visa categories.

Visa Category Sample Question Summary Response

Tourist (TR) Q1: How long can I stay in Thailand with a
tourist visa?
Q2: Can I apply for a tourist visa online?

A1: “Tourist visas allow stays up to 60 days, extendable
once for 30 days.”
A2: “Yes, e-visa application is available for eligible
countries via Thai e-Visa portal.”

Business
(Non-Immigrant B)

Q1: What documents are required for a
Thai business visa?
Q2: Can I change from tourist visa to
business visa in Thailand?

A1: “Invitation letter, passport, company registration,
and financial documents are needed.”
A2: “Generally, this is not allowed. You must apply for a
Non-Immigrant B from outside Thailand, through a Thai
Embassy or Consulate. Status changes from a Tourist
(TR) within the country are only permitted under limited
emergency circumstances.”

Education
(Non-Immigrant ED)

Q1: Can I get an ED visa for studying Thai
language?
Q2: What is the minimum study duration
for ED visa eligibility?

A1: “Yes, ED visas are issued for accredited language
schools approved by the Thai Ministry of Education.”
A2: “At least 4 hours per week of instruction, typically in
a full-semester program.”

ED Plus Q1: Can I extend my ED Plus visa?
Q2: Does ED Plus visa allow part-time
work?

A1: “Yes, based on continued enrollment and valid
documentation from the institution.”
A2: “Yes, students may work part-time up to 20
hours/week with proper permission.”

Media (Non-Immigrant
M)

Q1: What documents are needed for a
media visa?
Q2: How long is a media visa valid for?

A1: “Press card, employer letter, passport, and
background check are required.”
A2: “Usually valid for 90 days, extendable depending on
assignment and approval.”

Official (Non-Immigrant
F)

Q1: Who qualifies for Non-Immigrant F
visa?
Q2: Is diplomatic note required for F visa?

A1: “Foreign government officials, embassy staff, and
international agency personnel.”
A2: “Yes, official correspondence from the applicant’s
government or organization is mandatory.”

Dependent/Spouse
(Non-Immigrant O)

Q1: Can my spouse stay with me on an O
visa?
Q2: What documents are required for
dependent visa application?

A1: “Yes, with marriage certificate and financial proof of
support.”
A2: “Marriage/birth certificates, sponsor’s visa copy, and
proof of relationship.”

SMART Q1: What is the benefit of the SMART visa
for tech entrepreneurs?
Q2: How can I qualify for SMART S visa as
a startup founder?

A1: “Up to 4-year stay, no work permit required, and
family members can also work.”
A2: “Must be endorsed by relevant Thai agency and have
registered startup or incubation project.”

Transit Q1: Do I need a visa for a 12-hour layover
in Thailand?
Q2: How long is a transit visa valid?

A1: “Not if you stay in the airport’s transit zone and hold
onward tickets.”
A2: “Valid for 30 days, with a permitted stay of up to 30
days for transit purposes.”

Long-Term Resident
(LTR)

Q1: What are the qualifications for the LTR
visa?
Q2: Can my family join me under LTR
visa?

A1: “Applicable to high-income individuals, retirees, or
skilled professionals meeting income and asset
thresholds.”
A2: “Yes, spouse and children (under 20) can be included
as dependents.”

Retirement
(Non-Immigrant O-A)

Q1: What is the age requirement for O-A
visa?
Q2: Can I re-enter Thailand multiple times
with O-A visa?

A1: “Applicants must be 50 years or older with specific
financial qualifications.”
A2: “Yes, if a multiple-entry visa is issued or re-entry
permits are obtained.”

Long-Stay Retirement
(Non-Immigrant O-X)

Q1: Can I work on an O-X visa?
Q2: What financial documents are needed
for O-X visa?

A1: “No, O-X visa holders are not permitted to work in
Thailand.”
A2: “Bank statement showing 3 million THB in Thai
bank or 1.8 million with annual income.”
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