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1. Introduction

Abstract

Service request prioritization in IT service management presents signifi-
cant challenges in terms of accuracy and efficiency, particularly in Thai-
language environments where automated support tools remain limited.
This study develops and evaluates a web-based application designed to
optimize the management and tracking of organizational service requests.
By incorporating automated prioritization through Named Entity Recog-
nition (NER), the system aims to improve operational efficiency and re-
duce the time staff spend on maintenance-related tasks. In addition to
real-time tracking, the application serves as a centralized repository for
service request data, enabling in-depth analysis and supporting strate-
gic planning. This capability facilitates more informed decision-making
in organizational service management. A key feature of the proposed
system is its ability to automatically prioritize incoming service requests
based on extracted information. The core component is an NER model
fine-tuned using 500 service request samples. Four transformer-based
language models, namely BERT-Base-Thai, BERT-Base-Multilingual,
WangchanBERTa-Base, and XLM-RoBERTa-Base, were evaluated and
compared. The evaluation employed multiple performance metrics, in-
cluding evaluation loss, precision, recall, F1-score, and accuracy, to deter-
mine the most suitable model for the task. Experimental results indicate
that BERT-Base-Multilingual achieved the best performance, obtaining
an evaluation loss of 0.0272, precision of 0.9888, recall of 0.9946, F1-score
of 0.9917, and accuracy of 0.9923. System performance testing further
demonstrated that automatic priority assignment required less than 3.5
seconds per request, while service resolution was completed within 48
hours, resulting in an overall user satisfaction score of 4.16 out of 5. The
findings confirm the effectiveness of the proposed NER model in accu-
rately identifying multiple entity categories and demonstrate that the de-
veloped system successfully enhances service request management while
reducing request-tracking time through automated log analysis.

fect the management and delivery of information tech-

Educational institutions are entrusted with the respon-
sibility of providing effective teaching and learning envi-
ronments, which require the availability and readiness of
various instructional equipment and information tech-
nology resources. However, it is frequently observed
that such resources are either damaged or utilized with-
out proper documentation. These issues adversely af-

nology services within the organization. At Rajaman-
gala University of Technology Tawan-Ok (RMUTTO)
(2022), the delivery of teaching and learning requires
the utilization of various equipment and resources. Each
academic semester necessitates the management of ser-
vice requests to ensure the readiness and efficiency
of overall Information Technology Service Management
(ITSM) prior to the commencement of classes. These
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services encompass internationally recognized standards
and best practices, such as the Information Technology
Infrastructure Library (ITIL), which emphasizes service
optimization and continuous operational improvement
(Axelos, R019). Transitioning from isolated problem-
solving practices within individual departments to an
integrated ITSM framework is therefore essential for
enhancing organizational service management capabil-
ities. In particular, in addition to concerns regard-
ing speed and accuracy, service request management
should support the establishment of systems that pro-
mote transparency, reduce redundant work, and facili-
tate organizational-level strategic decision-making. One
of the largest and most dynamic sectors of the global
economy is the provision of services, which is essen-
tial for creating value for both organizations and service
users. To effectively respond to change, organizations
must achieve a balance between stability and agility by
improving service management through the integration
of information technology and emerging technologies
(Axelos, 2019). In the past, organizational operations
were managed by administrative staff through direct
communication channels such as telephone calls and the
LINE application, with service requests recorded and
tracked using informal documentation methods. How-
ever, such practices have resulted in operational delays,
inconsistencies in data records, and limitations in cate-
gorizing or analyzing requests due to the unstructured
nature of the information. Additionally, the organiza-
tion employs an incident management system for infor-
mation technology services, which requires accurate and
timely information to support incident resolution and
restore services to normal operation as efficiently as pos-
sible (Petcharat and Puengwattanapong, 2018). This
includes the development of incident management ap-
proaches within information technology infrastructure
environments aligned with ITIL 4 operational guide-
lines. These frameworks are designed to effectively ad-
dress ICT-related incidents in educational institutions,
with a focus on enhancing the value of ICT services and
maintenance activities (Dzemydien.e et all, 2024). Such
practices support the continuous operation of intercon-
nected systems within the organization.

Recent research indicates that Information Technol-
ogy Service Management solutions have increasingly in-
tegrated Artificial Intelligence (AI) to address opera-
tional challenges and enhance flexibility in service man-
agement (Dande et all, 2024; Mao et all, 2021)). Arti-
ficial Intelligence for IT Service Management (AITSM)
focuses on strengthening service resilience and generat-
ing additional value throughout service processes. One
notable advancement involves the application of Named
Entity Recognition (NER) to unstructured text in lan-
guages such as Marathi, Chinese, and Thai, enabling the
identification and classification of entities from diverse
sources, including Wikipedia articles, medical reports,
and cybersecurity data (Patil et all, 2020; Zhang et al.,
2024; Laosen et al), 2024; Liu et al), 2024; Tian, 2024).
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These multilingual and cross-domain implementations
employ techniques such as Conditional Random Fields
(CRF), Transformer architectures, BigBird, SoftLexi-
con, and semi-supervised learning methods. In practi-
cal applications, NER has been utilized in chatbots and
virtual assistants to accurately extract entities such as
personal names, dates, and locations, thereby improving
the precision of user request processing ([Tommy et all,
2020; Chandwani et all, 2023). In addition, research in
Thai named entity recognition has consistently identi-
fied word segmentation issues and morphological errors
as factors that negatively affect NER performance. To
address these challenges and improve recognition per-
formance, researchers have proposed the Thai Charac-
ter Cluster (TCC) approach and developed the BKD
Corpus as a standardized dataset for Thai NER re-
search (Sornlertlamvanich and Yuenyong, 2022). Fur-
thermore, a major challenge in NER development is
the acquisition of high-quality domain-specific datasets,
such as legal, medical, or corporate service manage-
ment datasets, which often require substantial time and
resources to develop. To address this limitation, Bi-
directional Long Short-Term Memory (BiLSTM) mod-
els have been employed to identify previously unseen
entities through contextual learning, thereby reducing
the limitations associated with narrowly scoped datasets
(Kuntichod et alJ, 2024). Nevertheless, notable progress
has been achieved in the development of tools support-
ing ITSM, particularly in Incident and Problem Man-
agement aligned with ITIL best practices, as well as in
Thai NER and Natural Language Processing (NLP) re-
search. Recent advancements include the development
of BILSTM-based architectures utilizing standardized
corpora for Thai NER (Sornlertlamvanich and Yueny-
ong|, 2022), the identification of historical Thai named
entities from archival textual resources (Laosen et all,
2024), and the recognition and classification of entities
in Marathi and Chinese texts (Patil et all, 2020; Zhang
et all, 2024), medical records ([Tian, 2024), and cyberse-
curity reports (Liu et al), 2024). However, direct appli-
cations specifically focused on service request manage-
ment within Thai organizational contexts remain lim-
ited. This gap highlights the need for a model capable
of handling the informal and unstructured characteris-
tics of service request data. Such a model is essential
for supporting real-world service request prioritization
processes within organizational systems.

Consequently, this research aims to integrate NER
techniques into the service request management process
using an NLP model optimized for the Thai language
and organizational environments. The study provides
both technical and practical contributions. From a tech-
nical perspective, the study applies and fine-tunes lan-
guage models for Thai service request analysis. From
a practical perspective, the proposed approach estab-
lishes a comparative framework against existing orga-
nizational prioritization practices. The primary focus
is the application of NLP techniques to achieve se-
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mantic and syntactic understanding of service request
texts, thereby enabling the automatic extraction of rel-
evant information. This approach reduces the man-
ual effort required for request analysis and manage-
ment. NLP systems are built upon statistical meth-
ods and neural network architectures, including Con-
volutional Neural Networks (CNNs) and deep neural
network models capable of identifying complex textual
patterns and extracting information from diverse data
sources (Vasiliev, 2020). Widely adopted NLP frame-
works, such as spaCy, support functions including de-
pendency parsing and Part-of-Speech (POS) tagging.
In particular, NER is widely applied to extract key in-
formation such as issue types, related equipment, re-
questors, and urgency levels from service request texts.
Furthermore, spaCy is a high-performance open-source
library designed for processing large volumes of textual
data (Mesquita and Altinok, 2025) and can be adapted
for Thai language processing through integration with
PyThaiNLP (Phatthiyaphaibun et al), 2023). This ca-
pability supports the development of an NER model
specifically designed for service request management
within Thai organizational environments.

2. Research Materials

In this section, the theoretical foundations and tools uti-
lized for the design and development of this research are
presented. These include the spaCy library, Named En-
tity Recognition (NER), pre-trained Transformer mod-
els, and seqgeval metrics.

2.1 spaCy Library

spaCy (Mesquita and Altinok, 2025) is a free and open-
source Python library designed for advanced Natural
Language Processing (NLP). NLP is a subfield of Ar-
tificial Intelligence (AI) that focuses on the analysis of
text, speech, and other forms of human-generated lin-
guistic information. Textual data often contain refer-
ences to preceding words, real-world entities, cultural
concepts, and contextual information associated with
the author or speaker. Designed specifically for produc-
tion environments, spaCy supports the development of
applications capable of efficiently processing and under-
standing large volumes of textual data. Furthermore, it
can be employed for information extraction and the de-
velopment of natural language understanding systems.

Its features include essential machine learning func-
tionalities such as Tokenization, which segments text
into words and punctuation marks; Part-of-Speech
(POS) Tagging, which assigns grammatical categories
to tokens; and Named Entity Recognition (NER), which
identifies and classifies entities within text. Some func-
tionalities within spaCy operate independently, whereas
others require trained processing pipelines. These
pipelines enable spaCy to generate linguistic annota-
tions, such as identifying nouns, verbs, and other gram-
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matical structures. Currently, spaCy provides pre-
trained pipelines for multiple languages, including Thai.

spaCy can be integrated with PyThaiNLP
(Phatthiyaphaibun et all, 2023), an open-source soft-
ware project dedicated to Thai language processing.
The primary objective of PyThaiNLP is to provide pub-
licly accessible software tools, datasets, and language
models for Thai language applications. As a Python
library specializing in Thai NLP, PyThaiNLP extends
spaCy’s functionality through the spaCy-PyThaiNLP
package, which provides enhanced support for Thai lan-
guage processing. A sample processing pipeline based
on the spaCy architecture within this framework accepts
text as input and produces a Doc object as output, as

illustrated in Fig. [ll.
| Text '—HTMH Tagger H Parser H NER H ’4—){ Doc ‘

Figure 1. The architecture of spaCy’s pipeline
(Mesquita and Altinok, 2025).

2.2 Named Entity Recognition (NER)

Named Entity Recognition (NER) (Mesquita and Al
tinok, 2025) is a Natural Language Processing (NLP)
task that identifies and classifies named entities men-
tioned in text into predefined categories. These entities
represent real-world objects and may include persons,
locations, organizations, products, dates, and times. A
named entity typically refers to a specific object that
can be uniquely identified by its corresponding name.

For example, in the sentence “Paris is the capital
of France,” the system identifies Paris and France as
named entities. In contrast, the word capital is not
recognized as a named entity because it represents a
general concept rather than a specific object. The clas-
sification process performed by NER differs from Part-
of-Speech (POS) tagging because the set of entity cat-
egories can be defined according to application require-
ments. Common categories supported by NER systems
include Person, Location, and Organization. The spe-
cific entity types utilized depend on the characteristics
of the target corpus and the objectives of the applica-
tion. An example of the NER process is illustrated in
Table E

Table 1. spaCy’s Named Entity Recognition labels and
descriptions (Mesquita and Altinok, 2025).

Label Description
PERSON People, including fictional
ORG Companies, agencies, institutions, and so on
GPE Countries, cities, states
LOC Non-GPE locations, mountain ranges, bodies of water
PRODUCT Objects, vehicles, foods, and so on (not services)
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2.3 Transformer Models

Transformer architecture ([Tunstall et al|, 2022;
Mesquita and Altinok, 2025) is a neural network ar-
chitecture widely used in Natural Language Process-
ing (NLP). It evolved from the traditional encoder—
decoder architecture and has gained widespread pop-
ularity for processing sequential data, particularly in
machine translation tasks. The Transformer consists
of two principal components: the Encoder, which con-
verts an input sequence into a sequence of embedding
vectors (hidden states) that capture contextual informa-
tion, and the Decoder, which utilizes the hidden states
generated by the encoder to produce an output sequence
one token at a time.

The Transformer architecture was designed to ad-
dress limitations associated with Long Short-Term
Memory (LSTM) networks, particularly in handling
long sequences and capturing long-range dependencies.
During processing, the Transformer converts input text
into contextualized vector representations that encode
semantic information, sentence structure, and word
context. Transformer models are typically pre-trained
on large-scale corpora, and the resulting representations
can be utilized for various downstream tasks, includ-
ing text classification, text summarization, question an-
swering, machine translation, and natural language gen-
eration.

The Transformer ecosystem includes widely adopted
toolkits such as the Hugging Face Transformers API
(Hugging Face, R2025). This API supports the
downloading, training, and fine-tuning of various
pre-trained Transformer models across multiple lan-
guages, thereby improving the efficiency and acces-
sibility of NLP model development. Examples of
pre-trained models suitable for Thai and multilin-
gual applications include BERT-Base-Thai, BERT-
Base-Multilingual, WangchanBERTa-Base, and XLM-
RoBERTa-Base.

2.4 seqeval Metrics

The seqeval framework (Nakayama, 2018) is a Python
library designed for evaluating sequence labeling tasks.
It is commonly used to assess the performance of tasks
such as Named Entity Recognition (NER), Part-of-
Speech (POS) tagging, and semantic role labeling. The
framework computes evaluation scores by comparing
predicted labels with reference labels.

The framework requires two primary inputs: predic-
tions, which represent lists of predicted labels generated
by a sequence labeling model, and references, which rep-
resent lists of ground-truth labels. Supported tagging
schemes include I0OB1, I0OB2, IOE1, and IOE2.

The seqeval framework returns evaluation statistics
at both the overall level and the entity level. Common
evaluation metrics include Accuracy, Precision, Recall,
and F1-Score.
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3. Research Methodology

For this research methodology, the study was structured
into the following sequential phases: Overall System
Operation, Model Design and Development, and Ap-
plication Design and Development.

3.1 Overall System Operation

The overall research workflow for monitoring and track-
ing service requests through automated prioritization
using Named Entity Recognition (NER) techniques con-
sists of the following sequential stages: input data col-
lection and preparation, data cleaning and validation,
the NER process, and output model generation. The
resulting output model is subsequently utilized in the
development of a Monitoring and Tracking Service Re-
quests Application.

The proposed application is capable of automatically
prioritizing service requests and collecting user feedback
when issues occur or when the system is unable to accu-
rately evaluate a service request. This feedback mecha-
nism supports the continuous improvement and refine-
ment of both the NER model and the application to
better satisfy user requirements. The overall research
workflow is illustrated in Fig. P

Named Entity Recognition

] Output Model
Data Cleaning Process i
and Validation ‘

Tokenization

NER Model II
. (PyThaiNLP: newmm)

Tagging ‘

(BIO Format)

Preparing and collection
the input data

Organization
Dataset

GPT-4-turbo

Monitoring and
Tracking Service
Requests Application

Named Entity
Recognition (NER)

Training & Evaluations |
Model |

(Fine-tuning Transformer Model)

User feedback

Figure 2. Overall research operation.

3.2 Model Design and Creation

In the model design and creation phase, the process
includes the following steps: input data collection and
preparation, data cleaning and validation, the NER pro-
cess, and output model generation. This sequence is il-
lustrated in Fig. P, with detailed explanations of each
step provided below.

3.2.1 Preparing and Collecting Input Data

Data collection and preparation constitute the initial
step of the methodology. The research team gathered
data from two primary sources: the organization’s ser-
vice request dataset, which was obtained from informa-
tion provided by faculty members, staff, and students in
the Information Technology (IT) program, and a service
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request dataset automatically generated by ChatGPT-
40 (OpenA]j, l202 ). The researchers prepared and com-
piled approximately 500 data instances from these two
sources.

Both datasets were subsequently consolidated and
carefully recorded to ensure process reproducibility and
facilitate data quality auditing. The research team per-
formed the following data preparation procedure: auto-
mated data filtering followed by human-in-the-loop val-
idation of the synthetically generated data from Chat-
GPT. Assessors evaluated the consistency of the data
and adjudicated inconsistent cases. In cases of conflict,
the data were refined through a systematic data clean-
ing and verification process to prepare the final high-
quality input data for actual model training, as illus-
trated in Fig. B.

unfAneauiy

520U VPN misieusiafid
1 PR

amnsditinluvios 961 uded ionansldaniliildiwsrzuiinnun
saaiuemeluvias 963 didssdmdsmnldUaldanuludnazes

Figure 3. Input Data Structure Example.

3.2.2 Data Cleaning and Validation

The data cleaning and validation process focuses on
the application of appropriate data augmentation tech-
niques. Data augmentation is a crucial strategy for
preventing overfitting and functions as a regularization
technique that increases the diversity of training data
(lShorten et alj, l2()2 ). This process enables the model
to learn data characteristics more comprehensively and
significantly reduces its reliance on specific training in-
stances.

The applied techniques include Easy Data Augmen-
tation (EDA) methods, specifically Random Swap, Ran-
dom Insertion, Random Deletion, and Random Syn-
onym Replacement. Furthermore, the collected and
compiled dataset was thoroughly examined to identify
duplicate and anomalous records. This preprocessing
procedure ensures that the input data are properly pre-
pared and validated before being utilized in the model
development process, as shown in Table P.

Table 2. List of data augmentation techniques used in
the cleaning process.

Technique Input Data Before Cleaning Input Data After Cleaning

Random Swap whosinlionamninmaldmild indesnlionas1dimhildudes 961
Turfea 961 niinnua

Random Insertion Wi-Fi o1 963 hitadus doyana Wi-Fi Hoq 963 hidusiay

Random Deletion enlfuonmiidotaihigae g ionlfummdsstathigngeg

Random Synonym iosnouiiamedidain insosnouiiamed Wan 14

Replacement

Upon completion of the data cleaning and validation
processes, the dataset is utilized for NER model devel-
opment in the subsequent stage, as described below.
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3.2.3 Named Entity Recognition Process

The NER model development process consists of the fol-
lowing sub-phases: Tokenization, Tagging, Named En-
tity Recognition, and Model Training and Evaluation.
A detailed description of each phase is provided below.

1) Tokenization: This phase serves as the initial step
before further text processing. It involves segmenting
text into smaller units called tokens, which may include
words, abbreviations, numbers, or punctuation marks.
In this research, PyThaiNLP (PyThaiNLP, 2021) was
employed for Thai language processing, specifically us-
ing the dictionary-based newmm tokenizer. This tok-
enizer provides comprehensive Thai word segmentation
based on dictionary matching. For example, the phrase
‘e 953 dadluswaweshanlild’ is tokenized into [‘Wes’, ¢ 7,
9537, ¢ 7, “ieded’, ‘Tuswawed’, e, W) 7). After to-
kenization, the NER model analyzes groups of tokens
to identify entities from the input text. For instance,
‘Wswawes” may be classified as an EQU (Equipment En-
tity), as illustrated in Fig. d.

2) Tagging: This phase involves assigning entity la-
bels to tokens according to the BIO tagging scheme
(burafsky and Martin, 20024). The labels used in this
study include B-EQU (Beginning of an Equipment en-
tity), I-EQU (Inside an Equipment entity), B-ROOM (Be-
ginning of a Room entity), I-ROOM (Inside a Room en-
tity), B-ISSUE (Beginning of an Issue entity), I-ISSUE
(Inside an Issue entity), and 0 (Outside any entity).

The tagging process establishes the target labels
used during model training. For example, the sentence
‘iedaslusnaweshanliiadesluies 953’ may be annotated as: wies
(B-EQU), Tuswawes (I-EQU), v (0), i (B-ISSUE), wades
(I-ISSUE), W (0), #e« (0), and 953 (B-ROOM), respec-
tively, as illustrated in Fig. f.

Input: a1 953 in3aslusamaiviheulula”

v

Tokenization (PyThaiNLP: newmm)

v

Output:
[vad, ', '953, ', 309, Tuswawmad, view, i, a1

Input Text: %041 953 winaluswameivhaulils

%09 [ | 953 | ] [GECY I TWsierned | Y | Lai I 14

Input Text: #1p1 961 ATaNIILONETIINVING

o ] ] 961 ] l GEERL ] onans l niin ] A

Input Text: w3nsdrsealrdssiaiuszorluies 983

witos | dhses | Il | s [ duseor | | woa | [ o83

Figure 4. Tokenization Phase.
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Input:
re3ad, Wswawad, 'wans, lal, 1abes, Ty, ias, ', '973]

v

Tagging (BIO)

Input Text: 94 953 indaslusamaaiynanulila

Wl 953 wine | Waeawed | v L 1
O |O|BROOM| O | BEQU I-EQU B-ISSUE | HISSUE | HSSUE
Input Text: ¥iDd 961 inFnsfanianarsviinvun
s 961 wieaant | wnans | wiln o)

O |O|BROOM|O| BEQU FEQU | BASSUE | HSSUE
Input Text: in3osdrsodlnidusdalusverluves 983
wies | des | W | Fuedly | ey [Tu|viee | | 983
B-EQU | EQU | 1EQU | BISSUE| O o| o |o|Broom

Figure 5. Tagging Phase.

3) Named Entity Recognition: This phase focuses on
identifying and classifying entities from the tagged to-
ken sequence. Adjacent tokens assigned related BIO la-
bels are combined to form complete entities. For exam-
ple, the token sequence [’ ‘wfies’] tagged as [B-ISSUE,
I-ISSUE] is merged into the entity ‘hiafies’, representing
an Issue entity.

Named entities provide domain-specific informa-
tion that can be utilized for subsequent analysis and
decision-making processes. In this research, the NER
model was developed to identify three entity categories
relevant to service request management: Equipment /-
Materials/Facilities (EQU), Issue Description (ISSUE),
and Room/Building Location (ROOM). The entity extrac-
tion process is illustrated in Fig. .

4) Model Training and Evaluation: For model train-
ing and evaluation, the annotated dataset was prepared
in BIO tagging format. The Trainer API was uti-
lized for model training, while the seqeval framework
(Nakayama, M) was employed for performance evalu-
ation. The same hyperparameter configuration was ap-
plied to all models, including a learning rate of 5x 1072,
10 training epochs, and an L2 regularization weight of
0.01.

This phase involved fine-tuning pre-trained Trans-
former models using the service request dataset.
Four Thai and multilingual models were evalu-
ated: BERT-Base-Thai, BERT-Base-Multilingual,
WangchanBERTa-Base, and XLM-RoBERTa-Base.
The dataset was divided into 80% training data and
20% testing data. Most records were collected from
internal organizational sources, while additional proto-
type samples generated by ChatGPT were incorporated
to increase data diversity.
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Input:
_— < T Tl & S
[w3es | Tunemwed | uwama | L | w@des |Tu 01| 973)

[ B-EQUIPMENT | I-EQUIPMENT | O | BHSSUE | HSSUE | O | O | B-ROOM ]

Named Entity Recognition (NER)

v

Output:

- windlunsaned —> EQUIPMENT

- Liisfys —> SSUE

- 973 —> ROOM

Input Text: %1 953 iw3naluswawmaivhaulild
vhauliled

ISSUE

953 windlusionmes
ROOM EQU

Input Text: #aa 961 1ATDNALDNATUIINLA

WINNUA
ISSUE

961 i asYilonans
ROOM EQU

Input Text: insasdseliidesiniuszerluvios 983

|duana 983
EQU ISSUE ROOM

irspsdTeali

Figure 6. Named Entity Recognition Phase.

Model performance was evaluated using the seqeval
framework, which reports Evaluation Loss, Precision,
Recall, F1-Score, and Accuracy. The training and eval-
uation workflow is illustrated in Fig. []. and the experi-
mental results are presented in Table B.

‘ NER Model

Output Model

Named Entity

Recognition (NER)

Fine-tuning

Pre-trained
Transformer Models

Figure 7. Overview of the fine-tuning process.

3.2.4 Output Model

The output of this process is an NER model stored
within a designated directory. The model has under-
gone training, testing, and performance evaluation us-
ing the prepared dataset and is ready for deployment. It
is subsequently utilized in the design and development
of the Monitoring and Tracking Service Requests Ap-
plication with automated prioritization based on NER
techniques.
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3.3 Application Design and Development

For the design and development of the Monitoring and
Tracking Service Requests Application with automated
prioritization using NER techniques, the research team
developed a web-based application. The application
consists of a Frontend developed using the React li-
brary and a Backend implemented in Python using the
FastAPI framework.

The Frontend is responsible for retrieving service re-
quest information and communicating with the Back-
end through API calls. The Backend receives input
data from the Frontend and forwards the service re-
quest text to the prediction endpoint (/predict). The
NER model then processes the input text and returns
the extracted entities and prioritization results. Subse-
quently, the processed information is stored in a Fire-
base database to support service request management
and tracking. The overall application architecture is
illustrated in Fig. K.

Frontend Backend

8@

[ FastAPI ]

EndPoint

(fpredict)
Firebase
GetPriority

Figure 8. Overview of application operation.

The Backend operation consists of two primary pro-
cesses: the Service Request Data Extraction process,
illustrated in Fig. B, and the Get Priority workflow, il-
lustrated in Fig. [10.

Figure E illustrates the Service Request Data Extrac-
tion process within the Backend operation. The pro-
cess begins when a service request is submitted through
a web form. The request data are then transmitted
through an API to the NLP application for processing.
The NLP application automatically analyzes the service
request using NER techniques and returns the extracted
entities together with the corresponding prioritization
results. These outputs are subsequently utilized by the
prioritization algorithm described in Fig. [L0.

Fig. @ illustrates the Get Priority workflow. The
process begins with receiving input data consisting of to-
kens and extracted entities. The workflow defines refer-
ence keyword sets associated with equipment, materials,
and facilities, together with keyword sets corresponding
to three priority levels: High, Medium, and Low. These
keyword sets are compared against the extracted entity
information obtained from the service request.

If the extracted EquipmentTexts are found in the
Equipment list and the extracted IssueTexts are found
in the IssueHigh list, the service request is assigned a
High priority level. If the extracted IssueTexts are
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found in the IssueMedium list, the request is assigned
a Medium priority level. Similarly, if the extracted
IssueTexts are found in the IssueLow list, the request
is assigned a Low priority level.

4. Experimental Results

This section presents the performance evaluation of the
developed models and the results obtained from the ap-
plication.

4.1 Model Performance Evaluation

To evaluate the developed models prior to de-
ployment, the research team compared the perfor-
mance of four NER models suitable for both Thai
and multilingual contexts: BERT-Base-Thai, BERT-
Base-Multilingual, WangchanBERTa-Base, and XLM-
RoBERTa-Base. Model performance was evaluated us-
ing Eval Loss, Precision, Recall, F1-Score, and Accu-
racy. The objective of this evaluation was to identify
the most suitable model for developing an application
capable of automatically analyzing the priority of user-
submitted service requests while supporting service re-
quest review and tracking. The evaluation results are
presented in Table B.

Table 3. Comparison of Model Performance with Pre-
trained Transformer Models.

Model Name Eval Loss Precision Recall F1 Score Accuracy
BERT-Base-Thai 0.0467 0.9625 0.9813  0.9718 0.9841
BERT-Base-Multilingual 0.0272 0.9888 0.9946  0.9917 0.9923
WangchanBERTa-Base 0.0234 0.9908 0.9861  0.9884 0.9938
XLM-RoBERTa-Base 0.0348 0.9794 0.9763  0.9779 0.9879

Table E presents the performance comparison of the
evaluated models. The results indicate that BERT-
Base-Multilingual achieved the highest F1-Score of ap-
proximately 0.9917, followed by WangchanBERTa-Base
with an F1-Score of approximately 0.9884 and XLM-
RoBERTa-Base with an F1-Score of approximately
0.9779. These results demonstrate strong NER capa-
bilities across all evaluated models. In contrast, BERT-
Base-Thai, a Thai-specific model, achieved a lower F1-
Score of approximately 0.9718 and exhibited a higher
Eval Loss compared with the other models.

Although both multilingual and Thai-specific mod-
els achieved high F1-Scores and Accuracy values,
the evaluation results indicate that BERT-Base-
Multilingual provided the strongest overall performance
in terms of effectiveness and robustness. As illus-
trated in Fig. L1, the model demonstrates strong po-
tential for deployment in Thai and multilingual NER
applications. In contrast, certain Thai-specific models
still require further optimization to achieve comparable
performance levels. These findings highlight the rel-
ative strengths of the evaluated models, with BERT-
Base-Multilingual achieving the strongest overall per-
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Figure 9. Service Request Data Extraction Process.
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formance, followed by WangchanBERTa-Base, XLM-
RoBERTa-Base, and BERT-Base-Thai, respectively.
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Figure 11. Comparison of Model Performance with Pre-
trained Transformer Models.

Based on the Performance Evaluation of En-
tity Matching graph, the evaluation results of
four models, including XLM-RoBERTa-Base (yel-
low), WangchanBERTa-Base (gray), BERT-Base-
Multilingual (orange), and BERT-Base-Thai (blue),
are presented across three entity types: ROOM, IS-

SUE, and EQU (Equipment). When analyzed by en-
tity type, BERT-Base-Multilingual consistently demon-
strated strong overall performance compared with the
other models.

For the ISSUE entity, BERT-Base-Multilingual
achieved an F1-Score of 0.9883, Recall of 0.9873, and
Precision of 0.9893, indicating balanced and highly ac-
curate performance. WangchanBERTa-Base and XLM-
RoBERTa-Base demonstrated comparable performance
for this entity category. For the EQU entity, BERT-
Base-Multilingual again achieved the highest perfor-
mance, with an F1-Score of 0.9927, Recall of 0.9983, and
Precision of 0.9872. WangchanBERTa-Base also per-
formed competitively, achieving an F1-Score of 0.9862,
Recall of 0.9839, and Precision of 0.9886, suggesting
that it is a viable alternative for equipment-related en-
tity recognition.

For the ROOM entity, WangchanBERTa-Base
achieved the highest performance, with an F1-Score of
0.9984, Recall of 1.0000, and Precision of 0.9968. These
results indicate excellent recognition capability and a
strong balance between Recall and Precision. This find-
ing suggests that WangchanBERTa-Base is particularly
effective for identifying relatively static entity types
such as room identifiers.

Overall,  both BERT-Base-Multilingual
WangchanBERTa-Base demonstrated strong
tity recognition performance compared with XLM-
RoBERTa-Base and BERT-Base-Thai. BERT-Base-
Multilingual was particularly effective for identifying
diverse and complex entities such as ISSUE and EQU,

and
en-
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whereas WangchanBERTa-Base achieved superior per-
formance for the ROOM entity. The evaluation results
are illustrated in Fig.

Performance Evaluation of Entity Matching
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An analysis of the number of detected entities
across the three entity categories, namely EQU (blue),
ISSUE (orange), and ROOM (gray), indicates that
BERT-Base-Multilingual achieved the highest detection
counts for two entity categories: EQU with 2,322 in-
stances and ISSUE with 1,501 instances. In compari-
son, WangchanBERTa-Base achieved the highest detec-
tion count for only one entity category, ROOM, with
1,241 instances.

These results suggest that BERT-Base-Multilingual
is more effective for identifying entities with greater

Journal of Applied Informatics and Technology 2026, 8(2), 262860

variability, such as EQU and ISSUE, whereas
WangchanBERTa-Base performs more effectively for
relatively fixed entities such as ROOM. Considering the
characteristics of the real-world dataset, BERT-Base-
Multilingual demonstrates greater comprehensiveness
in entity recognition than the other evaluated models.
The comparative results are illustrated in Fig.

Furthermore, a bootstrap analysis was conducted
to evaluate the stability of model performance. The
bootstrap procedure repeatedly sampled data from the
original dataset to estimate the distribution of F1-
Scores. Five bootstrap iterations were generated using
two subsets derived from the training dataset: Sub-
set A (10%) and Subset B (15%). The evaluated
models included BERT-Base-Thai (BBT), BERT-Base-
Multilingual (BBM), WangchanBERTa-Base (WBB),
and XLM-RoBERTa-Base (XMLRBB).

The statistical analysis results indicate that BERT-
Base-Multilingual achieved the strongest overall perfor-
mance, obtaining an F1-Score of 0.9917 and a Recall
of 0.9946. Although WangchanBERTa-Base achieved
the lowest Eval Loss (0.0027) and slightly higher Pre-
cision, BERT-Base-Multilingual demonstrated a more
favorable balance between Precision and Recall. Con-
sequently, it exhibited stronger overall effectiveness and
generalization capability.

The F1-Score distributions obtained from the boot-
strap analysis of both Subset A and Subset B fur-
ther support these findings. BERT-Base-Multilingual
achieved the highest median F1-Score while maintaining
a relatively narrow distribution compared with compet-
ing models. In contrast, BERT-Base-Thai exhibited a
wider distribution, indicating greater performance vari-
ability across different bootstrap samples. Although
WangchanBERTa-Base achieved a median value com-
parable to that of BERT-Base-Multilingual, its slightly
broader distribution suggests greater sensitivity to vari-
ations in the training data.

The evaluation results demonstrate that BERT-
Base-Multilingual, which was pre-trained on multiple
languages, possesses the capability to learn diverse lin-
guistic representations. This capability enables the
model to better capture complex language patterns than
monolingual alternatives. Consequently, BERT-Base-
Multilingual exhibits strong potential for multilingual
NLP applications, particularly in real-world environ-
ments characterized by informal and linguistically di-
verse data, as illustrated in Fig.

4.2 Overall Application Results

The result of the design and development of the Mon-
itoring and Tracking Service Request Application with
automated prioritization using NER techniques is a
functional web-based system. Users are required to log
in before accessing the application functionalities. Upon
successful authentication, the main user interface pro-
vides the following menu options: Home, Submit Re-



Mokarat et al.
quest, Request List, About Research, Contact Us, and
User Profile, as illustrated in Fig. [L5|.
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Figure 15. Service request submission screen.

Fig. @ presents the service request submission in-
terface, where users can specify and submit service re-
quests to the administrator. After entering the required
information, the user selects the “Save Service Request”
button to transmit the request data to the Backend for
processing. Once the request has been processed, the
application displays the analysis results, including the
identified Tokens, Labels, Confidence Scores, and the
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assigned service request priority. The processed infor-
mation is subsequently stored in the database together
with the submitted service request data, as illustrated
in Fig. [Ld.

After the system completes the analysis and prior-
itization process, users can review previously submit-
ted service requests through the “Service Request List”
menu. This interface allows users to track request status
and review previously submitted information, as shown
in Fig. @

4.3 System Performance Testing

The system performance testing results were obtained
from end users. The researchers selected a randomly
sampled group of 25 participants consisting of Informa-
tion Technology (IT) students who routinely utilized the
service system. The participants were asked to evaluate
the software under predefined testing scenarios based on
the following performance metrics: priority assignment
time, service request resolution time, number of system
errors, ease of learning, service continuity capability,
and overall user satisfaction, as presented in Table Y.

Table H presents the overall system performance
evaluation results, indicating that the system operates
effectively in terms of time efficiency, operational accu-
racy, and user satisfaction. Regarding time efficiency,
the average time required for service request prioritiza-
tion was only 3.5 seconds, which falls within the “Rapid”
criterion. In addition, the average service request reso-
lution time did not exceed 48 hours, which is considered
appropriate for an internal organizational service envi-
ronment.

In terms of operational accuracy, the system re-
ported an average of no more than two errors, indi-
cating a low error rate. This result is consistent with
the high service continuity capability score, which users
evaluated at an average of 4.44 out of 5, reflecting the
system’s ability to provide reliable and uninterrupted
services.

From a User Experience (UX) perspective, the sys-
tem achieved an average score of 4.04 for ease of learning
and 4.16 for overall user satisfaction. These results in-
dicate a favorable level of system performance and sug-
gest that the developed application effectively supports
service request management within the organizational
environment.

5. Discussion

The results of this research, which focused on devel-
oping an application for the automatic monitoring and
tracking of service requests using NER techniques and
automated service request prioritization, indicate that
BERT-Base-Multilingual achieved the strongest overall
performance among the evaluated models. The model
obtained an Eval Loss of 0.0272, a Precision of 0.9888,



Mokarat et al.

O mshasinididovsauinas (Service Request Analysis)

Token
infaviuviianans B-EQU
Tafowlaila B-ISSUE
962 B-ROOM

Journal of Applied Informatics and Technology 2026, 8(2), 262860

Label Confidence
0.9984
0.9985

0.9978

1 msdadrduanudidnaisasaauinis (Service Request Priority)

Priority: High

Figure 16. Service request evaluation results screen.

# whusn O nsandayadifad S fwmsdayaiidan @ WnAurusie & dadal
I = 91un1snyanTTaIuauSNIS
Trydayadfasidasndum..
BV ELRERN ERUGRLERE LT
SR-1002 whaarauiieafdeludawatodinioiuag 953
SR-1004 msiausadyanasunadilssumaravhidanioluvias 941

SR-1005 nsevdsasriialida tuviae 982 Suvinlildouranfinmaslils’

SR-1006 Wi-Fi Aldouniuluvas 942 Syanadumaiiinrautieiun 4
SR-1007 vina 982 daaduuaadyanasumaiilinhidandea 4 du 4
SR-1008 iinfnEuivinataseaniaaasiuias 942 vinowiunn q
SR-1009 Tsaamaiias 953 a1nida 4 &l 4

<
Hadrias

& wnowe: 10 - illadviag, 20 - Sudvdag, 30 - Tifudrdas, 40 - Avdsdiiua uay 50

1

@ Administratar

avmdidg anuzeTas Gduny
Medium 20 - & urily -
= » (@aniten] v [BER)
e o @ aniean) s (G
= o @initan) s (G
Medium 40 - & uni'ly -

>

Figure 17. Service request lists screen.

a Recall of 0.9946, an F1-Score of 0.9917, and an Ac-
curacy of 0.9923. This performance was achieved de-
spite WangchanBERTa-Base and XLM-RoBERTa-Base
demonstrating highly competitive results. When con-
sidering both accuracy and reliability in entity recog-
nition across the training and testing datasets, BERT-
Base-Multilingual consistently outperformed the other
evaluated models.

In particular, BERT-Base-Multilingual demon-
strated strong performance in identifying the highly di-
verse ISSUE and EQU (Equipment) entities. In con-
trast, WangchanBERTa-Base was more effective in rec-
ognizing the relatively static ROOM entity. Further-
more, when considering the maximum number of en-
tities detected within a service request, BERT-Base-
Multilingual demonstrated greater capability by accu-
rately detecting both EQU and ISSUE entities, whereas
WangchanBERTa-Base was most effective in identifying
ROOM entities. These findings suggest that Thai and
multilingual NLP models can be effectively employed
for service request management within educational in-
stitutions, particularly in organizational environments
where service requests contain diverse information and
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administrative contexts.

The significance of these findings is consistent with
previous studies indicating that Artificial Intelligence
(AI) can enhance IT Service Management (ITSM) ca-
pabilities, particularly in areas such as Configuration
Management Databases (CMDBs), organizational re-
silience, and automated response mechanisms (
et all, f2024|; lMao et all, fZOQlI). Furthermore, stud-
ies involving cybersecurity and unstructured textual
data have demonstrated the effectiveness of NER ap-
proaches that incorporate semi-supervised learning, ac-
tive learning, and self-training strategies (7
). These findings suggest that both BERT-Base-
Multilingual and WangchanBERTa-Base are suitable
candidates for deployment in semi-structured organi-
zational environments, although additional fine-tuning
may further improve performance when adapting the
models to new datasets.

The selection of BERT-Base-Multilingual is further
supported by its relatively high F1-Score compared with
the other evaluated models, indicating a strong balance
between Precision and Recall. This characteristic is par-
ticularly important in applications where entity recog-
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Table 4. System performance testing from end-users.

No. Metrics Evaluation Results Remarks

1 Operation time for priority Lessthan 3.5seconds Average in Seconds
assignment

2 Turnaround time for service Less than 48 hours Average in Hours
request resolution

3 Number of system errors en- Less than 2 cases Average in Number
countered of Errors

4 Ease of learning the system 4.04 A Rai

5 Service continuity capability — 4.44 (Svce;lae g§>75§mt1ng

6  Overall user satisfaction 4.16

nition accuracy directly affects operational decision-
making, such as service request management systems.
In addition, NER has been successfully applied in chat-
bot and virtual assistant systems to improve user intent
understanding and enhance response quality (Tommy
et al), 2020; Chandwani et al|, 2023). Consequently, the
proposed model also demonstrates potential for deploy-
ment in conversational systems that require accurate
interpretation of user requests.

NER has also been successfully applied to multi-
ple languages, including Marathi (Patil et all, 2020)
and Chinese (Zhang et all, 2024). Comparative anal-
ysis of these studies indicates that languages with dis-
tinctive linguistic characteristics, such as Chinese and
Thai, can benefit from both multilingual and language-
specific models. The developed service request moni-
toring and tracking system demonstrates the practical
application of NER techniques for automatically under-
standing and processing information submitted through
service requests. This capability enables real-time con-
textual analysis and supports the development of intel-
ligent systems that can respond more effectively to user
needs.

Regarding multilingual model performance, the
experimental results indicate that BERT-Base-
Multilingual achieved the strongest overall performance
and robustness across the evaluated datasets. The
remaining models ranked in descending order of perfor-
mance were WangchanBERTa-Base, XLM-RoBERTa-
Base, and BERT-Base-Thai. This result may be at-
tributed to the multilingual model’s exposure to a di-
verse range of linguistic patterns during pre-training,
enabling effective adaptation to Thai-language service
request data within the studied context.

Overall, the developed system successfully satisfied
all predefined Service Performance Indicators (SPIs). In
terms of time efficiency, the average prioritization time
satisfied the “Rapid” criterion, demonstrating the effec-
tiveness of the underlying processing workflow. Sim-
ilarly, the average service request resolution time re-
mained within the acceptable threshold for an internal
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organizational service environment. Regarding opera-
tional accuracy, the system exhibited a low error rate,
indicating reliable and stable operation during request
processing.

These findings are further supported by the high
service continuity capability score reported by users.
In terms of User Experience (UX), both ease of learn-
ing and overall user satisfaction were evaluated at the
“Good” level. Collectively, these results indicate that
the developed system provides an effective and user-
friendly solution for service request management. The
findings also provide a strong foundation for future sys-
tem enhancement and the broader application of NER-
based service management solutions within educational
institutions.

6. Conclusion

The development of a Service Request Checking and
Tracking Application with automatic priority assign-
ment using Named Entity Recognition (NER) was suc-
cessfully implemented as a web-based application. The
Frontend was developed using the React library, while
the Backend was implemented in Python using the
FastAPI framework and the spaCy library for NER
model deployment. The NER model was trained us-
ing a dataset consisting of 500 instances, which was di-
vided into 80% training data and 20% testing data. The
dataset was primarily collected from internal organiza-
tional sources and supplemented with synthetic data
generated by ChatGPT.

Performance evaluation was conducted using four
Thai and multilingual NER models: BERT-Base-Thai,
BERT-Base-Multilingual, WangchanBERTa-Base, and
XLM-RoBERTa-Base. The experimental results in-
dicate that BERT-Base-Multilingual achieved the
strongest overall performance among the evaluated
models, obtaining an F1-Score of 0.9917 and a Recall
of 0.9946. In addition, the model demonstrated strong
capability in recognizing diverse entity categories, par-
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ticularly ISSUE and EQU entities. These results indi-
cate that BERT-Base-Multilingual can effectively cap-
ture linguistic patterns within Thai service request data
and is suitable for deployment in practical service man-
agement applications.

The developed system successfully achieved the re-
search objectives in terms of both technical effective-
ness and practical applicability. The experimental re-
sults indicate that the average processing time required
for service request prioritization was less than 3.5 sec-
onds, while the average service request resolution time
remained within 48 hours. Furthermore, the average
number of system errors was below two instances. These
results demonstrate the capability of the proposed sys-
tem to streamline service management workflows, re-
duce procedural redundancy, and decrease staff work-
load during service delivery operations.

From a usability perspective, the system received
positive evaluations from end users. The average score
for ease of learning was 4.04, the service continuity ca-
pability score was 4.44, and the overall user satisfaction
score was 4.16 out of 5. These results indicate that the
system is user-friendly and capable of meeting user ex-
pectations in terms of both effectiveness and efficiency.
The integration of Artificial Intelligence (AI) techniques
into the service request management process provided
practical benefits to the organization by improving ser-
vice efficiency and supporting decision-making through
automated service request analysis, prioritization, and
tracking.

Nevertheless, the present research has several limita-
tions. The experiments were conducted within a single
institutional environment and utilized a relatively lim-
ited dataset. Consequently, the findings may not fully
represent more complex real-world operational scenar-
ios. Additional evaluation in diverse organizational en-
vironments is therefore necessary to further validate the
robustness, reliability, and generalizability of the pro-
posed system.

Future research should focus on several directions.
First, dataset expansion should be conducted to in-
crease both the size and diversity of the corpus, en-
abling the model to learn more complex linguistic pat-
terns and contextual variations. Such expansion should
include service request data collected from multiple de-
partments both within and outside educational insti-
tutions. Second, chatbot integration should be investi-
gated to enable real-time service request submission and
status tracking. Additional studies should also include
stress testing under high-load conditions and long-term
user satisfaction analysis. These efforts will contribute
to the development of more resilient NER-based service
management systems that can be effectively deployed
in both public and private organizations while further
enhancing service quality and operational efficiency.
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