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Abstract: Student comments provide direct evidence about teaching, curriculum delivery, and learning conditions, but reviewing a large
volume of free-text responses by hand is difficult to sustain. Automated analysis is therefore attractive, although Thai feedback presents
particular challenges. Thai text does not consistently mark word boundaries, and student comments often include abbreviated wording,
informal language, and expressions whose sentiment depends heavily on context. This paper proposes an Automated Sentiment Intelli-
gence (ASI) framework for Thai educational feedback that (1) structures raw institutional comments into topic and sentiment signals,
(2) defines a reproducible workflow for data cleansing, annotation, and dual-task modeling, and (3) supports deployment-oriented
reporting through standard classification metrics and confusion-matrix-based error analysis. Using 4145 feedback records collected
from a vocational education information system and refining them to 2873 entries after preprocessing, ASI organizes feedback into four
topic domains (instructor, curriculum, facility, and other) and three sentiment classes (positive, neutral, negative). The framework is
instantiated with two representative deep natural language processing architectures: a word-level Bidirectional Long Short-Term Mem-
ory (BiLSTM) pipeline (newmm tokenization + Thai Word2Vec) and a transformer-based XLM-R fine-tuning pipeline (SentencePiece
subword tokenization). Experimental results show strong topic classification performance for both instantiations, with higher overall
topic accuracy for XLM-R (0.922) compared to BiLSTM (0.882). For sentiment analysis, XLM-R achieves a higher overall accuracy
(0.80) than BiLSTM (0.729), with notably improved performance on the neutral and negative classes. The proposed ASI-XLM-R
framework provides a scalable, reproducible approach to transforming Thai student feedback into actionable intelligence to support
institutional decision-making.
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1. Introduction

Student feedback can help institutions identify recurring con-
cerns about teaching, curriculum delivery, and learning facilities.
In practice, however, comments accumulate quickly, and manual
review can become uneven across reviewers and difficult to main-
tain over time. Sentiment analysis offers a way to systematically
summarize these comments and support follow-up actions based
on recurring patterns in the data.

Applying sentiment analysis to Thai educational feedback is
not straightforward. Thai writing does not reliably separate words
with spaces, so tokenization requires careful handling. In addition,
students often write in abbreviated or conversational forms, and
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the meaning of a phrase may depend on the surrounding context.
These features can affect word-based models in particular because
segmentation errors and unfamiliar terms may carry forward into
later stages of the analysis.

Deep learning methods have improved sentiment classification
in many languages [1]. In Thai natural language processing (NLP),
Bidirectional Long Short-Term Memory (BiLSTM) models remain
useful baselines when text is represented as word sequences with
pretrained embeddings. XLM-R, by contrast, uses subword tok-
enization and contextual representations, which may help it handle
unfamiliar word forms and distinguish sentiment that depends on
local context. This study compares these two approaches using Thai
student feedback from a vocational education setting.

Previous Thai NLP research has often examined topic clas-
sification and sentiment analysis separately. Studies based on
educational feedback are also less common than studies using
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social media posts or general online reviews. This study, therefore,
develops a single workflow that produces both topic and senti-
ment labels from institutional feedback. The workflow is intended
to support routine quality-assurance use while also providing
empirical evidence on the relative performance of word-level
sequential modeling and transformer-based contextual modeling.

The study addresses the following research questions: (RQ1)
How accurately do BiLSTM and XLM-R classify four topic
categories in Thai student feedback? (RQ2) How do the two
models compare when classifying positive, neutral, and negative
sentiment? (RQ3) Which modeling characteristics help explain
observed differences between word-level sequential representa-
tions and transformer-based contextual representations? (RQ4)
Can the resulting pipeline be documented clearly enough for
repeated institutional use in Thai educational quality assurance?

1.1. Proposed method: Automated Sentiment
Intelligence (ASI) framework

This study proposes an Automated Sentiment Intelligence
(AS]) framework designed specifically for Thai student feedback
in educational quality assurance. ASI is a structured, end-to-end
method that converts raw institutional feedback into two comple-
mentary decision-support signals: (1) topic categories that localize
“what the feedback is about” (instructor, curriculum, facility,
other) and (2) sentiment classes that indicate “how students
feel” (positive, neutral, negative). The framework standardizes
critical steps for institutional deployment, data acquisition and
anonymization, preprocessing, annotation, train/validation/test
splitting, model training, and evaluation, so that results are
reproducible and interpretable through precision/recall/F1 and
confusion-matrix error analysis.

Within ASI, we instantiate two commonly used deep NLP
pipelines: (1) a BILSTM system using Thai word segmenta-
tion (newmm) and Thai Word2Vec embeddings[2] and (2) a
transformer-based system using XLM-R fine-tuning with Senten-
cePiece subword tokenization[3]. These models were selected to
represent two widely adopted paradigms in Thai NLP: sequential
word-level modeling and contextualized transformer-based rep-
resentation learning. BiLSTM is a strong, interpretable baseline
commonly used in Thai sentiment analysis. At the same time,
XLM-R is chosen for its subword tokenization and contextual
modeling capabilities, which effectively address tokenization and
out-of-vocabulary challenges in Thai text. In this study, sentiment
analysis is operationalized using the transformer-based instantia-
tion (ASI-XLM-R), with ASI-BiLSTM included for comparative
evaluation.

1.2. Research objectives

This study applies ASI to Thai student feedback collected
from Phuket Vocational College and evaluates two deep NLP
instantiations within the framework. The objectives are:

1) To evaluate the effectiveness of BiLSTM and XLM-R
instantiations for topic classification of Thai student
feedback across four institutional domains.

2) To evaluate and compare BiLSTM and XLM-R instanti-
ations for sentiment analysis (positive/neutral/negative) of
Thai feedback.

3) To provide a reproducible sentiment intelligence pipeline
that can be adopted for real-time or periodic institutional
quality monitoring.
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1.3. Research contributions

This study makes four contributions.

1) ASI framework: It presents an end-to-end workflow for
converting Thai student comments into topic labels and senti-
ment labels that can be used in educational quality-assurance
processes.

2) Institutional dataset and annotation procedure: It docu-
ments a dataset drawn from an institutional information
system, beginning with 4,145 feedback records and retaining
2,873 entries after preprocessing. Each retained comment was
assigned topic and sentiment labels, with class distributions
reported for both tasks.

3) Comparison of two deep learning approaches: It evaluates a
word-level BiLSTM model using newmm tokenization and
Thai Word2Vec embeddings alongside an XLM-R model
using SentencePiece subword tokenization. Their perfor-
mance is compared using standard classification metrics and
confusion-matrix analysis.

4) Evidence for model choice in this setting: It shows that, on
the present vocational education dataset, XLM-R performs
better than the BiLSTM model for sentiment classification,
particularly for neutral and negative comments. These findings
provide practical evidence for selecting a contextual sub-
word model when analyzing similar Thai student feedback
data.

2. Related Work

This section reviews prior research relevant to topic classifi-
cation and sentiment analysis in educational feedback, with par-
ticular attention to Thai-language text and deep learning—based
approaches.

2.1. Topic classification of educational feedback

Topic classification is a core task in NLP and has been
widely applied to large-scale textual data, including social media
posts, emails, and online reviews [4-7]. Early approaches relied
on traditional machine learning techniques with hand-crafted
features, while recent studies increasingly adopt deep learning
architectures to improve robustness and scalability. Methods
such as topic-relevant content extraction, topic-kernel-based
classification, and hybrid Convolutional Neural Network and
Recurrent Neural Network (CNN-RNN) models have demon-
strated effectiveness in handling noisy and heterogeneous text
streams [8§].

In educational contexts, topic classification enables insti-
tutions to identify areas of concern such as teaching quality,
curriculum design, and learning facilities [9]. However, most
existing studies focus on English-language datasets or generic
review corpora. Research addressing Thai-language educational
feedback remains limited, particularly in vocational education set-
tings, where linguistic informality and domain-specific expressions
are prevalent.

2.2. Sentiment analysis in education and Thai NLP

Sentiment analysis has been extensively studied for under-
standing opinions in domains such as e-commerce, social media,
and public services [10, 11]. In education, sentiment analysis
has been used to analyze student reviews, course evaluations,
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and institutional surveys to support quality assurance and
decision-making [12-14]. These studies suggest that automated
analysis can help institutions identify recurring concerns and pat-
terns in student experience that may not be apparent from manual
review alone.

Thai sentiment classification has several practical difficul-
ties. The language does not consistently use spaces to mark word
boundaries, whereas real-world comments often contain informal
wording, abbreviations, and context-dependent sentiment expres-
sions. Earlier Thai sentiment studies used methods such as support
vector machines (SVMs) and Naive Bayes, but their effectiveness
can be affected by segmentation errors and by words not rep-
resented in the training vocabulary. More recent deep learning
approaches, particularly transformer models, use contextual and
subword representations that may reduce some of these limitations.

Thai pretrained models such as WangchanBERTa [15],
together with multilingual models including mBERT and XLM-
R, have performed well on benchmark tasks. Evidence from
institutional Thai educational feedback remains limited, however,
especially where topic classification and sentiment classification
are examined together. Related work has also explored senti-
ment analysis in point-of-interest recommendation systems, where
user-generated opinion signals are extracted and used to drive
location-aware recommendations [16]. Similarly, recent work on
decoding emotions from text has highlighted the challenges
of distinguishing sentiment from sarcasm, which parallels the
neutral-versus-negative disambiguation challenges encountered in
Thai student feedback [17]. These studies reinforce the importance
of context-aware deep representations for fine-grained sentiment
understanding, a motivation central to the present study.

2.3. Research gap and motivation

Despite advances in Thai NLP, three limitations persist in
the existing literature [1, 18, 19]. First, most studies focus on either
topic classification or sentiment analysis, rather than jointly mod-
eling both dimensions to support institutional decision-making.
Second, many applied works emphasize model accuracy with-
out presenting a reproducible, deployment-oriented methodology
suitable for educational quality assurance. Third, comparative
evaluations across classical baselines, Thai-specific transformers,
and multilingual transformers on the same institutional dataset
are limited.

To address these gaps, this study proposes an ASI framework
that formalizes an end-to-end pipeline for transforming Thai stu-
dent feedback into topic and sentiment signals and empirically
evaluates multiple deep learning instantiations under a unified
experimental protocol.

3. Proposed Methodology

This section presents the proposed ASI framework, an end-
to-end methodology for extracting actionable topic and sentiment
intelligence from Thai student feedback. Given raw institutional
feedback records, ASI produces two complementary outputs:
(1) a topic label indicating what the feedback concerns and (2) a
sentiment label indicating how students feel.

3.1. Problem definition

Let each feedback record be represented as a tuple
ri = (t;,r;), where ¢; denotes a Thai textual comment and

r; denotes an associated satisfaction rating when available. The
objective is to learn two supervised classification functions:

a. Topic classification:

topic

Siopic : ti=>y; " € {Instructor, Curriculum, Facility, Other}

b. Sentiment classification:

sent

Ssent * ti = ¥ € {Positive, Neutral, Negative}

These tasks are treated independently but share a common data
processing and evaluation pipeline.

3.2. ASI framework overview

ASI consists of six sequential stages:

1) Preprocessing

2) Annotation

3) Dataset Construction
4) Model Instantiation
5) Training

6) Evaluation

Figure 1 illustrates the ASI pipeline, showing the flow from
raw feedback acquisition to topic and sentiment prediction. The
framework is model-agnostic and supports multiple deep learn-
ing instantiations under a consistent protocol. Algorithm 1 sum-
marizes the ASI process, defining inputs, outputs, and core
processing steps.

Algorithm 1: Automated Sentiment Intelligence (ASI) Framework

Input: Feedback records R = {(¢;,7;, ¢;)}Y. ;, where ¢; is Thai text,
r; is satisfaction rating (low/medium/high), and c; is category (if
available). .

Output: Topic label y!””“e_{Instrructor Curriculum, Facility,

sent

Others} and sentiment label ;"¢ {Positive, Neutral, Negative}.

1. Acquire R from the institutional system under permission and
anonymization controls.

2. Preprocess #;: clean, normalize, remove irrelevant entries, and
correct typographical errors.

3. Annotate topic and sentiment labels; use rating r; to resolve
sentiment ambiguity where needed.

4. Construct datasets for topic (4 classes) and sentiment (3
classes).

5. Split each dataset into train/validation/test using stratified
70/15/15.

6. Train ASI-BiLSTM and ASI-XLM-R instantiations for each
task.

7. Evaluate using precision, recall, Fl-score, and confusion
matrices.

3.3. Model instantiations within ASI

To demonstrate the flexibility of ASI, we instantiate the
framework using two representative deep learning architectures: a
sequential word-level model (BiLSTM) and a transformer-based
contextual model (XLM-R).

The BiLSTM instantiation employs Thai word-level tok-
enization (newmm) and pretrained Thai Word2Vec embeddings.
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Figure 1
Overview of the ASI pipeline for Thai student feedback
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Specifically, each Thai feedback comment is first segmented into
word tokens using the PyThaiNLP dictionary-based tokenizer.
Each token is then mapped to a 400-dimensional dense vector
using the LTW2V (Large Thai Word2Vec) pretrained embeddings,
which were trained on a large Thai text corpus using the skip-gram
objective. Token sequences are zero-padded to a fixed maximum
length (7" = 284 for sentiment, 7" = 282 for topic) to form the
embedding matrix input to the BILSTM. A zero vector represents
words absent from the Word2Vec vocabulary. This word-level
embedding approach captures semantic similarity between Thai
words but is sensitive to out-of-vocabulary (OOV) terms aris-
ing from informal expressions, slang, and abbreviations common
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in student feedback. A two-layer BiILSTM captures sequential
dependencies, and the final hidden states are passed to a soft-
max classifier. Standard Long Short-Term Memory (LSTM)
formulations are used, following prior work [3, 20].

In contrast, the transformer-based instantiation fine-tunes
the pretrained XLM-R model for downstream classification [21].
In this instantiation, text is first tokenized using the SentencePiece
subword tokenizer built into xIm-roberta-base, which splits Thai
text into subword units with a shared multilingual vocabulary of
250,000 tokens, effectively eliminating the OOV problem. Each
subword token is mapped to a 768-dimensional contextual embed-
ding produced by 12 stacked transformer encoder layers with 12
self-attention heads. Unlike static Word2Vec embeddings, these
representations are dynamic: the same subword token receives
different vector representations depending on its surrounding
context, enabling the model to disambiguate polysemous or
sentiment-bearing terms in Thai. The [CLS] token representation
from the final encoder layer is extracted and passed through a lin-
ear classification head with a softmax activation to produce topic
or sentiment class probabilities. Fine-tuning jointly adapts all 12
transformer layers and the classification head to the Thai educa-
tional feedback domain using task-specific labeled data, updating
the pretrained multilingual representations toward the target clas-
sification objectives. Fine-tuning adapts multilingual contextual
representations to the Thai educational feedback domain [22].
Compared to word-level models, XLM-R mitigates OOV issues
and captures long-range dependencies more effectively, which is
particularly important for Thai sentiment expressions.

3.4. Training objective and optimization

For both instantiations, models are trained using categor-
ical cross-entropy loss. To address class imbalance, especially
in sentiment classification, class-weighted loss is applied where
appropriate. Model parameters are optimized using Adam or
AdamW optimizers [23], depending on the architecture, with early
checkpoint selection based on validation performance.

3.5. Inference and institutional deployment logic

At inference time, a new feedback comment is passed
through the trained topic and sentiment classifiers to produce
a pair of labels (y‘°pi°,y5em). Aggregated predictions can be
summarized over time to support institutional quality-assurance
processes, such as identifying frequently criticized facilities or
tracking sentiment trends across academic terms.

3.6. Implementation details and reproducibility

All experiments follow the ASI protocol with stratified
train/validation/test splits of 70%/15%/15% and are evaluated
using precision, recall, Fl-score, and confusion matrices for both
topic classification and sentiment classification. To ensure repro-
ducibility, we report the complete training configuration for each
ASI instantiation and keep training randomness controlled via
random seeds.

1) BILSTM. Thai text is tokenized using the newmm tokenizer
(PyThaiNLP) and embedded using LTW2V Thai Word2Vec
(400 dimensions). Sequences are padded to the maximum
observed length (7" = 284 for sentiment; 7" = 282 for topic).
The BILSTM model uses two stacked BiLSTM layers with 64
hidden units (Layer 1) and 32 hidden units (Layer 2). Training
uses Adam (learning rate 0.001) with categorical cross-entropy
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Table 1
Training and hyperparameter settings for ASI instantiations
Component Parameter Value
Dataset/Splits Train/Val/Test 70%/15%115%
Topic classes 4 (instructor, curriculum, facility, other)
Sentiment classes 3 (positive, neutral, negative)
BiLSTM Tokenizer newmm (via PyThaiNLP)
Embedding Thai Word2Vec (LTW2YV, 400 dimensions)
Max sequence length (T) 284 (Sentiment)/282 (Topic)
BiLSTM hidden units 64 (Layer 1), 32 (Layer 2)
Dropout Not explicitly used
Optimizer Adam
Loss Categorical cross-entropy
Learning rate 0.001
Batch size 16
Epochs 20 (sentiment)/10 (topic)
Early stopping Not used (ModelCheckpoint used)
Random seeds numpy.random.seed(1), tensorflow.random.set_seed(2)
XLM-R Pretrained backbone xlm-roberta-base

2)

Tokenizer

Max sequence length
Classification head
Optimizer

Learning rate
Learning rate (LR) scheduler/warmup
Weight decay

Batch size

Epochs

Gradient clipping
Random seeds

SentencePiece

256

Linear + Softmax
AdamW

2% 1073

Linear scheduler/0 warmup steps
0.01

16

10

Not used (default/none)
42

and a batch size of 16; models are trained for 20 epochs
(sentiment) and 10 epochs (topic), and the best checkpoint is
saved with ModelCheckpoint. Randomness is controlled using
numpy.random.seed(1) and tensorflow.random.set_seed(2).

XLM-R. We fine-tune xlm-roberta-base using the standard
SentencePiece tokenizer and a linear classification head with
a Softmax activation. The maximum sequence length is 256.
Training uses AdamW with a learning rate of 2 X 107>, weight
decay of 0.01, batch size of 16, and 10 epochs. We apply
a linear learning-rate scheduler with 0 warmup steps. Ran-
domness is controlled using three random seeds. To provide
further transparency in the fine-tuning procedure, we note
the following experimental decisions. First, all 12 transformer
encoder layers of xlm-roberta-base were unfrozen and fine-
tuned jointly with the classification head; no layer-freezing
strategy was applied, which showed slight performance degra-
dation. Second, the learning rate of 2 x 107> was selected
based on the widely adopted range for transformer fine-tuning
(1 x 107 to 5 x 1075) and validated through monitor-
ing of validation loss across epochs. Third, to address class
imbalance in the sentiment task, class-weighted cross-entropy
loss was applied during training, with class weights inversely
proportional to class frequency. Fourth, model selection
was based on the best validation macro-F1 checkpoint

across 10 epochs, and the best checkpoint was subsequently
evaluated on the held-out test set. The ablation study in
Section 5.5 provides further empirical evidence on the con-
tribution of individual fine-tuning components, including
the effect of removing class-weighted loss, dropout, and
preprocessing steps.

A summary of all hyperparameters and training settings is
provided in Table 1.

4. Experimental Setup

This section describes the dataset, preprocessing procedures,
baseline models, training configuration, and evaluation metrics
used to assess the ASI framework empirically.

4.1. Dataset description

ASI begins with 4145 feedback records obtained from the
Phuket Vocational College (PVC) information system and covers
four primary areas (instructor, curriculum, facility, and other).
Each record contains a textual comment and a satisfaction rat-
ing (low/medium/high). After preprocessing, the dataset contains
2873 feedback entries annotated with topic and sentiment labels.
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Table 2
Examples of the topic classification dataset
Textual comment Class
agdaoufinnuinnwannsalunmsaeud quatindnund (The teacher is knowledgeable and capable in teaching and takes Instructor
good care of the students.)
anmiouvenangas midsiinnumdenhiviawe mlinalumsdounredumelal (The new curriculum is not yet fully prepared, Curriculum
resulting in the loss of some instructional time.)
Fagmasanuazaanueesid idedusudenhdaiiaaamlan sumefiialdiuIdhia (Some facilities are still inadequate—for Facility
example, the restrooms are not clean, and the internet connection is unreliable.)
avnlitnalsadoulimnindoumnszsdusunsszdudesion (I would like the school to offer scholarships to students in all Other

grades and all classes.)

Topic classes include instructor, curriculum, facility, and other,
while sentiment classes include positive, neutral, and negative.

4.2. Preprocessing

Preprocessing includes text normalization, typographical
correction, and removal of irrelevant or ambiguous entries [24].
Informative short expressions commonly used in Thai feedback
were retained to preserve sentiment cues. Sentences that clearly
expressed sentiment, such as# (good), wunzau (appropriate), aun
(very good), afu(sir), ifiezls (nothing), and ' (no), as well
as entries denoted by a dash (“-”), were retained for further

analysis.

4.3. Annotation protocol

Feedback entries were manually annotated following pre-
defined labeling guidelines. Topic labels (instructor, curriculum,
facility, and other) were assigned based on the primary subject
of each comment. In contrast, sentiment labels (positive, neutral,
negative) were determined by semantic interpretation, with satis-
faction ratings used to resolve ambiguous cases [25, 26]. To ensure
consistency, a comprehensive labeling guideline is established
that defines each category with clear criteria and representative
examples [27].

The ASI framework employs these labeled data for super-
vised learning. Topic labels are assigned to four categories:
instructor (854), curriculum (653), facility (760), and other (606),
as illustrated in Table 2. Sentiment labels are assigned as positive
(1,547), neutral (782), and negative (544).

4.4. Data splitting

For both topic and sentiment tasks, datasets were partitioned
into training (70%), validation (15%), and test (15%) sets using
stratified sampling to preserve class distributions. To enhance
reproducibility, fixed random seeds were applied during data
partitioning, ensuring consistent splits across experiments.

4.5. Baseline models for comparative study

To conduct a comprehensive comparative evaluation, ASI
instantiations are compared against the following baselines:

a. Classical machine learning (ML): Term Frequency-Inverse
Document Frequency (TF-IDF) + Linear SVM

b. Efficient neural baseline: fastText

c. Transformer baselines: mBERT, WangchanBERTa

d. Proposed models: BiLSTM, XLM-R
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All models are trained and evaluated using identical data
splits and metrics. To ensure a fair and transparent comparison
across models, all architectures share the same stratified 70/15/15
train/validation/test split and are evaluated using the same four
metrics: accuracy, precision, recall, and macro-F1. Model param-
eters differ by design to reflect each architecture’s paradigm: TF-
IDF + Linear SVM uses no learned embeddings and is trained
with a linear kernel; fastText uses character n-gram embeddings
and a shallow linear classifier; mBERT and WangchanBERTa are
fine-tuned transformer models with 12 layers and 768-dimensional
representations; BILSTM uses 400-dimensional Thai Word2Vec
embeddings with two BiLSTM layers (64 and 32 hidden units);
and XLM-R uses 768-dimensional subword contextual embed-
dings with 12 transformer layers. Hyperparameter settings for
BiLSTM and XLM-R are fully specified in Table 1, while baseline
models (TF-IDF + SVM, fastText, mBERT, WangchanBERTa)
follow their respective default or standard configurations as com-
monly reported in the literature. The comparison therefore reflects
both architecture-level differences (sequential vs. transformer) and
representation-level differences (word-level static vs. subword con-
textual embeddings), which are the primary variables of interest
in this study.

4.6. Evaluation metrics

ASI evaluates each instantiation with accuracy, precision,
recall, and F1-score. Performance is evaluated using accuracy, pre-
cision, recall, and Fl-score. Confusion matrices are analyzed to
identify systematic misclassifications, particularly for neutral and
negative sentiment classes.

5. Results and Discussion

This section presents and discusses the empirical results
obtained from evaluating the proposed ASI framework on Thai
student feedback data. Performance is reported for two supervised
tasks: topic classification (four classes) and sentiment classifica-
tion (three classes). Comparative results across classical baselines,
transformer-based models, and the proposed ASI instantiations
are summarized, followed by a detailed error and ablation
analysis [28].

5.1. Overall comparative performance

Table 3 presents the comparative performance of the eval-
uated baseline models and the proposed ASI frameworks on
topic and sentiment classification. Overall, topic classification
yielded higher scores than sentiment classification across all mod-
els, indicating that topical distinctions in Thai student feedback
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Table 3

Overall performance comparison on the Thai student feedback dataset

Model Topic acc Topic macro-F1 Sentiment acc Sentiment macro-F1
TF-IDF + Linear SVM 0.896 0.893 0.768 0.699
fastText 0.896 0.893 0.773 0.712
mBERT 0.828 0.827 0.717 0.662
WangchanBERTa 0.650 0.646 0.659 0.589
ASI-BiLSTM 0.882 0.879 0.729 0.655
AST-XLM-R 0.920 0.924 0.808 0.739

were more readily identifiable than sentiment polarity. Among
the baseline approaches, TF-IDF + Linear SVM and fast-
Text achieved strong results on the topic task, both reaching
0.896 accuracy with macro-F1 scores of 0.893 and 0.893, respec-
tively, suggesting that topic-related patterns were often captured
effectively by lexical and local contextual features.

However, their performance on sentiment classification was
lower, particularly in macro-F1, with TF-IDF + Linear SVM
obtaining 0.768 accuracy and 0.699 macro-F1, and fastText
slightly improving to 0.773 accuracy and 0.712 macro-F1. The
transformer baselines showed mixed results, with mBERT achiev-
ing moderate performance on both topic (0.828 accuracy; 0.827
macro-F1) and sentiment (0.717 accuracy; 0.662 macro-F1), while
WangchanBERTa underperformed in this dataset. In contrast, the
proposed ASI models demonstrated superior effectiveness, partic-
ularly ASI-XLM-R, which achieved the best overall performance
with 0.920 accuracy and 0.924 macro-F1 for topic classifica-
tion and 0.808 accuracy and 0.739 macro-F1 for sentiment
classification.

These findings indicate that while conventional and
lightweight neural methods remain competitive for topic iden-
tification, sentiment classification in Thai educational feedback
benefits more substantially from contextualized deep repre-
sentations, with ASI-XLM-R providing the most robust and
balanced performance across both tasks. The inclusion of mBERT
and WangchanBERTa ensures that the comparative evaluation
reflects current state-of-the-art transformer baselines for Thai
NLP.

5.2. Topic classification results

Detailed topic classification results are reported in
Table 4. Both ASI-BiLSTM and ASI-XLM-R achieve strong
performance across all four topic categories, indicating that
topic identification in institutional feedback is a comparatively
tractable task.

However, ASI-XLM-R demonstrates superior and more
balanced performance across all categories. The largest gains
are observed in the Instructor and Facility categories, where
ASI-XLM-R achieves Fl-scores of 0.954 and 0.914, respectively.
These improvements suggest that contextualized representations
better capture domain-specific expressions and implicit references
commonly used in Thai student comments.

The Other category remains the most challenging for
both models due to its heterogeneous nature. Neverthe-
less, ASI-XLM-R maintains a higher Fl-score (0.904) than
ASI-BiLSTM (0.869), indicating improved generalization even in
less structured feedback. The topic classification results demon-
strate that while sequential models can learn coarse topical
distinctions, transformer-based models provide more robust and
consistent classification across all institutional domains.

5.3. Sentiment classification results

Sentiment classification results, summarized in Table 5,
reveal that it is substantially more challenging than topic classifi-
cation. Performance varies significantly across sentiment classes,
particularly for Neutral and Negative sentiments.

The ASI-BiLSTM model performs adequately for Positive
sentiment (F1 = 0.865) but struggles with Neutral (F1 = 0.514)
and Negative (F1 = 0.585) classes. This limitation reflects the
difficulty of capturing implicit sentiment cues using word-level
tokenization and fixed embeddings in Thai text, where sentiment
is often expressed indirectly or through polite phrasing.

In contrast, ASI-XLM-R achieves consistent improvements
across all sentiment categories. Notably, the Fl-score for Neutral
sentiment increases from 0.514 to 0.640, and Negative sentiment
improves from 0.585 to 0.681. These gains demonstrate XLM-
R’s enhanced ability to disambiguate sentiment polarity through
subword tokenization and self-attention mechanisms.

Despite these improvements, Neutral and Negative senti-
ments remain more difficult to classify than Positive sentiment,

Table 4
Topic classification performance (ASI-BiLSTM/ASI-XLM-R)
Category Precision Recall Fl1-score
Instructor 0.901/0.925 0.937/0.984 0.918/0.954
Facility 0.936/0.910 0.800/0.918 0.863/0.914
Curriculum 0.880/0.921 0.854/0.903 0.867/0.912
Other 0.811/0.941 0.935/0.870 0.869/0.904
Overall (macro-F1) — — 0.879/0.924
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Table 5
Sentiment classification performance (ASI-BiLSTM/ASI-XLM-R)
Sentiment Precision Recall Fl-score
Positive 0.870/0.901 0.860/0.908 0.865/0.904
Neutral 0.538/0.657 0.491/0.623 0.514/0.640
Negative 0.537/0.662 0.642/0.701 0.585/0.681
Overall (macro-F1) — — 0.655/0.739

underscoring the inherent ambiguity and class imbalance present
in real-world educational feedback.

5.4. Confusion-matrix analysis

The confusion-matrix summaries presented in Table 6 pro-
vide further insight into model behavior beyond aggregate
metrics.

Table 6
Confusion-matrix summary
Task Model Correct Incorrect
Topic ASI-BILSTM 380 51
ASI-XLM-R 398 33
Sentiment ~ ASI-BiLSTM 314 117
ASI-XLM-R 343 88

For topic classification, ASI-XLM-R reduces total misclassi-
fications from 51 to 33, corresponding to a 35% reduction relative
to ASI-BILSTM. The most significant error reduction occurs in
the Facility and Instructor categories, suggesting that contextual
representations more effectively resolve overlapping vocabulary
across institutional domains.

For sentiment classification, ASI-XLM-R reduces misclas-
sifications from 117 to 88, representing a 25% reduction. The
largest improvement is observed in the Neutral class, which
ASI-BiLSTM frequently confuses with Positive or Negative sen-
timent. This indicates that transformer attention mechanisms
better capture subtle sentiment cues dispersed across sentence
contexts.

5.5. Ablation study

Ablation experiments were conducted on two supervised
tasks: topic classification (four classes) and sentiment analysis
(three classes). Eight model configurations were evaluated, com-
prising one full baseline and seven ablated variants, each removing
a single component. To ensure robustness, each configuration was
run with three random seeds {13, 23, 37}, yielding a total of 48
experiments (8 variants X 2 tasks X 3 seeds). The baseline repre-
sents the complete ASI pipeline. Ablated variants systematically
turn off individual components, text normalization, typograph-
ical correction, filtering heuristics, class-weighted loss, dropout,
sequence length reduction (256—128), and frozen lower layers,
allowing clear attribution of each component’s impact while
controlling other factors.

The ablation study results reported in Tables 7 and 8
evaluate the contribution of individual components within the
ASI-XLM-R framework. Across both topic and sentiment clas-
sification tasks, the full ASI-XLM-R configuration consistently

08

achieves the highest performance, confirming that improvements
arise from the combined effect of preprocessing, training strate-
gies, and contextual representation learning rather than from any
single component alone.

In topic classification, typographical correction and filter-
ing heuristics yield the largest performance degradation when
removed, highlighting the importance of text quality in han-
dling domain-specific terminology. In sentiment classification,
class-weighted loss and preprocessing steps contribute most
strongly to performance stability, particularly for minority classes.

Notably, reducing input sequence length and freezing lower
transformer layers also result in measurable performance declines,
emphasizing the importance of preserving contextual richness and
fully fine-tuning pretrained representations for Thai educational
text.

5.5.1. Topic classification

All ablation experiments are conducted exclusively on the
ASI-XLM-R instantiation, as it represents the selected and pro-
posed framework following model comparison. As shown in
Table 7, the full model achieves the best overall performance
(accuracy = 0.920, macro F1 = 0.924), supporting the effec-
tiveness of the integrated architecture. Removing preprocessing
components consistently degrades performance. Typographical
correction has the largest impact (—0.010), followed by filtering
heuristics (—0.009) and text normalization (—0.004). These find-
ings highlight the importance of text quality and noise reduction
in improving classification robustness.

Among training-related components, removing class-
weighted loss and dropout yields moderate performance declines,
indicating their role in handling class imbalance and preventing
overfitting, respectively. Additionally, reducing the maximum
sequence length (256—128) slightly degrades performance,
suggesting that longer contextual information improves topic dis-
crimination. Freezing lower transformer layers also leads to minor
degradation, implying that fine-tuning deeper representations is
beneficial for this task.

At the class level, the Instructor category consistently
achieves the highest Fl-scores across all configurations, whereas
Facility, Curriculum, and Other classes are more sensitive to com-
ponent removal. This suggests that certain categories rely more
heavily on preprocessing and representation learning for accurate
classification.

5.5.2. Sentiment analysis

Table 8 presents the ablation results for sentiment classi-
fication. Like topic classification, the full model achieves the
highest performance (accuracy = 0.808, macro-F1 = 0.739), and
all ablated variants show reduced effectiveness. The impact of
removing preprocessing components is again evident, with typo-
graphical correction and filtering heuristics contributing notably
to performance stability.
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Table 7
Ablation study results for topic classification using ASI-XLM-R

Variant Accuracy Macro-F1 Weighted-F1 F1 (Ins) F1 (Fac) F1 (Cur) F1 (Other)
Full model 0.920 0.924 0.922 0.954 0.914 0.912 0.904

+0.004 +0.002 +0.003 +0.001 +0.001 +0.001 +0.001
w/o text normalization 0.916 0.916 0.915 0.946 0.904 0.904 0.895

+0.004 +0.003 +0.003 +0.002 +0.001 +0.002 +0.002
w/o typographical 0.910 0.910 0.911 0.940 0.897 0.898 0.889

correction +0.005 +0.003 +0.003 +0.003 +0.002 +0.003 +0.002

w/o filtering heuristics 0.911 0.914 0.914 0.944 0.902 0.902 0.893

+ 0.004 +0.003 +0.003 +0.002 +0.001 +0.002 +0.002
w/o class-weighted loss 0.918 0.919 0.917 0.949 0.908 0.907 0.899

+0.003 +0.002 +0.003 +0.002 +0.001 +0.002 +0.001
w/o dropout 0914 0.918 0.918 0.948 0.906 0.905 0.897

+ 0.004 +0.003 +0.003 +0.002 +0.001 +0.002 +0.002
Max length 256—128 0.912 0.916 0.917 0.946 0.904 0.903 0.895

+ 0.004 +0.003 +0.003 +0.002 +0.001 +0.002 +0.002
Freeze bottom layers 0.916 0.917 0.918 0.947 0.905 0.905 0.896

+ 0.004 +0.003 +0.003 +0.002 +0.001 +0.002 +0.002

Table 8

Ablation study results for sentiment classification using ASI-XLM-R
Variant Accuracy Macro-F1 Weighted-F1 F1 (Pos) F1 (Neu) F1 (Neg)
Full model 0.808 +£0.002  0.739+0.003  0.800 + 0.002 0.904 + 0.001 0.640 +0.002  0.681 + 0.002
w/o text normalization 0.798 £0.002  0.732+0.003  0.795 + 0.002 0.897 £ 0.002 0.634 +£0.002  0.674 +0.002
w/o typographical 0.801 + 0.003 0.728 £ 0.003  0.792 + 0.002 0.894 + 0.002 0.630 + 0.003  0.670 + 0.003

correction

w/o filtering heuristics 0.801 +0.003 0.724 £ 0.003  0.789 £ 0.002 0.890 + 0.002 0.627 £ 0.003  0.666 + 0.003
w/o class-weighted loss 0.802 +£0.002  0.729+0.003  0.794 + 0.002 0.895 +0.002 0.631 +£0.003  0.671 +0.003
w/o dropout 0.804 +0.002  0.732+£0.003  0.793 + 0.002 0.898 + 0.002 0.634 +£0.002  0.674 +0.002
Max length 256—128 0.804 +£0.002  0.729+0.003  0.794 + 0.002 0.894 + 0.002 0.631 +£0.003  0.670 + 0.003
Freeze bottom layers 0.805+0.002  0.731 £0.003  0.793 + 0.002 0.896 + 0.002 0.633 £0.002  0.673 £ 0.002

The Neutral class exhibits the most pronounced performance
drop across ablations, confirming its inherent difficulty due to
semantic ambiguity and overlap with positive and negative sen-
timents. In contrast, the Positive class remains relatively stable,
whereas the Negative class shows moderate sensitivity to changes
in preprocessing and model configuration.

Training-related components, including class-weighted loss
and dropout, contribute to balanced performance across senti-
ment classes. Their removal results in a decrease in macro-F1,
indicating reduced effectiveness in handling class imbalance and
generalization. Similarly, reducing input length and freezing lower
layers slightly degrade performance, reinforcing the importance
of contextual richness and full model fine-tuning. Differences
between configurations were consistent across runs.

Across both tasks, the full ASI-XLM-R configuration
consistently achieves the highest performance, confirming the
cumulative contribution of preprocessing, training strategies, and
contextual representation learning. To further examine the robust-
ness of the ablation results, paired z-tests were conducted between
the baseline and each ablated variant across three independent
random seeds. While these tests consistently indicate perfor-
mance degradation when key components are removed, the small
sample size limits the strength of the inferential conclusions.

Consequently, statistical results are interpreted cautiously and
used to support observed trends rather than to assert defini-
tive significance. Across all ablations, AF1 values ranged from
0.005 to 0.014 and exhibited stable directional effects across
runs, suggesting that the observed performance differences reflect
systematic contributions of individual components rather than
random variation.

5.6. Discussion and implications

The results indicate that BiILSTM and XLM-R perform
differently when applied to Thai student feedback. Both mod-
els achieved high accuracy for topic classification, whereas the
difference was more pronounced for sentiment classification:
XLM-R achieved 0.80 accuracy, compared with 0.73 for Bil-
STM. One possible reason is that the BiLSTM pipeline depends
on word-level segmentation with newmm and static Word2Vec
embeddings. Informal wording, abbreviations, and slang in
student comments may produce OOV terms or segmentation
variations that reduce the information available to the model.

XLM-R uses SentencePiece subword tokenization and con-
textual self-attention. These mechanisms allow the model to
represent unfamiliar word forms through smaller units and to
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consider relationships between terms across the full context. This
may be particularly useful for sentiment classification, where
the meaning of a positive or negative expression can depend
on nearby qualifiers, negation, or other contextual cues. In the
present dataset, these properties were associated with stronger
sentiment classification performance for XLM-R.

Nevertheless, neither model performed equally well across all
sentiment classes. Neutral and negative comments remained more
difficult to classify, likely because Thai feedback can include indi-
rect criticism, polite but negative phrasing, sarcasm, and mixed
sentiment within a single response. The class distribution may
also have contributed to this difficulty, as positive comments were
more common than negative comments (1547 vs. 544). For exam-
ple, a comment such as “The teacher is good, but the room is
hot” contains both positive and negative information, which can
be difficult to represent using a single sentiment label.

The findings support the use of ASI-XLM-R as the
stronger of the two evaluated models for this institutional dataset.
The model may be suitable for supporting large-scale feedback
monitoring, provided that its outputs are interpreted alongside
existing quality-assurance processes rather than used as stand-
alone decisions. Future work could examine data augmentation,
Thai sentiment lexicons, aspect-based sentiment analysis, and
hybrid models that combine contextual representations with
domain-specific linguistic knowledge.

5.6.1. Limitations

First, the dataset reflects feedback from a single vocational
education institution and may not capture linguistic variation
across regions, institutions, or educational levels. Second, sen-
timent labels were manually assigned and, in ambiguous cases,
supported by satisfaction ratings. While this improves consistency,
subjective interpretation may still affect the boundaries between
neutral and negative classes. Third, class imbalance is present
(e.g., substantially more positive than negative feedback), which
can influence learning dynamics and partially explains the per-
sistent difficulty in recognizing negative sentiment. Future work
should validate the ASI framework on additional Thai educa-
tional datasets and explore techniques that improve minority-class
performance without sacrificing interpretability for institutional
deployment.

5.6.2. Implications

The findings demonstrate that the ASI framework enables
data-driven decision-making for educational quality assurance by
systematically analyzing student feedback across faculty, curricu-
lum, and facilities. This supports a shift from manual evaluation
to scalable and reproducible analytics.

The superior performance of XLM-R highlights the effec-
tiveness of transformer-based models for Thai-language feedback,
particularly in capturing linguistic nuances and reducing misclas-
sification. This improves the reliability of automated insights,
allowing institutions to prioritize interventions and allocate
resources more effectively. The results emphasize the value of
multilingual transformers in non-English contexts, facilitating
targeted improvements that enhance student satisfaction and
learning outcomes.

From a research perspective, the study confirms the limita-
tions of RNN-based models and the advantages of transformer
architectures for nuanced sentiment analysis. However, chal-
lenges in distinguishing neutral and negative sentiments remain,
indicating the need for further improvements through data

10

augmentation, linguistic resources, or hybrid models. This study
reinforces the practical impact of advanced NLP techniques
in educational analytics and provides a foundation for future
research in multilingual sentiment analysis.

6. Conclusion

This study demonstrates the application of BiLSTM and
XLM-R deep learning models for automated sentiment analysis
within Thai vocational education. The findings provide com-
pelling evidence that the transformer-based XLM-R architecture
markedly outperforms BiLSTM, achieving 80% classification
accuracy. This superiority reflects XLM-R’s technical strengths in
subword tokenization and self-attention mechanisms, which are
well suited to the distinctive characteristics of the Thai language
that traditional word-level embeddings often fail to capture. These
results are consistent with existing research affirming the capac-
ity of attention-based models to detect nuanced expressions and
prioritize relevant keywords in student feedback [12, 13].

From a practical standpoint, the findings offer a promis-
ing framework for enhancing institutional quality assurance. The
proposed ASI-XLM-R framework enables educational institu-
tions to transition from passive data collection toward proactive,
evidence-based decision-making. The framework’s high preci-
sion in detecting facility- and curriculum-related issues equips
PVC to allocate resources more effectively and implement
targeted instructional improvements. While challenges in accu-
rately classifying nuanced negative sentiment persist, this study
establishes a solid foundation for future research, including inte-
grating sentiment lexicons and data augmentation techniques
to refine automated feedback systems further. Ultimately, this
work bridges cutting-edge NLP technologies and localized edu-
cational management in non-English contexts, with Al-driven
tools offering significant potential to enhance student satisfac-
tion and sustain vocational education in an increasingly digital
landscape [29].
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