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Abstract—The massive growth in user reviews on the online
travel agent (OTA) website can be automatically processed using
sentiment analysis to understand consumer satisfaction or
feedback. Sentiment analysis is commonly implemented as a
sentiment classification task by applying classical machine
learning and deep learning algorithms. However, implementing
both strategies has a significant challenge in providing a reliable
labeled dataset since labeling is time-consuming and highly
resource-intensive. Therefore, this study aims to compare the
performance of two learning methods: semi-supervised learning
(SSL) and few-shot learning (FSL), since there is still no direct,
controlled comparison between both methods. SSL is a learning
method that builds a generalized classification model as a refined
model based on automatically generated additional labeled data.
In contrast, FSL is a learning method that enables a generalized
pre-trained model to predict unlabeled data using only a few
labeled samples per class. This study evaluates the self-training
method on SSL, and the implemented FSL algorithm is Sentence
Transformer Fine-Tuning (SETFIT). The results show that
implementing FSL (employing only 16 labeled training samples)
outperforms SSL with an accuracy improvement of 9.5%. The
implementation of SETFIT is very promising as a solution to
overcome the limited amount of labeled data in the classification
task. Moreover, SETFIT is more adaptable to various low-
resource language domains than other, more data-intensive
learning approaches.

Keywords—Sentiment analysis; hotel reviews; semi-supervised
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l. INTRODUCTION

The growth of various 1T-based startups in travel, tourism,
and hospitality has increased the number of online travel
agencies (OTA). A popular OTA feature is hotel bookings.
This feature allows users to reserve a hotel and write a review
about hotel services or facilities. Subsequently, this condition
increases the number of review documents. Hotel reviews have
benefits for both hotel users [1], [2] and hotel management [1].
For OTA users, hotel reviews can help them consider which
hotel is the most suitable for them based on other users'
positive or negative opinions. On the other hand, hotel
management can use hotel reviews to manage and improve
their current performance to make users more comfortable in
the future based on users' negative opinions. The high volume
of user review documents can be automatically processed using
sentiment analysis to understand the polarity of consumer
opinions. Generally, sentiment analysis is performed as a
sentiment classification task to predict the sentiment polarities
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(i.e., positive or negative); thus, building the prediction model
needs a set of datasets labeled with their sentiment polarity.

The study about sentiment analysis towards hotel reviews
has been widely developed for the Indonesian language. Those
studies vary in implementing classical machine learning
methods [3], [4] to deep learning methods [3], [5], [6], [7], [8],
[9], [10], [11], [12]. Generally, both methods work optimally
when a sufficient dataset is available, i.e. 2500 to 5000 review
documents. Furthermore, since sentiment analysis is often
performed as a classification task, the dataset provided should
have been labeled with either positive or negative sentiment
polarity. However, manual labeling is time-consuming and
highly resource-intensive.

Strategies that can be applied to overcome the problem of
limited availability of labeled data are applying other learning
methods, namely semi-supervised learning (SSL) and few-shot
learning (FSL). As mentioned in study [13], one of the SSL
methods that is widely implemented is self-training. A self-
training method can leverage the unlabeled training data to
refine the classification model performance after it was labeled
based on the initial classification model generated by small
labeled training data. One of the advantages of the self-training
method is the flexibility to be combined with any classification
algorithm [14].

On the other hand, several approaches in FSL have been
developed by adapting pre-trained language models (PLMs) for
specific tasks, such as in-context learning (ICL), parameter-
efficient fine-tuning (PEFT), and prompt-based tuning. These
approaches typically require specialized infrastructure with
limited accessibility and the input of manually generated
prompts as part of their training [15]. Therefore, this study
employs Sentence Transformer Fine-Tuning (SETFIT), which is
competitive with fine-tuning the entire training set despite the
three times larger fine-tuned model.

Furthermore, the main contribution of this research is to
provide a clearer understanding of which learning strategy is
more effective between Semi-Supervised Learning (SSL) and
Few-Shot Learning (FSL) in building sentiment analysis
models on resource-limited Indonesian-language hotel review
data. This study offers a direct, controlled evaluation of the
performance of both approaches under minimal labeled-data
conditions, thereby providing practical recommendations for
developing NLP applications in low-resource scenarios. Thus,
this research helps fill the knowledge gap regarding the
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selection of the optimal learning method for sentiment
classification tasks in the tourism domain.

The structure of this paper is as follows. Section | presents
the research background and significance of this study. The
comprehensive methodology is clearly explained in Section II.
Section 1l describes the experimental scenarios and their
results, including a detailed comparison between scenarios.
Section IV is this paper's conclusion and possible future works.

Il. METHODOLOGY

A. Dataset Preparation

The dataset used in this research was acquired from the
research conducted by study [12]. The raw dataset has two
features, i.e., text and class. The text feature includes string
letters in uppercase and lowercase, symbols, numbers, and
punctuation marks. This text string is in the Indonesian
language, but it also has some words or phrases in English,
acronyms, and slang based on what the user writes. Those are
considered noise and will be cleared during pre-processing.
The class feature is a binary class consisting of 0 representing
negative sentiment polarity and 1 representing positive
sentiment polarity. The dataset comprises 2500 review
documents in balanced conditions for both sentiment polarities.

B. Pre-processing

Pre-processing is a phase applied to the dataset before
entering the classification phase. Several pre-processing steps
will be combined differently for each experiment. Those steps
are as follows:

e Case folding is converting all letters to lowercase [16].
This step is conducted because uppercase or lowercase
has the same value in sentiment analysis.

¢ Punctuation mark removal is removing all punctuation
marks and symbols [17]. This step is conducted because
punctuation marks and symbols have no value in
sentiment analysis. In addition, this step also includes
URL (Unified Resource Locator) and Tag HTML
removal.

e Tokenization is splitting a sentence into individual
words or tokens [18]. This step makes further processes,
such as feature extraction, more accessible.

e Stop-word removal is the process of removing stop-
word, unimportant words [17].

e Stemming is the process of returning words to their
origin [19].

There are three different combinations of pre-processing
steps for the employed SSL method, as follows:

e PC1 is a pre-processing steps combination including
case folding, punctuation mark removal, and
tokenization.

e PC2 is a pre-processing steps combination including
case folding, punctuation mark removal, tokenization,
and stop-words removal.
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e PC3 is a pre-processing steps combination including
case folding, punctuation mark removal, tokenization,
stop-words removal, and stemming.

Implementing FSL involves two pre-processing steps: case
folding and punctuation mark removal. It is subsequently as
PC4. The implementation of FSL does not involve
tokenization, stop-word removal, and stemming steps to avoid
the possibility of changing the sentence structure and original
meaning of the review data. It is influenced by using the
SETFIT framework as the FSL method. SETFIT focuses on
sentence processing through the application of sentence
transformers so that the structure and meaning of sentences can
be maintained when only case folding and data cleaning are
applied.

Although the SSL and FSL pipelines differ in several
preprocessing steps, this distinction arises from the intrinsic
design of the SETFIT framework. SETFIT depends on sentence-
level semantic embeddings generated by sentence transformers,
which achieve optimal performance when the original sentence
structure and contextual cues are maintained. Consequently,
only minimal preprocessing, such as case folding and basic
punctuation cleaning, is applied to prevent alteration of
syntactic patterns or removal of sentiment-bearing elements
that influence embedding quality.

On the contrary, SSL employs a token-based classification
pipeline that benefits from more extensive preprocessing,
including normalization and filtering. Implementing the
optimal preprocessing strategy for each paradigm ensures that
both methods function under conditions consistent with their
respective architectural characteristics. SETFIT'S internal
analysis shows that applying deeper preprocessing results in
only minimal performance shifts, so differences in
preprocessing flow do not have substantial implications for the
model comparison results.

C. Feature Extraction

Feature extraction uses information from existing data to
create vocabulary or corpus so the machine learning algorithm
can work. This stage was only involved in SSL
implementation, and the extracted feature is TF-IDF. Term
Frequency (TF) is the frequent appearance of a term in the
document. The more a term appears, the higher its value.
Inverse Document Frequency (IDF) is the document's term
distribution calculation. The TF-IDF weighting is formulated
as shown in Eq. (1):

Fidf(t,d) = tf(t, d) x idf () (1)

where tf.idf(t,d) represents the weight of each word
(term t) in a document d. The term tf (¢t, d) denotes the weight
of term ¢t in document d, while idf (t) stands for the inverse
document frequency in term t. The calculation of the inverse
document frequency is defined in Eq. (2):
. _ n
idf (t) = log O +1 )
where n is the number of documents, df (t) represents the
number of documents consisting term ¢, and t represents term
or word.
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Dataset Splitting
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Fig. 1. Dataset splitting in applying (a). SSL and (b). FSL.
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Fig. 2. Architecture of self-training classification model.
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D. Building a Sentiment Classification Model

The first step of this stage is dividing the dataset, where
there are differences in the implementation of SSL and FSL, as
seen in Fig. 1. This study employs K-fold cross-validation for
SSL implementation as a validation method to evaluate the
performance of the built model by partitioning the dataset into
training data and testing data. This research uses 10-fold cross-
validation, which means the dataset will be split into ten
partitions, and iteratively, each of the nine partitions will be
training data while the other one will be testing data. Since this
method employs the self-training method in SSL, each training
data consists of two parts of labeled training data, and seven
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other parts are unlabeled. The unlabeled training data will be
labeled based on the first generated model and added to the
training data, and the training process will be repeated. This
process is iterative until a specific condition or predefined
number of iterations.

The second data division is involved in applying FSL,
where the data is divided into a composition of 80% for the
data to be selected as training data and 20% for test data. The
training data selection process will be randomly performed on
80% of the previously defined data, and n% of the total data
sample per label will be trained (labeled training data). This
percentage value will be used as a testing parameter in the
research experiment, namely 4%, 6%, and 8%.

Based on the results of respected dataset splitting, the
subsequent process is the training process to generate the
sentiment classification model. For the implementation of SSL,
this study observed the effect of pre-processing steps and the
combined  classification  algorithm on  classification
performance for the self-training method. As mentioned before,
there are three combinations of pre-processing steps, whereas
the involved classification algorithms are a support vector
classifier (SVC) [20] and stochastic gradient descent (SGD)
[21] with a threshold of 0.75. The model building will be
conducted with several combinations of parameters based on
the three kinds of pre-processing steps mentioned earlier. The
architecture of the self-training classification model can be
seen in Fig. 2.

Furthermore, this study implements SETFIT as the FSL
method. SETFIT is a modification of a transformer model that
has been previously trained to minimize the distance between
pairs of sentences with similar meanings and maximize the
distance between pairs of sentences with different meanings.
This model produces sentence representations in dense vectors
that the learning algorithms can use by utilizing Siamese
network structures and triplet networks to produce semantically
meaningful sentence representations [15]. SETFIT consists of
two main stages: sentence transformer fine-tuning and
classification head training [22]. An overview of the SETFIT
architecture can be seen in Fig. 3.

Evaluation
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Fig. 3. Architecture of SETFIT model.

As shown in Fig. 3, the sentence transformer fine-tuning
stage is divided into two steps: generating sentence pairs using
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contrastive learning and performing the fine-tuning process of
the pre-trained sentence transformer called paraphrase-
multilingualmpnet-base-v2 [23]. Implementing contrastive
learning aims to increase the amount of small training data to
improve the classifier model's performance. Contrastive
learning is learning by comparison, in which the learning
process is performed by comparing different input samples,
namely comparisons between positive pairs of similar input
and negative pairs of dissimilar input [24]. Moreover, the
selection of paraphrase-multilingualmpnet-base-v2 is based on
this multilingual model from the paraphrase-mpnet-base-v2
version, which has been trained in more than 50 languages,
including Indonesian.

There are two steps at the classification head training stage:
the encoding process based on the fine-tuned sentence
transformer produced in the previous stage and the training of
the classification head. The encoding process aims to convert
text data into vector representation based on the paraphrase-
multilingual-mpnet-base-v2 model that was fine-tuned in the
previous stage. The encoding process is performed on
validation data from the few-shot learning process to produce
output in sentence embedding, which has a richer sentence
representation so that each word has a close relationship as a
sentence. The next step in the classification head's training
process aims to map the previously obtained sentence
embeddings into the appropriate classes. This process involves
a logistic regression model and is trained to predict data labels
correctly. Logistic regression aims to find classification
boundary lines that separate data into classes. These boundary
lines are represented by regression formulas, where the training
process in logistic regression involves using optimization
algorithms to find the most appropriate regression coefficients
in the regression formula [25]. This research uses the sigmoid
function to carry out the binary classification function of 2
sentiment polarity classes.

E. Evaluation

The evaluation compares the result of testing data
prediction with the actual class of the data (ground truth). The
evaluation metric used in this research is an accuracy value,
which can be calculated based on the formula shown in Eq. (3):

TP+TN (3)

TP+TN+FN+FP

where TP (True Positive) represents the number of
correctly predicted data when the model predicts the positive
class, and TN (True Negative) denotes the number of correctly
predicted data when the model predicts the negative class.
Meanwhile, FN (False Negative) refers to the number of
incorrectly predicted data when the model predicts the positive
class, and FP (False Positive) indicates the number of
incorrectly predicted data when the model predicts the negative
class.

Accuracy =

Accuracy is a representative and stable performance
indicator for datasets with a balanced class distribution.
Because there is no majority or minority class, the evaluation
result indicates the ability to recognize both classes.
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Furthermore, the study employed the dataset under the same
data condition, namely, a balanced dataset. Therefore, accuracy
is the right choice when viewed from the perspective of the
distribution of data classes in the dataset. Moreover, the two
learning strategies or paradigms tested in the study focused on
evaluating model behavior using very limited labeled data,
rather than evaluating it based on specific classes. Therefore,
accuracy is considered a simple, clear, and direct indicator of
how each paradigm converts limited data into a correct
predictive model.

I1l.  EXPERIMENT AND ANALYSIS

A. Experimental Setup

This research divides the experiment into three
experimental scenarios. The first scenario aims to get the best
performance from implementing the self-training classifier as
an SSL model by observing the combination of pre-processing
and kernel functions. Subsequently, the second scenario aims
to obtain the best performance from implementing SETFIT as
an FSL model by observing the percentage values of training
data. In addition, the second experiment performs
hyperparameter optimization for each type of training data.
This study applies the Optuna framework to search for optimal
hyperparameters, using algorithms such as TPE to find the
optimal model configuration. The learning rate determines how
quickly the model adjusts weights, while the epoch and batch
size regulate the intensity and granularity of the optimization
process. Parameters such as the number of iterations and the
maximum number of iterations control the length of the
training process to prevent overfitting and underfitting. The
seed setting is necessary to ensure reproducibility of results,
while the choice of solver determines the optimization
mechanism used during classifier training. Thus, determining
the right hyperparameter values is crucial for SETFIT to achieve
optimal performance under conditions of limited labeled data.
The last scenario compares the results from the first and second
scenarios.

B. Experimental Results and Analysis

The results of the first scenario can be seen in Fig. 4. A
self-training classifier with an SGD tends to produce higher
accuracy than an SVC, as depicted in Fig. 4. The accuracy
produced by the self-training classifier for both classification
algorithms decreased when using four pre-processing stages
(PC2) compared to the results when using three pre-processing
stages (PC1). The accuracy value subsequently increases when
using five pre-processing stages (PC3). However, the highest
accuracy values for both classification algorithms were
obtained using three pre-processing stages (PC1). The highest
accuracy result obtained was 84.52% with a combination of the
SGD and 3-stage preprocessing. SGD can produce the best
performance because, in theory, even though SGD is simple,
SGD can work well in convex optimization [26]. Gradient
descent can be used since convexity, defined as the continuity
of a convex function's first derivative, ensures that convex
optimization problems are smooth and have well-defined
derivatives.
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Fig. 4. Result of scenario 1.
TABLE I. RESULT OF SCENARIO 2

Percentage of Best Hyperparameter

Training Data Accuracy
for Each Label | Learning Rate Epoch Batch Size Iteration Seed Max lteration Solver

4% 4.4104e-5 4 4 20 19 235 liblinear 81.25%

6% 4.1996e-5 5 8 10 36 122 liblinear 88.75%

8% 8.094e-5 2 8 10 21 94 liblinear 93.75%

Furthermore, the results of the second experimental
scenario can be seen in Table I. The first experiment with eight
training samples (4% data samples per label) obtained an
accuracy of 81.25%, which is quite good considering the small
amount of training data. Subsequently, in the second
experiment, with 12 training samples (6% data samples per
label), the accuracy value was 88.75%, higher than in the first
experiment. The third experiment, with 16 training data
samples (8% data samples per label), produced the highest
accuracy of the three experiments, namely 93.75%. This result
shows that the amount of training data is directly proportional
to the accuracy value. The greater the amount of training data,
the greater the accuracy value since the model can represent
data more efficiently when the number of training data samples
increases. In the context of few-shot learning, increasing
training samples is still carried out in small data samples, and
the model can obtain good accuracy values.

Based on the results from scenarios 1 and 2, it can be
concluded that implementing FSL using SETFIT has better
performance than implementing SSL using a self-training
classifier, with a difference in accuracy value of 9.5%. If
compared in terms of the amount of labeled data that must be
prepared, SETFIT is more efficient than a self-training classifier
(SETFIT), which only requires 12 training samples and can
produce an accuracy performance of 88.75%. This accuracy
value is higher than the self-training classifier's obtained
performance, which requires 500 training samples and only
achieved an accuracy of 84.25%. SETFIT'S success in

outperforming the classical self-training classifier is influenced
by the contrastive learning process, which can increase training
data by utilizing a pre-trained sentence transformer due to the
excellent ability of the pre-trained model to assess similarities
between sentences. When using tiny labeled training samples,
SETFIT has not been able to produce accuracy values above 90.
This weakness may arise because the choice of method for
classification head training applied in this research is logistic
regression, which has straightforward complexity.

In addition, based on the results from scenarios 1 and 2, it
can be said that using FSL (SETFIT) is very efficient for
achieving high performance when the amount of labeled data is
very small (e.g., <20 samples per class) and computational
resources are limited. Meanwhile, the SSL approach is suitable
for studies when researchers have access to a sufficient amount
of unlabeled data—not a very large amount, but enough to
generate pseudo-labels that can enrich the training set. In such
conditions, SSL may offer greater benefits than FSL, as the
model can gradually expand its training data via a self-training
mechanism.

The results of this study not only demonstrate performance
differences but also confirm that semantic embedding-based
few-shot methods have more efficient learning capabilities than
pseudo-labeling in SSL when labeled data is scarce. These
findings provide practical guidance for NLP developers in low-
resource environments, suggesting that FSLs such as SETFIT
are a more reliable and resource-efficient starting point for
sentiment analysis in similar domains.
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In addition to these advantages, SETFIT also offers greater
computational efficiency because it does not require full fine-
tuning as conventional transformer models do, making it more
suitable for devices with limited resources. Furthermore,
SETFIT's characteristic of not relying on large amounts of
labeled data makes it more adaptable and easily transferable to
other domains with similar low-resource conditions than other
learning approaches that are more data- and computationally
intensive.

IV. CONCLUSION AND FUTURE WORK

In this study, the performance of SSL and FSL methods for
sentiment analysis of hotel reviews with small labeled training
data is compared with the help of the gold-standard dataset of
Indonesian hotel reviews with two sentiment polarities
(positive and negative). Results show that the FSL using
SETFIT can outperform the SSL using a self-training classifier
algorithm with an accuracy improvement of 9.5%. SSL with
self-training obtained an accuracy of 84.25% and employed
500 labeled training samples. In contrast, SETFIT produced an
accuracy above 90%, to be precise 93.75%, using only 16
labeled training samples. These findings not only confirm the
superiority of SETFIT's results but also demonstrate that
semantic representation-oriented few-shot approaches are more
effective at learning sentiment patterns than SSL when the
number of labels is limited. This provides practical insight that
FSLs like SETFIT can be a more efficient and robust starting
point for sentiment analysis in low-resource contexts.

Possible directions for future research include exploring
other classification methods in classification head training in
SETFIT architecture. Thus, the smaller labeled training samples
can achieve accuracy above 90%. In addition, this study has a
weakness in its dataset scope: it comes from a single OTA
platform, limiting linguistic variability and potentially
hindering generalization across platforms.
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