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Abstract: Sentiment classification is often performed manually, but manual labeling is inef-
ficient. Therefore, automated labeling with machine learning is essential. Building a com-
puterized labeling model is challenging when labeled data is scarce, which reduces the ac-
curacy of the model. This study proposes a semi-supervised learning (SSL) framework for
sentiment analysis with limited labeled data. The framework integrates self-learning and
enhanced co-training. The co-training model combines three machine learning methods:
Support Vector Machine (SVM), Random Forest (RF), and Logistic Regression (LR), with
TF-IDF and FastText used for feature extraction. The model generates pseudo-labels, and
the label with the highest confidence from SVM, RF, or LR is selected in the self-learning
step.This framework is applied to English and Indonesian datasets, each run five times.
The performance difference between the baseline model (without pseudo-labels) and SSL
(with pseudo-labels) is small; the Wilcoxon signed rank test confirms this with a p-value
<0.05. The results show that SSL produces pseudolabels with quality close to the original
labels. Although the test performs well on four datasets, it has not surpassed the super-
vised baseline. SSL labeling has been shown to be more efficient than manual labeling,
taking only 10-20 minutes to label thousands of samples. In conclusion, self-learning in
SSL with co-training effectively labels unlabeled multilingual datasets with limited data,
though it has not yet converged across all datasets.
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1 Introduction

The growth of social media has led to an explosion of textual data, making sentiment anal-
ysis crucial for applications in customer feedback, brand management, and public opinion
monitoring. However, traditional supervised learning methods are highly dependent on
large, manually labeled datasets, which are costly and time-consuming [1]. To address
these limitations, semi-supervised learning (SSL) has emerged as a promising approach,
using limited labeled data to label unlabeled data. Unlabeled data are more readily avail-
able than labeled data with high validity. Therefore, semi-supervised learning approaches
are expected to address traditional labeling issues [2]. SSL concept uses a small labeled
dataset alongside a larger unlabeled dataset, reducing the inefficiency of manual annota-
tion [3].

This research aims to evaluate the effectiveness of two SSL techniques - self-learning
and enhanced co-training - in sentiment classification in English and Indonesian datasets.
An ensemble-based co-training framework is proposed, in which three classifiers (SVM,
Random Forest, and Logistic Regression) are combined with two vectorization methods
(TF-IDF and FastText), forming a six-model ensemble designed to improve robustness
through representation of various features (Figure 1). In this framework, self-learning is
applied to iteratively label high-confidence predictions to expand the training set, while
enhanced co-training is employed to utilize multiple classifiers trained in diverse feature
subsets to annotate new instances [4].

To achieve the objectives of this research, the following steps are conducted: (1) assess-
ing the performance of SSL in low-label scenarios, (2) comparing it with supervised base-
lines using accuracy, F1 Score, and computational efficiency, (3) evaluating its applicability
to multilingual scenarios, and (4) identifying challenges for future work. It is hypothesized
that the proposed SSL framework can address the problem of model performance with a
limited amount of labeled data.

To provide context, this research is compared with previous studies that have employed
various semi-supervised learning (SSL) approaches. An earlier study developed an en-
semble SSL model using SVM and RF with TF-IDF and n-grams, showing that classifier
choice significantly impacts performance: SVM excelled in binary tasks, while RF was
more robust in multi-class settings [5]. Subsequent work demonstrated that the integration
of hyperparameter adjustment within SSL iterations improves model performance, with
random search often outperforming grid search [6]. Other studies applied hybrid super-
vised–unsupervised methods to English digital payment reviews, where RF achieved an
F1 Score of 73.8% for sentiment and 58.8% for emotion analysis [7]. For Indonesian texts,
ensemble models using unigrams, bigrams, and trigrams showed that SSL performance
depends on data volume and feature–algorithm compatibility [8].

Previous research has demonstrated the potential of SSL in sentiment analysis [5–8], but
its effectiveness in multilingual contexts remains uncertain. The present study contributes
to this area by employing a co-training approach with limited labeled training data. The
proposed SSL framework is applied to six datasets, including English datasets (IMDB, US
Airlines) and Indonesian datasets (Hate Speech, Sentiment 1, Sentiment 2, Emotion). This
study advances the development of SSL methods for sentiment classification by leveraging
limited labeled data, with a particular emphasis on multilingual sentiment analysis.
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2 Research Method

2.1 Dataset Preparation

This study utilizes datasets in English and Indonesian, sourced from public repositories
such as US Airline, IMDB, Indonesian Hate Speech, Sentiment 1, Emotion, and Sentiment
2, all collected under ethical guidelines and proper licensing. All data is user-generated
and publicly accessible; although the raw data contains a wealth of information such as
a username, the user’s personal identity is not used. The analysis focuses on the content
(comments or reviews) without taking into account the profile of the commentor or re-
viewer.

Our proposed SSL model was applied to six diverse datasets to assess its generalization
across languages, domains, and varying numbers of classes. As summarized in Table 1,
the datasets consist of English corpora (IMDB [9], US Airline [10]) and Indonesian corpora
(Hate Speech [11], Sentiment 1 [12], Emotion and Sentiment 2 [13]), with varying numbers
of classes (binary up to six classes). This selection enables a comprehensive evaluation of
the robustness of the model to handle linguistic variation, class imbalance, and multilingual
sentiment tasks, ensuring its applicability to real-world scenarios.

Table 1: Datasets Used for SSL Modeling

No Dataset Language Number Records Number Class

1 IMDB [9] English 50000 Positif, negative
2 US Airline [10] English 14848 Positive, Negative, Neutral
3 Hate Speech [11] Indonesian 13169 Hate Speech, Non-Hate Speech
4 Sentiment 1 [12] Indonesian 10807 Positive, Negative, Neutral
5 Emotion [13] Indonesian 7079 Joy, Love, Sad, Fear, Anger, Neutral
6 Sentiment 2 [13] Indonesian 12759 Positive, Negative, Neutral

2.2 Data Preprocessing and Feature Extraction

In the preprocessing phase, all datasets go through preprocessing steps, including data
cleaning, vectorization, and feature extraction [14]. The data cleaning process aims to
eliminate noise and meaningless characters. This stage consists of several tasks, such
as conversion to lowercase, removal of stop words, tokenization, removal of numbers,
removal of all nonalphabetic characters and punctuation, and stemming. First, all text
was converted to lowercase to ensure consistency. Stop words or words that have no
meaning, such as conjunctions, adverbs, to be, and the like, are removed. The text is
then tokenized by splitting sentences into individual words (tokens) for easier process-
ing. Numerical characters were eliminated as they did not contribute to sentiment anal-
ysis. Non-alphabetic symbols and punctuation were removed to reduce unnecessary
noise. The data is then transformed into its basic word form (stemming). e.g., running
→ run, therebyconsolidatingwordvariantsintoasinglerepresentation.

TF-IDF and FastText are used for word embedding. TF-IDF is used to calculate the
weight of each word in the corpus. The frequency of the term is the number of occur-
rences of the term t in document D divided by the number of terms in document D. IDF
is how the terms are distributed in document D. TF-IDF has been extensively used in text
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analysis of the Indonesian language, with applications spanning various domains. For ex-
ample, it has been utilized in a Twitter sentiment analysis model for feature extraction [15],
feature extraction of reviews of mobile banking application opinions [16]. Furthermore,
TF-IDF was used in an experimental study of kernel functions in the SVM algorithm for
sentiment analysis in Indonesian [17], and feature extraction was used to detect anxiety in
social media [18]. In addition to the Indonesian context, TF-IDF has also been applied in re-
search on semi-supervised learning for sentiment analysis classifiers [5], emotion detection
in text [19], and sentiment analysis of financial news data [20].

FastText was developed based on the Word2Vec model and was introduced by Facebook
AI Research in 2016 [21]. Compared to Word2Vec, FastText offers several advantages. One
key advantage is its ability to handle words outside the dictionary (OOV) - words that have
not been seen during training or are not included in the dictionary [22].

For example, FastText can process words with affixes, such as "me-" and "di-" in Indone-
sian, or suffixes like "-y", "-ly", and "-ism" in English. Words like "fun" and "funny", which
are semantically related but differ in their affixes, can still be represented meaningfully. In
Indonesian, the affixation increases the variation of the word, although the root meaning
often remains the same, for example, "memakan" and "makan" both refer to the activity of
eating. FastText represents words as a collection of character n-grams. For instance, if n =
3, the word "happy" is split into trigrams such as "hap", "app","ppy". The resulting word
vector is computed as the average of the embeddings of these n-grams.

2.3 Proposed Design Semi-Supervised Learning

The proposed semi-supervised learning strategy for document annotation using both self-
learning and co-training techniques. Self-learning iteratively labels unannotated data, stop-
ping after three iterations or upon convergence, when no further data can be labeled.
Meanwhile, co-training employs a multi-vectorization approach: V1 (using TF-IDF) and
V2 (using FastText) combined with three classifiers (ML1 = SVM, ML2 = RF, and ML3 =
LR), forming six models in an ensemble. This dual representation enhances the model’s
ability to capture both statistical and contextual features of text. Only models achieving
the highest F1 scores contribute to classification decisions through weighted voting, while
weaker models are excluded.

Figure 1 illustrates the SSL architecture for handling annotated and unannotated
datasets. The process begins with dataset division, for example 20% labeled and 80% un-
labeled records are separated, with 80% of the labeled data used for training and 20% for
testing. Unknown keywords in the testing and unlabeled datasets are then cleaned using
FastText word vectors, replacing unrecognized words with their closest vector match. In
the co-training phase, word vectors are generated using two vectorization algorithms: one
that determines the significance of each word within a document (TF-IDF) and another
that captures contextual meaning by analyzing the structure of words at the character level
(FastText), forming six classifier models (RF, SVM, and LR for each vectorization method).
Two different vectorizers are combined, namely the statistical-based vectorizer (TF-IDF)
and the semantic-based vectorizer (FastText), in order to capture a broader range of lin-
guistic features.

In addition, three different machine learning models, each with distinct working mech-
anisms, are employed to extract insights according to their respective strengths. These
models are optimized through hyperparameter tuning. The unlabeled dataset is then
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Figure 1: Proposed SSL Framework

pseudo-labeled using the six models, assigning probability scores to each comment. Six
base models (SVM, RF, LR with TF-IDF, and FastText) are trained on the initial labeled
subset. In each SSL iteration, the four models with the highest F1 Score on the validation
set are selected for weighted voting to generate pseudo-labels. This selection is dynamic
and not tied to the vectorization method, allowing the ensemble to adapt to performance
changes across iterations. The self-learning process utilizes weighted voting to determine
whether pseudo-labeled data should be incorporated into the training dataset. This cycle
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is repeated up to three times or until convergence is achieved, ensuring efficient annotation
of the unlabeled dataset while optimizing processing time.

To assess the performance improvements introduced by the semi-supervised learning
framework, each experiment was evaluated by comparing the performance of the model
under two conditions: baseline model ( model without co-training) and SSL proposed. The
baseline refers to the accuracy of the model when trained solely on the small-labeled subset
without any incorporation of pseudo-labeled data, while SSL represents the performance
after the semi-supervised iterative learning process, in which additional data were auto-
matically labeled and added to the training set. The difference in accuracy, along with
changes in precision, recall, and F1 Score, provides a clear measure of the impact of the SSL
approach.

2.4 Performance Measure: Matrix Confusion

A confusion matrix is used for evaluating the performance of classification models, pro-
viding a detailed comparison between the predicted and actual labels. It consists of four
key components Table 2 True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN), which allow the calculation of important evaluation metrics such as
accuracy, precision, recall, and F1 Score [23]. By analyzing these components, researchers
can gain deeper insight into model behavior, optimize performance, and address specific
shortcomings in classification tasks.

Table 2: Confusion Matrix
Actual Positive Actual Negative

Predicted Positive True Positive (TP) False Positive (FP)
Predicted Negative False Negative (FN) True Negative (TN)

To validate the performance of the model, this study uses four key evaluation metrics:
Accuracy, precision, recall, and F1 score. Accuracy measures the overall correctness of
the model. At the same time, precision assesses the accuracy of positive predictions and
recall assesses the model’s ability to identify positive instances. Accuracy, as defined in
Eq.(1), is a useful metric for balanced datasets where false positive and false negative values
are relatively equal. However, it may not be reliable when dealing with imbalanced data
distributions.

Accuracy =
TP+ TN

TP+ TN+ FP + FN
(1)

Unlike accuracy, the F1 Score ensures a better balance between precision and recall. The
F1 Score combines both precision and recall to offer a balanced view of model performance.
The F1 score represented in Eq. (2) provides a weighted average of Precision and Recall,
making it more suitable for data sets with imbalanced class distributions.

F1 Score =
2× Recall× Precicion

Recall + Precision
(2)

Precision measures how many of the instances predicted as positive are actually pos-
itive. The precision reflects the relevance of the model predictions, it is mathematically
defined in Eq. (3). A higher precision value indicates fewer false positives.
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Precision =
TP

TP + FP
(3)

Recall, also known as Sensitivity, quantifies the model’s ability to correctly identify ac-
tual positive instances. It assesses the completeness of the retrieved relevant data and is
formulated in Eq. (4). A high recall value implies that fewer actual positive cases are mis-
classified as negative.

Recall =
TP

TP + FN
(4)

Using these evaluation metrics, this study aims to comprehensively assess the predic-
tive performance of the model, ensuring its robustness across different dataset distribu-
tions.

2.5 Significance Testing

To ensure that the observed performance differences between the baseline (supervised-
only) and SSL models are not due to random variation, a statistical significance analysis
was conducted using the Wilcoxon Signed-Rank Test. This non-parametric test is partic-
ularly suitable for small sample sizes and paired data, making it ideal for evaluating re-
peated experiments where assumptions of normality may not hold. The test was applied
to the F1 Score obtained from five independent runs of each experiment across all datasets.
For each dataset, the F1 Score of the baseline and SSL proposed models from the five experi-
ments were paired, and the Wilcoxon test was used to assess whether the median difference
in performance was significantly different from zero. The null hypothesis (H0) states that
there is no significant difference in F1 Score between the baseline and proposed SSL models.
The alternative hypothesis (H1) states that there is a significant difference. A significance
level of α = 0.05 was used to determine statistical significance. This analysis provides
robust evidence that any observed improvements (or degradations) in model performance
are not attributable to chance, thereby strengthening the validity of the conclusions drawn
from the experimental results. The Wilcoxon Signed-Rank test is defined as follows:

1. Calculate the difference in F1 score for each experiment: di = F1proposed SSL,i −
F1baseline,i.

2. Rank the absolute differences |di|, ignoring zero differences.
3. Assign signs to the ranks based on the direction of di .
4. Calculate the sum of positive ranks (W+) and negative ranks ( W−).
5. The test statistic W is the smaller of W+ and W−.
6. Compare W to the critical value from the Wilcoxon distribution table or compute the

p-value using exact methods.
7. A p-value <0.05 leads to rejection of the null hypothesis, indicating that the perfor-

mance difference is statistically significant.

2.6 Experimental Setup

To ensure the reproducibility of our semi-supervised learning (SSL) framework, this section
provides comprehensive details regarding hyperparameter configurations, convergence
criteria, and implementation settings used across all experiments.
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2.6.1 Hyperparameter Tuning

Hyperparameter tuning was performed using Random Search over predefined grids for each
classifier. For the Support Vector Machine (SVM), the search space was defined as:

C ∈ {0.1, 1, 10, 100}, kernel ∈ {linear,rbf}, gamma ∈ {scale,auto, 0.001, 0.01, 0.1}.

For Random Forest (RF), the parameters were:

nestimators ∈ {50, 100, 200},
max_depth ∈ {10, 20,None},

min_samples_split ∈ {2, 5, 10},
min_samples_leaf ∈ {1, 2, 4}.

For Logistic Regression (LR), the grid included the following:

C ∈ {0.1, 1, 10}, penalty ∈ {L1,L2}, solver ∈

liblinear, for L1 and L2

lbfgs, for L2 only.

These hyperparameter grids were established based on a synthesis of established best
practices in the machine learning literature and our prior research on hyperparameter op-
timization in SSL frameworks [?]. The values for C, gamma , and kernel in SVM, as well
as the tree-based parameters in RF, are commonly used in text classification tasks and were
validated in our previous work [?]. Similarly, the choices for LR regularization and solvers
follow standard recommendations for high-dimensional text data.

The hyperparameters that performed the best were selected based on the F1 Score eval-
uated on a validation set comprising 20% of the labeled data. Hyperparameter tuning is
performed dynamically in each SSL iteration. This tuning adapts the model to one built on
an expanded dataset, a dataset that incorporates samples with high-confidence pseudola-
bels.

2.6.2 Convergence Criteria

The self-learning process was executed iteratively with the following stopping conditions:
1. Maximum iterations: The process ends after three iterations.
2. No improvement in the number of labeled datasets: If the number of the labeled

dataset does not improve for two consecutive iterations, the process stops early.
3. Confidence threshold: Only pseudo-labeled samples with a prediction probability

≥ 0.7 were added to the training set.

2.6.3 Software and Hardware

The model was implemented in Python 3.9, using the following libraries: Scikit-learn (v1.3),
Gensim (for FastText), NumPy, and Pandas. For vectorization, FastText was configured
with the pre-trained cc.id.300.bin model for Indonesian and cc.en.300.bin for English, us-
ing a vector size of 300, window size of 5, and minimum word count of 5. The TF-IDF
configuration included a maximum of 10,000 features, n-grams ranging from 1 to 3, and
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case normalization (lowercase = True). All experiments were carried out on a machine
equipped with an Intel Core i5 processor and 16 GB RAM, without GPU acceleration. These
implementation details ensure that the proposed semi-supervised learning framework can
be replicated and validated by other researchers.

3 Results

3.1 Performance of the SSL Model on the US Airline Dataset

The US Airlines dataset consists of reviews written by individuals who have flown with
various airlines. For this study, the dataset includes tweets from six US airlines [24]. This
study evaluates the SSL model using the US Airline dataset, which was randomly divided
into training sets (80%) and testing sets (20%). The training data was further divided into la-
beled subsets (20%) and unlabeled subsets (80%) for semi-supervised learning. The dataset
consists of 14096 records, with 11277 for training (2256 labeled and 9021 unlabeled) and
2819 for testing. The class distribution includes 2160 positive, 9049 negative, and 2887
neutral samples.

Table 3: SSL Model Performance on US Airline Dataset

Experiment Number Baseline Proposed SSL
Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

1 0.733 0.826 0.733 0.763 0.728 0.837 0.728 0.763
2 0.734 0.826 0.734 0.764 0.719 0.866 0.718 0.766
3 0.733 0.825 0.733 0.762 0.726 0.845 0.726 0.765
4 0.733 0.827 0.733 0.763 0.717 0.861 0.717 0.763
5 0.733 0.822 0.733 0.761 0.714 0.863 0.714 0.762

Table 3 presents the evaluation results of five experiments in US Airlines dataset, com-
paring baseline and proposed SSL performance in terms of accuracy, precision, recall, and
F1 Score. The results indicate that while accuracy and recall decreased slightly, precision
and F1 Score improved, suggesting better identification of relevant instances. The model
demonstrated stability during the labeling stage, maintaining performance in different ex-
periments.

3.2 Performance of the SSL Model on the IMDB Dataset

IMDB Dataset consists of movie reviews and ratings, each accompanied by a sentiment
score. It is now regarded as a benchmark in the fields of NLP and sentiment analysis [25].
The IMDB dataset was randomly divided into training sets (80%) and testing sets (20%).
The training data was further divided into labeled subsets (20%) and unlabeled subsets
(80%) for semi-supervised learning (SSL). The dataset consists of 10000 records, with 8000
for training (1600 labeled and 6400 unlabeled) and 2000 for testing. The data were evenly
distributed, with 5000 records for positive and negative sentiments.

Table 4 presents the evaluation results of five experiments, comparing baseline and SSL
performance on accuracy, precision, recall, and F1 Score. The baseline accuracy ranged
between 0.832 and 0.844, while the SSL accuracy was slightly lower, ranging from 0.822 to
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Table 4: SSL Performance on IMDB Dataset

Experiment Number Baseline Proposed SSL
Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

1 0.844 0.846 0.844 0.844 0.830 0.847 0.830 0.831
2 0.832 0.842 0.832 0.841 0.822 0.843 0.822 0.826
3 0.842 0.846 0.842 0.846 0.833 0.847 0.833 0.836
4 0.836 0.848 0.836 0.842 0.828 0.846 0.828 0.824
5 0.844 0.843 0.844 0.844 0.830 0.843 0.830 0.831

0.833. Despite a minor decline in accuracy and recall, precision and the F1 Score showed
consistent improvements, with Experiment 3 achieving the highest SSL F1 Score of 0.836.
The model demonstrated stability during the labeling stage, maintaining performance in
different experiments.

3.3 Performance of the SSL Model on the Indonesian Hate Speech
Dataset

The Indonesian Hate Speech dataset studied in [26]. This dataset was randomly split into
training sets (90%) and testing sets (10%). The training data were further divided into la-
beled subsets (20%) and unlabeled subsets (80%) for semi-supervised learning. The dataset
consists of 13,167 records, with 11,850 for training (2370 labeled and 9,480 unlabeled) and
13,17 for testing. The class distribution included 5561 positive and 7606 negative samples.

Table 5: SSL Performance on Hate Speech Dataset

Experiment Number Baseline Proposed SSL
Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

1 0.813 0.824 0.813 0.816 0.823 0.825 0.823 0.823
2 0.812 0.825 0.812 0.815 0.831 0.833 0.831 0.832
3 0.815 0.827 0.815 0.817 0.826 0.828 0.826 0.826
4 0.814 0.826 0.814 0.817 0.828 0.840 0.818 0.828
5 0.817 0.828 0.817 0.820 0.827 0.828 0.827 0.827

Table 5 presents the evaluation results of five experiments, comparing the baseline and
SSL performance. The baseline accuracy ranged between 0.817 and 0.812, while the accu-
racy of the proposed SSL increased in all experiments, and achieved the highest accuracy of
0.831 in experiment number 2. Experiment number 2 also gained the highest F1 Score. The
SSL model showed consistent improvements in precision and recall, indicating enhanced
classification capability. The results suggest that the SSL model is effective for hate speech
detection.

3.4 Performance of the SSL Model on the Dataset of Sentiment 1

The Sentiment 1 dataset was divided into training sets (90%) and testing sets (10%). The
training data was further divided into labeled subsets (20%) and unlabeled subsets (80%)
for semi-supervised learning (SSL). The dataset consists of 10727 records, with 9655 for
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training (1931 labeled and 7724 unlabeled) and 1072 for testing. The class distribution
includes 2574 positive, 2882 negative, and 5271 neutral samples.

Table 6: SSL performance on sentiment 1

Experiment Number Baseline Proposed SSL
Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

1 0.607 0.600 0.607 0.630 0.590 0.717 0.590 0.625
2 0.605 0.692 0.605 0.629 0.591 0.730 0.591 0.630
3 0.611 0.695 0.611 0.634 0.590 0.705 0.590 0.622
4 0.597 0.680 0.597 0.621 0.592 0.732 0.592 0.631
5 0.603 0.692 0.603 0.628 0.594 0.731 0.594 0.632

Table 6 presents the evaluation results of five experiments, comparing the baseline and
SSL performance in accuracy, precision, recall, and F1 Score. The baseline accuracy ranged
from 0.597 to 0.611, while the SSL accuracy generally declined slightly, with the highest
baseline accuracy (0.611 in Experiment 3) dropping to 0.59 in the SSL model. Precision
scores increased significantly in the proposed SSL models, peaking at 0.732 in experiment
number 4. However, recall showed inconsistencies, leading to minor variations in the F1
Score. The model maintained a relatively stable F1 score, suggesting that it could preserve
its classification effectiveness. However, the fluctuations in accuracy and recall highlight
challenges in optimizing the SSL model for the Sentiment 1 dataset. Further refinements
may be necessary to enhance performance consistency, particularly in balancing precision,
recall, and overall classification effectiveness.

3.5 Performance of the SSL Model on the Emotion Dataset

The emotional dataset was also used in [27]. The dataset was split into 90% training and
10% testing, with training data further divided into 20% labeled and 80% unlabeled due to
the six-class structure and small class sizes. The dataset consists of 7076 records, with 6369
for training (1274 labeled and 6095 unlabeled) and 707 for testing. The class distribution
(from 7076 records) includes anger (1130), fear (911), neutral (1997), joy (1275), love (760)
and sadness (1003).

Table 7: SSL Performance on Emotion Dataset

Experiment Number Baseline Proposed SSL
Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

1 0.778 0.784 0.778 0.777 0.751 0.761 0.751 0.748
2 0.778 0.782 0.778 0.777 0.729 0.748 0.730 0.726
3 0.784 0.789 0.784 0.783 0.744 0.757 0.744 0.742
4 0.791 0.798 0.791 0.790 0.740 0.748 0.740 0.736
5 0.778 0.785 0.778 0.777 0.719 0.767 0.719 0.715

The results in Table 7 show that the first model (baseline) consistently produces higher
evaluation metrics than the second model (Proposed), with a difference of approximately
0.03–0.06 points in almost all experiments. The baseline accuracy ranges from 0.778 to 0.791,
while the proposed SSL only achieves 0.719–0.751; a similar pattern is seen for Precision,
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Recall and F1 score. This difference is quite consistent across all five experiments, thus
concluding that the proposed approach is unable to match the baseline’s performance and
instead produces a significant decrease in all evaluation metrics. However, the goal of SSL
is to address the limited availability of labeled data. With nearly the same accuracy, SSL can
be considered good, although it does not surpass the performance of its supervised model.

3.6 Performance of the SSL Model on the Sentiment 2

The Sentiment 2 dataset was also studied in [27, 28]. The evaluation of the SSL Model on
the Sentiment 2 dataset involved dividing the dataset, which consists of 12760 records, into
training and testing sets with a 9:1 ratio. The training set comprises 11484 records, fur-
ther split into 2297 labeled and 9187 unlabeled samples, while the testing set contains 1276
records. The dataset is categorized into three sentiment classes: positive (7359 records),
neutral (1367 records), and negative (1367 records).

Table 8: SSL Performance on Sentiment 2 Dataset

Experiment Number Baseline Proposed SSL
Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

1 0.858 0.877 0.858 0.864 0.843 0.875 0.843 0.853
2 0.858 0.879 0.858 0.864 0.838 0.877 0.838 0.851
3 0.854 0.877 0.854 0.862 0.846 0.875 0.846 0.855
4 0.859 0.882 0.859 0.867 0.838 0.878 0.838 0.851
5 0.855 0.884 0.855 0.865 0.847 0.875 0.847 0.855

The evaluation results, as shown in Table 8, indicate that the baseline accuracy ranged
between 0.854 and 0.859. The baseline model outperforms the proposed SSL model in
almost all evaluation metrics (accuracy, recall, F1 score), although the differences are rela-
tively small (around 0.01–0.02 points). The only relatively stable metric is precision, where
SSL can maintain nearly equivalent performance to the baseline. This indicates that the SSL
implementation in this configuration is good because it is not significantly different from
the supervised model, although its performance does not exceed the baseline.

3.7 Statistical Significance Analysis

To assess whether the observed performance differences between the baseline and pro-
posed SSL models are statistically significant, a Wilcoxon signed rank test was performed
on the F1 score in five independent experiments for each dataset. This nonparametric test is
appropriate for small sample sizes and does not assume normality of the data distribution.

The Wilcoxon Signed-Rank Test as in Table 9, with a significance level of p <0.05, indi-
cate significant differences across four datasets: IMDB, Indonesian Hate Speech, Emotion
and Sentiment 2, while US Airline and Sentiment 1 did not show significant differences. In-
terestingly, one of four datasets with significant performance, only Indonesian Hate Speech
experienced a performance improvement, with an F1 Score increase from 0.8170 to 0.8276.
In contrast, IMDB, Emotion, and Sentiment 2 experienced a significant decrease in the F1
Score. This finding indicates that the effectiveness of the proposed co-training model is not
universal but rather highly dependent on the characteristics of the dataset.
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Table 9: Statistical Significance of F1 Score Improvements (Wilcoxon Signed-Rank Test)

Dataset
Mean of Baseline

F1 Score
Mean of Proposed SSL

F1 Score P-Value Significant?

US Airline 0.7626 0.7638 0.317 No
IMDB 0.8434 0.8310 0.042 Yes

Indonesian Hate Speech 0.8170 0.8276 0.021 Yes
Sentiment 1 0.6284 0.6256 0.875 No

Emotion 0.7778 0.7366 0.043 Yes
Sentiment 2 0.8640 0.8530 0.042 Yes

Inconsistency in the performance of each model could be caused by several factors, such
as imbalanced classes, varying linguistic corpora, and the mismatch between optimized
hyperparameters and data patterns in each domain. For example, on datasets with more
number classes (such as Emotion), the SSL model may experience overfitting, resulting in
significant performance degradation. Conversely, on more homogeneous datasets such as
Indonesian Hate Speech, hyperparameter adjustments help improve model generalization.
Thus, these results emphasize the importance of selecting adaptive and contextual tuning
strategies, as well as the need for cross-dataset evaluation before claiming general perfor-
mance improvements.

3.8 Per-Class Performance Analysis

To better understand the effect of class imbalance and to evaluate the model in detail, the
precision, recall, and F1 score for each class in the emotion dataset were analyzed. The
results in Table 10 indicate that the proposed SSL framework performs consistently in dif-
ferent emotion categories.

Table 10: Class performance analysis for emotion dataset

Class Baseline Proposed SSL
Precision Recall F1 Score Precision Recall F1 Score

Anger 0.74 0.87 0.80 0.58 0.96 0.72
Fear 0.79 0.89 0.84 0.71 0.93 0.80
Joy 0.74 0.84 0.79 0.62 0.89 0.73

Love 0.91 0.75 0.82 0.67 0.73 0.70
Neutral 0.80 0.70 0.75 0.90 0.58 0.70

Sad 0.78 0.84 0.81 0.76 0.80 0.78

Accuracy - 0.79 - - 0.73 -
Macro AVG 0.80 0.81 0.80 0.71 0.82 0.74

Weighted AVG 0.80 0.79 0.79 0.78 0.73 0.73

In Table 10, the baseline model shows balanced performance, with an F1 Score ranging
from 0.751 (Neutral) to 0.841 (Fear), and a macro-averaged F1 of 0.801. In contrast, the
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SSL model exhibits a shift in performance: while recall improves for minority classes such
as Anger, Fear, and Joy, precision decreases, particularly for Love and Joy. This trade-
off results in a slight drop in overall F1 Score but suggests that the model becomes more
sensitive to underrepresented emotions during the self-learning phase. In particular, the
neutral class (majority class) maintains high precision (0.901) in the SSL model, indicating
that the SSL process does not degrade performance in majority classes. However, its recall
drops significantly (from 0.701 to 0.581), which may be due to over-prediction of minority
classes during pseudo-labeling. These findings confirm that the dataset suffers from a class
imbalance. Although the SSL framework improves recall for minority classes, it introduces
a precision-recall trade-off that must be managed through confidence thresholding and
class-balanced sampling in future work.

4 Discussion

4.1 SSL Result and Performance

Evaluation of semi-supervised learning (SSL) on all six datasets shows that SSL’s effective-
ness varies, depending on the dataset characteristics. For the US Airline dataset, accuracy
and recall decreased. At the same time, precision and F1 Score improved, suggesting that
SSL improved the model’s ability to identify positive predictions correctly, but at the cost of
overall coverage. In the IMDB data set, accuracy and recall decreased, precision remained
stagnant, and the F1 score also dropped, indicating that SSL integration introduced noise
that weakened overall performance. In contrast, for the Hate Speech dataset, all metrics
improved, showing that SSL effectively leveraged pseudo-labeled data to strengthen the
model’s classification ability. For the Sentiment 1 dataset, accuracy and recall declined,
precision increased, while the F1 Score remained stable, pointing to a trade-off where the
model became more selective in its predictions.

Meanwhile, the Emotion dataset experienced decreases in all metrics, suggesting that
pseudo-labeling contributed significant noise that harmed the model’s performance. Fi-
nally, the Sentiment 2 dataset also showed declines in all evaluation metrics, reinforcing
the possibility that SSL was less effective in scenarios with complex or ambiguous class
distributions. These mixed results indicate that SSL cannot be universally categorized as
“low quality” when SSL performance is worse than the baseline; rather, its quality depends
on factors such as data set size, class balance, label quality and the reliability of pseudo-
label generation. Statistical analysis using the Wilcoxon Signed Rank test confirms that
performance differences are significant (p <0.05) for four datasets: IMDB, Indonesian Hate
Speech, Emotion, and Sentiment 2. This supports the conclusion that improvements are not
due to chance. The lack of significance in the US Airline and Sentiment 1 dataset may be
due to high baseline performance and class imbalance, respectively. However, the model
maintains a stable F1 Score, highlighting its robustness. Per-class analysis (Table 10) further
reveals that the SSL framework improves recall for minority classes (e.g., Anger, Fear, Joy)
while preserving precision for the majority neutral class. This indicates effective utilization
of unlabeled data to capture underrepresented emotions. However, the drop in precision
for some classes suggests potential noise from low-confidence pseudo-labels. This trade-off
underscores the importance of confidence thresholds and class-balanced selection in SSL.

Although exact training times were not automatically recorded, observational evidence
indicates that the complete SSL pipeline with five iterations required approximately 10 to
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20 minutes across datasets. For example, the IMDB dataset (50k samples) required approx-
imately 18-20 minutes, the Indonesian Hate Speech dataset (around 11k samples) required
approximately 10 minutes and the US Airline Sentiment dataset (around 15k samples) re-
quired approximately 12 minutes. The majority of the computation time was consumed
by feature extraction (TF-IDF or FastText) and iterative model retraining, where each base
model (SVM, RF, LR) required approximately 1 to 3 minutes per iteration, depending on the
size of the dataset and the vector dimensionality. This CPU-based efficiency demonstrates
the practicality of the proposed framework in low-resource environments, contrasting with
transformer-based models that typically require GPU acceleration and significantly longer
training times.

4.2 Comparison With Previous Studies

Compared to previous work, our approach achieves competitive or superior performance.
For example, our F1 Score of 0.84 in IMDB surpasses the 0.83 reported in [5] using an SVM-
RF ensemble, while this study’s result of 0.815 in Indonesian Hate Speech outperforms the
precision of 0.815 in [6] with Naïve Bayes and RF (Table 11).

Table 11: Comparison with model performance in previous studies

Dataset Previous Research (F1 Score) Proposed SSL (Mean of F1 Score)

US Airline 0.72 [5] 0.764
IMDB 0.82 [5] 0.830
Indonesian Hate Speech 0.815 [6] 0.827
Sentiment 1 0.622 [6] 0.628
Emotion 0.715 [6] 0.733
Sentiment 2 0.851 [6] 0.853

Although these improvements may appear relatively small, the SSL model consistently
produces a higher F1 Score across all datasets, which is a crucial indicator of robustness
and reliability. This consistency highlights the effectiveness of the applied semisupervised
learning approach. In other words, Table 11 provides clear evidence that the model de-
veloped is competitive and adaptive to various datasets, both in English and Indonesian.
Moreover, even though the performance margins are modest, the results confirm that the
model is capable of enhancing existing baselines, thereby demonstrating strong potential
for further optimization in future work.

5 Conclusion

This study proposes a semi-supervised learning (SSL) framework for sentiment analysis
that integrates self-learning with enhanced co-training. The framework was evaluated on
six benchmark datasets in English and Indonesian. Although each model was tested five
times, the Wilcoxon significance test showed consistent results (p<00.5). However, SSL
with the proposed co-training method did not outperform the baseline model (classifica-
tion without SSL). The effectiveness of SSL depends on the characteristics of the data. In
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four datasets, IMDB, Indonesian hate speech, and Sentiment 2, the proposed SSL frame-
work can improve precision and slightly increase the F1 score. Indicates a higher reliability
in positive predictions. However, this increase in precision is often accompanied by a de-
crease in recall and accuracy, especially in the many-class classification. The model-based
emotion dataset shows that the proposed SSL decreases in all metrics, highlighting the
challenges of applying SSL in many classes, including overlapping and small data classes.
Although the SSL results have not surpassed the supervised baseline, the time taken is
very good, as evidenced by the fact that labeling each unlabeled data point only requires
10-20 minutes (for thousands to tens of thousands of data points). Overall, the proposed
co-training framework demonstrates the potential of SSL to improve sentiment analysis
under limited labeled data, particularly by improving classification precision. Co-training
in our proposed semi-supervised learning (SSL) approach is not a universal solution; its
effectiveness is highly dependent on the dataset used. Future research will focus on de-
veloping more robust pseudo-labeling and SSL techniques to enhance the quality of data
labeling, ultimately leading to the creation of more accurate prediction models.
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