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1. INTRODUCTION

Text clustering in the era of big data and machine learning is one of the most critical tasks in text
mining, which aims to group texts according to their classification. Text clustering has been beneficial in
many applications, such as recommendation systems [1], [2], data mining management [3], and position
detection [4]. With the presence of the digital era, most people enjoy sharing and finding various content on
social media and using text is very influential in carrying information. Text clustering can identify trending
topics, detect sentiment patterns, or recommend personalized content, offering a wealth of valuable insights
on social media. Text clustering is a challenging task. Conversely, the diversity of text categories often
presents a significant challenge that cannot be ignored-data data imbalance. This situation arises when the
classes in a dataset are not evenly distributed, leading to one class having significantly more samples than the
others. In the context of classification, this imbalance can pose a serious problem. Machine learning
algorithms typically prioritize the majority class and may overlook the less representative minority class.

One study highlights the challenges of data measurement in text classification. It proposes a
promising solution-the use of text generation with mode GPT-2 and long short-term memory (LSTM) to
balance the dataset. This approach shows potential in improving the performance of the classification model
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[5]. Text clustering methods have also been tried to deal with highly imbalanced data, which tend to lead to
poor solutions when minor data clusters or clusters with small proportions of cases disappear [6], [7]. They
may also obtain easy solutions in which all text instances are in the same cluster [§]. Furthermore, contrastive
language learning methods compare the first and second words to help correct errors and improve word
mastery. However, these methods still need better solutions, especially in highly imbalanced text collections
[7]. It's important to note that imbalanced data, if processed directly, can lead to data proportions that reduce
the performance of the classification algorithm [9].

The authors propose a solution to reducing data and improving model performance on unlabeled
data using pseudo-labeling. This technique, which involves training a model on labeled data to produce
pseudo labels for unlabeled data, offers several benefits. Pseudo-labeling in semi-supervised learning has
been developed to classify data sets with partial labels [10]. It has also been developed in semi-supervised
learning for pattern recognition [11], because it can significantly increase learning effectiveness through the
distribution of information from unlabeled data and information from labeled data [12]. Pseudo-labeling will
also be used for the classification process [13], [14], from unlabeled test data so that the semi-supervised
learning algorithm can be used properly. Thus, the classification process that will be carried out can facilitate
the search for information based on certain categories needed. Semi-supervised learning also functions by
training the model on labeled and unlabeled data. Labeled data provides information about the relationship
between input and output variables, while unlabeled data captures the underlying data structure [15].

Several studies in higher education have been conducted with a collaborative spirit, aiming to
identify and improve student acceptance rates. One such collaborative effort involves the application of
predictive models with the aid of machine learning. This approach can help Universities identify students
who need help early, thereby enabling interventions that can improve student graduation rates [16]. Another
area of interest is a hybrid machine learning approach that effectively combines unsupervised and supervised
learning methods, leading to improve accuracy in predicting student academic performance [17].
Additionally, research on ensemble models, which involve the combination of three distinct algorithms
(decision tree, logistic regression, and neural networks), has yielded an effective tool for improving student
retention rates. These tools, developed through collaboration, have the potential to help higher education
institutions reduce the risk of dropout and the associated financial losses [18]. There is also the application of
the Feature selection and construction for radial basis function (FSC4RBF) using algorithm. This algorithm
uses the grammatical evolution method for feature selection and feature construction in the RBF network,
which aims to improve the generalization ability in predicting student academic performance, especially in
predicting the duration of study and final grades based on previous learning data, to effectively improve the
prediction ability in the college environment [19]. However, no research has applied the co-training method
in college management. Through this article, the authors try to apply the pseudo-labeling technique using the
co-training method, in which the student data obtained is text data from a questionnaire distributed at a
college to determine the potential of students at the college. While processing the questionnaire results, the
data will be labeled based on potential and non-potential criteria. A small portion of the student data will be
used as training data, which then helps form a wrapped dataset to classify labels on unlabeled data (testing
data) using the co-training semi-supervised learning concept.

Pseudo labeling in semi-supervised learning can degrade the labeling quality because it does not
represent the classes in the labeled dataset. The co-training method can utilize semantic labels to overcome
this problem [20]. The labeling framework with the co-training method can solve the multi-view weak label
learning problem using pseudo label vectors [21]. Comprehensive experimental studies have been conducted
to demonstrate the effectiveness of the semi-supervised learning and co-training method for multi-label [22].
Over the past decade, the co-training method has gained popularity in the research and industry communities
and has been successfully applied in several real-world applications [23]. The co-training method has also
been used for transfer learning (TL) [24]. Co-training is an emerging topic in machine learning. It aims to
extract knowledge gained in a source task or domain and use it to facilitate target predictive learning
functions in a different task or domain. Co-training can improve the generalization ability of a model by
utilizing information from unlabeled data. Co-training enables machines to think from multiple perspectives
like humans by dividing data into multiple views, designing learners scientifically, and estimating confidence
labels accurately. This method can also improve classification accuracy and model convergence. In addition,
co-training's versatility in various research tasks, such as error classification and person identification based
on audio-visuals, opens up a world of potential applications and research opportunities [25].

The co-training process generally involves three main steps: view acquisition, learner
differentiation, and label confidence estimation [25]. View acquisition aims to obtain two independent and
sufficient data views, each of which can be used by a different learning model. If independent views are not
naturally available, they can be constructed using pre-trained models [26]. Once the views are acquired, the
next step is learner differentiation, in which two different learning models are drilled separately for each
view. This approach ensures that each model learns a unique representation of the data, which increases the
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models' ability to complete and correct each other's errors [27]. In the label confidence estimation stage, each
model makes predictions on unlabeled data and assesses the model's confidence in those predictions.
Predictions with high confidence are then used as pseudo-labels to train the other model, allowing both
models to reinforce each other and improve overall prediction accuracy [20]. This emphasis on high-
confidence predictions provides a reassuring framework for the models to learn and improve.

This article reviews the co-training method of confidence label estimation, in which the label
confidence estimation is an important step in the co-training method with the aim that the data testing is not
mislabeled, which can reduce the ability of data testing. According to the label confidence estimation
method, the label confidence estimation can be divided into implicit and explicit estimations. Most
algorithms in implicit estimation use the degree of difference between the results of training data and testing
data to reflect the confidence of the pseudo label. Still, if there is unlabeled data, if it is mislabeled, it will
reduce performance during iteration, so the accuracy of implicit estimation is lower than explicit estimation
[28]. The algorithm in explicit estimation uses exact numbers to display the confidence label. Basically, this
algorithm uses learning output in probabilistic form, the difference in model accuracy before and after using
pseudo-labeled samples, or the similarity between the pseudo label of the current unlabeled data and the
surrounding labeled data [25].

Co-training uses implicit estimation of the support vector machine (SVM) and LSTM algorithms.
The reason for choosing SVM to be drilled together with LSTM is that SVM is commonly used for text
classification [29]. SVM has a more mature and mathematically clearer concept than other classification
techniques. SVM can also solve classification and regression problems with linear and non-linear. SVM is
also used because it has advantages in handling classification problems, especially when the data has high
dimensions or an imbalance between classes. SVM effectively separates classes with maximum margin,
making it suitable for classification with complex feature data, such as medical images or text in a visual
context. In the case of image classification, SVM is often relied on because of its ability to find the optimal
hyperplane that separates data based on relevant features, which ultimately helps reduce classification errors
[30]. The LSTM algorithm is a predictive model to process sequential data in virtual learning environments
(VLEs). LSTM is applied to evaluate and predict student learning outcomes based on data collected from
student interactions with online learning platforms. This model can analyze sequences of student behavioral
data, such as login patterns, quiz interactions, and course activities, to identify trends that may indicate
success or difficult in learning [31], [32]. LSTM is also chosen because of its ability to handle time series
data, which is very important for modeling learning data continuously generated in online learning
environments. This algorithm allows the system to remember important information in the long term, which
makes it ideal for predicting student performance based on student activity history [5]. In another article, the
LSTM algorithm is used as part of a combined CNN-LSTM model to detect insults in text. LSTM plays a
role in processing the sequence of words from the text to understand the temporal or sequential context,
which is important in detecting the meaning of insults based on the context of the sentence. Combining CNN
for initial feature extraction and LSTM to understand the context sequence makes this model more effective
in accurately detecting insults in text [26], [32]. Research on algorithms in machine learning that exists so far
is comparing the SVM with LSTM algorithm and the deep believe network (DBN) algorithm using the fuzzy
logical relationships (FLR) model [14].

Recent research on pseudo-labeling in semi-supervised learning using the SVM and LSTM
co-training methods has shown that pseudo-labeling not only improves model performance but is also
effective in situations in which labeled data is very limited. The similar pseudo label exploitation for semi-
supervised classification (SIMPLE) algorithm, which effectively utilizes pseudo-labels to enhance accuracy
in semi-supervised classification, is a real-world proof of concept [13]. The co-training method, which
combines several algorithms to train models simultaneously, is gaining traction, particularly in addressing
data imbalance problems. The combination of the co-training method with modern algorithms in the medical
field demonstrates that using pseudo-labels with a high level of confidence (high-confidence pseudo labels)
can significantly enhance the accuracy and stability of the model in medical image segmentation [33]. In a
textual context, co-training has proven effective in overcoming the problem of under-labeled data by
combining SVM and LSTM-based models to optimize data sequence classification. In the visual context,
label clustering and co-training improve the quality of pseudo-labels and overall model performance by
grouping labels based on visual similarity to reduce misclassification of similar classes. This approach, using
an embedding-based label representation, creates groups of visually similar labels and uses these groups in
the pseudo-labeling process [30]. The future of semi-supervised learning looks promising with recent
techniques in co-training, such as combining implicit and explicit confidence estimates, to improve labeling
accuracy. Entropy-based and margin-based confidence algorithms are currently widely used to ensure the
accuracy of labels on test data. For example, the right step is to develop consistency-based semi-supervised
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active learning techniques that minimize labeling costs while improving model accuracy through accurate

confidence estimates [34].

This paper offers a unique contribution by combining two different models, SVM and LSTM, in a
co-training framework. SVM is used to handle static feature-based classification, while LSTM is used to
manage and understand text data sequences. This integration provides advantages because it allows more
comprehensive modeling of sequential text data compared to traditional co-training methods that rely only on
one model type. Furthermore, both models will be given a specific trust threshold: SVM with a threshold
value of 0.88 and LSTM with 0.5. This meticulous parameterization of the models, a feature that is not
always explained in detail in previous studies, instills trust in the application of semi-supervised models. In
addition, another contribution of this article is that while previous studies have focused on semi-supervised
learning applications in domains such as image recognition or medical analysis, this article focuses on its
application to educational data, specifically to assess the condition of students in higher education
institutions. This is an under-explored area, and this study shows how semi-supervised techniques can be
applied for more effective educational evaluation purposes.

In co-training methods, semi-supervised learning, label confidence refers to the extent to which the
model has confidence or certainty about the label given to data. These methods, which combine models
trained on two feature sets, are particularly effective in improving performance. Here are some general
concepts that can be used to measure label confidence in the context of co-training,

—  Entropy: a prevalent approach involving entropy utilization to assess the model's uncertainty regarding
labels. Entropy quantifies the model's probability distribution to resemble a uniform discrete
distribution. Higher entropy values indicate lower confidence levels in the assigned label [34]. Using
two models will produce joint entropy or M; representing the entropy associated with the joint
occurrence of classes i and j. This entropy value measures the uncertainty or irregularity level
associated with the two classes' joint probability distribution [35]. The higher the entropy value, the
greater the uncertainty in the occurrence of the two classes simultaneously. The joint entropy can be
calculated using the formula,

M; = =3, (P;)logz(Py) j=1....n ¢))

in which,

M; is this representing the joint entropy for the j-th category.

§; is total number of categories or classes in the j-th variable being considered.

Py is the probability of joint occurrence of two classes, namely class i and class j, in which i represents the first

class and j represents the second class, and log, (Pl- ]-) This is the logarithm base 2 of the joint probability P;; .

n is the total number of classes.

The minus sign (-) in the joint entropy formula is because entropy measures uncertainty in a
probability distribution. The minus sign ensures that the entropy value is always positive. The logarithm of a
number between 0 and | produces a negative value. Therefore, the minus sign ensures that entropy is positive
because uncertainty (entropy) cannot be negative. In the context of the Co-training method, entropy is used to
evaluate the model's confidence in pseudo-labels.

—  Margin-based confidence: label confidence can also be measured based on the margin between the
probability of the primary label and the second most likely label. The larger the margin, the higher the
model's confidence in the selected label [36].

—  Vote-based confidence: in co-training, data can be labeled by both models. If both models give the same
label, then the confidence in the label is higher than if they give different labels [20].

—  Confidence measures combination: sometimes, combining multiple confidence measures can provide a
more comprehensive picture of the model's confidence in a given label [33].

2. METHOD

Co-training is a semi-supervised learning approach including two models: SVM and LSTM. They
mutually oversee each other and refine themselves by leveraging insights from unlabeled data [37]. The
co-training algorithm presented is as Algorithm 1.

Algorithm 1: Co-training Algorithm
1 LD € Labeled data
2 UD < Unlabeled data
3 RD €< Random data UD - UD’
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4 Failedlter €< 0

5 While (Failedlter <n)

6 h1 (SVM) € Training € First LD

7 h2 (LSTM) € Training € Second LD

8 UD’1 € UD’ Classification with h1

9 UD’2 €< UD’ Classification with h2

10 UD’1 € Label best classification example
11 UD’2 € Label best classification example
12 LD € Append UD’1 and UD’2

13 if No example added

14 Faildlter++

15 else

16 Faildlter € 0

17 end

18 End

In the co-training process, the unlabeled data (UD) is labeled when both classifiers
(LSTM and SVM) independently agree to assign a label. The first classifier (hl1 or SVM) assigns a label with
a confidence level greater than a certain threshold value X, indicating a high level of certainty. Similarly, the
second classifier (h2 or LSTM) assigns a label with a confidence level greater than a threshold value of Y.
The co-training process is halted when both classifiers fail to agree on the same label during an iteration. The
co-training algorithm in Algorithm 1 tests on 100 datasets with RD =5 set as the fixed value. These datasets
include 90 unlabeled testing data points and 10 labeled training data points. This proportion of labeled and
unlabeled data is used to analyze the performance of co-training. Nigam and Ghani [38] have argued that
although the greatest performance improvement occurs when the labeled data is very small, adding further
labeled data provides a smaller improvement.

The co-training algorithm flow in Algorithm 1 begins with the initialization process of LD and UD.
At this initialization stage, the confidence score threshold for SVM and LSTM is determined, and the labeled
data set to train each model and the unlabeled data set (RD) are determined. In line 6, iterations will be
carried out on the training process of the SVM classifier. Line 8 produces predictions with SVM (UD'1), and
in line 10, each prediction made by the SVM model is accompanied by a confidence score. This score
indicates the level of confidence of the model in the classification decision made by the SVM, in which the
confidence score will be the threshold for unlabeled data when given a pseudo-label so that the unlabeled
data gets a higher confidence score than the SVM threshold during the training set. In line 7, iterations will
be carried out on the training process of the LSTM classifier to produce predictions with LSTM (UD'2) and
confidence scores on unlabeled data, then add pseudo-labels with higher confidence than the LSTM threshold
to the training set. For the SVM and LSTM algorithms that are being tested, the co-training approach aims to
determine the confidence level threshold that is used during the co-training procedure. For the SVM and
LSTM algorithms being tested, the co-training approach aims to determine the confidence level threshold
used during the co-training procedure.

The phases in the co-training process flow are detailed in Figures 1(a) and 1(b). Figure 1(a) shows
that the technique begins by loading a dataset from a file (e.g., File.csv). The dataset is then pre-processed to
clean and prepare the data for training. Once preprocessing is complete, the workflow checks whether
training data is available. If no training data is present, the process terminates. If training data is available, an
SVM classifier is applied with pseudo-labeling to generate labels for the unlabeled data. These pseudo-labels
are then used to create a new classification model. The updated classification model is utilized to generate
predictions for the data. The workflow then evaluates the new prediction model to determine its performance.
If the model's performance meets the desired criteria, the process may iterate again to refine the predictions
further. The process concludes if the performance is unsatisfactory or further iterations are not required. This
iterative cycle aims to improve the classification model by integrating pseudo-labeling with SVM.

Similarly, the co-training methodology depicted in Figure 1(b) starts by loading a dataset from a file
(e.g., File.csv). Once the dataset is loaded, it undergoes preprocessing to clean and prepare the data for
further use, such as handling missing values, normalizing features, or text tokenization. After preprocessing,
the system checks if training data is available. If no training data is present, the process ends. However, if
training data is available, the next step involves using an LSTM model with pseudo-labeling. The LSTM
model is trained on the existing labeled data, and pseudo-labels are generated for the unlabeled data with a
confidence threshold to ensure quality. These pseudo-labeled samples are then used to update the training
dataset, which allows for creating a new classification model. This updated model is used to generate new
predictions. The newly trained model's performance is evaluated based on predefined criteria. If the
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evaluation indicates the model's performance is satisfactory, the process can be repeated to refine the model
with additional pseudo-labeling iterations. The process concludes if the evaluation fails to meet the required
standards or if further iterations are unnecessary. This iterative workflow enhances the classification model's
accuracy by integrating pseudo-labeling and LSTM for sequential data.
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Figure 1. Flowchart co-training process for (a) SVM and (b) LSTM

3. RESULTS AND DISCUSSION

The implementation of co-training to produce an information framework focuses on leveraging
labeled and unlabeled data to enhance the accuracy and reliability of predictive models. This approach
integrates complementary algorithms, such as SVM and LSTM, to generate pseudo-labels iteratively,
enabling the development of a robust framework that supports data classification, decision-making, and
performance evaluation [33]. The information system framework provides an outline of a simple information
system. It shows the main parts that are the same in all information storage and retrieval institutions, such as
libraries, archives, documentation and information centers, regardless of the level of mechanism or type of
information managed by institutions. By looking at the information system framework, it is expected to look
the information system framework what components information units can be understood and what process
should occur [37]. The authors will use labeled input data (training data), which makes up around 5% of the
entire dataset, to test the suggested information system framework. This selection of the percentage of
training data is consistent with study literature practices, where the percentage of training data usually falls
between 1% and 50% of the total dataset, depending on the particular problem domain and resources
available, in addition to testing data (unlabeled data) [38].

To determine the threshold value of the label confidence level of the SVM classifier and the LSTM
classifier in the co-training method, the steps are to train the first and second classification models using the
data labeled as desired in the pseudo-labeling process. For the first classification model training, the results of
the labeled data classification are used to classify unlabeled data so that the label confidence level of each
prediction will be obtained. Likewise, for the second classification model training, the results of the labeled
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data classification will be used to classify unlabeled data to obtain the label confidence level of each

prediction in the second classification.

The diagram in Figure 2 illustrates the system framework for co-training using SVM and LSTM
with a pseudo-labeling approach to process and classify student data. The system begins with two datasets:
training data, which consists of a small set of supervised data with labeled samples, and testing data, which
contains many unsupervised, unlabeled data. The LSTM model first processes the training data and generates
pseudo-labels for the testing data based on its learning from the labeled samples. Simultaneously, the SVM
model is applied to the testing data to generate its pseudo-labels. These pseudo-labels from both models are
then compared in three key stages.

—  Significance of comparing pseudo-labeling results: the results of pseudo-labeling, a crucial step in
model evaluation performed by both LSTM and SVM, are compared with the test data. This comparison
is vital in evaluating how well the models perform on the unlabeled dataset.

—  Confidence prediction comparison: the predictions made by the LSTM and SVM models are compared
in terms of their confidence levels. This step is invaluable in identifying which model produces more
reliable pseudo-labels.

—  Comparison with training data: the pseudo-labeling results for the testing data are compared against the
original labeled training data to evaluate consistency and alignment with the initial dataset.
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Figure 2. Co-training method information system framework

The system's performance is then assessed using accuracy, precision, recall, and F1-score metrics.
Based on this evaluation, the system provides actionable outputs, including decisions, suggestions,
policies, and recommendations for further improvements. This iterative framework ensures robust
classification of student data by leveraging both models' strengths and refining predictions through
pseudo-labeling.

By leveraging the robust capabilities of Google Colab, the trial implementation of co-training
between SVM and LSTM yielded a threshold label value for SVM of 0.88 and a threshold label value for
LSTM of 0.5, as depicted in Figure 3(a). It demonstrates that the level of label confidence for SVM is
>=(.88. Figure 3(b) demonstrates that the level of label confidence for LSTM is >=0.5.

Label confidence estimation is an important step in a semi-supervised algorithm [25]. Label
confidence estimation aims to prevent unlabeled data from being mislabeled, which can lower the label
threshold. According to the label confidence estimation method, it can be divided into explicit estimation
and implicit estimation. Implicit estimation is highly dependent on the training data (labeled data);
unlabeled data may be mislabeled, and it will degrade the learner's performance during iteration, so the
accuracy of implicit estimation is lower than explicit estimation. However, the cost required is smaller
than the explicit estimation.

Int J Artif Intell, Vol. 14, No. 3, June 2025: 2158-2168



Int J Artif Intell ISSN: 2252-8938 O 2165

Most algorithms in implicit estimation use the degree of difference in the results to reflect the
current pseudo-label confidence. Algorithms in explicit estimation use exact numbers to represent the label
confidence. Typically, these algorithms use learning outputs in probabilistic form, the difference in model
accuracy before and after using pseudo-labeled data, or the similarity between the pseudo-labels of the
current unlabeled data and the surrounding labeled data.

Threshold Threshold
_H i
1.00 1.00
0.88 % 0.2 0. ° 7 confidence _ .
' o Confidence
] o
R A A 5 e
Unconfidence
> A A e A Unconfidence
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Figure 3. The relation of data and threshold for (a) SVM and (b) LSTM

Explicit estimation is applied in this SVM and LSTM Co-training trial. As the first classifier, SVM
is used for prediction, and LSTM, as the second classifier, is used for understanding the sequence of text data
in this co-training. In the first classification (SVM), when the label given to the testing data has a label
confidence level (threshold) below 0.88, the training data will be iterated again so that the label that will be
given to the testing data has a label confidence level (threshold) >=0.88. Likewise, in the second
classification (LSTM), when the label given to the testing data has a label confidence level (threshold) below
0.5, the training data will be iterated again so that the label that will be given to the testing data has a label
confidence level (threshold) >=0.5. The concept of measuring the label confidence level (threshold) in this
article combines the label confidence measures from classification 1 and 2 to provide a more comprehensive
view to which the model is confident with the label given.

Some studies align with the method the authors applied, using two different models (SVM and
LSTM) in the co-training framework. A collaborative approach in which each model produces predictions on
unlabeled data and highly confident predictions are used as pseudo-labels to train the other model. For
example, research that combines two deep learning models trained on two different representations of text
data for sentiment classification. Each model produces predictions on unlabeled data, and highly confident
predictions are used as pseudo-labels to train the other model. This approach improves the accuracy of
sentiment classification on massive open online courses (MOOC) or calls for large-scale online courses open
to the public, usually provided by universities or online learning platforms such as Coursera, edX, or future
learn [39]. Furthermore, studies introducing Meta co-training have the principle that two models trained
independently on different data representations can correct each other's errors and improve the overall
accuracy, or two pre-trained models can be combined on different representations of the same data. Each
model produces predictions on unlabeled data, and predictions with a high confidence level are used as
pseudo-labels to train the other model [26]. The approach taken by the authors uses two different models in
the co-training framework, or the approach using two learning models for the MOOC forum and the Meta co-
training technique. These models showed improved performance on semi-supervised classification tasks,
which shows that this strategy effectively improves model performance on various machine-learning tasks.

4. CONCLUSION

In this study, Google Colab was used to facilitate the application of the SVM and LSTM co-training
techniques in the context of semi-supervised learning. The first datasets used to calculate label confidence
levels from SVM and LSTM were obtained from student responses to questionnaires at three Central Java
universities, which were collected via Google Form submissions. The determined threshold labels for SVM
and LSTM are >0.88 and >0.5, respectively. Classifier 1 (SVM) and classifier 2 (LSTM) thresholds are
crucial in defining the following iterations, especially when applying pseudo labels to testing data. In
particular, iterations happen when the pseudo-label for the test data is less than the corresponding threshold
values of 0.5 for LSTM and 0.88 for SVM.
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