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ABSTRACT

Cognitive distortion (CD) refers to an irrational thinking pattern that causes individuals to
misinterpret information and convince themselves of incorrect information. This study
investigates patterns of CDs in students’ thoughts after academic exams. Machine learning
models are utilized to detect and categorize these distortions. The methodology of this study
utilizes topic modeling with two approaches: latent Dirichlet allocation (LDA) with Tf-Idf and
non-negative matrix factorization (NMF). The NMF approach is applied with two different
pre-trained embeddings (AraBERT and AraGPT). Fuzzy clustering is combined with these
topic modeling approaches, and the results are compared. Experiments are conducted using
two datasets: a collection of students’ thoughts and a generated dataset that is based on
cognitive behavioral therapy (CBT) principles. When analyzing the students’ thoughts dataset,
NMF with AraBERT demonstrated superior performance by producing the most meaningful
topics with a coherence score of 0.78. However, in the generated dataset, NMF with AraGPT
achieved a better balance between coherence and separation, along with clearer topic bound-
aries. Although NMF with AraBERT achieves the highest coherence score (0.86), it shows
significant topic overlap inferred from the inter-clustering score (0.81). Fuzzy clustering, topic
modeling, and NMF-AraGPT together provide the highest overall performance when applied
to the students’ dataset. This combination provides distinct and well-separated topics inferred
from the inter-clustering score (0.53). NMF topic modeling with AraGPT is the most effective
model when integrated with fuzzy clustering based on the comprehensive analysis.
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1  INTRODUCTION

Cognitive behavioral therapy (CBT) is a structured therapeutic approach of
psychotherapy that focuses on the relationship between thoughts, feelings, and
behaviors [1]. CBT can address the cognitive distortions (CDs) that are related to
biased, inaccurate, or irrational thoughts that have a significant influence on mental
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health and emotional regulation [2]. Distorted thoughts can allow negative reality
perception that may eventually develop into mental health problems, such as
depression and anxiety, according to the cognitive behavioral model [3].

In psychology, CDs are identified in patterns, such as all-or-nothing thinking (black-
and-white thinking), mental filtering, emotional reasoning, disqualifying the positive,
mind reading, self-blame, labeling, catastrophizing, and overgeneralization [4] [5].

After taking exams, students often experience various forms of distorted think-
ing patterns that exacerbate negative feelings about themselves. These patterns may
include viewing things in extremes (all-or-nothing thinking), anticipating the worst
possible outcomes (catastrophizing), focusing only on the negative and ignoring the
positive (tunnel vision), making negative predictions about future outcomes without
evidence (fortune-telling), or assuming that all subsequent future events will have
the same outcome according to a negative event (overgeneralization).

These thinking patterns can amplify self-doubt and negative feelings during the
exam process [6]. The core applications of machine learning (ML) in detecting and
predicting potential mental health risks or distorted thoughts represent a significant
advancement in mental health assessment and treatment. Natural language process-
ing (NLP) is an essential field of ML that focuses on understanding, interpreting, and
generating textual data in a useful way [7].

Clustering is a technique in supervised ML used to identify similarities in data
and group them [8]. This technique is one of the essential tasks that can analyze a
large amount of textual data collected from social media, group discussions, online
forums, mental health questionnaires, therapy sessions, patient self-reports, clinical
assessments, and treatment outcomes.

Furthermore, clustering can be helpful in CD analysis because it groups simi-
lar distorted thought patterns, recognizes and detects basic patterns in distorted
thinking styles, identifies common distortion groups, and discovers new distorted
groups in large datasets.

Topic modeling and fuzzy clustering are two commonly used clustering methods.
Fuzzy clustering, also known as fuzzy C-means (FCM), is a type of clustering tech-
nique that provides a flexible approach to data grouping, where it is suitable for
complex datasets that contain overlapping or uncertain data points; it allows a sin-
gle data point to simultaneously encompass multiple groups with different weights
relevant to each group [9]. CDs often interweave multiple types of distorted thinking
patterns, and the borders between these types are not always clear. Fuzzy clustering
emerges as a valuable analytical tool. This technique can recognize the complex
nature of distorted thoughts by allowing each thought to be simultaneously associ-
ated with multiple distortion categories, each with varying weights. Accordingly, this
technique can help in analyzing overlapped distorted thoughts.

Topic modeling, also known as topic analysis, is a critical technique used in
different NLP applications; it excels at categorizing themes and patterns within a
corpus of text and reveals the hidden structures within a text [10] [50]. When topic
modeling is applied to CD analysis, it serves as a powerful tool for identifying vari-
ous types of CD embedded in people’s thoughts, such as overgeneralization, mental
filtering, and all-or-nothing thinking.

A robust framework can be developed for an extensive understanding, identifi-
cation, and management of CD patterns by combining CBT principles and advanced
ML methods. Moreover, this framework provides valuable insights for mental health
professionals and researchers, enabling the development of tailored and effective
mental health care solutions.

Research on CD detection using ML techniques has demonstrated signifi-
cant potential in various NLP applications. However, few studies have focused
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on analyzing Arabic text to detect CDs, presenting a valuable opportunity for
investigation and development in this field.

This study examines how CDs manifest in students’ thought patterns after exams.
The common patterns of distorted thinking that arise in academic evaluation
contexts are identified by applying topic modeling techniques and fuzzy clustering
to students’ self-reported reflections and thoughts. The methodology combines NLP
techniques and pretrained embedding models to extract thematic elements from
student narratives with fuzzy clustering that allows sophisticated categorization of
overlapping CD types. Unlike classification methods, fuzzy clustering acknowledges
that CDs present as blended phenomena.

The remainder of this study is as follows: Section 2 presents related work in
the area of this study; Section 3 provides the definitions for the main concepts as
a background; Section 4 describes the study methodology; Section 5 discusses the
experiments and results; and Section 6 outlines the final conclusion.

2  RELATED WORK

CDs have been conceptualized as irrational thinking patterns that contribute to
various psychological disorders [11]. This concept can be defined as a systematic error
in perceiving information to convince a person of incorrect information [12] [13].
Researchers have increasingly explored automated methods to detect and classify
these distorted thinking patterns due to the advancement of ML technologies. This
section explores how researchers applied ML techniques to analyze CDs. We aim to
identify knowledge gaps and understand the current state of the field by examining
existing research. Our investigation focuses on several key aspects, including ML
applications in CD analysis and psychological research, while highlighting the effec-
tive methodological approaches in this domain.

Recent studies have predominantly explored the use of ML and NLP techniques
to identify CDs in text. The researchers have utilized various data sources to conduct
these studies, such as personal blogs, journaling text, group discussions, online
forums, mental health questionnaires, and therapy sessions. These studies utilized
different feature extraction techniques and ML algorithms. Simms et al. [14] detected
CD in personal blog posts from Tumblr API (493 posts) and utilized LIWC software
for feature extraction. Various ML models were applied, and logistic regression (LR)
had the best results with an accuracy of 73.0%.

Different studies utilized deep learning techniques, such as support vector
machine (SVM) and convolutional neural network (CNN). Mostafa et al. [15] inves-
tigated automated methods of CD detection and classification in journaling texts.
The proposed methodology utilized two techniques for feature extraction, includ-
ing term frequency-inverse document frequency (Tf-Idf) and count vectorizers.
This study investigated different ML models, including LR, SVM, and Naive Bayes,
alongside deep learning models, such as CNN and LSTM. The results showed that the
combination of LR with a count vectorizer achieved the highest performance among
the ML models, with a 95% F1 score. However, the LSTM deep learning model with
Glove300d embeddings surpassed this to reach a 97% F1 score.

Shickel et al. [16] introduced an ML framework to automatically detect and
classify 15 different types of CDs. This study utilized two mental health datasets: one
obtained through crowdsourcing and the other from a real-world online therapy
program. In the feature extraction, the term frequency-inverse document frequency
(Tf-Idf) technique was utilized. The framework encompassed various ML models
(LR, SVM, random forests, and gradient boosted trees) and two deep learning models
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(recurrent neural networks [RNN] and CNN). Additionally, exploratory analysis was
conducted using two unsupervised learning models: an exploratory model and latent
Dirichlet allocation (LDA). The authors found that LR achieved the best F1 score of
0.88 among all experiments.

Saba et al. [19] developed a hybrid model combining CNN and SVM for detecting
and predicting depression-related mental illness through Arabic speech analysis.
The comparative experiments were conducted using standalone RNN and CNN
models alongside the proposed hybrid model. The results demonstrated the hybrid
model’s superiority, achieving an accuracy of 91.60%. Additionally, the hybrid model
exhibited enhanced performance metrics, including reduced false positive and false
negative rates and improved AUC, sensitivity, and specificity values compared with
the models separately implemented.

Some studies used large language models (LLMs). For example, in addressing
academic stress among undergraduate students, Indumini et al. [22] developed an
Al chatbot to underscore the need for accessible and effective mental health needs.
The study utilized OpenAI’s GPT-3.5 turbo and various ML models, including SVM,
multinomial LR, and random forest, to classify CDs, with the SVM model achieving
the highest accuracy of 85.94%.

In addition, Ding et al. [17] analyzed therapy text messages from a commu-
nity focusing on individuals with severe mental health illness. In this study, two
approaches were utilized, namely, data augmentation techniques (specifically
back translation and mix-up methods) and the MentalBERT model, to enhance the
detection of uncommon CDs. The results showed that these techniques effectively
worked for detecting uncommon CD classes, and the MentalBERT model demon-
strated superior performance when identifying common CD classes.

Lim et al. [18] introduced a framework named ERD to improve the performance
of LLMs in classifying CDs by extracting relevant parts of the text and multi-agent
debating reasoning steps. A public dataset from Kaggle was used for the evaluation
process, which contained 2530 instances. The results showed that ERD improved the
binary specificity score and multi-class F1 score for the LLM-based CD classification,
especially by reducing the high false positive rate observed with baseline techniques.

Wang et al. [20] conducted experiments using the first Chinese language dataset of
CDs, consisting of 7500 sentences collected by individuals with psychological training
and validated and classified by psychology experts. This study compared the perfor-
mance of various models, including ChatGPT and deep learning models, such as BERT
and RoBERT. The RoBERT model showed superior performance in CD classification,
achieving an F1-score of 0.73. Meanwhile, ChatGPT demonstrated relatively lower
performance. The incorporation of CD features improved the performance of mental
disorder classification models. This improvement increased the F1-scores in detecting
depression (from 0.73 to 0.79) and post-traumatic stress disorder (from 0.74 to 0.85).

Lin et al. [21] developed a positive reconstruction framework along with a
Mandarin Chinese dataset designed for detecting CDs and generating positively
reframed alternatives. The experiments utilized 4001 samples for CD detection and
1900 samples for the positive reframing task. Various LLMs were used to evaluate
the implementation of fine-tuning and prompt engineering techniques. The find-
ings revealed that fine-tuning these models produced more effective results than
prompt engineering. Among all the tested models tested, the fine-tuned version of
ChatGPT-3.5 demonstrated superior performance, achieving the highest BLEU score
of 10.68 on the positive reconstruction task.

Table 1 provides a comparison between the previously discussed research in
terms of year of publication, applied models, extracted features, dataset, evaluation
metrics, and results.
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Table 1. Comparison between related works

Year Models Utilized Feature Extraction DEIER Evalua't 1o Best Results
Metrics

[14] | 2017 | Decision tree, logistic Correlation-based Personal blog posts Accuracy Logistic regression 73.0%
regression, naive Bayes, | feature subset selection | from Tumblr API
and k-nearest neighbors | (CFS) and RELIEF

[15] |2021 |- ML models Tf-idf vectorizer and The dataset was F1 A fine-tuned LSTM with

(LR, SVM, and NB) count vectorizer collected from Precision Recall | GloVe300d embeddings
— Deep learning models (Twitter, a survey) and achieved a 97% F1 score
(CNN and LSTM) the HappyDB dataset
[16] |2020 |- ML models (LR, SVM, | Tf-IDF Two mental health F1 Logistic regression
RF, GBoost) datasets, one collected | Precision Recall | achieved a 0.88 F1 score
— Deep learning models from crowdsourcing
(RNN, CNN) and another from
— Unsupervised a real-world online
learning models therapy program
(exploratory and LDA)

[17] | 2022 | Data augmentation N/A Public dataset — Area under Mixup detecting
techniques (back from Kaggle the precision- | uncommon cognitive
translation and mixup recall distortions classes
methods) and the curve (AUPRC) | (improved AUPRC
MentalBERT results by 1.6%)

(18] | 2024 | LLM (GPT-3.5-turho) LLM-based identification | Dataset from Kaggle | F1 Specificity ERD without

of specific relevant text | (2530 instances) Sensitivity summarization
segments acts as an achieved a 92.13 sensitivity
intelligent filter score and a 75.48 F1 score

[19] | 2022 | CNN and SVM Spectral centroid and Basic Arabic Accuracy RNN and CNN models

spectral contrast features | Vocal Emotions alongside the hybrid
Dataset (BAVED) model achieved an
accuracy of 91.60%

[20] | 2023 | ChatGPT BERT RoBERT C2D2 Chinese language F1 ROBERT achieved
dataset of cognitive F1 score 0f 0.73
distortions

[21] | 2024 | LLMs Implicitly handled by Mandarin BLEU ChatGPT-3.5 achieved a

the RoBERTa pre-trained | Chinese dataset BLEU score of 10.68
language model

[22] | 2024 | GPT-3.5 Turbho, SVM, Labeled words are Intent classification Accuracy The SVM model

Multinomial Logistic analyzed by SVM dataset and achieved the highest
Regression, and and transformed to cognitive distortion accuracy of 85.94%
Random Forest high-dimensional identification dataset

feature vectors

This study aims to identify CDs in the thinking patterns of university students
after completing their exams. The methodology combines topic modeling with fuzzy
clustering techniques, utilizing AraBERT and AraGPT models to convert Arabic text
into embeddings for analysis.

3  BACKGROUND
3.1 Clustering

The term “clustering” refers to a technique that divides unlabeled data into dis-
tinct groups with little to no supervision. The result of the grouping process indicated
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that the items in the same cluster differ from those in other clusters while sharing
comparable properties [23] [51].

Clustering has also been defined as an ML component that addresses unsuper-
vised learning. The learning process is based on algorithms that identify patterns in
the dataset that are either simulated or derived from an actual observation [24] [25].
In this unsupervised learning technique, the data are divided into groups based on
some similar characteristics and features in the grouped data. This technique is used
in several NLP applications, such as sentiment analysis, paraphrasing identification,
and question answering [26].

Furthermore, this technique can be helpful in detecting CDs by identifying types
of disordered thoughts or patterns based on specific features because it is consid-
ered a powerful tool in textual data analysis by grouping unlabeled data to extract
valuable information [27].

Topic modeling. Topic modeling is considered the latest development in text
mining. This statistical technique is used for identifying the underlying semantic
structure in a sizable document collection [28]. Large textual datasets can be automat-
ically organized, interpreted, and summarized using topic modeling and information
retrieval techniques, which uncover latent topics within a collection of documents [29].

In different NLP applications, topic modeling provides an interpretable presen-
tation of documents, where two different approaches are used with topic modeling:
LDA and non-negative matrix factorization (NMF) [29].

However, LDA is considered the most often used topic modeling technique [52].
LDA is a generative probabilistic model where each item is presented as a finite mix-
ture over an underlying set of topics, and each topic is presented as an infinite mixture
over a collection of topic probabilities [30]. Moreover, LDA is a three-level hierarchical
Bayesian model that provides an effective tool to generate an explicit representation
for a document because the number of topics does not have to be predetermined [31].
Meanwhile, NMF is an unsupervised technique, where the subjects that the model
will be trained on are not labeled [32]. This decomposition, a non-probabilistic tech-
nique, uses matrix factorization, where non-negative values are stored [31].

Fuzzy clustering. The clustering technique, known as “fuzzy clustering,” is
based on Zadeh’s fuzzy set [33], and it is one of the unsupervised techniques where
a single point of data can belong to more than one group at the same time; accord-
ingly, each point has a member degree to each cluster [23]. This technique is widely
used in analyzing complex data, such as psychological data [34].

The aforementioned technique is sometimes referred to as soft clustering, which
is an incredibly practical technique and has various uses, such as recommending
movies and grouping consumers according to their interests. However, consumers
may be interested in multiple genres. If only one sort of content is suggested, then
they may feel irritated. Therefore, fuzzy clustering is appropriate in this case, as it
groups data in a number of categories to indicate how much a data object belongs to
a particular class; it is given a membership [35] [36].

3.2 Evaluation metrics

Different metrics can be used to evaluate the results of topic modeling, such as
silhouette score, topic coherence, topic diversity, and intra- and inter-clustering.
However, topic coherence and topic diversity are commonly used to evaluate the
resulting clusters from topic modeling. Additional details about these metrics are
provided in the next subsections.
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Topic coherence. Coherence score is one of the evaluation metrics that can be
used to show how well topic modeling performs. This metric is typically utilized to
examine the resemblance or link between two datasets. Topic coherence in topic
modeling assesses the quality of the data by analyzing the semantic similarity of
highly repetitious words in a topic [37]. The coherence score is a number between
zero and one, where zero represents poor coherence (low similarity), and one
denotes good coherence (high similarity). Additionally, two datasets that are identi-
cal and related will have strong coherence, while datasets without any association
are considered to have poor coherence [38].

Silhouette score. Silhouette score is a technique for interpreting and verifying
consistency among data clusters. This technique was proposed in 1987 by Peter
Rousseeuw [39], a statistician from Belgium. The technique offers a concise visual
depiction of each object’s classification accuracy [39]. This popular metric is used to
evaluate the quality of clustering by measuring the distance between clusters and
cohesion within them [40]. Although the silhouette score is a useful heuristic, it has
certain limitations, particularly when applied to noisy or high-dimensional data.
Furthermore, the score reliability of this metric decreases when clusters overlap or
have irregular sizes [40].

Topic diversity. Topic diversity was introduced to quantify the differences
between topics. This metric is motivated by the expectation that subjects should be
diverse rather than redundant to fully reveal hidden semantics in the corpora [41].

Diversity metrics use the uniqueness of individual words to measure topic diver-
sity. Several studies [42] [43] [41] have indicated that diversity is at its best when
each topic is distinguished by a unique top word.

Intra- and inter-cluster similarity. The assessment of clustering quality is
known as cluster validity. In a high-quality cluster, the intra-cluster distance is main-
tained at a minimum value, and the inter-cluster distance is kept at a maximum
value [44].

Intra-cluster distance describes the typical separation between data points that
constitute the same cluster. Additionally, this intra-cluster distance evaluates how
cohesive or compact a cluster of data points is. The more similar and nearby the data
points within a cluster, the lower the intra-cluster distance, where the average or
maximum distance between pairs of data points within a cluster is commonly used
to compute intra-cluster distance [45] [46].

Inter-cluster distance describes the typical separation between several clusters
within resulted in a clustering solution. This mechanism calculates how different or
distant clusters are from one another. Clusters are considered to be clearly defined
and well-separated when the inter-cluster distance is high. Moreover, the inter-cluster
distance is typically computed as the minimum distance between data points in dis-
tinct clusters or as the distance between the centroids of the clusters [45] [46].

4 METHODOLOGY

Two models of topic modeling are used to determine CDs in students’ thoughts after
taking exams, namely, LDA with TF-Idf vectorizer and NMF with two embeddings
(AraBERT and AraGPT). Thereafter, the models are combined with fuzzy clustering.
However, LDA is a probabilistic topic modeling that works with the word-document
frequency matrix that Tf-Idf provides. Meanwhile, AraBERT and AraGPT generate
numerical word vectors rather than frequency-based ones. Therefore, NMF is used
because it effectively works with deep-learning embeddings.
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LDA topic modeling, as illustrated in Figure 1, starts by loading a dataset, followed
by data preprocessing, including stop word removal, removing punctuation, and
eliminating non-Arabic words, personal names, numerical values, diacritical marks,
and special characters. Additionally, tokenization is performed, and normalization
is applied for repeated letters and letters with different forms to standardize them
and ensure data quality.

Thereafter, text vectorization is performed using Tf-Idf. After the vectorization,
topic modeling is performed using LDA. Topics with top words are displayed and
assigned to each sentence. Afterward, fuzzy clustering is applied using the C-means
algorithm. The sentences are assigned to the cluster with the highest membership
probability to evaluate the clustering results using coherence score and other metrics.

E— e ﬂ Topics
I=>/)!(/ o : , — Q‘Dﬁ%%O':} a Dis:ibu_tion

of Topics
Loading Data Vectorize LDA Fuzzy | I a Words
dataset preprocessing text data Topic Modeling  Clustering frequency

Fig. 1. LDA topic modeling with fuzzy clustering

Topic modeling with NMF and a pretrained embedding model starts by loading
a dataset. Thereafter, a tokenizer that is suitable for embedding a model is loaded
as shown in Figure 2. Subsequently, the pre-trained embedding model (AraBERT or
AraGPT) is loaded. Thereafter, sentence embeddings are generated. We performed
rectified linear unit (ReLU) transformation for the AraBERT/AraGPT embedding to
ensure non-negative values for applying NMF in topic modeling. Afterward, FCM
clustering is applied.

ReLU ensures that the input to NMF is sparse and non-negative, and it simplifies
feature extraction before NMF reduces dimensions. Fuzzy clustering refines soft
assignments, thereby ensuring scalability. These mechanisms work together to cre-
ate a coherent, efficient, and interpretable framework that is ideal for addressing
complicated, high-dimensional data.

Each sentence is assigned to the cluster with the highest membership value to
evaluate the clustering quality using evaluation metrics, such as coherence, inter-
and intra-clustering similarity, and other metrics.

| Dataset

4

A

0 s Topics
d Tokenizeril '=> 9 = '=> {:} o 3 +\ //\F=>m Distribution

§ :(D @ of Topics
; i Embeddin RelLU 5
:‘;‘::L’: tti::::gr Model ’ Function . NFM ; Fuzzy I ! l Mo
Topic Modeling  Clustering frequency

Fig. 2. NFM topic modeling with fuzzy clustering

5  EXPERIMENT AND RESULTS

The experiments in this study are conducted on two CD datasets by applying
topic modeling based on different approaches, namely, T{-Idf with LDA and NMF
with two pre-trained embeddings, including AraBERT and AraGPT. Thereafter, the
experiments are repeated using fuzzy clustering with topic modeling.
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The results of all experiments are evaluated using five metrics: coherence score,
average intra-cluster similarity, inter-cluster similarity, topic diversity, and silhouette
score. The traditional topic modeling is compared using these approaches.

The two datasets utilized to conduct our experiments reflect the common CDs
among students after exams. The first one is a students’ dataset that consists of
students’ opinions after exams, while the other is a generated dataset based on the
principles of CBT as demonstrated in different books.

5.1 Datasets

Student dataset. The students’ dataset is collected from responses by students
who expressed emotions and feelings after taking academic exams. This dataset is
particularly useful for CD prediction, which aligns with the objective of our study
in detecting distorted thinking patterns. The dataset contains 200 responses or opin-
ions after taking an exam. The instances with missing or irrelevant information are
removed, such as empty responses and responses where only students’ names are
provided without emotional content. Table 2 presents examples of cognitive thinking
patterns observed from the student’s responses.

Table 2. Examples of distorted thinking patterns

Pattern Example

All-or-nothing thinking | Either I succeeded with distinction, or I don’t deserve success. Tl Gt ¥ ) il o) L
Catastrophizing Failing this exam means that my life is over. et (ha O (g i) 13 (B (a5
Tunnel vision Why should I try if I am going to fail anyway? o gl e Jadla sl 1

Fortune-telling

Everyone is sure I failed.

Sy ‘;'\.'ﬂ 28U @A.A.“

Overgeneralization

Any small mistake means that I won’t get the result that I want.

Loyl Al Al e Juaal o 1 ey s Uad (6

Generated dataset. The generated dataset is built based on the principles of CBT
as defined and demonstrated in the work of Burns [47] and Beck [48] that explain
how to identify and correct cognitive abnormalities in psychotherapy. This dataset
consists of 300 sentences reflecting common CDs among students after exams and is
manually categorized according to known criteria for each type of distortion.

Type-token ratio. Type—token ratio (TTR) [49] is used as a metric to measure lexi-
cal diversity in the responses of the students to analyze both datasets. TTR is measured
as the ratio between the number of unique tokens and the total number of tokens.
This ratio reflects how varied or repetitive the vocabulary in the dataset. Table 3
shows the number of all tokens, unique tokens, and the TTR ratio in each dataset.

Table 3. TTR ratio in both datasets

Dataset Total Tokens Unique Tokens TTR Ratio
Student Dataset 4510 1725 0.3825
Generated Dataset 1797 125 0.0696

The TTR ratio for the students’ thoughts dataset (0.38) is a moderate ratio, which
represents that the students repeat numerous words when they write their thoughts.
Additionally, the ratio indicates that students expressed similar CDs. Although
the dataset exhibits a certain diversity, the CDs are dominant, reflecting different
negative emotions, such as stress and self-doubt.
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However, the TTR for the generated dataset is very low (0.07), indicating the
presence of frequently used words in the sentences. This notion suggests that the
dataset may contain similar patterns of cognitive thoughts.

5.2 Results and discussion

After applying the traditional topic modeling to the dataset of student’s thoughts,
the results in Figure 3 show that the utilization of NMF with AraBERT embed-
dings achieves the best coherence score (0.78). This notion means that the words
inside each topic are semantically connected and related to each other. In addition,
the utilization of NMF with AraGPT embedding shows a strong coherence (0.72),
while the use of TF-Idf with LDA results in poor coherence (0.15), indicating that the
topics lack meaningfulness.

TOPIC MODELING WITH STUDENTS DATA

12

11

1 =

0.8 % 6 &= NMTF-Arabert
06 = f B NMF-AraGPT
04 % é [@ TFIDF-LDA
02 37

=k

Coherence Topic diversity ~ Avg intra-cluster ~Avg inter-cluster ~ Silhouttee score

Fig. 3. Topic modeling results for student’s thoughts dataset

The results in terms of the diversity metric of topic modeling based on NMF with
embeddings AraBERT and AraGPT show a perfect score value of (1.0), which means
no overlapping between topics. Meanwhile, topic modeling with Tf-Idf and LDA has
a diversity score of 0.76, which means that some overlap exists between topics.

Figure 3 demonstrates that the topic modeling approach using NMF and AraBERT
provides the highest intra-cluster similarity (0.78), indicating that the vectors
representing sentences in the cluster are highly related. The results of using NMF
and AraGPT have a lower value of intra-cluster similarity (0.72) compared with
NMF-AraBERT. Meanwhile, the use of TF-Idf with LDA has the worst value (0.07),
indicating that the sentences in the cluster (i.e., topic) are different.

The NMF with AraGPT achieves the lowest inter-cluster similarity score of 0.5, indi-
cating that the clusters (topics) are well separated, indicating optimal performance.
The use of NMF and AraBERT achieves a moderate value of inter-cluster similarity
(0.72), indicating that the topics are moderately distinct. Meanwhile, using TF-Idf
with LDA provides a score of (0.58), denoting that some overlap exists between topics.

In terms of silhouette score, using TF-IdF with LDA achieves the best score (0.82),
while using NMF with AraGPT provides a moderate score, and NMF with AraBERT
has the lowest score. However, given that the silhouette score effectively works with
approaches that use distance, it has limitations with approaches that utilize similarity.

The results of applying topic modeling to the generated dataset are illustrated in
Figure 4. The NMF with AraBERT provides the highest coherence score (0.86), which
means that the generated topics are semantically meaningful and related to each other.
Additionally, NMF with AraGPT shows a coherence score of 0.70, which is lower than
that of NMF-AraBERT but is still comparatively strong. Meanwhile, LDA shows a very
low coherence score (0.06), which means that it fails to generate meaningful topics.

International Journal of Interactive Mobile Technologies (iJIM) 31


https://online-journals.org/index.php/i-jim

Alian et al.

32

1.2

11 086

22 § 0.7
TN

04 §

02 § 006
0 ACoherence

Topic diversity ~ Avg intra-cluster ~Avg inter-cluster

TOPIC MODELING WITH GENERATED DATA

—_

0.95

]
o
o

o

(e}

[=p}

727774

o
-

\
§9.38

.0.19 §§

/e

0.4
0.19 O‘iﬂ %
N

v

Fig. 4. Topic modeling results with a generated dataset

Silhouttee score

@ NMF-Arabert
i NMF-AraGPT
&% TFIDF-LDA

In terms of topic diversity, NMF with both types of embeddings, namely, AraBERT
and AraGPT, shows the maximum topic diversity value, which indicates that the
topics are not repetitive and have a wide range of words. Moreover, the LDA shows
a strong topic diversity value of 0.9.

Figure 4 shows that NMF with AraBERT has a silhouette score of 0.31, which
indicates a moderate topic separation. Meanwhile, NMF with AraGPT provides
an improved silhouette score (0.40) compared with NMF-AraBERT, which means
improved defined topic clusters. Meanwhile, LDA achieves the highest silhouette
score (0.95), indicating a well-separated topic.

The highest intra-cluster similarity is achieved by NMF with AraBERT (0.86),
which indicates that the sentences clustered in a topic are similar, while NMF with
AraGPT achieves a lower value (0.70), denoting less cohesion inside topics. LDA with
Tf-1df provides a poor intra-cluster similarity (0.19), which means that the sentences
within a topic are not well-grouped.

The scores of inter-cluster similarity show a high value achieved by NMF
with AraBERT (0.81), which indicates less topic separation and topic overlapping.
However, NMF with AraGPT achieves a much lower score (0.38), while LDA with
TF-Idf has the lowest inter-cluster similarity score (0.19), which means a clear
separation of topics for both.

Figure 5 presents the results of applying fuzzy clustering with two topic mod-
eling approaches, namely, NMF with two embeddings (AraBERT and AraGPT) and
LDA with TF-Idf, to identify the students’ cognitive thoughts after taking exams.
NMF with AraBERT achieves a perfect coherence score, indicating that the topics
are meaningful and well-structured; nonetheless, it has a lower topic diversity score
(0.58). Moreover, this approach provides high topic cohesion because of the high
intra-cluster similarity score (0.81), but it also exhibits topic overlap, reflected in the
high inter-topic similarity score (0.74). NMF-AraBERT provides a silhouette score
of 0.35, indicating a moderate clustering quality but not well separated.
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NMF with AraGPT achieves a coherence score of 0.73, which is lower than the
score achieved by MMF with AraBERT but still high, while it has higher topic diversity
(0.84), indicating varied topics as shown in Figure 5. Additionally, this approach pro-
vides lower scores for intra-cluster similarity (0.72) and inter-cluster similarity than
those achieved by NMF with AraBERT, indicating less cohesion but better separated
topics. Using AraGPT provides a higher silhouette score (0.39) than AraBERT, indicat-
ing that the generated clusters are well defined.

However, LDA with Tf-Idf and fuzzy clustering shows a very low intra-clustering
similarity (0.07) but a moderate inter-clustering similarity score (0.58), indicating
poor cohesion and moderate overlap within topics. Moreover, this approach has a
very poor silhouette score (0.01), but it provides a topic diversity value of 0.76, which
is lower than NMF with AraGPT but higher than NMF with AraBERT.

In the generated dataset, the NMF with AraBERT generates highly interpretable
topics, as shown by its coherence score (1), but it has a lower diversity score than
other models. This approach achieves high scores for intra-cluster and inter-cluster
similarity (0.86 and 0.83, respectively), indicating that the topics contain very sim-
ilar sentences and have similarity with other topics, which means overlapping
topics. Moreover, NMF-AraBERT has a moderate clustering quality, as shown by the
silhouette score (0.43) as shown in Figure 6.
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Fig. 6. Results of topic modeling with fuzzy clustering for the generated dataset

The NMF with the AraGPT model has a lower coherence score (0.7714) than
AraBERT with NMF, butit has a higher topic diversity score (0.78), which means that it
generates more distinct topics, as shown in Figure 6. Additionally, this approach pro-
vides less intra-cluster similarity (0.70) than AraBERT with NMF, which indicates less
cohesion within topics; however, it has better inter-cluster similarity (0.53), which
means better separation between topics than AraBERT with NMF. Furthermore, this
approach has a moderate silhouette score of 0.39.

The results of fuzzy clustering combined with Tf-Idf~L.LDA show an extremely
low coherence score (0.06), which indicates that the topic lacks significance. This
approach has a high diversity score (0.9) but very low scores for intra-cluster and
inter-cluster similarity, which means poor topic cohesion and low topic overlapping.
In addition, this approach achieves a very poor silhouette score (0.096), indicating
that the topics are randomly assigned.

Figures 7 and 8 visualize the resulting clusters from topic modeling combined
with fuzzy clustering, where the model NMF with two pre-trained embeddings,
namely, AraBERT and AraGPT for students’ datasets and the generated dataset,
respectively, is utilized.
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Fig. 7. Visualization of the results of fuzzy clustering with topic modeling for the student dataset
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Fig. 8. Visualization of the results of fuzzy clustering with topic modeling for the generated dataset
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The t-SNE visualization is used to visualize the results of fuzzy clustering,
where t-SNE is an effective dimensionality reduction algorithm used to visualize
high-dimensional data in a low-dimensional space. Topic modeling with NMF with
AraGPT is the most effective model when combined with fuzzy clustering.

This study utilized fuzzy clustering as an unsupervised topic modeling approach
to identify CDs in students’ written thoughts, where no ground truth is available.
Unlike previous studies mentioned in the related work section, which utilized
supervised ML approaches, which depend on annotated datasets and used F1-score,
precision, and accuracy as evaluation metrics. However, this study aimed to dis-
cover latent topic structures without prior labeling.

The fuzzy clustering approach provides great flexibility and interpretability,
especially in exploratory settings or when labeled data are limited or unavailable.
Moreover, this approach allows soft membership, where each document or sen-
tence can belong to multiple topics (i.e., clusters) to varying degrees. This approach
provides an advantage when dealing with psychological constructs, such as CDs.
In terms of scalability, fuzzy clustering is easy to adapt to new data, while previous
studies require new annotations.

However, we acknowledge that unsupervised evaluation metrics, such as
coherence or silhouette score, may not directly correspond to real-world classifica-
tion accuracy. Unsupervised and supervised approaches are not inherently better
or worse; instead, they provide complementary perspectives. The selection of an
appropriate method depends on certain factors, such as the availability of annotated
data, the goal of the analysis, and the required interpretability.

6  CONCLUSION

This study focuses on the application of topic modeling with fuzzy clustering to
detect CDs in students’ thoughts after taking exams. The experiments show that the
application of topic modeling with fuzzy clustering and NMF-AraGPT to students’
datasets is an effective approach because it balances coherence and diversity while
generating distinct and separated topics. Although using fuzzy clustering with
NMF-AraBERT produces the most coherent topics (0.81), it has low diversity and
high inter-topic similarity scores, indicating some redundancy. The generated topics
are not well separated, as indicated by the silhouette score of 0.35. However, topic
modeling using LDA with Tf-Idf exhibits poor performance with fuzzy clustering.
This approach did not generate meaningful topics because of its low coherence
score (0.15), and it achieved a poor clustering quality, as shown by its silhouette
score of 0.01.

In the generated dataset, topic modeling with NMF and AraBERT generates
coherent and well-structured topics. However, numerous topics overlap. Meanwhile,
AraGPT with NMF improves the balance between coherence and diversity for
the generated dataset. However, fuzzy clustering with Tf-Idf and LDA fails to pro-
duce meaningful topics for this dataset, as shown by its low coherence score (0.05),
and provides poor scores for all metrics.

In future work, practical applications would be included to enhance the scope of
topic modeling and fuzzy clustering, which can directly benefit educational institu-
tions and students by developing systems that can detect CDs in real-time students
communications.
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