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ABSTRACT ARTICLE INFO

Hadith classification plays an important role in supporting the Article history:
organization and retrieval of Islamic knowledge in digital environments.
However, the increasing volume of digital hadith collections presents
challenges for manual classification, making automated approaches
increasingly necessary. This study proposes a hadith text classification
framework based on support vector machine (SVM) and a Multi-Word Keywords:
Embedding approach. The dataset used in this study was obtained from
the Kaggle hadith dataset repository and consists of 34,441 hadith
records. The textual data were preprocessed through case folding, noise
removal, stopword removal, and stemming before feature extraction.
Three embedding strategies were evaluated, namely Word2Vec,
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FastText, and the proposed multi-word embedding, which combines WordaVec
Word2Vec and FastText representations through vector concatenation. This is an open access
The generated feature vectors were subsequently classified using SVM article under the CC BY
and evaluated using accuracy, precision, recall, and Fi-score. license.

Experimental results show that the proposed multi-word embedding ®
approach achieved the best performance, obtaining an accuracy of @
75.58%, precision of 75.68%, recall of 75.58%, and Fi-score of 75.46%.

These results outperform Word2Vec + SVM and FastText + SVM,

demonstrating that the integration of contextual semantic and subword-

level information produces richer feature representations and improves

classification effectiveness. The findings indicate that multi-word

embedding is a promising approach for automated hadith text

classification and can contribute to the development of intelligent

Islamic information systems.
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E-mail address: 2417052802124@usti.ac.id

1. INTRODUCTION

Hadith is one of the primary sources of Islamic teachings after the Qur'an, serving as an
essential reference for religious practices, legal rulings, ethical values, and daily life guidance for
Muslims. The rapid growth of digital Islamic repositories has resulted in the availability of large
collections of hadith texts in electronic formats [1]. While these digital resources provide broader
access to religious knowledge, they also create challenges in organizing, searching, and categorizing
hadith documents efficiently. Manual classification of hadith collections requires extensive expertise
in hadith sciences and considerable time, making automated classification approaches increasingly
important for supporting Islamic digital libraries and educational applications [2, 3].

In hadith studies, authenticity classification plays a crucial role in determining the reliability of
a narration. Traditionally, hadiths are categorized into several classes, including Shahih (authentic),
Hasan (good), and Dhaif (weak), based on the evaluation of both the chain of narrators (sanad) and the
textual content (matan) [4]. However, the increasing volume of digitized hadith collections has made
manual classification impractical for large-scale datasets. Consequently, researchers have begun
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exploring computational approaches capable of assisting the classification process through automated
text analysis techniques [5].

Recent advances in Natural Language Processing (NLP) and Machine Learning have
significantly improved the ability of computers to analyze and classify textual information. Various
machine learning algorithms have been successfully applied to text classification tasks, including
Naive Bayes, Decision Tree, Random Forest, K-Nearest Neighbor, and Support Vector Machine
(SVM) [6, 7]. Among these methods, SVM has demonstrated strong performance in high-dimensional
text classification problems due to its capability to construct optimal decision boundaries and maintain
good generalization performance even with limited training data. Previous studies have also reported
competitive results when applying SVM to religious text classification tasks, including Qur’anic verse
categorization and hadith classification [8, 9].

The effectiveness of machine learning models in text classification largely depends on how
textual information is represented. Traditional approaches such as Bag-of-Words (BoW) and Term
Frequency-Inverse Document Frequency (TF-IDF) primarily focus on word occurrence frequencies
and often fail to capture semantic relationships between words [10, 11]. To address this limitation,
word embedding techniques have been widely adopted. Word embedding transforms textual data into
dense vector representations that preserve semantic and syntactic relationships among words. Among
the most widely used embedding methods are Word2Vec and FastText. Word2Vec effectively
captures contextual semantic information, whereas FastText incorporates subword information,
enabling better handling of rare words and morphological variations [12].

Several studies have investigated the application of Word2Vec or FastText individually for
text classification tasks. Although these approaches have achieved promising results, relying on a
single embedding model may not fully capture the complexity of linguistic information contained in
textual data [13]. Each embedding technique possesses unique strengths and limitations in
representing semantic and morphological characteristics. Consequently, using only one embedding
representation may result in the loss of complementary information that could improve classification
performance [14].

A review of previous studies reveals that most hadith classification research still employs
single feature representation techniques such as TF-IDF, Word2Vec, or FastText independently.
Furthermore, research exploring the integration of multiple embedding representations for Indonesian
hadith classification remains limited [15, 16]. This gap indicates the need for a more comprehensive
feature representation strategy capable of combining the advantages of different embedding methods.
By integrating multiple embeddings, richer textual representations can be generated, potentially
improving the ability of machine learning models to distinguish between hadith categories.

Therefore, this study proposes a hadith text classification framework based on Multi-Word
Embedding and Support Vector Machine. The proposed approach combines Word2Vec and FastText
representations through a feature fusion strategy to enrich semantic and morphological information
extracted from Indonesian hadith texts. The resulting feature vectors are subsequently utilized as
inputs to an SVM classifier for categorizing hadiths into three authenticity classes: Shahih, Hasan, and
Dhaif. The contributions of this study are threefold: (1) developing a multi-word embedding
representation for Indonesian hadith texts, (2) evaluating the effectiveness of SVM for hadith
authenticity classification, and (3) comparing the performance of multi-word embedding against single
embedding approaches. The findings are expected to contribute to the advancement of NLP
applications in Islamic studies and provide a practical solution for automated hadith classification
systems.

2. RESEARCH METHODS

This study proposes a hadith text classification framework based on Support Vector Machine
(SVM) and a Multi-Word Embedding approach. The objective is to investigate whether combining
multiple embedding representations can improve the classification performance of Indonesian hadith
texts compared to single-embedding approaches. The overall research workflow consists of six main
stages: dataset preparation, text preprocessing, feature representation using Word2Vec, feature
representation using FastText, Multi-Word Embedding generation, classification using SVM, and
performance evaluation. The complete research framework is illustrated in Figure 1.
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Figure 1. Proposed classification workflow.

2.1. Dataset

The dataset used in this study was obtained from the publicly available Hadith Dataset
provided on the Kaggle platform. The dataset was developed by Fahd09 and can be accessed through
the Kaggle repository. It contains a large collection of hadith texts along with associated metadata
describing their source, chapter information, and narration structure. The availability of both textual
content and metadata makes the dataset suitable for Natural Language Processing (NLP) and text
classification tasks. The dataset consists of 34,441 hadith records and 9 attributes, namely id,
hadith_id, source, chapter_no, hadith_no, chapter, chain_indx, text ar, and text_en. The attributes
provide information regarding the unique identity of each hadith, its source collection, chapter details,
narrator chain identifiers, and textual content in both Arabic and English. Table 1 presents the
description of each attribute contained in the dataset.

Table 1. Description of dataset attributes attribute.

Attribute Description
id Unique identifier of each record
hadith_id Unique identifier of the hadith
source Source collection of the hadith
chapter_no Chapter number
hadith_no Hadith number within the chapter
chapter Chapter title
chain_indx Narrator chain identifiers
text_ar Original Arabic hadith text
text en English translation of the hadith text
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In this study, the text en attribute was employed as the primary textual feature for
classification, while the remaining attributes were used solely for descriptive and identification
purposes. The dataset contains 34,441 hadith records, providing a substantial corpus for training and
evaluating the proposed classification model.
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Figure 2. Distribution of hadith classes.

Figure 1 presents the distribution of hadith classes used in this study. The dataset consists of
three categories, namely Shahih, Hasan, and Dhaif, with approximately 2,000 instances in each class.
The relatively balanced class distribution minimizes potential bias during model training and enables a
more reliable evaluation of classification performance.

2.2. Text Preprocessing

Text preprocessing was conducted to transform raw hadith texts into a clean and standardized
format suitable for machine learning analysis. This stage aims to reduce noise, eliminate irrelevant
information, and normalize textual representations before feature extraction. The preprocessing
pipeline consisted of case folding, noise removal, whitespace normalization, stopword removal, and
stemming.

2.2.1. Case Folding

Case folding converts all characters into lowercase letters to ensure consistency across textual
data and reduce vocabulary redundancy [17]. Given a document D containing a sequence of
characters.

D ={c;,cy, ..., Cp} 1)
the case folding operation is defined as:

D.s = Lower(D) (2)
where:
D = represents the original text document,
Lower(*) = denotes the lowercase transformation function,
D¢ = represents the transformed document.
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2.2.2. Noise Removal

After case folding, non-alphabetic characters such as numbers, punctuation marks, and special
symbols are removed to retain only meaningful textual information [18]. The cleaning process can be
represented as:

Dnr = {Wi € Dcf | w; € [a - Z]} (3)
where:
D,, = denotes the cleaned document,
w; = represents a character token,

[a — z] = indicates valid alphabetic characters.
2.2.3. Whitespace Normalization

Multiple consecutive spaces generated during the cleaning process are normalized into a single
space. The normalization operation is defined as:

Dy, = Normalize Space(Dy,) (4)

where:
D,,,, = denotes the normalized document.

2.2.4. Stopword Removal

Stopword removal eliminates commonly occurring words that contribute little semantic value
to classification performance [19].

S ={s1,52, -, Sm} ®)

be the set of stopwords. The resulting document after stopword removal is:

Dgy = Dyp — S (6)
where:
Dy, = denotes the filtered document,
S =represents the stopword dictionary.

2.2.5. Stemming
Stemming reduces inflected or derived words into their root forms to decrease vocabulary
dimensionality while preserving semantic meaning [20]. The stemming function can be expressed as:

Dstem = Stem(Ds;) (7)
where:
Stem(+) = denotes the stemming function,
Dgtem = represents the stemmed document.

The output of the preprocessing stage is a normalized corpus represented as:
Dfinai = Stem(Remove Stopword(Normalize Space(Remove Noise(Lower(D))))) (8)

This final corpus serves as the input for the subsequent Word2Vec and FastText embedding
generation processes.

2.3. Word2Vec Embedding
Word2Vec is employed to capture semantic relationships among words based on their
contextual usage within the corpus. This technique projects words into a continuous vector space,
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where semantically similar words tend to be located closer to each other [21]. The probability of
predicting a target word from its surrounding context can be expressed as:

exp(viy,h)

P(Wt | Context) = m
i=1 i

9)

where v,,, denotes the vector representation of the target word, h represents the hidden-layer output,

and V is the vocabulary size. The resulting embeddings provide dense semantic representations that
facilitate the identification of latent relationships among hadith terms and concepts.

2.4. FastText Embedding

FastText extends the Word2Vec architecture by incorporating character-level information
through subword modeling. Instead of treating a word as a single unit, FastText decomposes words
into character n-grams and learns vector representations for each subword component [13]. The vector
representation of a word is defined as:

Uy = Z Zg (10)
gEGy

where G,, represents the set of character n-grams associated with word w, and z, denotes the vector

representation of n-gram g. This approach enables FastText to effectively represent rare words, out-of-
vocabulary terms, and morphological variations commonly found in Indonesian textual data.

2.5. Multi-Word Embedding

To enrich textual representation, the embeddings generated by Word2Vec and FastText are
combined using a feature fusion strategy. The fusion process aims to leverage the complementary
strengths of both methods, allowing the model to simultaneously capture semantic and morphological
information. The Multi-Word Embedding representation is constructed through vector concatenation:

Vuwe = [VWZV; VFT] (11)

where Vi, represents the Word2Vec vector, Ve denotes the FastText vector, and [;] indicates the
concatenation operator. If each embedding model produces a 300-dimensional vector, the resulting
Multi-Word Embedding representation contains 600 dimensions. This richer representation is
expected to provide more discriminative features for the classification task.

2.6. Support Vector Machine Classification
The classification stage utilizes Support Vector Machine (SVM), a supervised learning
algorithm widely recognized for its effectiveness in high-dimensional text classification problems.
SVM seeks to identify an optimal hyperplane that maximizes the separation margin between classes.
The decision function of SVM is defined as:
f)=wlx+b (12)

where w represents the weight vector, xdenotes the input feature vector, and bis the bias term. The
optimization objective is formulated as:

minz | w |12 (13)
subject to:
yiwTx; +b) > 1 (14)

where y; corresponds to the class label of sample i.
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A linear kernel is employed in this study due to its computational efficiency and proven
effectiveness for text classification tasks involving high-dimensional feature spaces.

2.7. Classification Performance Comparison

To evaluate the effectiveness of the proposed approach, three experimental scenarios are
conducted:
1. Word2Vec + SVM
2. FastText + SVM
3. Multi-Word Embedding + SVM

The classification results obtained from these scenarios are compared to determine the
contribution of embedding fusion toward classification performance improvement.

2.8. Performance Evaluation

The performance of the classification model is evaluated using a confusion matrix and several
widely used evaluation metrics, including Accuracy, Precision, Recall, and F1-Score. Accuracy
measures the proportion of correctly classified instances:

TP+TN

Accuracy = ———
Y = IPATN+FP+FN

(15)

Precision measures the reliability of positive predictions:

TP
TP+FP

Precision = (16)

Recall evaluates the ability of the model to identify relevant instances:

TP
TP+FN

Recall = a7

F1-Score provides a balanced assessment of Precision and Recall:

Fl=2x Prea:sz:oanecall (17)
Precision+Recall
where TP denotes True Positive, TN denotes True Negative, FP denotes False Positive, and FN
denotes False Negative. The experimental results obtained from the three classification scenarios are
analyzed and compared based on these evaluation metrics to identify the most effective embedding
strategy for Indonesian hadith text classification.

3. RESULTS AND DISCUSSIONS

3.1. Experimental Setup

This study evaluated three feature representation approaches for hadith text classification,
namely Word2Vec, FastText, and the proposed Multi-Word Embedding. All feature representations
were classified using the Support Vector Machine (SVM) algorithm under the same experimental
settings to ensure a fair comparison. The performance of each approach was assessed using Accuracy,
Precision, Recall, and F1-Score.

Table 2. Classification performance comparison.

Method Accuracy (%)  Precision (%)  Recall (%) F1-Score (%)
Word2Vec + SVM 0.7442 0.7461 0.7442 0.7418
FastText + SVM 0.7008 0.7004 0.7008 0.6992
Multi-Word Embedding + SVM 0.7558 0.7568 0.7558 0.7546
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The results indicate that the proposed Multi-Word Embedding approach achieved the best
performance across all evaluation metrics. The model obtained an Accuracy of 75.58%, Precision of
75.68%, Recall of 75.58%, and F1-Score of 75.46%, outperforming both Word2Vec and FastText
when used individually. These findings suggest that combining multiple embedding representations
can provide a richer feature space and improve the effectiveness of hadith text classification.

3.2. Analysis of Word2Vec Performance

The Word2Vec-based model achieved an Accuracy of 74.42% and an F1-Score of 74.18%.
These results demonstrate that Word2Vec effectively captures contextual semantic relationships
among words within the hadith corpus. By learning word representations from surrounding contexts,
Word2Vec enables the classifier to identify meaningful textual patterns associated with different
hadith categories. However, Word2Vec represents each word as a single vector regardless of its
morphological variations. Consequently, words with similar roots but different forms may be treated
as separate entities, potentially limiting the model's ability to capture certain linguistic characteristics
present in the dataset.

3.3. Analysis of FastText Performance

FastText produced an Accuracy of 70.08% and an F1-Score of 69.92%, which were lower
than those obtained by Word2Vec. Although FastText is designed to capture subword information
through character n-grams, its effectiveness may vary depending on the characteristics of the corpus.
The relatively lower performance indicates that the morphological information captured by FastText
alone was insufficient to represent the semantic relationships required for accurate hadith
classification. Since the dataset consists of English-translated hadith texts, contextual semantics appear
to play a more dominant role than character-level information in distinguishing between classes.

3.4. Impact of Multi-Word Embedding

The proposed Multi-Word Embedding approach achieved the highest performance among all
evaluated methods. Compared to Word2Vec, the proposed method increased Accuracy from 74.42%
to 75.58%, corresponding to an improvement of approximately 1.16 percentage points. Similarly, the
F1-Score improved from 74.18% to 75.46%. The improvement demonstrates that the fusion of
Word2Vec and FastText successfully combines complementary linguistic information. Word2Vec
contributes contextual semantic knowledge, whereas FastText provides morphological and subword-
level representations. By integrating both embeddings into a single feature space, the classifier gains
access to more comprehensive textual information. The results suggest that the two embedding
techniques complement each other rather than compete with one another. Consequently, the resulting
feature representation becomes more discriminative, allowing the SVM classifier to identify class
boundaries more effectively.

3.5. Confusion Matrix Analysis

Figure 3 presents the confusion matrix of the best-performing model, namely the Multi-Word
Embedding combined with SVM. The matrix provides a detailed overview of the classification
outcomes by comparing the actual and predicted classes.

As illustrated in Figure 3, most instances are concentrated along the main diagonal of the
matrix, indicating that the majority of hadith texts were correctly classified into their respective
categories. The model correctly identified 257 Dhaif, 320 Hasan, and 330 Shahih instances,
demonstrating its capability to learn discriminative textual patterns from the proposed embedding
representation. Among the three classes, the Shahih category achieved the highest number of correct
predictions, followed by Hasan and Dhaif. This result suggests that the linguistic characteristics of
Shahih hadiths are relatively more distinguishable within the dataset. Conversely, the Dhaif class
exhibited the largest number of misclassifications, particularly toward the Hasan category, indicating a
degree of semantic similarity between these classes.

The confusion matrix also reveals that misclassifications mainly occurred between
neighboring authenticity categories, especially between Dhaif and Hasan. This finding suggests that
certain hadith texts share overlapping semantic features, making the classification task more
challenging. Nevertheless, the relatively high concentration of predictions along the diagonal confirms
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that the proposed Multi-Word Embedding approach effectively captures relevant semantic information
for hadith classification. Overall, the confusion matrix analysis supports the quantitative evaluation
results presented in Table 2. The dominance of correctly classified instances demonstrates that
combining Word2Vec and FastText representations provides a richer feature space, enabling the SVM
classifier to achieve superior performance compared with single-embedding approaches.
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Figure 3. Confusion matrix of the proposed multi-word embedding and SVM maodel.

3.6. Comparative Discussion

The experimental results demonstrate that the choice of feature representation has a significant
impact on hadith text classification performance. Among the three evaluated approaches, the proposed
Multi-Word Embedding combined with SVM achieved the highest performance, obtaining an
Accuracy of 75.58%, Precision of 75.68%, Recall of 75.58%, and F1-Score of 75.46%. These results
outperform both Word2Vec + SVM and FastText + SVM, indicating that the integration of multiple
embedding representations can enhance classification effectiveness. The Word2Vec-based model
achieved competitive performance with an Accuracy of 74.42% and an F1-Score of 74.18%. This
result suggests that contextual semantic information plays an important role in distinguishing hadith
categories. Word2Vec learns word relationships based on surrounding contexts, enabling the model to
capture meaningful semantic patterns from the hadith corpus.

However, Word2Vec represents each word as a single vector and does not explicitly consider
subword information, which may limit its ability to handle morphological variations and infrequent
terms. In contrast, FastText achieved the lowest performance among the evaluated methods, with an
Accuracy of 70.08% and an F1-Score of 69.92%. Although FastText is capable of incorporating
character-level information through n-gram representations, its reliance on subword features alone
may not be sufficient to capture the broader contextual semantics required for hadith classification.
Since the dataset consists of English-translated hadith texts, semantic context appears to contribute
more significantly to classification performance than morphological information.

The superior performance of the proposed Multi-Word Embedding approach can be attributed
to its ability to combine the complementary strengths of Word2Vec and FastText. Word2Vec
contributes contextual semantic representations, while FastText provides additional morphological and
subword-level information. The fusion of these representations produces a richer and more informative
feature space, enabling the SVM classifier to learn more discriminative decision boundaries. As a
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result, the model is better equipped to differentiate between hadith categories that share similar
linguistic characteristics. Furthermore, the confusion matrix analysis revealed that most classification
errors occurred between the Dhaif and Hasan categories.

This observation suggests that certain hadith texts belonging to these classes exhibit
overlapping semantic patterns, making them inherently more difficult to distinguish. Nevertheless, the
Multi-Word Embedding approach reduced the impact of such ambiguities by leveraging multiple
sources of linguistic information, thereby improving overall classification accuracy. The findings of
this study are consistent with previous research indicating that embedding fusion strategies can
improve text classification performance by capturing diverse linguistic characteristics that may not be
fully represented by a single embedding model. The results confirm that integrating contextual and
morphological information leads to more robust text representations and enhances classification
effectiveness.

From a practical perspective, the proposed framework can support the development of
intelligent Islamic information systems capable of automatically organizing and categorizing large-
scale hadith collections. In addition, the proposed Multi-Word Embedding strategy may be extended
to other religious text mining applications, such as Qur'anic verse classification, Islamic document
categorization, and semantic retrieval systems. Therefore, the proposed approach provides both
methodological and practical contributions to the application of Natural Language Processing and
Machine Learning in Islamic studies.

4. CONCLUSION

This study proposed a hadith text classification framework based on Support Vector Machine
(SVM) and a Multi-Word Embedding approach that combines Word2Vec and FastText
representations. The objective was to investigate whether the integration of multiple embedding
techniques could improve the classification performance of hadith texts compared with single-
embedding approaches. The experimental results demonstrated that feature representation plays a
crucial role in determining classification effectiveness. Among the evaluated methods, the proposed
Multi-Word Embedding approach achieved the best performance, obtaining an Accuracy of 75.58%,
Precision of 75.68%, Recall of 75.58%, and F1-Score of 75.46%. These results outperformed both
Word2Vec + SVM and FastText + SVM, indicating that the fusion of contextual semantic information
and subword-level features produces a more informative representation of hadith texts.

The confusion matrix analysis further confirmed that the majority of instances were correctly
classified, demonstrating the capability of the proposed model to distinguish among the Dhaif, Hasan,
and Shahih categories. The findings suggest that combining multiple embedding representations can
enhance the discriminative power of textual features and improve classification performance.
Therefore, the proposed Multi-Word Embedding framework offers a promising solution for automated
hadith classification and contributes to the advancement of Natural Language Processing applications
in Islamic studies. Future research may explore the integration of contextualized embedding models
such as BERT, RoBERTa, or transformer-based architectures to further improve classification
accuracy. In addition, expanding the dataset with more diverse hadith collections and investigating
advanced embedding fusion strategies may provide deeper insights into the automatic classification of
religious texts.
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