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Abstract- Topic modelling is a commonly used text-mining tool for discovering hidden semantic structures within a text corpus. 
This paper introduces an unsupervised learning-based topic modelling approach for Urdu documents, a language with limited 
resources. Specific and accurate topics are extracted from Urdu texts using unsupervised learning techniques such as Latent 
Dirichlet Allocation (LDA) and Unsupervised Latent Semantic Indexing (ULSI). The experimental results illustrate our 
recommended ULSI and LDA models' dominance, achieving 99% and 98% accuracy and 44% and 37% coherence values in 
LDA and ULSI, respectively. The experimental results demonstrate the superiority of the proposed ULSI and LDA models, 
which achieve high accuracy and coherence values. 
 

Index Terms-- Local Dirichlet Allocation (LDA), Urdu Latent Dirichlet Allocation (ULSI), Prediction, Natural Language Processing (NLP). 
 
 

I.  INTRODUCTION 
Urdu is a language with rich morphology but limited resources, as 
noted by [1]. It serves as the national language of Pakistan and is 
used by over 300 million people worldwide for communication 
[2] [3] [4]. Processing Urdu poses challenges due to its complex 
grammar, extensive word derivations, and inflections. Urdu has 
received relatively little research attention in the fields of NLP 
and information retrieval (IR) [5], given its relatively recent entry 
into these domains. Many models and techniques developed for 
other languages cannot be directly applied to Urdu due to its 
distinct language structure, as discussed by [3]. However, these 
existing approaches primarily focus on document classification 
and lack emphasis on unsupervised learning techniques, which is 
the primary objective of this research in exploring unsupervised 
approaches for Urdu topic modeling. 

Topic modeling [6] is a technique used in natural language 
processing to uncover latent themes within a collection of 
documents. It helps to identify underlying patterns and 
associations among words, enabling a deeper understanding of 
the data [7]. The primary goal of topic modelling is to provide 

machine-intelligible conceptual explanations for text contents in 
order to extract knowledge rather than separate relevant data.  

Topic modeling involves analyzing a specific set of textual 
data to uncover underlying issues. It utilizes feature extraction 
and selection techniques based on correlations between subjects 
and words, as well as in between words, to reveal hidden topics 
within a document [8].  

To perform topic modeling and annotation, a diverse range 
of models are employed. These models include Latent Semantic 
Analysis (LSA) [9], which explores the relationships between 
words and documents to discover underlying topics. 
Probabilistic Latent Semantic Analysis (PLSA) [10] extends 
LSA by introducing a probabilistic framework for topic 
modeling. The k-means algorithm [11] clusters documents 
based on similarity, aiding in the identification of topic groups. 
Ridge Classifier [12] and Linear SVC models utilize machine 
learning techniques for document classification and topic 
prediction. Lastly, Latent Dirichlet Allocation (LDA) [13] is a 
popular generative probabilistic model that assigns topics to 
documents based on the distribution of words. The utilization of 
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these models empowers researchers and practitioners to unravel 
hidden topics and annotate textual data effectively. 
The researcher has conducted an extensive study on various 
aspects of topic modeling [6] with the aim of achieving the 
highest possible accuracy in result prediction. Other researchers 
are also exploring different models and frameworks for extracting 
specific topics from text documents, focusing on individual 
models or frameworks. In this particular study, the researcher 
applied unsupervised learning techniques, namely ULSI [10] and 
LDA, to predict topics with the objective of maximizing 
accuracy. The primary goal of this study is to propose a new 
framework for topic modeling, leveraging unsupervised learning 
techniques to optimize result accuracy. Subsequently, the study 
intends to compare these results with the techniques used and the 
findings of other researchers. 
In this study proposed a new framework specifically designed for 
extracting topics from multiple Urdu language documents, with a 
particular focus on Urdu news text. To enhance result accuracy, 
this study employs unsupervised learning algorithms, namely 
ULSI (Urdu Latent Semantic Indexing) and LDA (Latent 
Dirichlet Allocation). Fig. 1 illustrates the scope of the research, 
providing a visual representation of the domain under 
investigation. 

 
 

II.  RELATED WORK 
This literature encompasses languages such as English, 

Chinese, Arabic, Hindi, Romanian, and Urdu, which have been 
developed for topic modeling. Primarily, topic modeling has 
been utilized to delve into unknown article topics, while 
document clustering, a widely used technique in data mining 
literature, is also explored in this study. Various techniques 
including K-means, LDA (latent Dirichlet allocation), SVM, 
ULDA, Gibbs Modeling, and others have been employed for 
clustering purposes. 

In a research work on topic modeling using both 
unsupervised and supervised approaches to obtain results for 
topic modeling [14]. They obtained data from various platforms, 
extracted through the Urdu corpus, comprising a total of 129 
documents. The authors utilized the LDA and Naïve Bayes 
algorithms to extract the data and predict the most suitable topic 
for each document. The results obtained through these 
techniques showcased an accuracy of over 90%, as reported by 
the authors. 

The authors conducted an empirical study on topic modeling 
[15]. They collected data from newspaper articles as the primary 
source, with the dataset for topic extraction comprising 6000 
documents from newspapers. The authors utilized an 
unsupervised technique, specifically LDA, to analyze the data. 
The reported results in this study demonstrated an accuracy of 
92% using the F1 measure. This research focuses on the Urdu 
language and contributes to its increasing reliability in forensic 
analysis. 

Another research [16] employed unsupervised learning 
approaches to explore topic modeling and obtain results. The 
authors collected data from various sources, specifically Urdu 
tweets. The dataset utilized for their experiments consisted of 
0.8 million words from this dataset. The researcher implemented 
LDA, NMF (non-negative matrix factorization), and LSA 
(latent semantic analysis) models to predict the most appropriate 
topic for each section of the document. The results obtained by 
the author using these techniques showcased 71% accuracy for 
LDA (mix-up) and 80% accuracy for NMF in Urdu tweet 
documents. 

Another study proposed a framework for Urdu topic 
modeling using latent Dirichlet allocation (LDA) [17]. The 
researcher collected data from various sources such as BBC, 
Nawa-i-Waqt, Jang, and added additional news sources from 
Express-News in the second phase of the experiment. In the first 
experiment, the dataset consisted of 13,642 articles, while in the 
second experiment, the dataset increased to 21,341 articles. 
LDA and Gibbs modeling techniques were applied for topic 
modeling. The results showed 76% accuracy in LDA for the 
first experiment and a significant improvement to 78% accuracy 
in ULDA for the second experiment, indicating enhanced 
performance in topic modeling compared to the previous one. 

This research [18] is centered on the Urdu language1, and 
data is gathered from BBC Urdu2, Urdu Point3, and Urdu Geo4. 
The dataset comprised 10,000 general documents. The author 
extracted the data and applied the top-ranked algorithm along 
with TF-IDF (term frequency-inverse document frequency) for 
topic modeling. The results obtained by the author using these 
techniques were reported to be 0.88 or 88% accuracy. 
In [19], the authors introduce an Urdu News Article 
Recommendation Model leveraging Natural language 
Processing Techniques. Their research utilizes unsupervised 
learning techniques to delve into topic modeling and obtain 
results for their study. 
To conclude, it is stated that researchers have focused on various 
topic modeling research areas but have not given special attention 
to topic modeling using unsupervised techniques, particularly 
LDA and ULSI. To fill this gap, this study provides an empirical 
evaluation for topic modeling using LDA and ULSI and achieved 
state of the art results. 

 
1 express.pk Last visited 12 July 2023 
2 bbc.com/Urdu/ Last visited 12 July 2023 
3 urdupoint.com Last visited 12 July 2023 
4 Urdu.geo.tv Last visited 12 July 2023 

FIGURE 1.  Scope of this research article 
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III.  Research Methodology 
This study addresses three research questions, and the 

selection of techniques is based on their suitability in answering 
these questions. The first research question (RQ1) focuses on 
investigating previous studies to obtain existing results. The 
second research question (RQ2) pertains to developing a new 
framework aimed at achieving maximum accuracy in topic 
modeling. The third research question (RQ3) aims to improve 
the accuracy of topic modeling specifically for title predictions, 
utilizing a proposed model. The study is conducted through 
experiments and evaluation of selected datasets, which have 
been collected from various sources. 

This section provide a description of the suggested 
unsupervised learning approach for topic prediction. The 
proposed model, as depicted in Fig. 2, consists of several steps. 
The first step, pre-processing of the collected text data. In the 
second step, the pre-processed text data is fed into the models 
for training. The models used for training are ULDA and LDA. 
The third step involves the topic prediction process, where the 
goal is to select the most important and relevant text from a 
document. In the fourth step, topics are identified and organized 
in a clustering form. Finally, in the fifth step, a topic is selected 
for the target document. 

In software engineering, there are typically four types of 
research: scientific, engineering, empirical, and analytical [20]. 
During the first stage, it is crucial to acknowledge the 
significance of the scientific method in order to recognize the 
importance of the problem at hand before proposing a model. In 
the second stage, the proposed model is validated using 
appropriate methodologies to test and prove the hypotheses. In 
the final stage, the process is replicated to the best extent 
possible, ensuring its reproducibility and reliability. 

Alternatively, in engineering methods, existing solutions are 
analyzed to develop a new solution, which is then tested to 
validate hypotheses [20] [21]. In the empirical method, the 
initial step involves model development, followed by the 
establishment of statistical or qualitative methods to validate the 
given hypotheses. Finally, the proposed model is applied to case 
studies for evaluation, and this process is repeated iteratively. 
On the other hand, in the analytical method [22], a formal 
theory is formulated first, and then the proposed theory is used 
to derive results. If feasible, these findings are compared to 
empirical observations to establish their validity. 

Based on the aforementioned types, this study has opted for 
the engineering method. In the engineering approach, the focus 
lies on constructing solutions that are more accurate and 
effective compared to existing ones, with a strong emphasis on 
design. Therefore, applying the engineering technique is a 
suitable choice for this research. The objective of this study is to 
develop a model and enhance the accuracy of existing results in 
the field of topic modeling. 

In the first step of this study is to conduct a thorough review 
of existing literature to examine their solutions. This involved 
investigating developed models, techniques, and methods for 
topic modeling of Urdu articles. In the second step, after an 
extensive study, it proposed a new model to assess the accuracy 

of topic modeling using different evaluation metrics. In the third 
step, researcher evaluated the proposed model using the given 
data to predict the document titles in topic modeling. This study 
applied unsupervised learning approaches to maximize the 
improvement in accuracy. In the final step, the comparison of 
this research solution with existing ones. 

In this research article the dataset is of one million words 
contain news article from various domains like politics, sports, 
commode, and finance etc. Complete dataset and code can be 
downloaded from link5.  
In natural language processing tasks, having a benchmark 
dataset is crucial. It is important to have a substantial amount of 
pre and post-labeled data to effectively train the models. 
Additionally, for Urdu language processing, it is necessary to 
have linguistic resources specific to Urdu. However, Urdu lacks 
significant linguistic resources for NLP tasks [23]. For this 
experiment, the dataset was extracted from different sources, 
including BBC Urdu news, Urdu Point, and various social 
media platforms. The dataset comprises 1 million words and 
encompasses diverse classes such as political news, 
international news, sports, arts, and others. 
Data analysis in this study involved the use of quantitative and 
statistical methods to analyze the data. These analyses were 
performed after applying data preprocessing techniques to ensure 
the data was in a suitable format for analysis. 

A. PROPOSED METHODLOGY 
In the proposed model, various aspects are utilized for data pre-
processing. Data pre-processing is an essential part of natural 
language processing (NLP) operations, and it involves following 
important steps to process the data effectively. An example is 
shown in Fig. 3 from dataset. 
It aims to convert the text into the most authentic format, enabling 
the algorithms to produce better results at each stage. To 
accomplish this, part of speech (POS) tagging is employed, which 
allows for syntax filtering to extract nouns, verbs, and sentence 
structures from the given text [16] [24] [25]. For this specific 
purpose, a well-known POS tagger [26] for the Urdu language is 
utilized. The dataset undergoes several different processes during 
the tag generation phase, including stop word removal, stemming, 
filtering out invalid characters, and segmentation, which will be 
discussed in the following subsections. 

Natural language processing and text analysis heavily 
depend on data stemming and tokenization techniques. 
Stemming involves reducing words to their root form [3], which 
allows treating words with the same stem as identical. This 
process effectively reduces the dimensionality of the data and 
eliminates redundancy. 

Tokenization plays a crucial role in text data processing as it 
involves breaking down text into individual words, phrases, or 
symbols. This step is essential because it enables the analysis of 
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https://drive.google.com/drive/folders/1vSTSIIpWS8dPBrSWPELcWGj4j_l2uK
5v?usp=sharing 
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individual characters and facilitates the examination of 
relationships between them. 

 Stemming and tokenization are essential processes in preparing 
text data for analysis and model development. This is used in 
applications for various scenarios, including sentiment analysis 
[27], text classification [28], and topic modeling. By reducing the 
complexity of text data, stemming and tokenization enable more 
accurate analysis and extraction of insights from large volumes of 
text data. 
 

Gensim is a Python library for topic modeling and natural 
language processing tasks, while Keras is a user-friendly interface 
to TensorFlow, enabling easy development of deep learning 
models. TensorFlow, a comprehensive machine learning 
framework, provides a wide range of functionalities for efficient 
model development and deployment. 

Moreover, in model development, unsupervised learning 
techniques such as Unsupervised Latent Semantic Indexing 
(ULSI) and Local Dirichlet Allocation (LDA) are implemented. 
Researchers can utilize evaluation measures such as Coherence 
value and F1 score to assess the accuracy. These approaches 
assess the data and enable the extraction of the most accurate 
results. The following subsection discuss the model 
implementation. 

B. IMPLEMENTATION 
Model development is a crucial step in the realm of machine 
learning and artificial intelligence. Its objective is to design and 
test models that can perform specific tasks such as prediction, 
classification, and clustering. The primary aim of model 
development is to create a model that can generate accurate 
results based on input data and generalize well to new, unseen 
data. Once a model is created, it undergoes evaluation using 
various performance metrics like accuracy, precision, recall, and 
F1 score. This evaluation helps to identify any inconsistencies in 
the model and, if necessary, make improvements. Model 
development is an ongoing process that involves careful 
consideration of the problem statement, available data, the 
selection of algorithms and hyper parameters. With the 
advancements in machine learning and artificial intelligence, 

model development is becoming increasingly intelligent, leading 
to progress in various fields. 
This research developed a model to predict the correct topics of 
given Urdu documents. The model incorporates data 
preprocessing techniques and unsupervised learning techniques. 
These techniques are combined in a single framework. Data 
preprocessing involves tokenization, stemming, removal of 

FIGURE 2.  Proposed Model 

FIGURE 3.  A News article example obtained from dataset 
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invalid characters, data cleaning, and stop word removal. For 
topic prediction model development, unsupervised learning 
techniques such as LDA and ULSI are provided for researchers to 
implement. The complete process of model development and 
implementation for predictions is illustrated in Fig. 4. 

Fig. 5.a and Fig. 5.b respectively display the loss functions 
graphs of the LDA and ULSI approaches. The purpose of loss 
function is to find the optimal model parameters that minimize 
this loss, which, in turn, results in a well-performing model 
capable of making accurate predictions on new, unseen data.  

In this research observed a significant turning point in our 
models (LDA and ULSI) training process at "epoch 2 and loss 
0.2." After just two complete iterations through our training 
data, the model achieved a remarkably low loss of 0.2, 
signifying a close alignment between its predictions and the 
actual target values. This rapid convergence is promising, 
suggesting that our model is learning quickly and holds the 
potential for accurate predictions.  

 
 

 

 
However, further evaluation is needed to assess its performance 
on unseen data and its long-term training behavior. This finding 
motivates us to delve deeper into this researcher’s model 
capabilities as progress with our research. 
This study have obtained a substantial and diverse dataset 
consisting of over one million words, all composed in the Urdu 
language. This corpus encompasses news articles from a wide 
spectrum of domains, including politics, sports, commerce, 
finance, and many more. This rich and extensive collection of 
textual data not only reflects the linguistic richness of Urdu but 
also offers a valuable resource for research and analysis across 
multiple domains. With such a comprehensive dataset at this 
study disposal, we are well-positioned to explore and understand 
the nuances of language and content in Urdu, facilitating a deeper 
comprehension of the topics and themes that are of significant 
societal interest and relevance. 

C. PREPROCESSING 
Prior to the implementation of the actual unsupervised 
approaches, namely LDA (Latent Dirichlet Allocation) and ULSI 
(Unsupervised Latent Semantic Indexing), a critical phase of data 
preprocessing was carried out to optimize the quality and 
relevance of our input data. This preprocessing pipeline 
encompassed a series of essential steps, including the removal of 
invalid characters, the elimination of stop words, stemming, 
lemmatization, and comprehensive data cleaning procedures. 
These measures were vital in ensuring that the text data was in its 
most refined and standardized form, ready for analysis. This study 
harnessed well-established Python frameworks such as Keras, 
Gensim, and TensorFlow to facilitate this process, leveraging 
their robust capabilities in natural language processing. 
Subsequently, the deployed LDA and ULSI topic modeling 
approaches on the meticulously preprocessed data to extract and 
identify meaningful and contextually relevant topics, thereby 
enriching researcher’s understanding of the underlying patterns 
and themes within the corpus. 
The findings presented in Table 5 underscore the remarkable 
progress achieved in our study when compared to previously 
reported results in the domain of Urdu topic modeling. This 
investigation achieved notably superior outcomes, exemplified by 

FIGURE 4.  Process of Model Development and Implementation 

FIGURE 5a.  Loss function graph of LDA approach 

FIGURE 5b.  Loss function graph of ULSI approach 
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an impressive 99% F1 score. This achievement stands in stark 
contrast to the comparatively lower results reported by other 
researchers in the field. For instance, Shakeel [17] reported a 
mere 78%, Munir reached 13.8% [29], Latif attained 71% [16], 
and Anwar reported 92% [15] F1 scores in their respective 
studies. It is worth highlighting that our study harnessed the 
power of both LDA and ULSI approaches, yielding exceptional 
results of 99% and 98%, respectively. This substantial 
improvement of approximately 7% in performance compared to 
prior studies is a testament to the effectiveness of our 
methodology and the advancement it brings to Urdu topic 
modeling research. 

IV.  RESULTS AND ANALYSIS SECTION 
 
In this article, the implemented two distinct topic modeling 
algorithms LDA and ULSI. As mentioned in the model 
development, all the selected approaches were applied to a pre-
processed dataset. The dataset used was collected from internet, 
comprising news headlines and descriptions, containing 1 
million diverse Urdu news items encompassing topics like 
entertainment, sports, politics, and business. Both algorithms 
were implemented in an unsupervised manner, where the pre-
processed text was fed into LDA and ULSI, generating topic 
words from it. 

A. LDA MODEL 
After applying LDA to generate topic words, in this study 
researcher observed that each topic corresponds to a specific 
class, such as sports, entertainment, business, or politics. Table 
1 illustrates the results obtained from LDA, where each topic 
number contains topic words from 10 different topics, along 
with their accuracy in various categories. Additionally, the 
generated topic words demonstrate strong semantic relationships 
among them. Fig. 6 presents the accuracy graph obtained from 
the LDA model using the F1 score. 

As a result, the accuracy results from the LDA model using 
the coherence value and F1 score as evaluation measures. The 
results demonstrate significant improvement in accuracy when 

incorporating the F1 measure. The overall results for the LDA 
model are presented in Table 2, providing detailed insights into 
its performance. 

 
FIGURE 7. Result using ULSI approach 

A. ULSI MODEL 
Fig. 7 displays the graphical representation of the results obtained 
from the ULSI model applied to the Urdu news dataset. The 
findings indicate that LDA performed better than ULSI. The topic 
words generated by LDA exhibit stronger semantic relationships 
compared to those produced by ULSI. Furthermore, the generated 
topics preserve semantic relationships among their respective 
topic words. Specifically, ULSI topic 10 exhibits keywords 
obtained from various news categories. 

 
TABLE 1.  TOP TEN ACCURACIES ACHIEVED USING LDA TECHNIQUE 

Topics Accuracy 

Topics 1 0.9097 

Topic 2 0.9601 

Topic 3 0.9701 

Topic 4 0.9769 

Topic 5 0.9822 

Topic 6 0.9876 

Topic 7 0.9907 

Topic 8 0.9925 

Topic 9 0.9949 

Topic 10 0.9945 
 
 

TABLE 2.  LDA OVERALL RESULTS 
 
 

 
 

Result of LDA technique 

F1 score 99% 

Coherence value 44% 

0.9

0.92

0.94

0.96

0.98

1

0 2 4 6 8 10 12

Accuracy

FIGURE 6. Result using LDA approach 
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This study emphasizes the significantly superior values depicted 
in the provided figures. These findings shed light on the relative 
words that occur most frequently within a specific topic related to 
news domains. Table 3 presents the estimated accuracy for the top 
10 themes using ULSI, while Table 4 showcases the overall 
results obtained from the ULSI model. 
The ULSI model presents results based on coherence and F1 score 
values to demonstrate the high reliability of the topics extracted 
from the given documents. By showcasing these values, this study 
aims to highlight the strong performance of this model. The Fig. 6 
and Fig. 7 provided illustrate the superior performance metrics 
obtained from these models. These results focus on specific news-
related topics and reveal the most prominent and relevant words. 
 

TABLE 3. SHOWING TOP TEN ACCURACIES ACHIEVED USING ULSI 
APPROACH 

 

 
 
 
TABLE 4.  SHOWING TOP TEN ACCURACIES ACHIEVED USING ULSI 

APPROACH 

 

B. COMPARISON 
This study obtained the best results from the LDA model and 
was able to achieve higher coherence value and F1 measure 
compared to previously reported results. The following results 

are compared with those of other studies. Table 5 presents the 
current study results with previous study results. 
 

 
TABLE 5. COMPARISON OF RESULTS FOR TOPIC MODELING USING 

TWO ALGORITHMS LDA AND ULSI 
 
Fig. 8 shows the detailed results of both approaches LDA and 
ULSI. In this figure, the developed LDA and ULSI model with 
10 topics.  Here you can observe printed the top words and their 
weights for each topic. The numbers on the top represent the 
topic number, and the words on the below the topic are the most 
important words for that topic along with their associated 
weights. The weights indicate the strength of the association 
between each word and the topic. 

V.  CONCLUSION 
 

In conclusion, our article delved into applying two 
unsupervised learning approaches, LDA and ULSI, for the task 
of Urdu topic modelling. This study experimentation yielded 
compelling results, with both LDA and ULSI demonstrating 
their efficacy in capturing meaningful topics within the Urdu 
text data. Specifically, this study achieved the highest F1 score 
of 99% and a Coherence value of 44% using LDA. In 
comparison, ULSI also delivered strong results with the highest 
F1 score of 98% and a Coherence value of 37%. Based on these 
findings, it is evident that LDA exhibits a slight advantage in 
terms of F1 score and Coherence, making it the more suitable 
choice for Urdu topic modelling in this study. However, it is 
important to note that the choice of approach may depend on 
various factors, including the specific characteristics of the 
dataset and the research objectives. As we look towards the 
future, we plan to further enhance our topic modelling efforts in 
Urdu by exploring semi-supervised approaches. These 
endeavours will contribute to a deeper understanding of Urdu 
content and its applications across various domains. 

 
 

Techniques/ Evaluation Measure LDA ULSI 
F1 score (current study) 99% 98% 
Coherence value (current study) 44% 37% 
Shakeel, K., Tahir, G. R., Tehseen, I., & 
Ali, M. (2018) (Shakeel, Tahir, Tehseen, 
& Ali, 2018) 

78% - 

Munir, Wasi, and Jami (2019) (Munir, 
Wasi, & Jami, 2019) 

13.8% 37.8% 

Latif, Shafait, and Latif (2021)  (Latif, 
Shafait, Latif, & others, 2021) 

71% - 

Anwar, Bajwa, Choudhary, and Ramzan 
(2018) (Anwar, Bajwa, Choudhary, & 
Ramzan, 2018) 

92% - 

Topics Accuracy 

Topic 1 0.9006 

Topic 2 0.95 

Topic 3 0.9705 

Topic 4 0.9783 

Topic 5 0.9833 

Topic 6 0.9876 

Topic 7 0.9807 

Topic 8 0.9925 

Topic 9 0.9956 

Topic 10 0.997 

ULSI model results 

F1 score 98% 
Coherence value 37% 
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