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1.0 INTRODUCTION 
The technique of converting unstructured material into a structured format is known as text mining, 

also known as data mining for text, and it is utilised to find significant patterns and fresh perspectives. 
Companies are able to investigate and find by utilising cutting-edge such as Support Vector Machines 
(SVM), Naive Bayes, and other deep learning algorithms are examples of analytical methods, they may 
uncover hidden correlations within their unstructured data. Although in everyday speech the phrases 
generally speaking, text mining and text analytics can also indicate different things. Text mining and text 
analysis use a combination to discover textual patterns and trends in unstructured data using machine 
learning, statistics, and linguistics. By organising the data via means of text analysis and mining, text 
analytics may be used to discover quantitative insights. Afterwards, you may use data visualization tools 
to share your results with more people .In the process of pre-training deep bidirectional representations 
from unstructured texts, each left and right meaning are supposed to be synchronously conditional. 
Adding only one more output layer, for a variety of NLP applications, the pre-trained BERT model may 
be enhanced to provide cutting-edge models. [17] BERT succeeds in this from before the phase, which 
accounts for 50% of its success. This is due to the fact that a model learns to understand the text more 
thoroughly and accurately while being trained on a large corpus. This information is like a Swiss army 
knife that can be applied to practically any NLP assignment.

On the contrary, N-grams are a text’s repeated word, symbol, or character sequences. Technically, 
they may be referred to as the neighbouring groups of objects in a document. These were important 
when text data is processed using natural language. At the same time in machine learning, we typically 
group instances as a first step in understanding a subject (data set) in a machine learning system. The 
process of gathering unlabelled samples is called clustering. Machine learning without supervision is 
used for clustering since the examples are unlabelled. Labelling the instances makes clustering become 
categorization. See Introduction to Machine Learning Problem Framing for a more in-depth explanation of 
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supervised vs unsupervised approaches. Topic Modelling is a technique used by genetic search engines 
to gather and deliver pertinent content in response to user queries. The methods used to organize and 
portray information are more important than the Topic Modelling application, despite the fact that it appears 
straightforward.

A common method for locating underlying themes in a group of texts is topic modelling, which is as 
a tool for natural language processing and machine learning. Most of the top subject modelling ideas are 
shown below: Latent Dirichlet Allocation (LDA): The foundation of this well-known generative probabilistic 
model is the notion that each text is made up of a variety of themes, and that each theme is a word-by-
word probability distribution. By applying the non-negative matrix factorization (NMF) method, a matrix is 
split into two non-negative matrices. Each document is represented by NMF as a linear combination of 
topic vectors for topic modelling. Hierarchical Dirichlet Process (HDP): This is a Bayesian non-parametric 
technique that models each document as a combination of an unlimited number of themes. HDP can 
determine the underlying structure of subjects and subtopics in a collection of texts. Correlated Topic 
Model (CTM): This is a continuation of LDA that models the correlation between topics. CTM implies 
that topics are created by a multivariate Gaussian distribution, which allows for the modelling of topic 
correlation. Probabilistic Latent Semantic Analysis (PLSA): This is a model that generates ideas where 
each subject is assumed to be a probability distribution over words and each text to be a mixture of themes. 
PLSA is similar to LDA, except it does not make the assumption of a Dirichlet prior on the topic distribution. 
Natural language processing tasks have been taught to the Transformers BERT - Bidirectional Encoder 
Representations deep learning model including interpreting language and responding to questions. BERT 
[21,24,25], on the other hand, may be utilized for topic modelling by employing the idea of fine-tuning.

Although prominent topic modelling approaches Latent Dirichlet Allocation (LDA) and Latent 
Semantic Analysis (LSA) have inherent limitations. The sensitivity of LDA to the number of subjects 
(K) parameter is one of its drawbacks. Finding the right value for K might be difficult. The model could 
oversimplify and combine different themes into one if K is set too low. However, if K is set too high, the 
model could become very complex and produce erroneous subjects. Additionally, LDA bases its analysis 
on the assumption that each document contains a variety of themes, which may not necessarily be the 
case for every dataset, yielding less precise findings. LSA, however, has drawbacks since it relies heavily 
on linear algebra and the singular value decomposition (SVD) method. Due to processing limitations, 
managing very big datasets is frequently difficult. Additionally, word order is not taken into account by 
LSA, which might cause context and subtlety to be lost in the text. It considers each word separately, 
which is a simplification that could not accurately reflect the nuances of genuine language.

Both LDA and LSA have the “bag of words” issue, where they fail to take into account the texts’ 
structural and sequential information. It may be difficult to simulate subjects that depend on word choice 
or context because of this restriction. Both approaches may also have trouble with polysemous words 
(words with numerous meanings) and may not be able to clearly separate out various uses of the same 
term.

In comparison to conventional topic modelling methods like Latent Dirichlet Allocation (LDA) and 
Latent Semantic Analysis (LSA), using the Hierarchical Dirichlet Process (HDP) in conjunction with BERT 
(Bidirectional Encoder Representations from Transformers) has a number of benefits. First off, HDP with 
BERT offers greater topical freedom when modelling. In contrast to LDA and LSA, which demand that the 
number of topics be pre-specified, HDP enables an infinite number of topics to arise from the data. When 
working with huge, diversified datasets where the number of underlying themes is unknown or expected to 
fluctuate over time, this flexibility is very helpful. It guarantees that a wide range of complex and changing 
themes in the text may be captured by the model.

Second, the integration of HDP and BERT benefits from the contextualised word embedding of 
BERT. As opposed to the conventional bag-of-words method employed by LDA and LSA, BERT captures 
complex semantic links between words by taking into account their context in a phrase. As a result, topic 
modelling findings are more precise and contextually sensitive, enabling the model to distinguish minute 
variations in context and meaning across words and sentences. Additionally, HDP with BERT is ideally 
suited for addressing polysemy and homonymy, problems that LDA and LSA struggle with. The model can 
distinguish between words with different meanings based on their context in a document thanks to the 
contextual embedding in BERT, which leads to a more accurate representation of subjects.

2.0 RELATED WORK 

A semantic content analysis topic modelling objective was achieved in [1] by utilising the N-gram 
model and the Latent Dirichlet Allocation (LDA) topic modelling approach on 3562 peer-reviewed scientific 
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publications Since the commencement of the COVID-19 outbreak, there have been several publications. 
The study’s findings are expected to be useful for researchers and future research. Similarly, other studies 
[2], they introduce a topic-based adversarial learning model for finding videos with bogus news. However, 
it would be ineffective to use traditional topic models directly to such brief texts. [3] The main reasons why 
the current research there is a paucity of such work for Urdu text and discovered niche themes even using 
conventional topic models are a lack of benchmark datasets, due to time and computational constraints, 
a lack of benchmark datasets, a lack of pre-processing tools and methods, and limitations on large-scale 
datasets. The NMF, PLSA, LSA, and LDA topic modelling techniques were tested on 0.8 million Urdu 
tweets in this study. To prevent the dataset from being overly focused on a specific topic, a collection of 
tweets was obtained using the Twitter API, utilizing a variety of hashtags as search queries. Additionally, 
the dataset was subjected to three distinct variations, underwent text pre-processing to standardize the 
tweet content, and underwent a process to represent the tweets as documents using various n-grams. 
They have also shown how these methods work using visualisation techniques, graphs showing the 
number of tweets per subject, word clouds, and hashtag analysis, which provide information about how 
well the algorithms perform on certain themes.

NMF fared better utilising the TF-IDF feature set while integrating short-text method into large 
pseudo documents. According to the results, NMF performed better when employing LDA performed 
better while analysing TF-IDF feature vectors in the text of Urdu tweets when short-text method and long 
pseudo documents were combined. [4] This study revisits LDA-style methods and uses a theoretical 
framework to examine how word co-occurrence and topic models relate to one another and their 
investigation demonstrates that topic discovery may be improved by changing the word co-occurrences 
within the corpus. As a result, they suggest a cutting-edge data modification technique called DATM to 
enhance topic discovery inside a corpus. In [5,6] The review text that crowdsourcing participants get from 
employers contains vital knowledge, views, and preferences that can be used by both parties to enhance 
the level and quality of their services. According to experimental findings, adding the classifier now has 
LDA topic model characteristics and finds it is difficult to differentiate the sentiment categories of multiple 
emotion polarity terms that coexist in text, but review text may effectively handle this issue and improve 
the performance of emotion border fuzzy text categorization. With an accuracy of 0.881, the GBDT text 
sentiment classifier performs the best in terms of classification; the F1-measures of the samples from 
the second, third, fourth, and fifth categories are, correspondingly., 0.462, 0.571, 0.278, and 0.647. It 
also has applications in the field of The results of using this general method in the field of information 
security provide evidence for its viability.[7] The collection of substantial text data regarding the Anti-ELAB 
Movement from a well-known forum in Hong Kong is used to construct a complex BERT-LDA hybrid model 
for large-scale network public opinion analysis. They also look at the emotional makeup and development 
of public opinion in connection to the “text topic,” as well as the characteristics and positions of opinion 
leaders during Anti-ELAB public opinion campaigns. [8] TECM-JD which is The topic-extended emotional 
conversation generation model based on joint decoding is proposed in this study. The experiment’s 
findings demonstrate that the suggested model generates richer emotional content that is relevant to 
the subject and functions effectively and outperforming traditional conversation models. However, while 
creating dialogue, we frequently overlook the importance of the subject and context information. As a 
result, the produced replies are usually devoid of context or result in wide responses due to a lack of topic 
knowledge. In this study, [9], the authors look at how multi-turn conversations grow using a large corpus, 
and they make use of the discussion’s subject and context information throughout the dialogue generation 
process to provide more persuasive, context-sensitive responses. By employing this approach, the model 
can ingest more contextual information, enhancing its ability to generate high-quality responses that are 
contextually relevant. Consequently, even in the case of languages with abundant resources, uncovering 
meaningful latent topics from online chat texts can be challenging, particularly when dealing with low word 
co-occurrence patterns and limited access to extensive social media benchmark datasets. The absence 
of such benchmark datasets, coupled with a scarcity of pre-processing tools/algorithms, constraints in 
terms of time and computational resources when dealing with large datasets, and the overall scarcity of 
benchmark datasets, collectively contribute to the existing research gap. This gap exists in the context 
of Urdu text analysis, where discovering specialized topics remains a challenge, even when employing 
traditional topic modelling techniques. Additionally, they have shown the effectiveness of these strategies 
using visualisation techniques, graphs showing the number of tweets per subject, word clouds, and 
hashtag analysis, providing information on how well the algorithms perform on selected themes.

https://crossmark.crossref.org/dialog/?doi=10.58898/sij.v2i2.01-13&domain=pdf 


www.socialinformaticsjournal.com
4

Kavitha et al. (2023). Text mining: Clustering using bert and probabilistic topic modeling, Social informatics journal, 
2(2), 1-13.

3.0 PROPOSED METHOD

In below figure 4 it is represented that how the overall the proposed system works, where the 
dataset CORD 19 is provided as  an algorithm input in which the provided dataset is pre-processed and 
data cleaning takes place and further the required data is extracted and BERT features are applied along 
with the k-means clustering.

Figure 1. System Architecture of HDP_BERT

3.1 Data Collection

Data collection is the act of obtaining and examining precise data from a variety of sources to 
identify solutions to study issues, trends, probabilities, etc., and to assess potential consequences. The 
dataset CORD 19, which is used in this work, was used to gather the data. More than a million research 
articles regarding COVID-19, SARS-CoV-2, and similar coronaviruses, with over 400,000 of them being 
full-text. may be found in the CORD-19 database. The research community as a whole may use this 
openly available data to offer new insights that will help in the ongoing fight against this infectious sickness 
with the aid of recent advancements in NLP and other AI Methods. The medical research community is 
struggling to keep up with the tremendous acceleration of new coronavirus literature, which has increased 
the necessity for these techniques. After collecting the relevant dataset (CORD 19) the required set was 
journal papers should be extracted, so we give a condition that the papers should be visible only after Jan 
2020 and proceed by extracting the abstract of all this papers only with a condition of set of papers with 
indexing of each of them in order for easy recognition of each paper by using index.

3.2 Data Pre-Processing

Data preparation is a crucial step in the data mining process. It explains the steps involved in 
cleaning, transforming, and combining data in order to prepare it for analysis. Data preprocessing is done 
to raise the standard and applicability of the data for the specific data mining activity. In our proposal 
first the sentence level pre –process takes place where The way the sentences are put together The 
grammatical rules of the language are primarily what control NLP. We speak of phrase structure grammar 
when referring to sentence building. A few examples of phase structure grammar are Grammars with 
generalized phrase structure, lexical functional grammar, phrase structure driven by the head, etc. The 
construction of these grammars consists mostly of several feature structures, which are nothing more 
than a collection of attribute-value pairs. Further added to it the Normalization takes place for the following 
like Missing delimiters, lower cases, letter repetition, non-word repetition and etc. Language detection 
takes place where for our model we have given English, French, Spanish and Chinese. After Sentence 
level pre-process the word pre-process takes place where the filtering of Punctuations and numbers takes 
place and selecting nouns, typo correction and filtering of Stop words list is done. 

An examination of the content was carried out utilizing a word-level N-gram model to reveal the 
distinct semantic structures and terminology commonly utilized in the corpus. The N-gram model classifies 
linguistic units into the following categories: unigrams representing individual words, bigrams representing 
pairs of two words, trigrams representing groups of three words, and so forth. This analysis entailed the 
measurement of the frequency of occurrence of unigrams, bigrams, and trigrams within the corpus. This 
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approach aimed to identify and quantify domain-specific language structures and terminology commonly 
used in the dataset. It was possible to identify the corpus’s key semantic structures and terminologies.

3.3 Auto Encoder

•	 Probabilistic topic assignment vector using LDA.
•	 Bert for the vector of a sentence.
A weight hyper parameter was used to concatenate the LDA and Bert vectors [15] in order to balance 

the relative weights of the data from each source. A lower dimensional latent space representation of the 
concatenated vector was learned using an auto encoder. The concatenate vector is assumed to have 
a manifold space in the high-dimensional space. Used clustering to identify themes using latent space 
representations. Architecture of the auto encoder for learning latent space representation is condensed 
to only one hidden layer.

3.4 Fitting The Models with BERT

In our proposal we are implementing 3 types of existing models along with a newly proposed model 
namely:

•	 LDA-BERT
•	 LSA-BERT
•	 HDP-BERT (Proposed model)

Basically in this module the different types of models are combined with BERT concept and the 
coherence Score is calculated for each model and compared among them. To find ‘’themes,’’ or latent 
semantic patterns in a body of text, An approach to machine learning is topic modeling which is frequently 
used in NLP and text mining. Topic modeling has a foundation in probabilistic methods and statistical 
algorithms. For semantic content analysis, the probabilistic and generative LDA (Latent Dirichlet Allocation) 
algorithm, which employs a methodical approach, is a useful subject in modeling methodology. Similar 
way LSA is Latent Semantic Analysis (LSA) can play a part in this situation. In order to identify the hidden 
or latent concepts, also known as themes, LSA seeks to take use of the context around the words. So it 
won’t be very beneficial for us if we just map the words to documents. The underlying ideas or subjects that 
lie beneath the words are what we truly need to find. And A Potent in the realm of unsupervised analysis 
for clustered data, the hierarchical Dirichlet process (HDP) stands as a mixed-membership model. Unlike 
its finite counterpart, latent Dirichlet allocation, the HDP topic model deduces the number of topics directly 
from the data, rather than relying on a predefined number of topics. In this module the vectorization and 
tokenization of the words takes place based on the different working model of the different models of topic 
modeling. The BERT is used for embedding in this process.

3.5 Clustering using K-Means

The unsupervised learning algorithm, K-Means, partitions an unlabeled dataset into distinct 
categories using clustering techniques. K-Means requires a predetermined number, K, of clusters to be 
established during the process. For instance, if K=2, the data is divided into two clusters; if K=3, three 
clusters are created, and so on. This centroid-based method assigns a centroid to each cluster and 
aims to minimize the distances between data points and their associated clusters. Initially, the algorithm 
separates the unlabeled input dataset into K clusters, iterating until no more clusters can be formed. In our 
model, we applied this clustering approach to all four models, represented the results using word clouds, 
and calculated the silhouette score for each method, facilitating a comparison of their effectiveness.

3.6 Proposed Algorithm HDP - BERT

Step 1: Dataset Preparation
# Download and preprocess the CORD-19 dataset
# Assume you have a list of preprocessed documents: pre-processed_docs

Step 2: Tokenization and Encoding
# Use BERT tokenizer to tokenize the preprocessed text into sub word tokens
# Convert tokens into BERT input features
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Step 3: BERT Encoding
# Encode input features using a pre-trained BERT model
# Extract contextualized word embedding or sentence embedding

Step 4: HDP Topic Modeling
# Apply HDP on the BERT embedding

Step 5: K-means Clustering
# Apply K-means clustering on the HDP representation
# Determine the optimal number of clusters using techniques like the elbow method or silhouette 

score

Step 6: Silhouette Score Calculation
# Calculate the Silhouette score to evaluate the clustering performance

Step 7: Coherence Score Calculation
# Calculate the coherence score to evaluate the topic model quality
The preparation and BERT encoding [12,27,23] of the dataset are described in stages 1 and 2 of 

the aforementioned algorithm. In step three, contextualized word embedding or sentence embedding are 
obtained once the input features are encoded using BERT. The BERT embedding are subjected to HDP 
topic modelling in step four. The HDP representation is clustered in Step 5 using K-means clustering. In 
steps 6 and 7, the performance of the clustering is assessed using the Silhouette score, and the topic 
model’s quality is assessed using the coherence score.

4.0 PERFORMANCE ANALYSIS

4.1 Descriptive Analysis

To gain an understanding of the descriptive analysis, a total of 51078 articles were analysed, with 
the count reduced to 5330 after applying the condition that the articles needed are for after January 1, 
2020, and the count further reduced to 3947 of the articles and their abstracts are displayed with index to 
make it easy to identify the abstract of each article. And their output with abstract is included in Table 1.

Table 1. Abstract extraction of the articles which were published after JAN 1 2020 from CORD 19 
dataset, top 15 papers were displayed with index.

As seen in table 1 it is clear with the output of Index assigned for each paper which as abstract and 
the papers are of after 1 JAN 2020. The index assigned for each paper is unique and Top 15 papers are 
displayed.
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4.2 Coherence Score

In this section the Coherence Score calculated for all 4 models is discussed and compared among 
them in order to know which model is best in coherence score. By calculating the level of semantic 
resemblance between the subject’s top phrases and the subject A single subject is evaluated for 
coherence. These metrics help distinguish between topics that are artefacts of statistical inference and 
problems that may be interpreted semantically. The coherence score in topic modeling [10] may be used 
to gauge how comprehensible the subjects are to people. Topics are shown below as the top N words that 
are most likely to fall under a particular category. The overall similarity of these words to one another is 
measured by the coherence score. The more the coherence score the best the model is. In this section 
we will calculate 4 types of model coherence score namely,

•	 LDA-BERT
•	 LSA-BERT
•	 HDP
•	 HDP-BERT
Let:
“D” represents the total number of documents in the corpus.
“C (A, B)” represent the co-occurrence count of words A and B in the corpus.
“C(A)” represent the occurrence count of word A in the corpus.
Then, the U-Mass coherence score formula using alphabet letters can be written as:

U_mass = Σ (log ((C (A, B) + 1) / C(A)))

This formula calculates the U-Mass coherence score for a set of word pairs within a topic. You 
would calculate the coherence score (log ((C (A, B) + 1) / C(A))) for all word pairs in the topic and then 
sum up these values to obtain the coherence score for that topic

The above is the formula used to calculate coherence Score in HDP BERT.

Figure 2. Comparison of 4 models with respect to Coherence Score

In figure 2 all the 3 existing model (LDA with BERT, LSA with BERT and HDP) is compared with 
the proposed model HDP BERT. From above figure it is clear that the HDP_BERT occupies first position 
with the coherence score of 0.48, next LDA with BERT 0.42, next HDP with 0.38 score and at the end it 
is LSA BERT of 0.36.

Table 2. Tabular comparison of all 4 models with respect to Coherence Score
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4.3 Silhouette Score

A statistic used to assess the effectiveness of the clustering process is the silhouette score. A 
The compactness of each cluster (intra cluster distance) and the distance between clusters (inter cluster 
distance) are used to compute the overall representative score of the efficacy of our clustering approach. 
The value of the silhouette coefficient is between [-1, 1]. The best score is 1, which shows that the data 
point i is far from other clusters and is very compact inside the cluster to which it belongs. -1 is the poorest 
possible value. Through our observation it is was analyzed the following reading of Silhouette score for all 
4 models. Below is the formula used to calculate the Silhouette Score.

Let:
“a_i” be denoted as “a of i”
“b_i” be denoted as “b of i”
“N” represents the total number of data points (samples)
“N_s” represent the number of data points in cluster “s”
“s(i)” represent the silhouette score for data point “i”
Then, the Silhouette Score formula with the new variable names can be written as:
s(i) = max (a of i, b of i) / max (b of i, a of i)
Silhouette Score = (1 / N) * Σ (N_s * s(i)) for i = 1 to N

Table 3. Tabular comparison of all 4 models with respect to Silhouette score

In above mentioned Table 3 it is clear that for LDA BERT the score is more compared to the score 
of HDP BERT but they are almost same only in few point values they vary therefore we can come to an 
conclusion that these two methods are best in clustering whereas apart from these two methods there are 
other 2 methods namely LSA BERT and Normal HDP. For both of these methods the LSA BERT has the 
score of 0 which is the worst case in Silhouette score whereas it was not able to perform the clustering 
operation because the clustering operation can be done only by combining BERT concept to the model 
then only regression takes place.

4.4 Clustering and Word Cloud

Unsupervised learning is a technique. In machine learning or data science, clustering issues are 
addressed with K-Means Clustering. The K-means clustering technique is described in this chapter, along 
with instructions on how to use Python to carry it out [11]. Without the need for any training, it provides 
a useful method for automatically categorizing the groups in the unlabeled dataset. It may also be used 
to group the data into several clusters. This centroid-based method connects each cluster to a centroid. 
Reducing the overall distances between the data points and the clusters they are a part of is the main 
objective of this strategy. The program initially takes as input an unlabeled dataset and divides it into k 
clusters. The program then keeps doing this until there are no more clusters available for use. In this 
procedure, the value of k must be preset. This group of words is shown in various sizes and is also known 
as a word cloud. The more frequently and critically a phrase was used, the larger and bolder it will appear 
in the document. These techniques, sometimes known as tag clouds or text clouds, are effective for 
extracting the most significant parts of textual information, including blog posts and databases. They can 
also help business users find phrase overlaps by comparing and contrasting two separate documents.

Figure 3. Clustering of LDA BERT using K-means
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In figure 3 it is shown the clustering of LDA BERT using K-means. Here the clustering is given as 10 
count therefore the number of cluster in above figure is 10 from 0 to 9. Each cluster carries unique colors 
and this colors are actually used in the topic word representation in word cloud. It is displayed like the 
cluster 0 is in color of light blue with 21.02% of topic mining, followed by cluster 1 with 6.88% of orange 
color similarly different clusters are of different colors.

Figure 4. Word cloud representation of LDA BERT

From above figure 4 it is represented the word cloud look of the clustering using K-means done on 
the LDA _BERT model. Actually the number of clustering done on the model is 10 but for a sample only 2 
clustering is shown. The words like ‘case’, ‘patient’, ‘china’ ‘diseas’, ‘pneumonia’ and ‘infect’ are the most 
repeated words or topics from the cluster 0, whereas the words which are small are the words which are 
repeated for less count example ‘death’, ’health’, ‘moral’, ‘number’ and etc. From the cluster 1 also we can 
find the same concept and pattern.

Figure 5. Clustering of HDP BERT using K-means

In figure 5 it is shown the clustering of HDP BERT using K-means. Here the clustering is given as 
10 count therefore the number of cluster in above figure is 50 from 0 to 49. Each cluster carries unique 
colors and this colors are actually used in the topic word representation in word cloud. It is displayed like 
the cluster 0 is in color of light blue with 0.40 % of topic mining, followed by cluster 1 with 5.53% of orange 
color similarly different clusters are of different colors. Compare to LDA_BERT the clusters are more 
scattered because in this model the number of cluster count is given is more because with more iteration 
and number of cluster more also the coherence score is high this shows that HDP_BERT model is best.

Figure 6. Word cloud representation of HDP BERT
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From above figure 6 it is represented the word cloud look of the clustering using K-means done 
on the HDP _BERT model. Actually the number of clustering done on the model is 50 but for a sample 
only 2 clustering is shown. The words like ‘measure’, ‘depart’, ‘countri’, ‘challenge’ and etc. are the most 
repeated words or topics from the cluster 0, whereas the words which are small are the words which are 
repeated for less count example ‘outcome’, ‘patient’, ‘learn’, ‘cancer’ and etc. From the cluster 1 also we 
can find the same concept and pattern.

4.5 N-Grams

A text document that has n consecutive objects, including words, numbers, symbols, and 
punctuation, is known as an n-gram [14,16,18]. In many text analytics applications where word sequences 
are important, such as sentiment analysis, text categorization, and text production, N-gram models are 
helpful. N-grams are ongoing groups of letters, numbers, or other symbols that appear in a document. 
Technically speaking, they are the adjacent groups of items in a document. They are relevant when 
performing NLP (Natural Language Processing) activities on text data. They can be used for a variety of 
things, including text mining, machine translation, spelling correction, semantic characteristics, language 
models, and semantic features. If only one word if we want it is called unigram, when it is 2 words it is bi 
gram, and for 3 words it is trigram.

Table 4: unigram(left), bigram(center), trigram(right)

In table 4 it is represented the unigram, bigram and trigram result after applying the n-gram features 
to dataset (CORD 19) [1]. It is clear from the above figure that unigram consists of only 1-word example 
‘Airborne’, ‘rhinovirus, detection’ and etc. whereas in Bi-gram the number of words is of count 2 example 
‘Airborne and Rhinovirus’ are taken or read together followed by in Tri-gram the count of words is of 3 
words and here the number of words are read together is 3 example ‘Airborne, rhinovirus, detection’ is 
read together.

5.0 RESULT AND DISCUSSION

This paper aimed and proposed the best topic modelling method called HDP-BERT with respect to 
the coherence Score of the model. By doing this analysis we can predict the current trends and research 
interests in any particular fields. As in our proposal we used the CORD 19 dataset [1] which is actually 
a dataset. The CORD-19[1] database contains more than a million research publications regarding 
COVID-19, SARS-CoV-2, and similar coronaviruses, including more than 400,000 full-text articles. With 
the help of current developments in natural language processing and other AI approaches, the research 
community at large may use this freely accessible information to provide fresh insights that will aid in the 
ongoing battle against this contagious illness. The medical research community is struggling to keep up 
with the tremendous acceleration of new coronavirus literature, which has increased the necessity for 
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these techniques. After collecting the relevant dataset (CORD 19) the required set was journal papers 
should be extracted, so we give a condition that the papers should be visible only after Jan 2020 and 
proceed by extracting the abstract of all this papers only with a condition of set of papers with indexing of 
each of them in order for easy recognition of each paper by using index.

To gain an understanding of the descriptive analysis, a total of 51078 articles were analysed, with 
the count reduced to 5330 after applying the condition that the articles needed are for after January 1, 
2020, and the count further reduced to 3947 of the articles and their abstracts are displayed with index to 
make it easy to identify the abstract of each article.

The coherence score in topic modelling may be used to gauge how comprehensible the subjects 
are to people. Topics are shown below as the top N words that have the highest likelihood of falling under 
a certain subject. The coherence score evaluates how similar these words are to one another in general. 
The more the coherence score the best the model is. From Table 2 it is clear that the HDP_BERT occupies 
first position with the coherence score of 0.48, next LDA with BERT 0.42, next HDP with 0.38 score and 
at the end it is LSA BERT of 0.36.

The silhouette coefficient’s value ranges from [-1, 1]. The best score is 1, which indicates that 
the data point i is highly compact inside the cluster to which it belongs and is located distant from other 
clusters. A value of -1 is the worst. Through our observation it is was analyzed the following reading of 
Silhouette score for all 4 models. In above mentioned Table 3 it is clear that for LDA BERT the score is 
more compared to the score of HDP BERT but they are almost same only in few point values they vary 
therefore we can come to an conclusion that these two methods are best in clustering whereas apart from 
these two methods there are other 2 methods namely LSA BERT and Normal HDP. For both of these 
methods the LSA BERT has the score of 0 which is the worst case in Silhouette score whereas it was not 
able to perform the clustering operation because the clustering operation can be done only by combining 
BERT concept to the model then only regression takes place.

6.0 CONCLUSION AND FUTURE WORK

The aim of this research was to delineate the research context described by these inquiries. Within 
this study, supported by three fundamental components, the initial step involved conducting descriptive 
analyses to identify the bibliometric attributes of the subject. Following the application of K-means 
clustering, the effectiveness of various approaches was evaluated by computing the Silhouette Score. 
Subsequently, an N-gram analysis was employed to identify the prevalent terms in the context, thus 
defining the distinctive contextual aspects associated with a specific domain. Finally, subject distributions 
of the papers were examined using HDP-BERT-based topic modelling analysis. Because the coherence 
score determines which model is better depending on whether the score is greater than zero, the 
coherence score of our suggested system is high in comparison to other current models. Furthermore, 
by doing more thorough research on certain themes, the study’s findings might inspire in-depth inquiries.
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