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 The large and diverse quantity of scientific documents in the world, and 

specifically in Indonesia, makes the process of processing scientific 

document data an interesting study. One that represents the entire scientific 
document is through abstracts. The approach that can be done for the process 

of processing and grouping documents is to apply clustering. In this case, 

text-based clustering is currently heavily influenced by the feature 
representation of the text data used. Some popular representations of features 

are term frequency-inverse document frequency (TF-IDF) and count 

vectorizer, but they still have significant weaknesses in the context of 

understanding the meaning of natural language. To cover the drawbacks, it 
can use transformers or embedding types. In this study, several test scenarios 

will be carried out to obtain information and an overview of how to compare 

the effectiveness of the traditional TF-IDF model and the bidirectional 
encoder representations from transformers (BERT) and sentence 

bidirectional encoder representations from transformers (SBERT) 

embedding models in Indonesian-language scientific abstract clustering with 
several clustering models, such as k-means and agglomerative. The results of 

the study showed that the most effective clustering obtained was by using an 

embedding model of a combination of BERT and k-means, which was the 

most consistent with the most optimal number of clusters being 2 clusters. 
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1. INTRODUCTION 

Scientific documents today have a large and diverse quantity, and the ease of access to scientific 

documents has also become easier because many technologies can help to gain access, and make a scientific 

document more accessible. This is shown by a significant increase in the number of scientific publications. 

Indonesia itself in 2024 will be ranked 19th in the world and 5th in the Asian region with a total of  

58,224 indexed scientific documents. This condition shows that national research and publication activities 

continue to grow rapidly, in line with the ease of access to information and the implementation of open 

publication policies. However, the massive increase in the volume of scientific data also poses new 

challenges in the process of information management and analysis, especially in the grouping or clustering of 

documents based on similarity in content and context, based on natural language processing [1], [2]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The quality of the clustering results is highly dependent on the text representation technique used. 

Classic approaches like a count vectorizer [3]–[6] and term frequency-inverse document frequency (TF-IDF) 

[7]–[12] have long been utilized to extract word features, each with its advantages and limitations [13]–[16]. 

Although effective in modeling word frequency, the method is less able to understand semantic meaning in 

depth. These limitations can now be overcome with a transformer-based approach [17]–[19], which is able to 

represent the contextual relationship between words in two directions. This capability makes embedding 

transformers such as bidirectional encoder representations from transformers (BERT) superior in complex 

text clustering processes, including scientific documents [11], [12], compared with the traditional text 

representation, even when combined with image processing inputs [20], [21]. 

Various previous studies have shown various approaches to document clustering, starting from data 

mining methods [22], optimization meta-heuristics [23], autoencoder [24], to deep multi-label frameworks 

such as deep extreme multi-label learning (DeepXML) [25]. The application of the BERT model to 

algorithms such as k-means, Fuzzy-C-Means, and hierarchical clustering in general results in improved 

performance over TF-IDF [26], [27]. Some advanced model developments, such as WEClustering++ [28] 

and ClusTop [29], as well as the use of embedding from large language models such as GPT-3.5 and 

sentence bidirectional encoder representations from transformers (SBERT), also showed increased accuracy 

in document grouping. 

In determining the number of clusters that are most suitable, a number of evaluation metrics such as 

the silhouette score [30] and Davies-Bouldin index [31] are often applied to measure the quality of separation 

between clusters. Some studies use a combination of methods, such as gap statistics [32] or the elbow 

method, to strengthen the results of determining optimal k values. Meanwhile, classic models such as  

TF-IDF and latent Dirichlet allocation (LDA) remain used as benchmarks to assess the extent to which 

transformer-based approaches can improve clustering outcomes [33]–[36]. 

In general, various studies have shown that transformer embedding-based representations are able to 

provide better results than traditional approaches. However, similar research with a focus on Indonesian 

scientific documents is still limited, although the number of publications continues to increase. Therefore, 

this study will compare the effectiveness of TF-IDF, count vectorizer, and BERT or SBERT in the grouping 

of Indonesian scientific abstracts. The results of this research are expected to be a foothold for the 

development of systems such as academic search engines, thematic mapping, automatic literature review, and 

research dashboards in the future. 

 

 

2. METHOD 

This research is carried out through several stages. These stages are arranged in a structured way, 

starting from problem formulation to drawing conclusions. The research flow is visualized in Figure 1.  

 

 

 
 

Figure 1. Research stage 



                ISSN: 2252-8814 

Int J Adv Appl Sci, Vol. 15, No. 2, June 2026: 532-540 

534 

The details of the implementation of the research are as follows: 

i) Problem identification: the first step of the research is to recognize the problems behind this study. The 

increasing number of scientific publications demands an automated mechanism to group abstracts to 

make them easier to search.  

ii) Study literature: the next stage is to review previous studies relevant to this theme. The focus of the 

study is directed towards text representation approaches such as TF-IDF, BERT, and SBERT, as well as 

unlabeled grouping techniques such as k-means and agglomerative clustering.  

iii) Data collection and preparation: the research data is in the form of a collection of scientific abstracts 

obtained from digital publication bases. All text is then processed first so that it has a uniform format. 

iv) Text embedding: in order for the algorithm to be processed, the text is converted into a numeric vector 

through two approaches. In the traditional method, TF-IDF is used, which calculates the weight of 

words based on the frequency of their appearance in documents.  

v) Clustering application: after the text is represented into vectors, the grouping process is carried out 

using two unsupervised algorithms.  

vi) Evaluation: the quality of the clusters was analyzed using two main measures, namely the silhouette 

score and the Davies–Bouldin index. Silhouette score is used to assess the proximity of a document to 

its cluster compared to other clusters.  

vii) Conclusion: the final stage is to present the results of the cluster visualization of the various 

configurations and compare the performance of each method.  

 

 

3. RESULTS AND DISCUSSION 

3.1.  Raw data 

The data used in this study are abstract data from scientific research documents. The amount of data 

is as many as 1,000 abstract data points. This abstract data is obtained from the data repository of abstract 

student thesis data at the university by taking special specifications at the Faculty of Computer Science. The  

pre-processing stages are divided into 2 parts, according to the needs of each type of approach. The 

traditional approach requires several steps and stages that are more detailed and in-depth, while using the 

embedding approach, it only uses case folding and light cleaning without stemming, because embedding 

requires completeness and completeness of sentences to get the context as a whole. In the traditional model, 

the case folding process is by converting text to lowercase. The next process is cleaning for punctuation, as 

well as the tokenization process. Stopword removal removes meaningless words and continues the stemming 

or lemmatization process for a return to the root word. Embedding is divided into 2 stages, namely, 

tokenization, which is carried out by the BERT or SRERT tokenizer. Although the process remains the same, 

only the process is directly performed by the BERT or SRERT model. Stage 2 with WordPiece tokenization. 

Further tokenization uses the BERT vocab by referring to about 30,000 subwords. If the word is not present 

in the vocab, it is broken down into subword pieces with the ## prefix.  

 

3.2.  Embedding pipelines and clustering configurations 

Abstract data must go through the pre-processing stages described earlier. In the traditional 

approach, it is quite long from the tokenization stage, the removal of stopwords, and stemming before the 

process continues on document clustering. Meanwhile, on the stage with a transformer-based embedding 

model, after tokenization, the next step is a lighter pre-processing with lowercase normalization and character 

removal stages by applying WordPiece. The result will be formed from the output of the last hidden state 

with mean pooling, which then needs to be normalized with L2. 

 

3.3.  Cluster visualization 

The clustering results obtained with agglomerative clustering show that the document on the left 

side forms a small cluster and is low in spacing. This shows high uniformity. Overall, this salt shows that the 

dataset can be grouped into several main groups. This division is quite clear, showing that there are 

differences in clusters. The results of the dendrogram are shown in Figure 2. 

In addition to going through the dendrogram, another graph is a keyword heatmap. From the 

keyword cluster heatmap, it is shown that several keywords for each cluster, based on the TF-IDF mapping, 

show the distribution of words in the abstract document on the left. The color on the heatmap also shows the 

frequency of words in the dataset; the darker the color, the more dominant the word that appears in the 

grouping of abstract documents. This word refers to the Indonesian word that appears on student abstract 

documents, such as servers and websites that appear quite often. This heatmap is expected to be able to 

provide an overview of the thematic understanding of each keyword distribution in clustering, details  

on Figure 3. 
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In addition to going through the dendrogram, another graph is a keyword heatmap. From the 

keyword cluster heatmap, it is shown that several keywords for each cluster, based on the TF-IDF mapping, 

show the distribution of words in the abstract document on the left. The color on the heatmap also shows the 

frequency of words in the dataset. The darker the color, the more dominant the word that appears in the 

grouping of abstract documents. This word refers to the Indonesian word that appears on student abstract 

documents, such as servers and websites that appear quite often. This heatmap is expected to be able to 

provide an overview of the thematic understanding of each keyword distribution in clustering. This 

separation is based on the semantic relationship between words [37], not only based on the frequency of 

occurrence [38]. 
 

 

 
 

Figure 2. Dendrogram clustering 
 
 

 
 

Figure 3. Heatmap keyword 
 
 

3.4.  Test scenarios  

The clustering models that will be used are k-means and agglomerative by applying the BERT and 

SBERT embedding models, as well as a traditional TF-IDF model. Results will be presented based on 

scenarios with the determination of the number of clusters, starting from 2 to 6, to find the optimal cluster. 

Refers to the test results in both scenarios for traditional models and embedding models with 2 clustering 

algorithms. So, the most optimal value obtained is to use BERT and k-means with a number of clusters of 2. 

This is shown by the silhouette score value of 0.2592 being the highest, and the Davies-Bouldin index  

value of 2.5416, with a fairly low value or an optimal value. This states that BERT is able to capture  

semantic relationships between sentences better [39]. The results of the visualization of the comparison of 

these two models are shown in Figure 4, where Figure 4(a) shows the silhouette and Figure 4(b) shows the 

Davies–Bouldin index. 
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(a) (b) 

 

Figure 4. Comparison model of (a) silhouette score and (b) Davies–Bouldin index score 

 

 

As for the overall scenario without categorization, it is shown in Figure 5. Figure 5 shows the result 

of the silhouette score, while Figure 6 explains the Davies-Bouldin index score. These two metrics need to be 

interpreted in more depth. 

 

 

 
 

Figure 5. All scenario silhouette score 

 

 

 
 

Figure 6. All scenario Davies-Bouldin index score 
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The optimal number of clusters is in the 2nd cluster. More numbers lower the quality of the cluster. 

The most optimal representation model is the embedding model with BERT as the text representation for 

scientific abstract clustering, combined with k-means, which is overall more stable than agglomerative in 

combination with BERT embedding. The SBERT embedding model needs fine-tuning if it is to be used in 

the domain of scientific publications (especially in Indonesian or multidisciplinary) [40]. The traditional  

TF-IDF model is not recommended for text representation in contextual clustering, such as scientific journal 

abstracts [41]. The model also shows that semantic clustering is not only technically useful but can also have 

a practical impact. The practical impact is to be able to support research discovery, thematic mapping, and a 

more efficient literature synthesis process.  

This potential can be explored further in a digital library or in a research dashboard. This is expected 

to be able to be developed in multiple languages and integrated with various other data sources. The results 

of this study show that semantic grouping is not only technically beneficial for improving cluster quality but 

also has a significant practical impact. The clusters formed can support research discovery, thematic 

mapping, and more efficient automated literature synthesis. With the potential for integration into digital 

libraries, citation networks, or research dashboards, this approach contributes to accelerating access to and 

understanding of scientific literature. Going forward, research directions can be developed through 

multilingual grouping, dynamic topic evolution tracking, and integration with citation-based metrics to enrich 

analysis and expand the scope of applications. 

 

 

4. CONCLUSION  

The results showed that the most optimal model was the embedding model with the best results in 

BERT and k-means, with the most optimal number of clusters in cluster 2. This result was strengthened by 

the results of the largest silhouette score and the smallest Davies-Bouldin index value. These findings state 

that transformer representations can produce optimal clusters and can be used to support future research on 

topic mapping. 
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