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Abstract - In the growing field of Natural Language 
Processing (NLP), efficient summarization of text is required in 
order to reduce vast amounts of information. The present 
study proposes a comparative case study of extractive 
summarization methods through the use of SpaCy, NLTK, 
TextRank, and K-Means clustering on domain specific datasets 
obtained from BBC News and Kaggle article datasets. With the 
same preprocessing and evaluation techniques (BLEU scores), 
the study explores the strength, weakness, and content-domain 
suitability of every algorithm. It is evidenced that SpaCy and 
TextRank perform better in politics and technology topics, yet 
K-Means takes a huge lead for entertainment-based material. 
The study's findings contribute to practical NLP applications 
through algorithm preference based on content 
characteristics. 
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1.INTRODUCTION  

Text summarization remains a critical area of NLP, enabling 
efficient content consumption across domains like 
journalism, academia, and business intelligence. In an era 
where vast textual data is generated daily, effective 
summarization tools reduce reading time while preserving 
key information. Extractive summarization techniques select 
and rank significant sentences, making them particularly 
suitable for applications where factual integrity and context 
retention are critical [1][2]. This paper investigates four 
summarization techniques—SpaCy, NLTK, TextRank, and K-
Means—across categorized datasets. Rather than proposing 
a novel algorithm, the focus is on applying and analyzing 
these techniques in realistic case study settings using widely 
used news corpora. 

2. RELATED WORK 

The research cameras, in general, divide into extractive and 
abstractive summarization paradigms. Extractive methods, 
for instance, TextRank [3] and K-Means [4], select sentences 
deemed representative based on relevance scores or 
clustering mechanisms, respectively. 

 Abstractive summarization, on the other hand, is expected to 
generate new sentences and therefore needs deeper semantic 
understanding [5]. 

 SpaCy and NLTK exist as grundlegende Python libraries for 
NLP. SpaCy supports neural pipeline integrations and 
dependency parsing, while NLTK is versatile for tokenization, 
POS tagging, and scoring sentences [6][7]. Previous works 
have demonstrated the use of SpaCy in conjunction with deep 
learning architectures in summarization problems by Zhang 
et al. [8]. Also, NLTK has been used for extractive 
summarization by Gupta and Kumar [9] with decent results.  

TextRank algorithm works based on centrality measures on a 
graph of sentences, from the point of view of importance [3]. 
It has been shown suitable for news summarization, 
especially for content that has a lot of political or technical 
discourse [10]. K-Means clustering has also become popular 
for grouping sentences on the basis of semantic similarity, 
combined with TF-IDF or with GloVe embeddings [4][11]. 

3. METHODOLOGY 

3.1 Datasets  

Two datasets were considered, both of which are publicly 
downloadable:  

1. BBC News Dataset: 4900+ articles in categories: 
politics, tech, sport, business, and entertainment. 

2. Kaggle English Articles Dataset: 3101 articles across 
similar categories. 

For each dataset, 20 articles from every domain were 
selected so that there is an equally balanced domain 
distribution. To understand the structural variance in these 
datasets, we provide a histogram of average article and 
summary lengths per category (Figure 1). This will offer 
insight into content density and aid in the interpretation of 
model performance in Section 4.  
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Fig -1: Histogram showing the average length of articles 
and their corresponding summaries across categories in 
the dataset. Business and Technology articles tend to be 

longer, a factor taken into account for model performance. 

3.2 Preprocessing 

1) Pre-processing was done in multiple steps on all 
datasets 

2) Converting uppercase characters to lowercase 
and removing punctuations 

3) Tokenization was performed via SpaCy and 
NLTK 

4) Stop-word removal 

5) Lemmatization (NLTK) 

6) Name entity recognition (SpaCy) 

7) Vectorization based on TF-IDF and GloVe 
embeddings (for clustering and similarity 
measurements) 

Figure 2 illustrates token counts both before and after pre-
processing and is a representation of the efficiency of the 
pre-processing and its effects on data efficiency. 

 

Fig -2: Token counts before and after text pre-processing 
compared across all categories. There is a significant 

reduction in token counts following cleaning and stop-
word removal. 

3.3 Algorithms 

SpaCy and NLTK: Implemented with the in-built extractive 
summarizers provided by the libraries.  

Sentence scoring was based on two schemes: TF-IDF and 
word frequency.  

TextRank: One constructed a similarity graph of sentences 
with cosine similarity and ranked them with page rank logic 
[3][10]. 

K-Means: Clustering of sentences was done by using TF-IDF 
vectors. One sentence from each cluster was then chosen 
based on its closeness to that cluster's centroid. The clusters 
were kept flexible depending on the length of the article 
[11][12].  

3.4 Evaluation Metric  

The evaluation was done by measuring how much similarity 
the generated summaries had with the references, using the 
BLEU (Bilingual Evaluation Understudy) score [13], which 
trades-off precision on matches with higher n-grams and 
includes a brevity penalty. 

4. RESULTS & ANALYSIS 

COMPARISON OF RESUTS USING BLEU SCORE(Statistical)  

Category Spacy 

BLEU 

NLTK 

BLEU 

TextRank 

BLEU 

K-Means 

BLEU 

Politics 0.659 0.592 0.8282 0.6079 

Technology 0.621 0.574 0.5291 0.4310 

Entertain-
ment 

0.590 0.543 0.5732 0.6924 

Sports 0.600 0.551 0.6397 0.5229 

Business 0.632 0.591 0.6924 0.3830 

 

This paper presents a rigorous comparison between NLTK 
and SPACY models applied to a diverse dataset of over 500 
randomly selected articles, employing BLEU scores for 
evaluation. The uniqueness of our work lies in the inclusion 
of five distinct article datasets, giving us a complete picture of 
how well our models fills a crucial gap by providing a concise 
yet thorough comparative analysis contributing significantly 
to the understanding of natural language processing 
techniques.  

Figure 3 shows the summarization models' relative 
performance across domains. This comparative BLEU score 
chart offers a clear visual reference for relative performance 
versus content alignment. 
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Fig -3: BLEU score comparison of SpaCy, NLTK, TextRank, 
and K-Means across five content categories. TextRank 
wins Politics and Business, with K-Means winning in 

Entertainment. 

Observations: 

1. TextRank wins in political and technical content 
summarization. 

2. K-Means has higher BLEU in Entertainment, 
being better for semantic capturing through 
cluster centroids. 

3. SpaCy gives rather consistent scores for all 
categories. 

4. NLTK scores decently but lags behind in 
complex domains due to its simple scoring 
scheme 

5. DISCUSSION 

The research underlines the importance of summary 
techniques aligning with the content structure. Graph-based 
algorithms like TextRank work best in such structured 
domains, drawing strength from linkage between sentences. 
K-Means, functioning with GloVe, brings about a content 
grouping based on contextual similarity, thus working best 
for entertainment and lifestyle domains. Rule-based 
summarization methods such as SpaCy and NLTK are 
procedurally transparent and provide fast summaries, which 
fail, however, to capture semantic relations. The results 
support the existence of the hybrid approach clustering with 
graph centralities or sentence embeddings for finer 
summarization [14][15]. Practical implementation within 
journalism, education, and business reporting can actually 
profit from an algorithm-selection pipeline that relies on the 
document's time category and summary intent. 

6. CONCLUSION & FUTURE SCOPE 

The higher-level comparative study has revealed that no one 
technique takes the crown for all content types. TextRank is 
the best method for very dense, fact-packed domains like 
politics and business. K-Means phases well with tale-giving 

domains like entertainment. SpaCy and NLTK pose an easy 
solution for short summarization but must be combined with 
a semantic tool for full power. 

Future directions may comprise: 

 Hybrid models combining clustering and neural 
summarization. 

 Summary length control via reinforcement 
learning. 

 Incorporation of an abstractive summarization 
layer for the hybrid output. 

 Real-time summarization pipelines for 
multilingual or multimedia content.  
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