
Black Sea Journal of Engineering and Science 
doi: 10.34248/bsengineering.1875755 

BSJ Eng Sci / Ebru TEMİZHAN and Mehmet MENDEŞ 1369 
 

This work is licensed (CC BY-NC 4.0) under Creative Commons Attribution 4.0 International License 

 

Open Access Journal 

e-ISSN: 2619 – 8991 

 

APPLICATION OF TEXT SUMMARIZATION METHODS TO 

ARTICLES IN THE FIELD OF AGRICULTURE 
 

Ebru TEMİZHAN1*, Mehmet MENDEŞ1 
 

1Canakkale Onsekiz Mart University, Faculty of Agriculture, Department of Animal Science, Biometry and Genetics Unit, 17100, 

Çanakkale, Türkiye 
 

Abstract: This study evaluates the applicability of text summarization algorithms to articles in the field of agriculture. The abstract and 

conclusion sections of articles on the topics of "agriculture" and "organic agriculture" were analyzed using extractive text 

summarization algorithms: TextRank, LexRank, Luhn, and LSA. The summaries generated by each algorithm were compared using the 

cosine similarity measure. These similarities were then visualized on a 2-dimensional plane using a Venn diagram. The findings 

indicate that there are similar tendencies in the algorithms' selection of content-focused sentences for both agriculture and organic 

agriculture articles. Notably, it was observed that among the text summarization algorithms, LexRank and LSA produced more 

consistent results across both datasets. In conclusion, it has been demonstrated that summarization methods can be effectively applied 

in agricultural research to reduce information density. 
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1. Introduction 
Nowadays, the rapid access to information and the 

exponential increase in data volume have created a need 

for more effective examination of academic studies. 

According to 2023 statistics, approximately 12,600 

academic articles are published daily in reputable 

international databases worldwide, of which around 5% 

(~600 articles) are produced in the field of agriculture. In 

disciplines with intensive interdisciplinary research, such 

as medicine, engineering, veterinary science, and 

agriculture, there is a growing need for advanced 

information processing tools to facilitate literature 

tracking and enable rapid comprehension of lengthy 

articles. Automatic text summarization techniques have 

gained importance in providing researchers with concise 

and more meaningful representations of relevant articles, 

facilitating their investigations. Automatic text 

summarization techniques aim to generate concise, 

dense, and readable representations while preserving the 

main idea of the text. Early studies on summarization 

have shown that short summaries can nearly double 

decision-making speed (Mani, 2001; Mani et al., 2002). 

Recent research, on the other hand, has demonstrated 

that modern summarization models can reduce human 

bias and provide high scalability across large and diverse 

datasets (Zhang et al., 2020; Krishna et al., 2021; Luo et 

al., 2024). Extractive summarization methods such as 

TextRank, LexRank, Luhn, and LSA are among the most 

frequently applied approaches for summarizing scientific 

texts (Luhn, 1958; Landauer et al., 1998; Erkan and 

Radev, 2004; Mihalcea and Tarau, 2004). TextRank, with 

its graph-based structure, calculates relationships 

between sentences and identifies the most central 

statements in the text, producing particularly stable 

results in long technical documents (Mihalcea and Tarau, 

2004; Wan and Yang, 2008). Similarly, LexRank employs 

a graph structure combined with a voting system that 

measures sentence similarity; recent studies have shown 

that this method can balance topic distribution 

effectively in multi-author academic texts (Erkan and 

Radev, 2004; Qazvinian and Radev, 2008). The Luhn 

algorithm, which is based on word frequencies and 

density zones, remains a classical method, but modern 

adaptations have enhanced its ability to accurately 

identify key sentences, especially in scientific texts 

containing dense technical terminology (Luhn, 1958; Rao 

et al., 2022). Latent Semantic Analysis (LSA) maps the 

conceptual structure of a text into a mathematical space, 

revealing abstract semantic relationships. Recent studies 

indicate that LSA can consistently resolve conceptual 

clusters in interdisciplinary articles (Landauer et al., 

1998; Steinberger and Jezek, 2004; Allahyari et al., 2017). 

Considering the structural characteristics of agricultural 

literature, including dense terminology, interdisciplinary 

content, and methodological diversity, it is necessary to 

systematically evaluate the performance of these 
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algorithms in a domain-specific context (Allahyari et al., 

2017). 

In this study, four extractive text summarization 

algorithms (TextRank, LexRank, Luhn and LSA) were 

applied to academic articles related to agriculture and 

organic farming. The similarities between the summaries 

generated by these algorithms were analyzed using the 

cosine similarity metric to examine which method 

produced more consistent results. The primary objective 

of this study is to identify the most suitable 

summarization method or methods that facilitate a more 

efficient examination of academic texts in the field of 

agriculture. 

 

2. Materials and Methods 
The material for this study consists of Turkish articles 

collected from the Google Scholar database using the 

keywords "agriculture" and "organic farming" 

(Temizhan, 2024). Information regarding the dataset is 

given in Table 1. In the statistical analysis of this study, 

the hardware used was an Intel(R) Core(TM) i7-10750H 

CPU @ 2.60GHz 2.59 GHz processor, 16 GB RAM, a 64-bit 

operating system, and an NVIDIA GeForce RTX 2060 

graphics card. The software used was Python (3.12.1) 

and Jupyter Notebook (6.0.3) (Jupyter Notebook 2024). 

 

Table 1. Article datasets 

Keywords Year N 

"Tarım" 2011-2020 496 

"Organik Tarım" 2010-2020 522 

 

The flowchart of the methodology is presented in Figure 

1. The datasets obtained during the data collection stage 

are listed in Table 1. In the data extraction stage, only the 

"abstract" and "conclusion" variables were selected from 

these datasets to construct the datasets intended for 

analysis. Subsequently, several text preprocessing steps 

were applied to this data. Within this scope, special tweet 

markers (@, #), emojis, and URL links (https) were 

removed from the texts to clean them. Following this, the 

abstract and conclusion sections of the articles were 

summarized separately using four selected automatic 

text summarization algorithms. The semantic similarity 

between the generated summary outputs was evaluated 

using the cosine similarity metric as a quantitative 

measure. In the final stage, the cosine similarity values 

between the summaries were visualized on a two-

dimensional plane, and the contextual proximity of the 

algorithm outputs was illustrated using a Venn diagram. 

Following these visual analyses, the results were 

interpreted to derive meaningful insights from the 

summary texts. 

 
 

Figure 1. Methodology flowchart. 

 

2.1. Text Summarization Algorithms 

2.1.1. TextRank algorithm 

TextRank is a graph-based algorithm. It works by 

converting text into a weighted word or sentence graph. 

It evaluates the similarities between sentences within the 

text and selects the most important sentences. It is used 

in tasks such as text summarization, document sorting, 

and keyword extraction. The working principle of the 

TextRank algorithm is based on the mathematical 

formula given in equation 1 (Mihalcea and Tarau, 2004). 

𝑆(𝑉𝑖): i. score of sentence, 

𝑑: damping factor (usually 0.85), 

𝐼𝑛(𝑉𝑖): set of sentences referring to sentence i., 

𝑂𝑢𝑡(𝑉𝑗): set of sentences referring to sentence j., 
 

𝑆(𝑉𝑖) = (1 − 𝑑) + 𝑑 ∑
𝑆(𝑉𝑗)

|𝑂𝑢𝑡(𝑉𝑗)|𝑉𝑗∈𝐼𝑛(𝑉𝑖)                                 (1) 

2.1.2. LexRank algorithm 

The LexRank algorithm identifies significant sentences in 

texts by measuring similarities between them. Sentences 

are represented by a similarity matrix. It is used in 

operations such as text summarization, document 

sorting, and document similarity (Erkan and Radev, 

2004). The working principle of the LexRank algorithm is 

based on the mathematical formula given in equation 2. 

𝑠𝑖𝑚(𝐶𝑖 , 𝐶𝑗): the similarity between sentences i. and j., 

𝑤𝑘
𝑖 : the weight of the k. word in sentence i., 

𝑤𝑘
𝑗
: the weight of the k. word in sentence j., 
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𝑠𝑖𝑚(𝐶𝑖 , 𝐶𝑗) =
∑ 𝑤𝑘

𝑖 .𝑤𝑘
𝑗

𝑘

√∑ (𝑘 𝑤𝑘
𝑖 )².√∑ (𝑘 𝑤

𝑘
𝑗
)²

                                                (2) 

2.1.3. Luhn algorithm 

Luhn's algorithm selects prominent sentences based on 

frequently occurring words. It is used in operations such 

as keyword extraction and document sorting (Luhn, 

1958). The working principle of Luhn's algorithm is 

based on the mathematical formula given in Equation 3. 

𝑆𝑐𝑜𝑟𝑒(𝐶𝑖): the score of the i. sentence,, 

𝑓𝑟𝑒𝑞(𝑘): the frequency of word k, 
 

𝑆𝑐𝑜𝑟𝑒(𝐶𝑖) = ∑ 𝑓𝑟𝑒𝑞(𝑘)𝑘𝜖𝐶𝑖
                                                     (3) 

2.1.4. LSA (Latent semantic analysis) algorithm 

The LSA (Latent Semantic Analysis) algorithm evaluates 

semantic similarities between words and documents. It 

provides text summarization by applying Singular Value 

Decomposition (SVD) to the Tf-Idf (Term frequency-

Inverse document frequency) matrix. It is used in 

processes such as document similarity, summarization, 

and information extraction (Deerwester et al., 1990). The 

working principle of the LSA algorithm is based on the 

mathematical formula given in equation 4. 

𝐴: Word-document matrix, 

𝑈: Left singular vectors matrix, 

Σ: Diagonal matrix (single values), 

𝑉: Right singular vectors matrix, 
 

𝐴 = 𝑈𝛴𝑉𝑇                                                                                      (4) 

2.2. Similarity Measurement and Visualization 

The similarity between text summaries was measured 

using the cosine similarity metric. Cosine similarity is 

based on calculating the cosine of the angle between two 

vectors represented in n-dimensional space. Widely used 

in the comparison of text documents, cosine similarity 

enables the quantitative measurement of similarity 

between documents (Rios et al., 2010). For two vectors A 

and B, cosine similarity is calculated using the formula in 

equation 5. 
 

𝑐𝑜𝑠𝑖𝑛𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐴, 𝐵) =
∑ 𝐴𝑖𝐵𝑖

𝑛
𝑖=1

√∑ 𝐴𝑖
2.√∑ 𝐵𝑖

2𝑛
𝑖=1

𝑛
𝑖=1

                         (5) 

The cosine similarity metric takes a value between 0 and 

1. As the similarity measure approaches 1, it indicates a 

high degree of content similarity between the two texts. 

These measured similarity ratios have been expressed as 

percentages (%). As a result of the visualization analysis, 

it has been observed that texts represented by points 

located close to each other in the two-dimensional plane 

show a greater degree of similarity. 

 

3. Results 
Automated summary outputs for the agricultural dataset 

are given in Table 2, automated summary outputs for the 

organic farming dataset are given in Table 3, cosine 

similarity ratios are given in Table 4 and the two-

dimensional representation of cosine similarity ratios is 

given in Table 5. 

Table 2 shows the outputs obtained using automated text 

summarization methods for the summary variable of the 

agricultural dataset, range from [283-309] characters. 

The number of words for the summary to be generated 

using the TextRank algorithm was set to 300. The 

resulting summary output consisted of 5 sentences and 

283 characters. The number of sentences for the 

summary to be generated by the LexRank algorithm was 

set to 40. The resulting summary output consisted of 11 

sentences and 267 characters. The number of sentences 

for the summary to be generated by the LSA algorithm 

was set to 8. The resulting summary output consisted of 

8 sentences and 285 characters. The number of 

sentences for the summary to be generated by the Luhn 

algorithm was set to 3. The resulting summary output 

consisted of 3 sentences and 309 characters. 

When the cosine similarities of the outputs for the 

summary variable of the agricultural dataset shown in 

Table 4 were examined, it was observed that the 

TextRank algorithm exhibited a high degree of similarity 

with the other algorithms. The similarity rates reached 

97.81% between the TextRank and LSA algorithms, 

94.68% between the TextRank and Luhn algorithms and 

94.18% between the TextRank and LexRank algorithms. 

In Table 2, the outputs obtained using automatic text 

summarization methods for the conclusion variable of 

the agricultural dataset range from [198-266] characters. 

The number of words for the summary to be generated 

using the TextRank algorithm was set to 250. The 

resulting summary output consisted of 5 sentences and 

266 characters. For the LexRank algorithm, the number 

of sentences to be generated in the summary was set to 

100. The resulting summary output consisted of 11 

sentences and 198 characters. For the LSA algorithm, the 

number of sentences to be generated in the summary 

was set to 6. The resulting summary output consisted of 

6 sentences and 253 characters. For the Luhn algorithm, 

the number of sentences to be generated in the summary 

was set to 1. The resulting summary output consisted of 

1 sentence and 253 characters. 

When the cosine similarities of the outputs for the 

conclusion variable of the agricultural dataset in Table 4 

were examined, high similarity rates were observed 

between the LSA and Luhn algorithms 97.99%, between 

the TextRank and LSA algorithms 97.50% and between 

the TextRank and Luhn algorithms 97.01%. 
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Table 2. Automatic summarization for agriculture dataset 

Variables Algorithms Automatic Summarizations 

Abstract 

TextRank 

 

LexRank 

 

LSA 

 

Luhn 

 

Conclusion 

TextRank 

 

LexRank 

 

LSA 

 

Luhn 
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Table 3. Automatic summarization for organic farming dataset 

Variables Algorithms Automatic Summarizations 

Abstract 

TextRank 

 

LexRank 

 

LSA 

 

Luhn 

 

Conclusion 

TextRank 

 

LexRank 

 

LSA 

 

Luhn 
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Table 4. Cosine similarity ratios for data sets 

Dataset Variable Algorithms Cosine Similarity (%) 

Agriculture 

Abstract 

TextRank LexRank 94.18% 

TextRank LSA 97.81% 

TextRank Luhn 94.68% 

LexRank LSA 93.20% 

LexRank Luhn 92.85% 

LSA Luhn 93.17% 

Conclusion 

TextRank LexRank 96.20% 

TextRank LSA 97.50% 

TextRank Luhn 97.01% 

LexRank LSA 95.01% 

LexRank Luhn 93.97% 

LSA Luhn 97.99% 

Organic 

Farming 

Abstract 

TextRank LexRank 93.38% 

TextRank LSA 97.71% 

TextRank Luhn 93.45% 

LexRank LSA 94.61% 

LexRank Luhn 92.79% 

LSA Luhn 95.76% 

Conclusion 

TextRank LexRank 93.96% 

TextRank LSA 98.19% 

TextRank Luhn 96.57% 

LexRank LSA 94.01% 

LexRank Luhn 91.94% 

LSA Luhn 97.23% 

 

Table 5. Two-dimensional representation of cosine similarity ratios for datasets 

Dataset/Variable Abstract Conclusion 

Agriculture 

  

Organic Farming 
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In Table 3, the outputs obtained using automatic text 

summarization methods for the summary variable of the 

organic agriculture dataset range from [285-301] 

characters. The number of words for the summary 

generated by the TextRank algorithm was set to 300. The 

resulting summary output consisted of 6 sentences and 

300 characters. The number of sentences for the 

summary generated by the LexRank algorithm was set to 

27. The resulting summary output consisted of 21 

sentences and 301 characters. The number of sentences 

for the summary generated by the LSA algorithm was set 

to 8. The resulting summary output consisted of 8 

sentences and 291 characters. The number of sentences 

for the summary generated by the Luhn algorithm was 

set to 3. The resulting summary output consisted of 3 

sentences and 285 characters. 

When the cosine similarities of the outputs for the 

summary variable of the organic agriculture dataset 

shown in Table 4 were examined, it was observed that 

the LSA algorithm showed a high degree of similarity 

with the other algorithms. The similarity rates reached 

97.71% between the TextRank and LSA algorithms and 

94.61% between the LexRank and LSA algorithms. 

According to Table 3, the outputs obtained using 

automatic text summarization methods for the 

conclusion variable of the organic agriculture dataset 

range from [159-235] characters. The number of words 

for the summary to be generated using the TextRank 

algorithm was set to 250. The resulting summary output 

consisted of 5 sentences and 235 characters. The number 

of sentences for the summary to be generated using the 

LexRank algorithm was set to 20. The resulting summary 

output consisted of 17 sentences and 203 characters. The 

number of sentences for the summary to be generated 

using the LSA algorithm was set to 5. The resulting 

summary output consisted of 5 sentences and 215 

characters. The number of sentences for the summary to 

be generated using the Luhn algorithm was set to 1. The 

resulting summary output consisted of 1 sentence and 

159 characters. 

When the cosine similarities of the outputs for the 

conclusion variable of the organic agriculture dataset 

shown in Table 4 were examined, high similarity rates 

were observed between the TextRank and LSA 

algorithms 98.19%, between the LSA and Luhn 

algorithms 97.23% and between the TextRank and Luhn 

algorithms 96.57%. 

Additionally, in Table 5, the cosine similarity 

measurements of all algorithms were visualized on a 

two-dimensional plane, and the algorithms showing high 

similarity with each other were marked on the two-

dimensional plane using a Venn diagram. 

 

4. Discussion 
Text summarization is a text mining application that 

enables the presentation of essential information from 

small, medium, and especially large-volume text datasets 

in the form of short, highly representative and 

meaningful summaries. Rapid technological 

advancements in this field have allowed for the 

development of various statistical, graphical and deep 

learning-based methods. This section will primarily 

examine studies involving extractive text summarization 

techniques and the findings obtained, along with the 

results of our study, will be evaluated. 

Alselwi and Taşcı (2024) developed a new extractive 

summarization model combining the PageRank 

algorithm with word embedding. The proposed model 

generates summaries by calculating sentence importance 

scores using both graphic-based and semantic-based 

features. The results showed that it provided higher 

performance in Arabic texts compared to traditional 

extractive approaches. Gonzalez et al. (2023) proposed 

an extractive summarization model based on the 

attention mechanism. The model demonstrated higher 

summary quality compared to classical graphic-based 

methods by learning inter-sentence relationships and 

producing more coherent and contextual summaries. 

Srividya et al. (2022) developed a hybrid model using 

extractive summarization techniques such as Luhn and 

Textrank, as well as abstract summarization techniques 

such as the Pegasus model. This model achieved higher 

success rates compared to other models, particularly in 

terms of Rogue scores. Abu Nada et al. (2020) introduced 

a general-purpose architecture based on NLG and NLU 

that they proposed for summarizing Arabic documents. 

This study demonstrates the effectiveness of using the 

AraBERT model and clustering techniques together for 

extractive text summarization. The maximum 

independent cluster-based method proposed by Uçkan 

and Karcı (2020) offers a new approach in the field of 

extractive text summarization. This method has achieved 

successful results in evaluations using Rouge evaluation 

metrics and has been effective in eliminating various text 

irregularities. Mahajani et al. (2019) compared existing 

summarization systems and highlighted the advantages 

of extractive and abstraction techniques. They stated that 

both techniques are effective in different use cases and 

have certain limitations. 

In this study TextRank, LexRank, LSA and Luhn 

algorithms summarized texts using different approaches. 

The summary outputs produced by the algorithms were 

compared in two different datasets. While the summaries 

produced by TextRank, LSA and Luhn algorithms were 

found to be similar, the summaries produced by the 

LexRank algorithm were found to be different from these 

three. In particular, since the similarity rates of TextRank 

and LSA algorithms were found to be quite high, it can be 

said that they are summarization methods that can be 

used interchangeably. 

The research results are consistent with recent studies 

reporting that extractive text summarization methods 

have strong representational capabilities in short text 

datasets. In particular, Bagheri Nezhad et al. (2025) 

showed that classical extractive methods are competitive 

in terms of summary quality, but newer approaches offer 
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advantages in terms of fairness. Evgin et al. (2025) 

reported that combining extractively selected important 

sentences with abstractive models increased summary 

performance. These results are also consistent with 

recent studies reporting that graphic-based and 

statistical methods have similar representational power 

in short texts (Luo et al., 2024). However, the literature 

emphasizes that hybrid approaches and deep learning 

models are more successful with large and complex 

datasets (Srividya et al., 2022; Gonzalez et al., 2023; 

Alselwi and Taşcı, 2024), but classical extractive methods 

remain competitive with short and limited datasets 

(Mahajani et al., 2019; Zhang et al., 2025). This situation 

shows that dataset size and text length are among the key 

factors determining the performance of summarization 

methods. 

Further studies could evaluate the performance of 

extractive and abstractive text summarization methods 

on small, medium and large-scale text datasets. A hybrid 

approach combining the strengths of both methods could 

be proposed. Furthermore, similar studies could be 

conducted in different fields and/or languages to 

measure the performance efficiency of the algorithms. 

With these suggestions, we can better utilize the power 

of algorithms in text summarization processes. These 

studies help us understand the diversity of text 

summarization techniques and how these techniques 

perform on different datasets. 

 

Author Contributions 

The percentages of the authors’ contributions are 

presented below. All authors reviewed and approved the 

final version of the manuscript. 
 

 E.T. M.M. 

C 50 50 

D 50 50 

S 0 100 

DCP 70 30 

DAI 70 30 

L 70 30 

W 80 20 

CR 20 80 

SR 70 30 

PM 40 60 

FA 0 0 

C= concept, D= design, S= supervision, DCP= data collection 

and/or processing, DAI= data analysis and/or interpretation, L= 

literature search, W= writing, CR= critical review, SR= 

submission and revision, PM= project management, FA= funding 

acquisition. 

 

Conflict of Interest 

The authors declared that there is no conflict of interest. 

 

 

Ethical Consideration 

Ethics committee approval was not required for this 

study because there was no study on animals or humans. 

 

Acknowledgements 

This research is part of the doctoral dissertation of Ebru 

Temizhan, conducted under the supervision of Prof. Dr. 

Mehmet Mendeş. Ebru Temizhan's doctoral thesis was 

supported between 2018 and 2022 under the YÖK 

100/2000 Doctoral Scholarship Program in the field of 

Food Technologies: Organic Agriculture. Between 2022 

and 2024, the research was further supported by the 

TÜBİTAK 2211-C Domestic Doctoral Scholarship 

Program for Priority Areas in Big Data and Data 

Analytics. We would like to thank the Council of Higher 

Education (YÖK) and the Scientific and Technological 

Research Council of Türkiye (TÜBİTAK) for their support 

in providing doctoral scholarships. 

 

References 
Abu Nada, A. M., Alajrami, E., Al-Saqqa, A. A., & Abu-Naser, S. S. 

(2020). Arabic text summarization using arabert model using 

extractive text summarization approach. International 

Journal of Academic Information Systems Research, 4(8), 6–9. 

Allahyari, M., Pouriyeh, S., Assefi, M., Safaei, S., Trippe, E. D., 

Gutierrez, J., & Kochut, K. (2017). A brief survey of text 

mining: Classification, clustering and extraction techniques. 

arXiv. https://doi.org/10.48550/arXiv.1707.02919 

Alselwi, G., & Taşcı, T. (2024). Extractive Arabic text 

summarization using PageRank and word embedding. 

Arabian Journal for Science and Engineering, 49, 13115–

13130. https://doi.org/10.1007/s13369-024-08890-1 

Bagheri Nezhad, S., Bandyapadhyay, S., & Agrawal, A. (2025). 

Fair summarization: Bridging quality and diversity in 

extractive summaries. In Proceedings of the 2025 Conference 

on Computational Natural Language Processing (pp. 22–34). 

Association for Computational Linguistics. 

Deerwester, S., Dumais, S. T., Furnas, G. W., Landauer, T. K., & 

Harshman, R. (1990). Indexing by latent semantic analysis. 

Journal of the American Society for Information Science, 41(6), 

394–398. 

Erkan, G., & Radev, D. R. (2004). LexRank: Graph-based lexical 

centrality as salience in text summarization. Journal of 

Artificial Intelligence Research, 22, 457–479. 

Evgin, E., Karadeniz, İ., & Yıldız, O. T. (2025). MetninOzU at 

BioLaySumm2025: Text summarization with reverse data 

augmentation and injecting salient sentences. In Proceedings 

of the 24th Workshop on Biomedical Language Processing (pp. 

179–184). Association for Computational Linguistics. 

Gonzalez, J. A., Segarra, E., Garcia-Granada, F., Sanchis, E., & 

Hurtado, L.-F. (2023). Attentional extractive summarization. 

Applied Sciences, 13(3), 1458. 

https://doi.org/10.3390/app13031458 

Jupyter Notebook. (2024). Jupyter Notebook (Version 6.0.3) 

[Software]. https://www.anaconda.com/download (Erişim 

tarihi: 13 Ocak 2024). 

Krishna, K., Roy, S., & Iyyer, M. (2021). Hurdles to progress in 

long-form question answering. In Proceedings of the 2021 

Conference of the North American Chapter of the Association 

for Computational Linguistics: Human Language Technologies 

(pp. 4940–4957). Association for Computational Linguistics. 

Landauer, T. K., Foltz, P. W., & Laham, D. (1998). An 

https://doi.org/10.48550/arXiv.1707.02919
https://doi.org/10.1007/s13369-024-08890-1
https://doi.org/10.3390/app13031458
https://www.anaconda.com/download


Black Sea Journal of Engineering and Science 

BSJ Eng Sci / Ebru TEMİZHAN and Mehmet MENDEŞ 1377 
 

introduction to latent semantic analysis. Discourse Processes, 

25(2–3), 259–284. 

Luhn, H. P. (1958). The automatic creation of literature 

abstracts. IBM Journal of Research and Development, 2(2), 

159-165. 

Luo, M., Xue, B., & Niu, B. (2024). A comprehensive survey for 

automatic text summarization: Techniques, approaches and 

perspectives. Neurocomputing, 603, Article 128280. 

https://doi.org/10.1016/j.neucom.2024.128280 

Mahajani, A., Pandya, V., Maria, I. P., & Sharma, D. (2019). A 

comprehensive survey on extractive and abstractive 

techniques for text summarization. In Advances in Intelligent 

Systems and Computing (pp. 339–351). Springer. 

Mani, I. (2001). Automatic summarization. John Benjamins 

Publishing Company. https://doi.org/10.1075/nlp.3 

Mani, I., Klein, G., House, D., Hirschman, L., Firmin, T., & 

Sundheim, B. (2002). SUMMAC: A text summarization 

evaluation. Natural Language Engineering, 8(1), 43–68. 

https://doi.org/10.1017/S1351324901002741 

Mihalcea, R., & Tarau, P. (2004). TextRank: Bringing order into 

texts. In Proceedings of the 2004 Conference on Empirical 

Methods in Natural Language Processing (pp. 404–411). 

Association for Computational Linguistics. 

Qazvinian, V., & Radev, D. R. (2008). Scientific paper 

summarization using citation summary networks. In 

Proceedings of the 22nd International Conference on 

Computational Linguistics (pp. 689–696). Coling 2008 

Organizing Committee. 

Rao, S. X., Piriyatamwong, P., Ghoshal, P., Nasirian, S., Mitrović, 

S., de Salis, E., Wechner, M., Brucker, V., Egger, P., & Zhang, C. 

(2022). Keyword extraction in scientific documents. CEUR 

Workshop Proceedings: Vol. 3361. Proceedings of the 7th Swiss 

Text Analytics Conference (SwissText 2022) (ss. 44–55). CEUR-

WS.org. https://doi.org/10.48550/arXiv.2207.01888 

Rios Gaona, M. A., Gelbukh, A., & Bandyopadhyay, S. (2010). 

Recognizing textual entailment using a machine learning 

approach. In Advances in Soft Computing (pp. 177–185). 

Springer. 

Srividya, D. K., Ram, T., Bommuluri, S. K., Basa, V. R., Venkata, V., 

Kumar, V., Venkata, R., & Chatradi, S. (2022). A hybrid 

approach for automatic text summarization and translation 

based on luhn, pegasus, and textrank algorithms. In 2022 

International Conference on Smart Generation Computing, 

Communication and Networking (pp. 1–8). IEEE. 

Steinberger, J., & Jezek, K. (2004). Using latent semantic 

analysis in text summarization and summary evaluation. In 

Proceedings of the 7th International Conference (pp. 93–100). 

ISIM. 

Temizhan, E. (2024). Application of text mining in agriculture 

[Doktora tezi, Çanakkale Onsekiz Mart Üniversitesi]. Fen 

Bilimleri Enstitüsü. 

Uçkan, T., & Karcı, A. (2020). Extractive multi-document text 

summarization based on graph independent sets. Egyptian 

Informatics Journal, 21(3), 145–157. 

https://doi.org/10.1016/j.eij.2019.12.002 

Wan, X., & Yang, J. (2008). Multi-document summarization 

using cluster-based link analysis. In Proceedings of the 31st 

Annual International ACM SIGIR Conference on Research and 

Development in Information Retrieval (pp. 299–306). 

Association for Computing Machinery. 

Zhang, H., Yu, P. S., & Zhang, J. (2025). A systematic survey of 

text summarization: From statistical methods to large 

language models. ACM Computing Surveys, 57(11), 1-41. 

https://doi.org/10.1145/3731445 

Zhang, J., Zhao, Y., Saleh, M., & Liu, P. (2020). PEGASUS: Pre-

training with extracted gap-sentences for abstractive 

summarization. In Proceedings of the 37th International 

Conference on Machine Learning (p. 1051). JMLR. 

 

https://www.google.com/search?q=https://doi.org/10.1016/j.neucom.2024.128280
https://www.google.com/search?q=https://doi.org/10.1017/S1351324901002741
https://doi.org/10.48550/arXiv.2207.01888
https://doi.org/10.1016/j.eij.2019.12.002

