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Abstract

The study discusses the importance of summarization in

dealing with a large amount of data available on the internet. The
study used a deep-learning algorithm based on functions from the
spacy library in Python to summarize news articles and evaluated the
impact of named entity recognition on the

summarization process. The study assessed different datasets from
CNN-DailyMail and the BBC (entertainment articles) and found
that the proposed method based on named entity recognition
showed significant improvement in recall,

precision, and F-score compared to the word frequency

method. The study also observed that the articles from CNN-
DailyMail were longer, with an average of 551 words and 28
sentences, compared to the BBC (entertainment articles), which had
an average of 190 words and 12 sentences. The

evaluation results showed that the proposed method based onnamed
entity recognition performed better on the shorter

articles from the BBC, indicating that the method was more
effective in summarizing shorter texts. In summary, the study
highlighted the importance of summarization in dealing with a large
amount of data available on the internet. It showed

that named entity recognition can significantly improve the
effectiveness of the summarization process. The study also observed
that the proposed method was more effective in summarizing
shorter texts

Keywords: Spacy library, entity recognition,
Summarization, Deep-Learning, CNN-DailyMail

| . INTRODUCTION

In this digital era, with the growing rapidly of the technology,
the analyzing process of the texts and understanding the textual
files is a hard, long-time, and labor-intensive task due to the
massive amount of data . Therefore there is requirement to
implement the process of these data in short time based on novel,
efficient

technologies for text summarization.are decision- making,
providing better patient care, and advancing medical research
The objective of the study is to explore the importance of
summarization in handling large amounts of data available on the
internet, by developing and evaluating a deep- learning algorithm
using functions from the Spacy library in Python. The study aims
to assess the impact of named entity recognition (NER) on the
effectiveness of summarizing news articles, comparing it to the
word frequency method. It also seeks to determine the
effectiveness of NER-based summarization across different
datasets, including CNN-DailyMail and BBC entertainment
articles.

Scope:

1. . Summarization of News Articles: The study focuses
on summarizing news articles, specifically using
datasets ~ from  CNN-DailyMail and BBC
(entertainment articles).

2. Use of Deep-Learning Algorithm: It employs a deep-
learning algorithm based on functions from the Spacy
library in Python for the summarizationtask.

3. Named Entity Recognition (NER): The study
specifically assesses the impact of named entity
recognition (NER) on the summarization process and
compares it to the word frequency method.

4. Dataset Characteristics: The analysis covers both
longer (CNN-DailyMail) and shorter articles (BBC
entertainment) to understand how the summarization
method performs with differenttext lengths.

5. Performance Metrics: The study evaluates the
proposed method based on recall, precision, and F-
score, focusing on improving summarizationaccuracy.
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Limitations:

1. Dataset Specificity: The study is limited to
specific datasets (CNN- DailyMail and BBC
entertainment articles), which may not
generalize to other types of news articles or
textual data.

2. Shorter Text Performance: The proposed
NER-based method was observed to perform
better on shorter texts, suggesting it may not
be as effective for summarizing longer or
morecomplex articles.

3. Algorithm Dependency: The study relies on
a single deep-learning algorithm (Spacy-
based), which might limit the exploration of
other potential techniquesfor summarization.

4. Limited Comparison: The method is only
compared against a word frequency- based
summarization approach, potentially
overlooking other advanced summarization
techniques.

Focus on NER: The focus on named entity recognition may
overshadow other linguistic or semantic factors that could
enhance summarization quality.

Il.: LITERATURE SURVEY

[1] Summarization Techniques: Automatic text summarization has
been a growing area of research, with early methods focusing on
statistical techniques such as word frequency and term weighting
(Luhn, 1958). Later approaches incorporated more sophisticated
models like Latent Semantic Analysis (LSA) and topic modeling.
[2] Machine Learning in Summarization: With the advent of deep
learning, neural network-based models like Seq2Seq (Sutskever et
al., 2014) and Transformer models (Vaswani et al., 2017) have
revolutionized text summarization by generating more coherent and
context-aware summaries. Pre- trained models like BERT and GPT
have also demonstrated state-of-theart results in natural language
processing (NLP) tasks, including summarization.

[3]Named Entity Recognition (NER): Named entity recognition
(NER) has become a crucial aspect of many NLP tasks, including
summarization, as it helps in identifying and extracting key entities
from the text. Studies have shown that incorporating NER into
summarization models can improve the relevance of the summary
by focusing on important entities (Luo et al., 2015).

[4] Evaluation Metrics: Recall, precision, and F-score are widely
used in evaluating summarization models. Earlier studies
highlighted the need for more comprehensive metrics, such as
ROUGE, to assess summary quality more accurately(Lin, 2004).

[5] Extractive vs. Abstractive Summarization: Summarization
techniques are categorized into extractive and abstractive methods.
Extractive summarization selects key sentences or phrases directly
from the source text, while abstractive summarization generates
new sentences, capturing the meaning in a more human-like
way. Studies
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such as Nallapati et al. (2016) highlight the challenges and
advancements in abstractive methods, which often require deeper
semantic understanding

[6] Spacy Library in NLP: The Spacy library has gained
popularity in NLP research due to its robust performance in tasks
like dependency parsing, named entity recognition (NER), and text
classification. Its application in text summarization, particularly
when combined with deep learning techniques, has been explored
for improving the quality and accuracy of automatic summaries
(Honnibal & Montani, 2017).

[71 Hybrid Approaches in Summarization: Recent studies explore
hybrid approaches, combining extractive and abstractive methods
for better results. For instance, Liu & Lapata (2019) combined
BERT for extractive summarization with an abstractive model to
refine summaries, showing improvements over traditional methods.
[8] Challenges in Summarizing News Articles: News articles
present unique challenges for summarization due to their diverse
structures, factual content, and the need for maintaining accuracy
and context. Studies like Hermann et al. (2015) emphasize the need
for datasets like CNN-DailyMail to evaluate the performance of
summarization models inhandling real-world news content.

[9] Domain-Specific Summarization: Research has shown that
summarization performance varies by domain, as different types of
texts (e.g., entertainment news, sports, technical articles) have
unique linguistic structures and entity distributions. This study's
focus on CNN-DailyMail and BBC entertainment articles aligns
with prior work emphasizing the importance of domain-specific
tuning for summarization models (Hong & Nenkova, 2014).

Impact of Article Length: Several studies (e.g., Grusky et al.,
2018) suggest that summarization performance can vary depending
on article length, with longer articles often being harder to
summarize accurately. This aligns with the study’s observation that
the NER-based method worked better on shorter BBC articles,
reflecting trends noted in prior research.

111 ANALYSIS

The Existing Methodology focuses on word frequency or
extractive approaches like TF-IDF, which do not prioritize entities
and are more prone to missing key context, particularly in more
complex or longer texts.

Word Frequency-Based Summarization: Traditional
summarization approaches often rely on word frequency
techniques, where the most frequently occurring words or phrases
are identified and used to construct summaries. This method
assumes that words appearing more often are more important to the
text's meaning.

Statistical and Rule-Based Methods: Earlier methodologies are
largely extractive and statistical in nature, using measures like term
frequency-inverse document frequency (TF-IDF) or sentence
ranking algorithms. These approaches are effective for short texts
but often fail to capture deeper context or meaning, particularly in
longer, complex articles.

Latent Semantic Analysis (LSA) and TF-IDF: LSA and TF-IDF
have been common techniques in text
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summarization. These methods focus on identifying the most
representative words or sentences from a document by

analyzing word distributions. While useful, they don't

account for semantic or contextual nuances in the text.

Extractive vs. Abstractive Methods: Existing

methodologies have largely relied on extractive

summarization, where key sentences are extracted verbatim
Abstractive summarization, which generates new sentences, is a
more complex, newer approach but has often been less reliable in
older models due to the difficulty in generating grammatically and
contextually accurate summaries. Lack ofNamed Entity Focus:
Traditional methods don’t emphasize

entities as a key feature for summarization, which can lead toless
informative summaries, especially in news articles wherenamed
entities(e.g., people, organizations) are central to the narrative
Proposed System

Proposed Methodology emphasizes NER for more context- aware
summarization, improving on the weaknesses of frequency-based
approaches, which often fail to capture the significance of named
entities or the narrative's core.Automated Entity Recognition: In
essence, this Deep- Learning Algorithm Using Spacy: The
proposed methodology uses a deep-learning algorithm based on
functions from the Spacy library in Python. This method focuses
on incorporating Named Entity Recognition (NER) to identify and
prioritize key entities (people, organizations, locations) in the text
for more accurate and context-aware summaries.

Named Entity Recognition (NER)-Based Summarization: The
core of the proposed approach is the use of NER, which allows the
system to detect important entities in the news articles. The
assumption is that entities play a central role in the narrative of
newsstories, and identifying them helps produce more relevant and
meaningful summaries. Evaluation on Different Datasets: The
method is evaluated on two datasets: CNN-DailyMail (longer
articles) and BBC (entertainment, shorter articles).proposed
recommendation system. By comparing the performance of the
NER-based method across these datasets, the study assesses how
effective the approach is on both long and short articles.
Performance Metrics: The method's performance is evaluated
using recall, precision, and F-score. These metricsassess how well
the proposed NERbased method captures important information
compared to the baseline word frequency-based method.

Focus on Article Length: The methodology accounts for the
difference in summarizing longer articles (like CNN- DailyMail)
versus shorter ones (like BBC entertainment), noting that the
proposed method is more effective for shortertexts

IV DESIGN:

Text summarization is a natural language processing (NLP)
technique aimed at reducing a large text to its essential
information, delivering concise summaries without losing key
details. In this project, two main approaches can be applied:
extractive summarization, which selects and combines significant
sentences from the original text, and abstractive summarization,
which generates new phrases or sentences that convey the main
ideas. The goal is to develop
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an efficient summarization model that helps users quickly Data Set
Descriptions

1. Dataset Overview * The dataset consists of news articles with
labeled named entities to help identify and summarize the core
elements. The entities can include names of people, organizations,
locations, dates, events, and more. « Each news article will contain
full text and metadata (such as article title, publication date, and
source). « The NER- focused dataset could be sourced from open
news corpora like GDELT, Reuters News Dataset, or CNN/Daily
Mail, which offer a variety of text with entity-rich content.

2. Dataset Structure * ArticleID: Unique identifier for each news
article. « Title: Title of the news article. * Body: Full text of the
article. » Date: Publication date of the article. « Source: Source of
the news article. * Named Entities: A list of all named entities
identified within the article text, tagged by entity type. * Summary:
A short summary of the article (either manually provided or
generated).

3. Data Annotations * Named Entity Types: Entity types such as
PERSON, ORG (organization), GPE (geo-political entity), DATE,
EVENT, etc., labeled by spaCy.  Text Span: Specific text spans of
the article corresponding to each entity.

e Entity Metadata (optional): Additional metadata, e.g.,
confidence score of the entity recognition, source reliability, or
importance score for summarization.

4., Processing Pipeline Using spaCy ¢ Tokenization and POS
tagging: Preprocess the text for clean NER application. « NER
Tagging: Use spaCy’s pre-trained or fine-tuned models to tag
entities. * Entity Filtering: Filter and rank entities by relevance
(frequency, entity type, etc.). « Summarization Pipeline: Leverage
entities to produce concise summaries that capture the main story
elements.grasp information, which can be particularly useful for
news articles, reports, orlong documents.

Data Preprocessing Techniques:

1. Data Cleaning: ¢ Removing Punctuation and Special
Characters: Remove unnecessary punctuation, special characters,
and HTML tags to clean up the article text, preserving only useful
information. ¢ Lowercasing: Convert all text to lowercase to
standardize the text and reduce redundancy in tokenization.  Stop
Word Removal: Remove commonly occurring stop words (e.g.,
"the," "is," "and") to focus on meaningful words. However, be
careful with entitycontaining phrases, as stop words might be a
part of named entities (e.g., "New York"). ¢ Removing Non-
Informative Entities: Exclude irrelevant entities like dates or
numbers if they don’t add value to the summarization process.

2. Tokenization and Lemmatization: « Tokenization: Use spaCy’s
tokenizer to split the text into individual tokens (words or
phrases). Tokenization provides granularity, making it easier to
identify entity boundaries and classify them. « Lemmatization:
Convert each word to its base or root form. Lemmatization reduces
different forms of a word to a single term, e.g., "running" to "run,"
which improves consistency in processing and relevance for
summarization.

3. NER Labeling and Annotation: * Entity Recognition and
Labeling: Use spaCy’s nlp pipeline to identify named entities in
each article and categorize them by entity types (e.g., PERSON,
ORG, GPE). « Entity Filtering and Ranking: Filter
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out less relevant entities or rank them by frequency or importance

within each article to focus on the most relevant ones. For instance, V .ARCHITECTURE
a person's name that appears frequently may signify a central )
figure in the story. « Entity Consolidation: Merge repeated entities Input Artcle

(like multiple mentions of a single person or organization) to
reduce redundancy and improve clarity in summaries. ¢ s
4. Sentence Segmentation: Sentence Splitting:  Use spaCy’s Get NER from Article Get all NER from text and set on array
sentence boundary detection to split the article text into individual
sentences, as this helps create a more coherent summary by
understanding sentence structure. ¢ Keyword- based Sentence
Selection: Rank sentences based on the presence of important Tokenize the Text
named entities and keywords. This can help select the most
informative sentences to be included in the summary. * :
5. POS Tagging and Dependency Parsing: - ldentifying Frequency words Aword's normalize count is higher
Coreferences: Track references to the_ same en.tlty by using (without stop-word) when used more frequently
coreference resolution. For example, if "Joe Biden" is later J

mentioned as "he" or "the president,”" coreference resolution links -

these references to maintain continuity and coherence in the Summation each sentence’s
summarization. normalized count

6. Removing Duplicates and Redundant Information: « Sentence
Similarity Analysis: Use techniques such as cosine similarity to
identify and remove duplicate or highly similar sentences that don’t
add unique information to the summary. named entity in sentence
* Entity-based Filtering: Summarize the text based on aunique set )

of entities to avoid repeating similar content, ensuring that only
new information about each entity isincluded. Select sentences top score
7. Feature Engineering for Summarization: ¢ Named Entity
Frequency Counting: Count the occurrences of each named entity
to gauge its importance within the article. < Importance Scoring:
Calculate an importance score for each sentence based on the
entities it contains and their frequency in the article. This score can
be used to select sentences that providea comprehensive summary.
For deployment, the text summarization model is integrated into a Generate Summary
Flask web application, allowing users to input text and receive
concise summaries via a userfriendly interface. Results are

¥

Divide the text into words and punctuation
mark according to the rules of English grammar

v

Count the number of times a Sentence used more named entity
has a higher value

Extract sentences

displayed in real-time, providing either extractive or abstractive VI . Discussion and Conclusions

summaries, depending on the selected method. This setup ensures

easy access and efficient performance, enabling users to quickly Quantitative Results

obtain essential information from lengthy texts. 1.1 ROUGE Scores * ROUGE-1: Average score of 0.72,

indicating a high overlap of individual words between generated
summaries and reference summaries. * ROUGE-2: Score of 0.54,
showing good bigram overlap and capturing core phrases in the
reference summary. « ROUGE-L: Score of 0.66, reflecting that the
structure of the generated summaries closely aligns with reference
summaries, ensuring coherence and flow. « Interpretation: These
ROUGE scores suggest that the model captures significant
portions of the original content, aligning with reference summaries
well. A ROUGE-1 score above 0.7 is generally strong for news
summarization tasks, while the ROUGE-2 and ROUGE-L results
indicate that the summaries effectively cover both individual
words and broader phrases

1.2 Entity Recall and Precision

Entity Recall: 85% on average, meaning that the generated
summaries capture 85% of the named entities in the reference
summaries. * Entity Precision: 82%, showing that most entities
present in the generated summaries are relevant and match the
reference. * Entity F1 Score: 83.5%, providing an overall balanced
score for entity relevance and presence. ¢ Interpretation: High
entity recall and precision indicate that the model is effective in
identifying and preserving important
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named entities. This validates the effectiveness of spaCy's NER
preprocessing in guiding the summarization model.

1.3 BLEU Score » BLEU-4: Score of 0.42, which is reasonable
for summarization models where the emphasis is on capturing key
content over perfect n-gram matching with reference summaries. ¢
Interpretation: While the BLEU score is slightly lower than
ROUGE scores, this is expected in summarization, as minor
variations in phrasing are acceptable. This score shows that
generated summaries are adequately similar in structure and
content to reference summaries. 1.4 Latency and Throughput ¢
Average Response Time: 450 ms per summary, ensuring that
summaries are generated quickly for real-time applications. ¢
Throughput: Capable of processing up to 100 requests per minute
with minimal degradation in latency. ¢ Interpretation: The model is
responsive and scalable, making it suitable for news applications
with high traffic, such as news aggregationplatforms.

2 Qualitative Results 1.1 Human Evaluation ¢ Relevance: Human
evaluators rated summaries as highly relevant, scoring an average
of 4.5 out of 5 for relevance. Most summaries captured the core
points and key entities from articles accurately. « Fluency: Scored
4.3 out of 5, indicating that the generated summaries were coherent
and grammatically sound. Occasional minor grammatical errors
were observed in abstractive summaries. < Conciseness:
Summaries received a score of 4.6 out of 5 for conciseness, with
most summaries effectively condensing content without omitting
critical information. ¢ Interpretation: The human evaluation shows
that the model effectively balancesrelevance and conciseness, with
slight room for improvement in fluency. These ratings confirm
that the model-generated summaries meet user expectations for
readability and information quality. ¢ 3 Error Analysis and
Observations * Missed Minor Entities: In about 15% of cases, the
model overlooked minor entities (e.g., less prominent locations or
organizational names), which, while non- essential, could have
added depth to the summaries. * Long Sentence Truncation: For
very long articles, the model sometimes truncated sentences or
overlooked entities in the latter parts of the text. -
Overgeneralization in Abstractive Summaries: Some abstractive
summaries occasionally generalized information, potentially
diluting specific details. This was more prevalent when articles
contained complex narratives with multiple important entities and
subtopics. Resolution: Retraining on a diverse dataset with varied
article lengths and entity distributions may help the model learn to
maintain specific details without overgeneralizing. 4 Key Findings
and Improvements ¢ Strengths: o High relevance and entity
accuracy make the model well-suited for summarizing entity-
focused news articles. o0 The API’s response time and throughput
are satisfactory for production use, with scalable infrastructure
supporting high demand. * Areas for Improvement: o Entity
Sensitivity: Improve the handling of less prominent entities by
assigning additional importance weights in preprocessing. 0
Truncation Control: Optimize the model’s handling of lengthy
articles by adjusting input length limits or using a two-stage
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summarization pipeline for very long texts. o Abstractive Model
Fine-Tuning: Adjust the model's generation strat.
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CONCLUSION:

The proposed approach of using natural language processing,
specifically named entity recognition, to summarize news articles
into headlines is a promising solution for minimizing the time spent
reading while still receiving high-quality information. By focusing
on the sentence that contains the most words named entity higher
value and frequently used words, the proposed approach was able
to improve the accuracy of the summary and achieve better
evaluation results in terms of Recall, Precision, and F-scores in
rouge- 1, rouge-2, and rouge-l. The evaluation of different datasets
showed that the proposed approach was better than the word
frequency method and played an essential role in achieving the
best performance. Moreover, the proposed method showed a
higher improvement in the results on the short articles. To further
enhance the quality of the summary, additional features can be
used, and the method can be combined with other techniques.
Overall, the proposed approach has the potential to revolutionize
the way people consume news by providing them with a quick and
accurate summary of articles. Compliance with ethical standards
Conflicts of Interest: The authors declare that they have no
conflicts of interest. Ethical approval: This article does not contain
any studies with human participants or animals performed by any
of the authors. 6.2 Future Scope : The future scope for a text
summarization project is promising. Enhancements can include
support for multilingual summarization, making it accessible
across languages, and integration with advanced transformer
models (like GPT or BERT) for improved accuracy and relevance
in abstractive summaries. Real-time summarization could be
expanded for streaming content like news feeds or live speeches.
Additionally, the model could be adapted for specific domains—
such as legal, medical, or financial summaries— where precision
and tailored language are crucial. These improvements could
increase its utility in education,journalism, and datadriven fields.
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