
Kathmandu University Journal of Science, Engineering and Technology, Vol. 20 No. 1, April 2026

News aggregation and recommendation using clustering
algorithms and graph theory

Mukul Aryal*a, Bigya Vijay Dhunganaa, and Harish Chandra Bhandarib

aDepartment of Computer Science and Engineering, Kathmandu University, Nepal.
bDepartment of Mathematics, Kathmandu University, Nepal.

Abstract
The proliferation of online news sources creates significant challenges in managing redundant articles and providing personalized recommenda-
tions, especially without user data. This study proposes a methodology that addresses these issues through a two-stage process. We first apply
Agglomerative Hierarchical Clustering (AHC) to a corpus of 8,142 articles scraped from prominent Nepali news websites, reducing content du-
plication by grouping articles based on semantic similarity. The resulting unique articles are then modeled as nodes in a weighted, undirected
graph. A content-based recommendation engine generates curated news lists by applying Dijkstra’s algorithm to this graph, leveraging a compos-
ite edge weight that accounts for semantic similarity, publication recency, and category. Our evaluation shows this approach effectively reduced
article redundancy by 15.9%. Furthermore, the recommendation system demonstrated high performance, generating 10 recommendations in
1.14 seconds on average, and a user study (N=192) found the recommendations to be highly relevant (40% potential CTR). This work validates a
computationally efficient, graph-based framework for news aggregation and recommendation that entirely bypasses the training overhead and
’cold start’ limitations of traditional machine learning models.
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1. Introduction
In the modern digital era, the proliferation of online news

sources has led to an unprecedented volume of information. While
this provides users with diverse perspectives, it also creates signif-
icant challenges, namely information overload and content redun-
dancy. News aggregation platforms aim to mitigate this by compil-
ing articles from various outlets into a single, accessible interface.
However, a persistent problem is the presence of duplicate or near-
duplicate articles reporting on the same event, which clutters the
user experience and offers little additional value.

Furthermore, personalizing the news consumption experience
through recommendation systems is critical for user engagement.
The industry standard for personalization often relies on Collabo-
rative Filtering (CF). However, CF models face the ”cold start” prob-
lem. This occurs when a new user enters the system; since they
have no history of clicks, likes, or shares, the system cannot infer
their preferences, leading to poor initial recommendations. Addi-
tionally, for systems with a rapidly changing set of items like news,
maintaining up-to-date collaborative models can be computation-
ally expensive.

This paper proposes a solution to these challenges by moving
away from user-history dependency and focusing on the relation-
ships between the articles themselves. We present a two-stage ap-
proach:

1. Deduplication via Clustering: Using Agglomerative Hierar-
chical Clustering (AHC) to group semantically similar news ar-
ticles, thereby presenting the user with unique stories rather
than repetitive headlines.

2. Graph-Based Recommendation: Modeling unique articles as
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nodes in a graph. By calculating weighted edges based on con-
tent similarity, recency, and category, we can generate rele-
vant recommendations using shortest-path algorithms.

Research contributions: The major contributions of this study
are:

• Development of a lightweight scraping and preprocessing
pipeline specifically for Nepali Unicode text.

• Implementation of a clustering mechanism that effectively
identifies and groups duplicate news stories across different
publishers.

• Formulation of a graph-based recommendation algorithm
that operates without user training data, effectively solving
the cold-start problem.

• Empirical evaluation of the system’s efficiency and relevance
using real-world data and human testers.

This study demonstrates that combining text clustering and
graph theory creates a powerful, efficient approach for news ag-
gregation, particularly suitable for resource-constrained environ-
ments or applications where user data is scarce.

2. Related works
The application of clustering algorithms to document and news

deduplication has been extensively explored in prior research. Ab-
dalla [1] provides a comparative analysis of K-means and Agglom-
erative Hierarchical Clustering (AHC) on small datasets, using TF-
IDF weighting and similarity measures like cosine and Euclidean
distance. The study evaluates performance via purity and entropy
metrics, finding AHC superior in entropy (indicating better clus-
ter homogeneity) and stability, while K-means excels in purity
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and computational speed. This aligns with our use of AHC for se-
mantic grouping of news articles, particularly in handling high-
dimensional text data.

Similarly, Popat et al. [2] investigate hierarchical document
clustering based on cosine similarity, emphasizing its role in mea-
suring likeness between text objects and generating dendrograms
for visualization. Their experimental approach highlights the de-
pendency on similarity measures and clustering criteria, which in-
forms our cosine-based distance matrix for daily news processing.

Extending this to duplicate detection, Daneshpour andBarzegari
[3] propose a multi-level hierarchical clustering method with rela-
tive similarity functions, achieving 90% duplicate detection at 97%
accuracy with reduced computation time. This method’s focus on
feature-based levels complements our deduplication strategy, of-
fering potential enhancements for handling noisy news corpora.

In the domain of news aggregation, studies have examined both
systemic architectures and user consumption patterns. Lee and
Chyi [4] analyze the rise of online news aggregators like Yahoo
News and Google News, using a national U.S. survey to identify pre-
dictors such as age and ethnicity, while noting non-competitive
dynamics with traditional media. Their integration of uses-and-
gratifications theory reveals that users avoid opinion-driven con-
tent on aggregators, which resonates with our content-based focus
amid information overload.

Paliouras et al. [5] describe the Personalized News System (PNS),
a web-based aggregator that employs wrappers for HTML/RSS ex-
traction, categorizes content, and adapts recommendations viama-
chine learning on user interactions and similarities. A user study
in their work validates personalizationmerits, inspiring our graph
traversal but differing in our avoidance of ML overhead.

Kiryanov [6] researches content aggregation architectures, de-
tailing web crawling, fuzzy duplicate detection via shingling and
blocking, and scalable designs using microservices, event-driven
styles, and caching for high availability. His emphasis on reducing
update delays through Poisson-based retrieval policies supports
our periodic scraping and graph updates.

For Nepali-specific contexts, a Reddit discussion [7] surveys user
preferences for aggregators like Setopati, Dekhapadi, and Twitter
lists, emphasizing quality and low-noise sources amid elections.
This community insight underscores the need for localized solu-
tions, as in our scraping from Nepali portals.

Recommendation systems for news often blend clustering with
filtering techniques. Liu et al. [8] introduce a hybrid algorithm
combining K-means clustering for content-based grouping with
collaborative filtering for user preferences, providing an overview
of news recommendation technologies. This approach addresses
cold-start issues but incurs training costs, contrasting our graph-
based method that prioritizes efficiency and zero-overhead per-
sonalization via weighted edges.

3. Methodology

Figure 1: Overview of the proposed text clustering pipeline, illustrating
the sequential process from data collection and preprocessing
to vectorization, similarity computation, and final cluster assign-
ment.

The proposed methodology, as illustrated in Figure 1, outlines a
systematic pipeline for clustering news articles based on textual
similarity. The process begins with data collection, followed by
stemming and stop words removal to normalize the text. The re-
fined corpus is then vectorized, and cosine similarity is computed
to quantify pairwise relationships between articles. Using this sim-
ilarity information, a distance matrix is constructed, which serves
as the basis for the clustering algorithm that groups semantically
similar news articles together.

3.1. Dataset collection
The dataset for this study was compiled over a one-month pe-

riod, from December 23, 2024, to January 25, 2025. A total of 8,142
news articles were scraped from three prominent Nepali news por-
tals:

1. OnlineKhabar [9]: 2,993 articles (36.8%)

2. RatoPati [10]: 3,174 articles (39.0%)

3. SetoPati [11]: 1,975 articles (24.2%)

The collected articles were categorized into several predefined
sections: Breaking, National, Finance, Sports, Entertainment, and
International. The distribution across these categories highlighted
a primary focus on ’Breaking’ and ’National’ news, reflecting typi-
cal reader interest and news cycle priorities.

3.2. Preprocessing
To prepare the raw text data for analysis, a standardNatural Lan-

guage Processing (NLP) pipelinewas implemented. This is a critical
step to ensure that the semantic similarity calculations are accu-
rate and meaningful.
Stemming: Nepali words were reduced to their root form. For

example, a word like “हुँदैछ” (hudaichha, meaning “is happening”)
is stemmed to “हुनु” (hunu, meaning “to happen”). This process
ensures that different grammatical forms of the same word are
treated as equivalent, improving consistency. To make the stem-
ming process easier, we used the nepali-stemmer python package
[12]which implements amodifiedHindi Lemmatizer [13] forNepali
language.
Stop word removal: Common, low-information filler words in

theNepali language (e.g., “ल”े, “को”, “मा” - le, ko,ma)were removed
from the articles. This step helps to reduce noise and allows the
analysis to focus on thewords that carry themost semantic weight.
Corpus vectorization (TF-IDF): The preprocessed text corpus

was transformed into a numerical representation using the Term
Frequency-Inverse Document Frequency (TF-IDF) model. TF-IDF
evaluates the importance of a word in a document relative to the
entire collection of documents (corpus). Using TF-IDF with stop-
words removal and stemming is a common technique that yields
great results [14]. The TF-IDF score for a term t in a document d is
calculated as:

TF-IDF(t, d) = TF(t, d)× IDF(t)

Where:

TF(t, d)

is the Term Frequency, or the number of times term t appears in
document d.

IDF(t) = log
(

N

1 + df(t)

)
Here, N is the total number of documents in the corpus, and

df(t) is the number of documents containing the term t. This gives
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higher weight to terms that are frequent in a single document but
rare across the entire corpus.

We chose TF-IDF over modern deep learning methods as TF-IDF
can capture similar semantic similarity and is much faster in re-
source constrained environments [15].

3.3. News clustering

Following preprocessing, the vector representations of the arti-
cles were used to group them based on similarity.

3.3.1. Similarity calculation
The cosine similarity between the TF-IDF vectors of every pair

of documents was calculated. Cosine similarity measures the co-
sine of the angle between two vectors, with a value of 1 indicating
identical documents and 0 indicating no similarity. The formula is:

cos(θ) = A ·B
∥A∥∥B∥

whereA andB are the TF-IDF vectors of two news articles.

3.3.2. Distance matrix and conflict handling
To be usedwith clustering algorithms, the similarity scoreswere

converted into a distance metric. This was achieved by creating a
distance matrix where the distance is defined as:

Distance = 1− Cosine Similarity

We define ”near-duplicates” as article pairs where the Distance
is below a specific threshold (experimentally set at 0.3 for this
dataset). This metric focuses on semantic topic overlap. It is im-
portant to note that this method groups articles covering the same
event regardless of editorial bias. Therefore, articleswith ”conflict-
ing interests” (differing viewpoints on the same event) are grouped
into the same cluster, which is a desirable feature for a news aggre-
gator aiming to provide a holistic view of a topic.

3.3.3. Agglomerative hierarchical clustering (AHC)
Agglomerative Hierarchical Clustering (AHC) was selected as

the primary clustering algorithm. It is a bottom-up hierarchical
method that works by initially treating each data point (news ar-
ticle) as its own cluster. It then iteratively merges the two closest
clusters until a stopping criterion is met.

The average linkage criterion was used, which measures the dis-
tance between clusters as the average distance between all pairs
of points in the respective clusters. The process was performed
daily on new articles, with a dynamic threshold set to determine
the final number of clusters, effectively grouping articles about the
same event.

3.4. Graph-based recommendation system

The core of our recommendation engine is a graph-based model
that leverages the content and metadata of the deduplicated news
articles.

3.4.1. Graph construction
A weighted, undirected graph G = (V,E) was constructed

where:

• Nodes (V): Each unique news article (post-clustering) is a
node in the graph.

• Edges (E): An edge exists between every pair of nodes, repre-
senting the relationship between two articles.

3.4.2. Edge weight calculation
The weight of each edge is a crucial component, as it quantifies

the similarity and relevance between two connected articles. We
devised a composite EdgeScore calculated as a weighted sum of four
factors:

EdgeScore = 2× PublishedScore+ 3× CosineSimilarityScore
+2× CategoryScore+ ScrapeScore

The coefficients (2, 3, 2, 1) were tuned based on performance on
a small, held-out validation set of articles, where relevance was
manually annotated. These weights prioritize semantic similarity
while giving significant consideration to category and recency.

The components are defined as:

• PublishedScore: Measures the temporal proximity of two ar-
ticles.

PublishedScore = ⌊cos(∆time)⌋

where ∆time is the difference in publication time. The ab-
solute cosine value ensures that articles published closer to-
gether receive a higher score.

• CosineSimilarityScore: The raw cosine similarity score be-
tween the articles’ TF-IDF vectors. This is the most heavily
weighted factor.

• CategoryScore: A binary score that is 1 if both articles belong
to the same category (e.g., ’Sports’) and 0 otherwise.

• ScrapeScore: An exponential decay function that models the
decreasing relevance of older news.

ScrapeScore = e
− |∆ScrapeTime|

ScrapeFrequency

3.4.3. Recommendation generation
To generate recommendations for a given source article, we

transform the graph and apply pathfinding algorithms. All the
work that included building and exploring the graph was done us-
ing the NetworkX [16] Python package which provided an easy to
use API along with many built-in functions.

Graph Transformation Since standard shortest path algorithms
like Dijkstra’s Algorithm [17] find paths with the minimum cumu-
lative weight, we convert our EdgeScore (where higher is better) into
a distancemetric (where lower is better). This is done by defining the
edge weight in the graph as:

weight = C − EdgeScore

where C is a constant (e.g., 10) larger than any possible
EdgeScore.

Iterative Nearest Neighbor Search The shortest path provides
a strong initial set of recommendations. To expand this, we pro-
pose the Iterative Nearest Neighbor Search algorithm. This algorithm
operates in a greedy fashion. It starts with a seed set of nodes and
iteratively adds the closest neighbor (based on edge weight) to the
current set until the quota is filled.

Algorithm Analysis While this approach is a greedy heuristic
and does not guarantee a globally optimal set of recommendations
in a mathematical sense, it is highly efficient and feasible for real-
time systems. The complexity of selecting K recommendations
from a graph with average node degreeD is approximatelyO(K ·
D). Since our graph is sparse after thresholding low-similarity
edges,D remains small, ensuring rapid execution.
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Algorithm 1: Iterative Nearest Neighbor Search Algorithm
Input :GraphG, Path P , Desired number of news itemsN
Output :List of final recommendations

1 finalRecommendations← P;
2 while True do
3 foreach nodeN in finalRecommendations do
4 c← closest neighbor ofN not in P ;
5 finalRecommendations.add(c);
6 if finalRecommendations.length≥ N then
7 break

8 return finalRecommendations[1...N]

3.5. Illustrative example
To clarify the recommendation logic, consider two articles:

• Article A (Source): ”Nepal wins cricket match against UAE”
(Category: Sports, Time: 10:00 AM)

• Article B (Candidate): ”Sompal Kami takes 5 wickets” (Cate-
gory: Sports, Time: 11:00 AM)

1. Similarity: TF-IDF Cosine Similarity is calculated as 0.85 (high
overlap).
2. Recency: Time difference is 1 hour. PublishedScore ≈ 0.99.
3. Category: Both are ’Sports’, so CategoryScore = 1.
4. Calculation: EdgeScore = (2× 0.99) + (3× 0.85) + (2× 1) +
ScrapeScore ≈ 6.53.
5. Graph Weight: TakingC = 10, the edge weight is 10− 6.53 =
3.47.

This low edge weight signifies a strong connection, making Ar-
ticle B a high-priority recommendation for a user reading Article
A.

4. Evaluation and results
The effectiveness of both the clustering and recommendation

systems was evaluated through computational metrics and hu-
man feedback. Feedback was collected from 192 human testers
recruited via a snowball sampling method. The participants repre-
sented a diverse range of age groups and educational backgrounds.

4.1. Clustering and deduplication performance
The AHC clustering approach proved effective at identifying re-

dundant news. Out of the initial 8,142 articles, the system identi-
fied and grouped duplicates, resulting in a deduplicated set of 6,848
unique story clusters. This corresponds to a Data Deduplication Ratio
(DDR) of 15.9%.

Human evaluation confirmed the quality of the clusters. When
presented with the article groups, 91.77% of participants gave the
clusters a relevance score of 8 or higher on a scale of 1 to 10, indi-
cating that the grouped articles were indeed about the same topic.
Furthermore, when comparing clusters generated by AHC and DB-
SCAN, 59% of testers preferred the coherence and quality of the
AHC clusters.

4.2. Recommendation system performance
The graph-based recommendation systemwas evaluated on two

key metrics: performance speed and user-perceived relevance.
Speed: The system demonstrated high efficiency. On average, it
took only 1.14 seconds on average to generate 10 recommendations
for any given news article. Thiswas achievedwithout any code par-
allelization, highlighting the inherent speed of the graph traversal
approach compared to the inference time of large ML models.

Relevance: The relevance of the recommendations was assessed
through a user study (N=192). On average, participants indicated a
willingness to click on 4 out of the 10 recommended articles, result-
ing in a 40% potential click-through rate or a user-reported relevance
score of 4/10.

5. Discussion

The results of this study are promising. A 15.9% data dedupli-
cation rate confirms that significant content overlap exists across
major news portals, and that clustering is an effective technique to
manage this redundancy.

The most significant contribution is the validation of the graph-
based recommendation system. A 40% Potential CTR achieved
without any user-specific data is a powerful result. It demon-
strates that a deep understanding of the content’s semantic mean-
ing, temporal relevance, and categorical relationships can be a
strong proxy for user interest. The system’s main advantage is
its efficiency and simplicity. By forgoing the need for ML train-
ing pipelines, it eliminates associated costs, complexities, and the
”cold start” problem. It is inherently adaptable; adding a new news
category or handling a sudden surge in articles only requires updat-
ing the graph, not retraining a model.

However, the approach has limitations. The system is purely
content-based and does not yet learn from user behavior. While
this is an advantage for privacy and simplicity, a hybrid approach
could yield even better results. Finally, the snowball sampling
method may introduce some bias into the user evaluation.

6. Conclusion and future work

This paper presented a two-stage system for news aggregation
and recommendation. By combining Agglomerative Hierarchical
Clustering for effective deduplication and a fast, graph-based rec-
ommendation engine, we have demonstrated a powerful alter-
native to traditional, resource-intensive methods. The system
achieved a 15.9% reduction in article redundancy and a 40% rec-
ommendation CTR, with strong acceptance confirmed by diverse
user groups. This approach is ideal for systems with a fixed set of
items, limited computational resources, and a need for a robust,
easily maintainable recommendation solution.

Future enhancements will focus on three key areas:

• Performance Optimization: Parallelizing the graph con-
struction and recommendation algorithms to further de-
crease response times.

• Hybrid Modeling: Incorporating user behavior data (e.g.,
clicks, reading time) to dynamically adjust edge weights,
evolving the system into a hybrid model that combines
content-based and collaborative filtering principles.

• Advanced NLP: Implementing state-of-the-art deep learning
models like BERT [18] or other transformer [19] based embed-
ding models for the text vectorization step. This could pro-
vide a more nuanced understanding of semantic similarity,
especially for short or complex texts, potentially improving
both clustering and recommendation quality.
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