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Abstract—Recommender systems play a crucial role in en-
hancing user experience and engagement on e-commerce plat-
forms by suggesting relevant products based on user behavior.
In the context of Amazon’s extensive catalog of over 8,000
magazines spanning more than twenty-five categories, providing
personalized magazine subscription recommendations poses a sig-
nificant challenge. This study addresses the problem of identifying
potential future associations between magazine reviewers and
products using a graph-based approach. Specifically, we aim to
predict unseen but likely links between users and magazines to
improve recommendation quality. To achieve this, we construct an
undirected bipartite network connecting reviewers and magazine
products based on review data. We perform network analysis
using measures such as centrality, modularity, and clustering, and
apply sentiment analysis and topic modeling to extract behavioral
and thematic insights from user reviews. These insights inform a
series of link prediction techniques including Common Neighbors,
Adamic-Adar, Jaccard Coefficient, and Preferential Attachment
evaluated using cross-validation and ROC curves. Our results
show that the Preferential Attachment model outperforms other
approaches, attributed to the skewed degree distribution inherent
in the dataset’s structure.
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I. INTRODUCTION

A recommendation system is a data filtering system that
generates data predictions based on user data linked with
the item. Both merchants and consumers benefit from recom-
mendation systems in internet marketing. On the one hand,
recommendation algorithms are employed by sellers in order
to maintain high levels of user engagement. Consumers, on
the other hand, benefit from recommendation systems because
they can quickly find what they’re looking for. For example,
Amazon suggests products to consumers based on their past
purchases to encourage future purchases, while news websites
suggest related content to viewers to optimize ad revenue.
These businesses rely significantly on recommendation sys-
tems to improve user experience.

Both service providers and users benefit from recommender
systems. Users are able to lower the resource consumption
and expenses of searching for and selecting the right things
to buy in an online environment. Also, service providers
reduce the cost of marketing large amount of products to
large user base. If a person enjoys reading scientific period-
icals, he or she might be interested in reading magazines
about scientific research. Recommendation systems can help
them find related products and improve the quality of their
decisions. Recommender systems increase revenue in an e-
commerce scenario since they are efficient at selling more

things. Recommender systems in scientific libraries assist users
by allowing them to go beyond catalog searches. In addition to
this, indirect connections between the users can be identified to
recommend the products purchased by one user to another user.
As a result, the importance of employing efficient and accurate
recommendation algorithms inside a system that provides con-
sumers with relevant and dependable recommendations cannot
be overstated.

Many e-commerce companies offer a diverse selection of
products to their customers. Providing users with the most
suited items makes the purchasing process more efficient
and boosting user happiness. Improved customer happiness
keeps users coming back to the website, increasing sales and
profitability for products. As a result, more companies are
beginning to recommend products to customers, necessitat-
ing the efficient analysis of user product interests. Standard
recommendation algorithms, such as content-based filtering
and collaborative filtering, use a matrix to model user ratings
and anticipate customer ratings for unrated goods based on
user/item similarity.

In the context of Amazon’s magazine subscription plat-
form, which features more than 8,000 magazines across over
twenty-five categories, recommending personalized content is
particularly challenging due to the diversity and volume of
data. This study focuses on addressing the following research
question: How can a graph-based recommendation system
leveraging user reviews, sentiment analysis, and topic mod-
eling improve the prediction of potential future links between
reviewers and magazine subscriptions?

Fig. 1. Bipartite network.

To answer this question, we build a bipartite network (Fig.
1) between users and products using Amazon review data and
explore the utility of various link prediction algorithms in
identifying new recommendations. We incorporate techniques
such as sentiment analysis to assess review polarity, and topic
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modeling to identify key themes in user preferences. These
components help enrich the graph and guide the recommen-
dation process.

The main contributions of this study are as follows:

• We construct and analyze a large-scale bipartite graph
between Amazon reviewers and magazines based on
review data.

• Integrate sentiment analysis and topic modeling to
extract contextual and thematic features from textual
reviews.

• Apply and compare multiple link prediction methods
Common Neighbors, Adamic-Adar, Jaccard Coeffi-
cient, and Preferential Attachment—to identify poten-
tial reviewer-magazine associations.

• Evaluate the performance of these models using ROC-
AUC and demonstrate that the Preferential Attachment
model yields superior results due to the skewed degree
distribution in the network.

The implications of this work lie in enhancing person-
alized recommendation engines for online subscriptions and
providing a scalable framework for integrating behavioral and
semantic data in graph-based recommender systems.
The rest of the study is organized as follows: Section II reviews
the related work. Section III details the methodology, including
network construction, sentiment analysis, and topic modeling.
Section IV presents experimental results and analysis. Section
V presents the discussion of the study. Section VI concludes
the study and discusses possible directions for future work.

II. BACKGROUND AND RELATED WORK

Recommender systems have significantly improved user
engagement and satisfaction on e-commerce platforms. Par-
ticularly, graph-based methods have become prominent for
modeling user-product interactions as networks. Li et al. ex-
plored the efficacy of bipartite graphs for recommendations,
demonstrating their superiority over conventional collaborative
filtering. Similarly, Zhang and Chen highlighted the potential
of network centrality and clustering to deliver explainable
recommendations, enhancing user trust and transparency.

Link prediction is a core component of graph-based rec-
ommendations, providing insights into potential future inter-
actions within networks. The foundational works by Adamic
and Adar [1], Liben-Nowell and Kleinberg [8], Newman
[11], and Barabási et al. [2] introduced seminal link pre-
diction approaches including Common Neighbors, Adamic-
Adar, Jaccard Coefficient, and Preferential Attachment. Pref-
erential Attachment, in particular, emphasizes that nodes with
higher degrees are likelier to form new connections, a concept
strongly relevant to real-world scale-free networks.

Incorporating textual data through sentiment analysis and
topic modeling has further enriched recommender systems.
Pak and Paroubek [20] leveraged sentiment analysis to refine
recommendations based on user-generated textual feedback.
Additionally, Blei et al. introduced Latent Dirichlet Allocation
(LDA) for topic modeling, enabling a more nuanced under-
standing of user interests through thematic analysis of reviews.

McAuley et al. extended these techniques, combining textual
and visual features to enhance the contextual relevance of
recommendations.

Parallel to recommender system advancements, significant
research has been conducted in predictive analytics within
other application domains, such as air traffic delay prediction.
Flight delays have been a persistent issue, with only 79.63%
of flights landing on time over the past decade, according to
the Bureau of Transportation Statistics (BTS). Ye’s study em-
ployed multiple machine learning models (Linear Regression,
SVM, ExtraRT, and LightGBM) to forecast flight departure
delays at Nanjing Lukou International Airport, identifying
critical relationships between meteorological factors and de-
lays [6]. Similarly, Atlioglu [1] analyzed flight operational
data using diverse machine learning methods, emphasizing the
importance of data selection for accurate delay prediction.

Esmaeilzadeh and Mokhtarimousavi utilized Support Vec-
tor Machine (SVM) analysis to examine air traffic delays at
major airports in New York City, focusing on operational and
flow management factors [3]. Xu et al. [5] applied Bayesian
networks for modeling delay propagation across airports,
providing insights into the systemic nature of delay spread
through an empirically informed Bayesian approach. Bratu
and Barnhart [2] introduced the Passenger Delay Calculator,
shifting focus from aircraft-centric to passenger-centric delay
analysis, thus providing a more nuanced understanding of the
impact of delays. Kim and Choi [4] proposed advanced deep-
learning models, including deep RNN architectures, for pre-
dicting delays with greater accuracy, emphasizing the efficacy
of neural networks in capturing complex temporal patterns in
delay data [9].

While the application domains of recommender systems
and air traffic delay prediction differ substantially, methodolo-
gies such as machine learning, sentiment analysis, and data-
driven modeling are common threads linking these fields. Our
research leverages these interdisciplinary insights, employing
advanced analytical techniques such as sentiment analysis,
topic modeling, and graph-based link prediction methods to
provide personalized magazine recommendations on Amazon.
This integrated approach not only enhances recommendation
quality but also demonstrates the adaptability and robustness
of predictive methodologies across diverse contexts.

III. APPROACH

We analyze the dataset for amazon magazine subscriptions
which contain the data about magazines subscribed by a certain
user and reviews written for the particular magazine. We gener-
ate a bipartite graph using the reviewerID and ProductID as the
two independent sets of vertices [13]. This is a bipartite graph
because the edges are between the reviewerID and productID
and no edges from and to the same set. Once the graph is gen-
erated, we perform network analysis which involves centrality
analysis, modularity analysis, finding connected components,
small world network analysis and heavy tail analysis. This
analysis supplies crucial insights about the graph. After the
network analysis, we perform sentiment analysis to capture the
sentiment of the reviewers in relation to that productID. This
step gives us insights about the relevance of the edges while
conducting link prediction. We then perform topic modeling to
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capture the group of topics the reviewer is discussing about. We
select the highest-ranked reviewer Id and apply topic modeling
to the reviews written by that user. Following that, we apply
link prediction to find a link between the reviewer and the
products with which aim we recommend magazines to users.

A. Network Analysis

The use of networks and graph theory to investigate group
structures is known as network analysis [14]. It describes
networked structures in terms of nodes, which can be indi-
vidual actors, people, or items inside the network, and the
ties, edges, or connections that connect them, as well as
the relationships and interactions that exist between them. It
aids us in comprehending the structure of a relationship in
social networks, as well as a structure or change process in
natural phenomena. Identifying the critical node in a network
is an important application of network analysis. This task is
called Network Centrality measurement. It can relate to the
task of determining the most influential person or the group’s
representative in social network analysis. We make use of the
networkx [10] library in the python to capture the insights
about the network. Fig. 2 presents the Gephi visualization.

Fig. 2. Gephi visualization.

B. Sentiment Analysis

Sentiment Analysis, also known as opinion mining, is the
computational study of opinions, sentiments, subjectivity, or
evaluations. It is widely used across domains such as market
research, public relations, reputation management, financial
trading, and customer experience analysis. By examining the
polarity (positive, negative, or neutral) of user-generated text,
sentiment analysis helps organizations understand public per-
ception and detect shifts in opinion.

In our study, sentiment analysis was used to determine the
tone of user reviews and to assess whether sentiment polarity
could improve link prediction performance. Specifically, each
review was analyzed to extract a sentiment score, which
we considered as a potential weight on the edge between a
reviewer and a product in the bipartite graph.

To prepare the text for sentiment analysis, we applied a
multi-step preprocessing pipeline: we used regular expressions
to remove links and special characters, eliminated stop words
using the NLTK corpus, and performed stemming using the
Porter Stemmer [15]. These steps ensured that irrelevant tokens

and variations of the same word did not distort sentiment
scores. We used the VADER sentiment analyzer, which outputs
a compound score between -1 (most negative) and +1 (most
positive). These scores were mapped onto a 3-class label
system (positive, neutral, negative) using VADER’s default
thresholds. Although we initially considered using these scores
as edge weights in the graph for weighted link prediction,
the review distribution was heavily skewed: out of 88,318
edges, only 2.8% were negative. This imbalance would have
led to biased edge weighting and diminished performance in
graph-based models. Therefore, we opted not to use sentiment
scores as weights, instead using an unweighted graph for better
generalizability and efficiency.

C. Topic Modeling

Topic modeling is a powerful text mining technique used to
uncover hidden thematic structures in a corpus. It is especially
useful in organizing and summarizing large collections of un-
structured text data. We employed Latent Dirichlet Allocation
(LDA), a widely adopted probabilistic model that represents
each document as a mixture of topics and each topic as
a distribution over words. For our study, we applied topic
modeling to the set of reviews written by the most active
reviewer in the dataset. This helped us gain insights into the
types of content that frequent reviewers engage with, which
in turn aids in better personalization for recommendations
[17]. We selected four topics for the LDA model based on
empirical evaluation using coherence scores, which measure
the semantic consistency of words within a topic. We evaluated
topic numbers ranging from 3 to 7 and found that k=4 yielded
the highest coherence score (0.51), indicating that four topics
offered a good balance between granularity and interpretability.
The topics identified included themes such as food and travel,
business and income, technology and education, and writing
and products, reflecting the diverse interests of the reviewer.
This thematic categorization allowed us to associate reviewers
with topic clusters, which could be used for finer-grained rec-
ommendation strategies beyond graph-based link prediction.

IV. EXPERIMENT

A. Data Analysis

The analysis was conducted using the Amazon magazine
subscription dataset. The provided dataset contains data about
amazon magazine subscriptions, publications subscribed by a
certain user (reviewerID), and reviews published for that mag-
azine (reviewText). The overall score ranges from 0 (worst)
to 5 (excellent) (best). Amazon assigns a unique identifying
number (Asin) to each magazine. The data set has a total of
89,689 rows, with a total of 72098 distinct reviewers and 2428
unique Asin’s.

Features:

• Overall - States the user rating of the product

• Vote - Total votes/ratings given

• Verified - Is the user verified

• reviewTime - Time at which the product was reviewed

• reviewerID - Unique ID of the reviewer
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• Asin - Amazon Standard Identification Number (
Product ID)

• reviewerName - Name of the review

• reviewText - product review written by the user

• Summary - summary of the user review

• unixReviewTime - timestamp of the review

The bipartite graph was subjected to network analysis, and
key parameters such as density, connected components, and
clustering coefficient were computed. Below describes a more
detailed investigation of network.

B. Preprocessing

Prior to analysis, the dataset underwent several prepro-
cessing steps to ensure data quality and suitability for graph
construction and text-based modeling. The original dataset
contained 89,689 records. After preprocessing, a total of
88,318 valid review entries remained, which were used for
graph construction. The following preprocessing steps were
performed:

• Text Cleaning: URLs, HTML tags, special characters,
and excessive whitespace were removed using regular
expressions.

• Stop Word Removal: Common English stop words
were removed using the NLTK stopword corpus.

• Lowercasing: All review text was converted to lower-
case to maintain consistency.

• Stemming: Words were reduced to their base/root form
using the Porter Stemmer to normalize vocabulary.

• Filtering Empty Reviews: Reviews with fewer than 10
characters after cleaning were discarded.

• Verified Purchases: Only reviews from verified pur-
chasers were retained to improve reliability.

• Reviewer Filtering: For topic modeling, we selected
the reviewer with the highest number of reviews,
filtering the dataset to just their entries, resulting in
146 reviews for that user.

The remaining dataset was then used to build a bipartite
graph between reviewerID and Asin, where each edge repre-
sents a review. This cleaned and filtered dataset formed the
basis for subsequent network, sentiment, and topic modeling
analyses.

C. Graph Analysis

The strength and direction of links between nodes in a
graph are determined via graph analysis. The graph analysis
in this study began with determining the density and average
clustering coefficient of the graph [18]. The centrality analysis
was then performed, which determined how essential a node
or edge is for the network’s connectedness or information flow.
The graph’s maximum centrality was found to be 0.023. Fig. 3
shows the basic graph analysis.

Following that, small world network identification and
heavy tail analysis were performed. Fig. 4 shows the result of

Fig. 3. Basic graph analysis.

the small world network analysis. The modularity analysis was
then used to determine how thick the network’s connections
are. The optimal partition’s modularity was found to be 0.8767
and Fig. 5 reflects the outcome.

Fig. 4. Small world network analysis.

Fig. 5. Modularity plot for the best partition.

D. Topic Modeling

A user with the maximum number of Amazon magazine
reviews was chosen for the purpose of topic modeling. The
data of reviewers with the most reviews was sorted, and the
reviewerID with the most reviews was chosen. The data list
that was utilized to select the user is shown in Fig. 6.
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Fig. 6. List of reviewers with maximum reviews.

Topic modeling was performed on the user
(A3JPFWKS83R49V) with the most reviews. We filtered the
dataset to capture the reviews written by the most active
reviewer. We used Latent Dirichlet allocation (LDA) [6]
method for fitting a topic model. This technique treats each
document as a mixture of topics, and each topic as a mixture
of words. The function parameters to the LDA model - the
number of topics and number of words were set to four. Fig.
7 depicts the outcome of the topic modeling. Words like
home, food, travel, and life appear in the first topic, implying
that the user reviewed more about food and travel. The words
business and income appeared in the second topic, writing
product appeared in the third, and technology and education
appeared in the fourth. This implies that the reviewer is a
voracious reader and actively evaluates magazines about these
subjects.

Fig. 7. Result of topic modeling on user with maximum reviews.

E. Sentiment Analysis

Out of 88318 edges or reviews, we only got 2567 (2.8 %
) (see Fig. 8) negative reviews, the rest were either positive or
neutral . In our case, an edge with weight as the sentiment
score represents the relation between the reviewer and the
product. An edge with positive sentiment score should indicate
that the user praised the product and other users having
common properties to that user should get recommendation
of the product.

However, as observed from the Fig. 8, the number of
positive, negative, and neutral reviews are very skewed. This
indicates that, when it comes to magazine subscriptions, people
do not tend to write negatively about them. Neutral edges can
also be considered harmless to link prediction as these are most
likely stating facts that summarize what is published in the
magazine [18]. Considering these findings, sentiment analysis
was effective in deciding not to use the sentiment scores for
weighing the graph due to the skewed distribution and high
complexity of bipartite weighted graph.

Fig. 8. Sentiment analysis results.

Fig. 9. Sentiment analysis scores and labels.

F. Link Prediction

In the realm of graphs and networks, link prediction is
one of the most important research areas. The goal of link
prediction is to find node pairs that will establish a link in
the future. The simplest link prediction metrics are similarity-
based metrics, which produce a similarity score for each pair
x and y. The structural or node properties of the considered
pair are used to calculate the score S(x,y). The non-observed
linkages are given scores based on how similar they are.
The anticipated link between two nodes is represented by the
pair with the highest score. In the study [19], the authors
details that the structural attribute of the network is one of
the properties that may be used to determine the similarity
measures between each pair. Local and global scores, node-
dependent and path-dependent scores, parameter-dependent
and parameter-free scores, and so on can all be categorized
using this feature.

1) Common neighbors: The size of common neighbors
[11] for a given pair of nodes is determined as the intersection
of the two node neighborhoods in a particular network or
graph.

S(x, y) = |Γ(x) ∩ Γ(y)|

where, Γ(x),Γ(y) are neighbors of the node x and y
respectively. With the number of shared neighbors between
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them, the likelihood of a link between x and y increases.
Newman estimated this quantity in a collaboration network
and showed that the likelihood of collaboration between two
nodes is determined by their shared neighbors. In a large social
network, Kossinets and Watts [7] found that two students who
have a lot of similar friends are more likely to be friends. The
common neighbor method has been found to outperform other
complex methods on most real-world networks. On applying
this technique to the amazon dataset, we found the Area under
the curve to be 0.65. Fig. 10 shows the ROC curve for the
same.

Fig. 10. ROC curve for common neighbors algorithm.

2) Adamic-Adar: Adamic and Adar[1] proposed a measure
for calculating a similarity score between two web pages
based on shared traits, which Liben-Nowell et al. modified
and employed in link prediction.

S(x, y) =
∑

1/log(kz)z ∈ Γ(x) ∩ Γ(y)

where, kz denotes the node z’s degree. The equation clearly
shows that the common neighbors with lower degrees are
given more weight. This is also intuitive in the real world;
for example, a person with a larger number of friends spends
less time or resource on a single friend than someone with
fewer friends[16]. On applying this technique to the dataset, we
found the area under the curve to be 0.65, which is comparable
to the results of Common Neighbors. Fig. 11 shows the ROC
curve for the same.

Fig. 11. ROC curve for Adamic-Adar algorithm.

3) Preferential attachment: In this study [2], to create a
growing scale-free network, the concept of preferential attach-
ment is used. The phrase “growing” refers to the progressive
nature of nodes in a network over time. The likelihood of
adding a new link to a node x is related to kx, the node’s
degree. The preferential attachment score between two nodes,
x and y can be calculated using the formula:

S(x, y) = kx.ky

The key advantages of this metric are its simplicity (since
it takes the least amount of information for score calculation)
and computing time. It can also be employed in a non-local
setting because it simply requires degree as information rather
than common neighbors. The PA’s effectiveness improves in
assortative networks, while it deteriorates in disassortative
networks. In other words, if greater degree nodes are densely
connected and smaller degree nodes are rarely connected, PA
produces superior outcomes. Hasan et al. [5] demonstrated
that aggregation functions (e.g., sum, multiplication, etc.) over
feature values of vertices might be used to compute link feature
value in a supervised learning framework. Fig. 12 presents the
ROC curve for Preferential Attachment algorithm.

Summation can be used instead of multiplication as an
aggregate function in the preceding equation, and it has been
proven to be highly effective. In [5], the authors show that
preferential attachment combined with the aggregate function
“sum” works effectively for link prediction in co-authorship
networks.

Compared to other methods, we got better results for
Preferential Attachment model because of the nature of the
graph. Degree distribution (Fig. 14) shows that more than half
of the nodes are having degree equal to two. Additionally, as
observed, very few number of nodes have high degree. Fig. 13
shows that there are some nodes in the network to which many
nodes having lesser degree are attached. This situation favors
the Preferential Attachment model yielding better results than
other models.

Fig. 12. ROC curve for preferential attachment algorithm.

4) Jaccard Coefficient: This [12] metric is similar to the
common neighbor. Additionally, it normalizes the above score,
as given below.

S(x, y) = |Γ(x) ∩ Γ(y)| ÷ Γ(x) ∪ Γ(y)|
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Fig. 13. Gephi visualisation - graph component where the reviewer has
written 2 or more reviews.

Fig. 14. Degree distribution of the graph.

The probability of choosing common neighbors of paired
vertices from all the neighbors of either vertex is described
by the Jaccard coefficient. The number of shared neighbors
between the two vertices being analyzed improves the pairwise
Jaccard score. This similarity metric performs worse than
Common Neighbors, as proved by Liben-Nowell et al.[8].
Jaccard Coefficient algorithm performs the worst amongst all
algorithms. As observed in Fig. 15, the area under the curve
for this technique is 0.57.

Fig. 15. ROC curve for jaccard coefficient algorithm.

The results in Fig. 16 shows the links obtained using the
Preferential Attachment algorithm. As observed, the results

indicate the possible links between the reviewer and the
productID along with the Preferential attachment score for
reviewer and the product. The score indicates how likely it
is to establish a link between the two.

Fig. 16. Predictions for preferential attachment algorithm.

5) Other Methods: We tried link prediction with the graph
distance method, which uses the shortest path length between
nodes without an edge. The shortest path lengths are then
sorted in ascending order, with the top “K” edges designated
as future links. With the help of sentiment scores, we changed
our bipartite network into a weighted graph. The edges are
weighted using the compound score indicated in the Fig. 9,
are used as weights of the edges. To prevent negative weights,
these scores were transformed to a range of 0 to 2. Then, to find
out the edges which do not exist, it was required to iterate the
network of nearly 28000 edges in a quadratic time complexity.
Every iteration also included time-consuming processes like
identifying the shortest path length. The anticipated time it
would take to run this algorithm on the network was roughly
100 days [20]. As a result, the weighted graph and shortest
path length method was avoided.

Approaches like user-based collaborative filtering and item-
based collaborative filtering were also investigated. Users or
items are both considered vectors in these procedures. The user
is then recommended an item based on the similarity between
these vectors. Due to the significant sparsity of data and edges,
the majority of the entries would be 0. Both algorithms will
become ineffective as a consequence of this. Hence, these
methods were avoided.

V. DISCUSSION

The results from our study reveal that the Preferential
Attachment model consistently outperformed other link pre-
diction algorithms such as Common Neighbors, Adamic-Adar,
and Jaccard Coefficient. This outcome can be attributed to
the inherent skewed degree distribution within the reviewer-
product bipartite graph, where a small number of users have
disproportionately high activity levels. These highly connected
reviewers are more likely to form new links, aligning with
the assumptions of the Preferential Attachment model. An
important insight gained from the sentiment analysis was the
overwhelming positivity or neutrality in user reviews—only
2.8% of the reviews were classified as negative. While sen-
timent analysis provided valuable context for understanding
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edge importance, the sentiment imbalance ultimately made
it impractical to use these scores as edge weights for graph
modeling. This highlights a broader challenge in applying
sentiment-weighted graphs in domains where user feedback is
rarely negative. The use of topic modeling also proved insight-
ful in identifying the thematic diversity of active users. For in-
stance, the top reviewer in our dataset wrote about a wide range
of topics such as travel, food, business, and education. This
reinforces the importance of capturing thematic preferences
in designing personalized recommender systems. However,
choosing the optimal number of topics remains a subjective
decision, and while coherence scores guided our choice of
four topics, more sophisticated tuning strategies could further
improve interpretability. From a broader perspective, this study
demonstrates the value of integrating semantic and behavioral
insights into graph-based recommender systems. By combin-
ing network structure with textual features, we move closer
to personalized and context-aware recommendations. How-
ever, computational complexity remains a concern, especially
for scaling methods like shortest path-based prediction on
weighted graphs. Future work could explore more efficient
graph embedding techniques that incorporate both structure
and sentiment while maintaining interpretability.

VI. CONCLUSION

In this study, we constructed a bipartite network connecting
Amazon reviewers to magazine subscriptions using a real-
world dataset. To extract deeper behavioral and thematic
insights, we applied sentiment analysis, topic modeling, and
network visualization techniques. These insights were then
leveraged to perform link prediction, aiming to recommend
relevant magazine subscriptions to users.

We evaluated several link prediction algorithms such as
Common Neighbors, Adamic-Adar, Jaccard Coefficient, and
Preferential Attachment—using K-fold cross-validation and
ROC-AUC scores. Among these, the Preferential Attachment
model yielded the most promising results, largely due to the
skewed degree distribution observed in the graph, where a
small number of highly active users dominated the network
structure.

Although sentiment analysis offered valuable context, the
overwhelmingly positive and neutral nature of the reviews
limited its effectiveness as a weighting factor. As a result, link
prediction was performed on an unweighted graph to avoid
introducing bias from sentiment imbalance.

Looking forward, future research could explore methods
to balance or normalize sentiment distributions to support
weighted graph modeling. Additionally, incorporating graph
embedding techniques or temporal dynamics could further en-
hance recommendation accuracy and scalability. Overall, this
work highlights the potential of combining network structure
with natural language insights to improve recommendation
systems in content-rich domains like magazine subscriptions.
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