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Abstract - Recommendation systems are being widely used in many applications and websites to recommend products and items
to buyers or viewers. Recommendation Systems are essential for enhancing user experiences and increasing sales for e-commerce
platforms. These systems have become widely popular due to large amount of information at present time and consumer bound
environment.

This study reviews, investigates, analyses and compares popular recommendation systems that exist. By conducting a
comprehensive analysis, this research seek to identify the strengths and weaknesses of various algorithms, considering factors
such as accuracy, efficiency, scalability, and adaptability to different domains.

Index Terms - Recommender Systems (RS), content-based filtering (CBF), recommendation algorithm, collaborative filtering
(CBF), hybrid system, recommendation techniques.

l. INTRODUCTION

With day-by-day advancements in technology, there has been a rapid investment in e-commerce industry this implies that large
product and hence huge product information directly impose great challenges to both consumers and online businesses in the
online business domain. With the rapid growth of e-commerce products, consumers often struggle to get the desired product.[34]
Product recommendation systems arose to address the issues of information overload and decision fatigue that consumers
encounter in the digital age.

Product recommendation systems are software applications that use various algorithms and techniques to provide suggestions of
products or services to users based on their preferences, behavior, profile and feedback.[40] They have become an essential tool
for e-commerce platforms, online retailers to increase customer satisfaction, loyalty, and revenue. Product recommendation
systems aim to help consumers by filtering, ranking, and presenting the most appropriate products or services for each individual
user, using systems such as collaborative filtering, content-based filtering, hybrid filtering, or deep learning.[35]

In this paper, we will introduce the basic concepts and techniques of recommender algorithms, such as, Content-based filtering,
Collaborative filtering, Clustering-based methods, Bayesian network-based methods, Hybrid approaches as well as some of the
disadvantages and opportunities for future research and development and also review the main concepts, techniques, and
challenges of each algorithm, and took a dataset "Online Retail Sales and Customer Reviews" dataset to compare KNN, Bayesian
Network, Naive Bayes, and Hybrid System which combined content based and collaborative filtering on the basis of RMSE,
accuracy, precision, recall, F1 score. We also discussed some open issues and future directions for recommender system research.

Il. LITERATURE SURVEY

[1] were the first to classify the algorithms. [5] offered a recommendation system to make online distance learning suggestive. Its
objective is to leverage user interaction data to suggest e-books to pupils. The system was created in a collaborative manner with
the goal of resolving the issue of data overload in large digital material. [37] used create a recommender system for TV shows. K-
means clustering, k-nearest neighbor (KNN) algorithms were used in implementation of system intended for digital TV
programming. Processing massive volumes of data proved successful. [38] developed a stock recommendation system that
leverages the investment portfolios of reputable mutual funds. This system integrates collaborative filtering and social network
analysis to create a trust-based recommendation model, utilizing historical patterns, metadata similarities, and viewership logs for
informed stock suggestions. [39] have used the methods of Social Matrix Factorization (SMF) and Collaborative Technique for
social media platforms is to be developed. The model may calculate user ratings for products that contribute to the generation of
recommendations. To enhance the quality of these recommendations, data was collected from various sources, such as item
characteristics, social networks, and user feedback. [5] highlighted the sparsity problem and the cold-start problem as two
disadvantages of collaborative filtering techniques. The authors have provided a method that makes advantage of category
information. A movie recommendation system based on genre connection was put out by the authors. According to the authors,
freshly developed content has a category description. As a result, classification or genre information allows original items to
appear in the suggestion list even if they do not yet have enough ratings or views. When it comes to newly released, less bought
and highly rated, to most bought items, the suggested system is impartial. Thus, even a brand new item can be suggested.

The first approach used nearest-neighbor collaborative filtering techniques.[40] Numerous research have examined different
collaborative filtering techniques, including memory-based, model-based, and hybrid models[12]. The most used collaborative
filtering algorithm is k Nearest Neighbors (KNN) [13,15]. Explicit features are used to characterize items in CBF algorithms. A
movie can be recognized, for instance, based on its genre, director, and actors. These recommendation systems (RSs) typically
provide a limited selection of unexpected recommendations since they give preference to goods that have characteristics in
common with the films that a user has already "liked" [16][17]. CF rely on the collective tastes of users to suggest products or
services that other users have purchased or found appealing. The most widely used RSs are collaborative ones, mainly because

TIJER2504145 | TIJER — INTERNATIONAL RESEARCH JOURNAL www.tijer.org | b35



TIJER || ISSN 2349-9249 || © April 2025, Volume 12, Issue 4 || www.tijer.org
they are easier to develop and incorporate into pre-existing domains and, when compared to CBF algorithms, they are frequently
of higher quality in terms of objective criteria. However, CF recommenders are also subject to a great deal of criticism, which
emphasizes their popularity bias and restricts the variety of options that users could ever select [18]. The only item chosen by the
collaborative filtering algorithm is the one with the greatest popularity rating.[19]

In accordance with user-based CF techniques [20,42], users that are comparable to the one being questioned are located, and the
desired rating is estimated using the average ratings of these comparable users. In a similar manner, item-based collaborative
filtering (CF) [21,42] identifies items that resemble the queried object and utilizes the average ratings of these comparable items
to estimate the target rating. Items-based collaborative filtering systems assess product similarity and recommend items that are
most similar to the products the customer has selected.[28]

The degree of similarity between two products is determined using functions such as cosine similarity and conditional
probability-based similarity [11] also in adjusted variability [23], along with k-nearest neighbor[41]and it was most effective
when combined with TF-IDF [48]. This technique can be shown as soon as a customer clicks or completes a purchase, and it has
the advantage of being able to predict product similarities. Model-based CF approaches use statistical or machine learning
methods to create a model from underlying data to forecast the elusive ratings [15]. It is necessary to understand model-based
techniques such dependency networks, Bayesian, and clustering models in order to address those shortcomings with memory-
based CF systems [24][25]. Model-based strategies include cluster-based CF [27], relapse-based approaches [26], and Bayesian
classifiers [25]. Model-based CF versions aim to develop a model through assessment, or to generate suggestions without
needing to use the dataset one at a time by using a piece of the information that was extracted from the dataset and data
collection.

The techniques usually used in content-based approaches are TF/IDF measure[32], KNN algorithm[8,41], clustering methods[8],
the artificial neural network and association rule mining. [38] The purpose of memory-based CF approaches is to predict the
unknown rating from historical data using a heuristic across the entire user database [30].

Among the features of the memory-based CF is its ability to make the results clear. To put it another way, memory-based CF is
thought to be a crucial component of recommendation systems because of its simplicity, capacity to incorporate new data with
ease, and independence of the parts that are suggested to broaden the range of a favorable rating. The issues with clear and slow
points are another drawback of memory-based CF. Furthermore, the challenge of development especially when considering the
real-time recommendation generating systems that rely on extensive dataset.[29] Model-based methods include cluster-based CF
[31,35, 36 ,37], Bayesian classifiers [33, 47, 44, 34] Collaborative filtering, material and hybrid methods were the method of
recommendation.

TABLE I. COMPARATIVE ANALYSIS OF RESEARCH PAPERS INVESTIGATING
RECOMMENDER SYSTEM ALGORITHMS

Ref Auth Summary Outcome Pros Cons Algorithm Used
no. ors
[6] Jieun The article discusses | Improved recom- | Address the over- | Potential Content-based
Son, a content-based | mendation diver- | specialization chal lenges | filtering and
Seoung | filtering method for sity and addressing | problem that includes Multi attribute
Bum recommendation overspecialization. | frequently affect | scalability and | networks.
Kim et | systems using multi- | It considers | recommender data sparsity.
al. attribute networks. relationships systems.

between all items, | No cold start
improving item | problem
recommendation

relevance.

[7] Moha The study discusses | It enables the user | It offers personal- | Struggles with | K-means  cluster-
m- the development of a | to make selections | ized, efficient new users, ing
med. music from a specified | movie over-speciali-

Tayeb recommendation set of attributes, | recommendations | zation, noise,
Himel system using a | subsequently ,scaling well with | fixed cluster
etel. dynamic k-means | providing a list of | dataand adapting | numbers, and
clustering to | movie to new inputs, local minima.
improve recommendations
recommendation based on the
accuracy and user | aggregated
satisfaction. importance of

those attributes.
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[8] Rishab The paper presents a | The results demon- | It utilizes | Cold Start | K-Means Cluster-
h movie recommender | strated that the efficient Problem ing and K-Nearest
Ahuja system that leverages | hybrid of these | algorithms Complexity: Neighbor
etel. both K-Means | twoapproaches out | suitable for han- | Integrating

Clustering and K- | performs bothuser- | dling large da- | two different
Nearest  Neighbour | based collab- | tasets and com- | algorithms can
algorithmsto provide orative  filtering | bines two algo- | increase the
personalized movie | and content-based | rithms to improve | system’s com-
suggestions. filtering technolo- | recommendation plexity.

gies. accuracy.

9] Dheeraj | This paper aims to | Current research | SVD efficiently | Increases Matrix  factoriza-
kumar provide an overview | on CF algorithm | manages large | computational tion
Bokde of the various matrix | accuracy and pre- | datasets, sparsity | cost
etal. factorization models | diction perfor- | inrating matrices,

and their roles in | mance focuses on | and CF algorithm
tackling the | dimensionality re- | scalability. PCA
challenges associated | duction  through | locates a lower-
with  collaborative | MF models. dimensional
filtering algorithms. space where vari-
ance is maxim-
ized and recon-
struction error is
minimized.

[11] PETER | The thesis compares | User-Based Col-| User-Based Fil- | Appropriate Adjusted Cosine
BOS- User-Centric and | laborative Filtering | tering: Better for | algorithm for | Similarity for cal-
TROM Item-Centric is found to be supe- | large  datasets, | each should be | culating similari-
et al. Collaborative rior in all tested | adapts to wuser | chosen other- | ties.

Filtering to determine | cases when dealing | preferences. wise problems
which performs | with large datasets. are  encoun- | Root Mean Square
better under different Item-Based Fil- | tered Estimation
condi-tions. tering: More suit- (RMSE) for com-
able for smaller puting error rates
datasets, relies on
item similarities

[41] Nanna K-nearest neighbors | This paper has laid | It was used by a | It was unable | K-nearest
Bach and cosine similarity | a good foundation | home decor to create maps | neighbor, Cosine
Munk- in  home  decor | for future improve- | company as it | between al- | similarity
holm et | recommendation ments couldhandle large | ready recom-
al. systems. datasets. mended

options  and
the needs.

[48] Moha- This research | The exploratory | It emphasizes the | It doesn’t TF-IDF and Co-
med conducted an | analysis has | words that carry | understand the | sine similarity
Chiny exploratory analysis | uncovered more weight in a | context or the | algorithms
etal. of data from Flixable, | information specific docu- relationship

a search engine that | regarding the | ment, making | between
catalogs Netflix | prevailing trends | them stand out. It | words, which
content. The analysis | in the content | effectively lowers | can be a
utilized a dataset of | offered on Netflix. | the impact of | significant
7,787 unique records words that appear | draw- back for
to highlight key too  frequently | some
information about the across  various | applications.
platform's offerings. documents, help-

ing to filter out

less  meaningful

terms.

[42] Malim This article discusses | The research | IBCF’s The article does | The research uti-
Muham | a study comparing | indicated that the | advantage is | not explicitly | lized the Mov-
madal. | User Based | IBCF model | demonstrated by | mention  the | ieLens.org dataset,

Collaborative exhibited reduced | ItSsuperior | cons of the | consisting
filtering and Item | prediction  error | Performance in | models,  but | of 993920 ratings,
based collaborative | rates, with RMSE, tern;;, ?.f generally, col- | and analyzed it us-
filtering methods in | MSE, and MAE S(r;iulr(;(:;n laborative fil- | ing the R pro-
recommender values recorded at tering methods | gram and the rec-
systems specifically | 1.13, 1.28, and can suffer from | ommender R pack-
- . issues like cold | age
for movie | 0.85, respectively.
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recommendations.

This suggests that

start and data

the IBCF model is sparsity.
more effective

compared to the

UBCF model.

[43] Lianhu A hybrid recommen- | The hybrid model | Utilizes strengths | The hybrid | Hybrid Filtering:
an Liet | dation  technology | was tested using | of both methods: | algorithm can | Combines content
al. was proposed, inte- | the MovielLens It leverages the | be more | and collaborative

grating content filter- | dataset and a | advantages of | complex to| filtering.

ing and collaborative | scientific literature | content filtering | implement

filtering. This dataset. The results | and collaborative | than single- Implemented Data
approach was demonstrated that | filtering. method sys- | Sets and did Per-
thoroughly the hybrid ap- tems. formance Metrics
examined, covering | proach outper- analysis

its work- flow, user | forms both user- May  require

characteristic based more compu-

description, data | collaborative tational power

processing filtering and con- due to the

algorithms, and tent-based filtering combination

recommendation technologies. of two meth-

strategies. odologies.

[44] Ma- The paper discusses | The results demon- | Handles uncer- | The study de- | Bayesian Net-
leeha an Insurance Recom- | strated that it can | tainty in certain | liberately ex- | works
Qazi et | mendation  System | effectively handle | decision making | cludes CF sys-
el. using Bayesian Net- | uncertainty in deci- | processes. tems that uti-

works. sion-making  pro- lize neural net-
Ccesses. works and
deep learning
techniques,
opting to ad-
dress these ad-
vanced topics
in a subse-
quent research
piece.

[45] Carmel The document offers | The paper provides | It emphasizes the | The study de- | The paper delves
Wenga an extensive analysis | a side-by-side | significance of liberately ex- | into both
etal. of collaborative | comparison of dif- | traditional ma- | cludes CF sys- | memory-  based

filtering (CF) | ferent CF systems, | chine learning al- | tems that uti- | and model- based
recommendation particularly those | gorithms in CF | lize neural | CF  approaches,
systems that do not | implemented in | systems and their | networks and | with a special
employ neural | Python, and serves | pivotal role inen- | deep learning focus on Matrix
networks, detailing | as a comprehen- | hancing the user | techniques, Factorization and
their sive guide for both | experience across | opting to ad- | its variations.
development, researchers and | numerous online | dress these ad-

various types, and the | practitioners in the | platforms. vanced topics

metrics used to | fieldl. in a subse-

evalu- ate them. quent research

piece.

[46] Mustaf This paper discusses | The paper presents | Highlights  the | Discusses the | Evaluation
a N. et | memory-based, advancements in | benefits of | challenges and | metrics
al model-based, and | the field of | collaborative limitations

hybrid collaborative | collaborative filtering, such as | associated
filtering (CF) | filtering, which is | personalized with
methods that | a method used for | recommendations | collaborative
integrate  CF with | making automatic | and improved | filtering
other predictions about | user experience. techniques.
recommendation the interests of a
system approaches. | user by collecting
Additionally, preferences from
examples of the CF | many users
techniques
mentioned are
included.

[47] Mi- This paper is used to The paper presents | Offers a| May face | Utilizes Bayesian
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I11. RECOMMENDER FILTERING TECHNIQUES

(1) Content-based filtering

Content-based filtering is a technique employed in recommendation systems to propose items to users based on the inherent
attributes or characteristics of the items only, rather than on the choices of other users. This method functions by examining the

features of items that users have previously engaged with and suggesting similar items that possess shared attributes.

Since content-based filtering does not depend on the preferences of other users, it is particularly effective in situations where
data is sparse or when dealing with cold-start scenarios. The recommendations are derived from the attributes of the items, which
makes them straightforward to explain and comprehend. Additionally, content-based filtering can help users discover new items

that have similar characteristics to those they have previously interacted with.
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(2) Naive Bayes
The Naive Bayes classifier is a straightforward probabilistic classifier that relies on Bayes' theorem, operating under the
premise that features are independent of one another. Despite its basic nature, it is widely used in various machine learning
applications due to its effectiveness, ease of implementation, and efficiency. It is simple and easy to implement and efficient in
terms of training and prediction time. It performs well in many real- world scenarios, especially with high-dimensional data.
However it assumes feature independence and also require a relatively a substantial volume of training data to estimate
probabilities accurately. It is sensitive to irrelevant features and outliers.

(3) Collaborative filtering

Collaborative filtering is a widely utilized recommendation method in systems designed to propose items to users by analyzing
the preferences or behaviors of users with similar tastes. Rather than depending on explicit details about items, such as their
characteristics or descriptions, collaborative filtering harnesses the shared insights of users to generate recommendations.

(3.1) Memory-based collaborative filtering

Memory-based collaborative filtering is a type of recommendation system that generates recommendations based on the
similarities between users or items. Instead of building a model from the data, memory-based methods directly use the user-item
interaction matrix to compute similarities and make predictions. Memory-based methods are relatively easy to implement and
understand. Recommendations are based on direct comparisons between users or items, making them easy to explain and
interpret. Memory-based methods can adapt quickly to changes in user behavior or item preferences without the need for
retraining a model. The cold-start problem, where new users have restricted engagement record, is another focus of research in
user-based collaborative filtering. Pa- pers propose strategies for handling the cold-start problem, such as user augmentation,
hybrid methods, and content-based features that incorporate user attributes or demographic information. Research papers typically
assess the effectiveness of user-based collaborative filtering. using various evaluation metrics, including accuracy metrics (e.g.,
precision, recall, RMSE), ranking metrics (e.g., NDCG, MAP), and diversity metrics (e.g., coverage, novelty). Comparative
studies with other recommendation approaches, such as item-based collaborative filtering or matrix factorization, are also
common.

(3.2) Model-based collaborative filtering

Model-based collaborative filtering is a method employed in recommendation systems to forecast a user's preferences for items
by analyzing the preferences of similar users or items. In contrast to memory-based collaborative filtering techniques, which rely
directly on the user-item interaction matrix, model-based methods develop a mathematical model of the data to generate
predictions. These approaches are more adept at managing large datasets compared to memory-based techniques. They can also
predict preferences for new users or items by utilizing latent factors. By identifying underlying patterns within the data, model-
based methods frequently yield more precise recommendations. Nonetheless, these techniques come with certain drawbacks,
including the necessity for model training and potential difficulties in interpreting the learned latent factors.

(4) K-Nearest Neighbors

K-Nearest Neighbors (KNN) is a simple machine learning algorithm used for both classification and regression tasks. It belongs
to the class of instance-based, lazy learning algorithms, which means it doesn't explicitly learn a model during training but rather
memorizes the training instances. KNN is easy to understand and implement. It's a straightforward algorithm that doesn't require
model training, making it suitable for quick prototyping and baseline performance evaluation. KNN is a hon-parametric algorithm,
meaning it makes no assumptions about the underlying data distribution. It can be applied to both linear and non-linear data,
making it versatile and flexible.

KNN can be used for both classification and regression tasks. The main drawback of KNN is its computational complexity
during prediction. For each new instance, KNN calculates the distance to all instances in the training set, which can require
significant time and memory resources, especially for large datasets. Outliers or irrelevant features can greatly affect the
algorithm's performance by introducing bias in distance calculations. KNN relies on distance metrics to determine similarity be-
tween instances. If the features have different scales, features with larger magnitudes may dominate the distance calculations,
leading to biased results. Therefore, feature scaling (e.g., normalization or standardization) is often necessary.

(5) Bayesian Network

Bayesian Network (BN) based filtering is a recommendation approach that leverages Bayesian networks, a probabilistic
graphical model, to model dependencies between variables and make recommendations. In the context of recommendation
systems, Bayesian networks serve to illustrate the connections among users, items, and various pertinent factors. These networks
are probabilistic graphical models that depict a collection of variables along with their conditional dependencies through a directed
acyclic graph (DAG). In this graph, each node signifies a variable, while the edges indicate the probabilistic dependencies that
exist between these variables. The key advantage of Bayesian networks is their capacity to model intricate probabilistic
relationships and deduce uncertain information.
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IV. RESULTS AND DISCUSSION

There are various publicly available datasets that can be used to test recommender systems. In this study we used, "Online
Retail Sales and Customer Reviews" dataset. It was released in April of 2023 and contains 2 thousand ratings from 12,000 users
on 400 different products. Product ratings in the dataset range from 1 to 5 in increments of 0.5, and all users in the dataset have
rated at least 10 products. The dataset is one of several collected over different time periods from various e-commerce platforms.

TABLE Il. COMPARATIVE ANALYSIS OF RECOMMENDATION ALGORITHMS ON DATASET
BASED ON FOUR EVALUATION METRICS.

Algorithm RMSE Accuracy Precision Recall F1 Score
(in percentage) (in percentage) (in percentage)

KNN 0.1303 96.58 98.50 97.63 0.98

Naive Bayes 0.1454 96.35 97.32 97.60 0.96

Bayesian 0.1162 96.18 97.54 96.67 0.97

Network

Hybrid 0.1102 96.68 98.66 97.67 0.98

Fig. 1. RMSE of each algorithm applied on the dataset
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Fig. 2. Accuracy (in percentage) of each algorithm
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Fig. 3. Precision (in percentage) of each algorithm
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Fig. 4. F1 score of each algorithm
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Fig. 1., Fig.2, Fig.3 and Fig.4 depicts the classification accuracy, precision, recall and f1 score respectively for each algorithm
used on the datasets.

First, collaborative-KNN and Bayesian Network and content-based recommender module-Naive Bayes were individually
tested on the database and after these experiments were carried out the hybrid recommender system was also tested on the
same database.

Upon analyzing these figures to determine the most effective model, we found that the Hybrid and KNN models yielded the
best outcomes, exhibiting the highest accuracy rates. Consequently, we can deduce that both the Hybrid and KNN models
surpass the performance of Naive Bayes and the Bayesian Network.

The Root Mean Square Error (RMSE) of the algorithms utilized on the dataset indicates that Naive Bayes has the highest
value, while the Hybrid algorithm exhibits the lowest value.

The highest accuracy percentage among the algorithms applied to the dataset is achieved by the Hybrid method, followed by
KNN, while the Bayesian network records the lowest accuracy. This observation leads us to conclude that both Hybrid and
KNN surpass the performance of the Bayesian Network and Naive Bayes. The results show the precision of the algorithms for
each dataset. The Hybrid method outperforms others with the highest recall percentage, followed by KNN. The Bayesian
network has the lowest recall, indicating poor performance. Additionally, the Hybrid algorithm achieves precision values
nearly equal to KNN, while Naive Bayes and the Bayesian Network demonstrate similar performance levels.

The F1 Score, expressed as a percentage, was evaluated for the algorithms utilized on each dataset. Our findings indicate that
the Hybrid model and KNN achieved the highest F1 scores, with KNN ranking second. In contrast, Naive Bayes exhibited the
poorest performance, recording the lowest F1 score.

Bayesian Network. We have concluded that Hybrid algorithm and KNN are better as compared to others for our dataset.

The main objective of this research has been to identify the most effective classifier among the widely used techniques. This
study provides guidance on the potential adoption of classification algorithms for future implementations. It is anticipated that
the research will investigate various domains where machine learning based classification algorithms are applied.
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V. CONCLUSION

In this study, we investigated four distinct classification algorithms: Bayesian Network, Hybrid, KNN, and Naive Bayes, using
an e-commerce dataset. We evaluated these algorithms based on several metrics, including accuracy, RMSE, precision, recall,
and F1 Score. To enhance our understanding of the results, we presented the scores in a graphical format expressed as
percentages. Our analysis revealed that the Hybrid classification model outperformed the others in accuracy, recall, precision,
and F1 score. The KNN classifier ranked second, followed by Naive Bayes and Bayesian Network. We have concluded that
Hybrid algorithm and KNN are better as compared to others for our dataset.

The main objective of this research has been to identify the most effective classifier among the widely used techniques. This
study provides guidance on the potential adoption of classification algorithms for future implementations. It is anticipated that
the research will investigate various domains where machine learning based classification algorithms are applied.
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