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This study presents a comparative analysis of three matrix factorization
techniqgues—SVvD, SVD++, and NMF—applied to book recommendation
systems. The research investigates how each technique decomposes the user-
book interaction matrix to uncover latent factors that influence book
preferences. Using a standardized book rating dataset, the study evaluates the
performance of these algorithms based on key metrics such as RMSE, MSE,
MAE, FCP, and computational efficiency. By focusing on the ability of these
methods to model user-book relationships, this research provides insights into
their practical application for improving book recommendations.

Book recommendation systems have become an essential component of
digital reading platforms, helping users discover books aligned with their
interests. Collaborative filtering (CF) has emerged as a widely used technique
for book recommendations by leveraging user-book interaction data. However,
traditional CF methods often struggle with data sparsity and scalability in large
book datasets. Matrix factorization (MF) techniques have proven to be effective
in overcoming these challenges by decomposing the user-book interaction
matrix into latent factors that represent hidden reading preferences. This work
explores three prominent MF techniques—Singular Value Decomposition
(SVD), SVD++, and Non-Negative Matrix Factorization (NMF)—to evaluate
their effectiveness in book recommendation systems. The mathematical
foundations of these methods, their suitability for book-related data, and their
Impact on recommendation accuracy and efficiency are analyzed.

Singular VValue Decomposition (SVD) is a fundamental technique in linear
algebra used to factorize a matrix into three matrices:

R=UZV™

where R is the original user-book interaction matrix, U is an mxk matrix
representing user latent factors, = is a kK xk diagonal matrix containing singular

values, V' is a kxn matrix representing book latent factors [1].
SVD is highly effective at reducing data sparsity by uncovering hidden
patterns in book ratings. However, it does not account for implicit feedback,
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such as users browsing books without leaving ratings. Additionally, SVD can
struggle with cold-start issues for new books with few interactions.

SVD++ extends SVD by incorporating implicit feedback, such as book
page views, wish list additions, and time spent reading a book description. This
enhances the representation of user preferences, improving recommendation
quality [2]. SVD++ improves ranking-based metrics such as FCP and NDCG,
making it highly effective for book ranking tasks. However, its high
computational cost limits its scalability, particularly for large digital book
libraries.

NMF factorizes the user-book matrix into two non-negative matrices.
Unlike SVD, NMF enforces non-negativity, making the factorized components
easier to interpret in the context of book recommendations [3]. This can be
beneficial when explaining recommendations to users. NMF provides
interpretable recommendations, which is useful in book discovery systems
where users may seek explanations. However, it is sensitive to initialization and
less robust in handling missing data compared to SVD-based methods.

To assess the performance of SVD, SVD++, and NMF in book
recommendation systems, experiments were conducted using the Amazon Book-
Ratings dataset. The dataset consists of over 1 million book ratings, which were
preprocessed to remove users and books with insufficient interactions.

The experiments were implemented using Python and libraries such as
NumPy and Surprise. Each model was trained on 80% of the dataset and
evaluated on the remaining 20%. To evaluate the performance and to measure
prediction accuracy of the models, Root Mean Square Error (RMSE), Mean
Square Error (MSE), and Mean Absolute Error (MAE) were utilized. RMSE and
MSE assign greater penalties to larger errors due to their squared terms. MAE
calculates the average absolute difference between predictions and actual values,
providing a more interpretable measure of overall prediction accuracy.
Additionally, Fraction of Concordant Pairs (FCP) was used to assess the model's
ability to preserve the ranking order of recommendations, a critical aspect of
recommendation quality. Furthermore, computational efficiency was analyzed
by measuring training and test times, allowing for a comparative evaluation of
practical applicability of each method.

This study examined the application of SVD, SVD++, and NMF in book
recommendation systems, analyzing their strengths and limitations. SVD
emerged as the most balanced approach, offering high accuracy with efficient
computation. SVD++ improved ranking quality but required significantly more
computational resources. NMF, while interpretable, performed worse in
predictive accuracy. As part of my ongoing academic development, | intend to
continue this research at a more advanced level, integrating the insights gained
into my master's qualification work. Future studies may explore advanced
hybrid models that integrate matrix factorization with user modeling to further
enhance recommendation accuracy and adaptability [4].
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