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 This study proposed a hierarchical density-based spatial clustering of 

applications with noise (HDBSCAN) and randomized singular value 

decomposition (RSVD) collaborative filtering (CF) method to overcome 

sparsity and scalability problems for book recommendations on e-commerce. 

CF is an information retrieval system that assumes a user has the same 

interest in an object as other users have in the past. When handling large 

volumes of data, sparsity problems can arise, where finding a similarity 

relation of user preferences results from a small assessment of an object by 

users. The scalability is the increased computation of an algorithm caused by 

increased users or objects, which makes recommendations take longer to 

form, therefore making them less accurate. HDBSCAN is a density-based 

clustering method that simplifies the hierarchical arrangement of the most 

significant clusters for extraction to group users in the same cluster. RSVD 

is a linear dimension reduction method that breaks a matrix into three sub-

matrices by reconstructing the size of that matrix without removing its 

dominant part, especially for cluster result matrices. The HDBSCAN-

RSVD-CF model reduced the root mean squared error (RMSE) by 21.83%, 

being 3793.73 seconds faster than the CF model. It also performed very well 

compared to both RSVD-CF and HDBSCAN-CF. 
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1. INTRODUCTION 

Currently, companies are competing to improve their shopping experience, especially in  

e-commerce for books such as Amazon and eBay, to increase the possibility of a buyer buying more books. 

Nowadays, as demand and volume for users of electronic commerce increases, especially for books, the data 

that must be processed increases in size, and customer assessments are increasingly arbitrary in variants of 

book ratings, causing sparsity and scalability [1]. Sparsity is a problem in searching for a relationship of 

similarity between user preferences due to the user's lack of assessment of an object [2]. Scalability is the 

increase in the computation of an algorithm caused by an increase in the number of users or objects (books), 

which lengthens the recommendation formation process [3]. These two problems are quite common in 

recommendation systems, causing less accurate and more biased recommendation results. 

Besides book recommendations, there are many other use cases in industry that use recommendation 

systems. The use case includes movie recommendation [4]–[14], food recommendations [15], medical 

purposes such as diabetes diagnosis [16], music recommendations, and market decision for merger and 

https://creativecommons.org/licenses/by-sa/4.0/
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acquisition company [17]. All these recommendation systems’ use cases show promise in helping for 

decision making, diagnosis and interest preferences. In this research focus, book recommendation use case 

will be done using open sources data from Kaggle – GoodReads, to show the performance of limited novelty 

methods performance called hierarchical density-based spatial clustering of applications with noise 

(HDBSCAN)-randomized singular value decomposition (RSVD)-collaborative filtering (CF) model in 

coping with sparsity and scalability problem. 

A recommendation system is a model that provides a predicted recommendation for a product's 

preferences to users. In this case, the product is a book, and the users will be the customer buying that book. 

Some related works such as efficient deep matrix factorization (EDMF) with review feature learning for 

industrial recommender system [18], confidence-aware recommender model (CARM) via review 

representation learning and historical rating behavior in the online platforms [19], and multi-perspective 

social recommendation method with graph representation learning [20] are discussed here. 

The recommendation system is categorized into two types of filtering: content-based and CF. 

Content-based filtering focuses on user profile preferences (e.g., books) and item descriptions to recommend 

items that are most correlated with other items that users have highly rated in the past. Meanwhile, CF 

considers variations in criteria such as user preferences, activities, and habits, then recommends an object 

based on similarity relations with other users [4]. 

CF is divided into two categories: memory-based and model-based. Memory-based is a heuristic 

approach, such as correlation analysis and vector similarity, that looks for user profiles that resemble active 

user profiles so that a recommendation can be determined. The model-based approach uses a learning model 

by utilizing data containing recommendation assessment parameters, which are then applied to provide 

recommendation predictions [5]. Memory-based and model-based filtering methods can be combined to 

generate recommendations based on user rating predictions for books. In this case, memory-based filtering 

calculates the weighting of a correlation value between users using Pearson correlation weighting, and 

model-based filtering modifies the dataset with the HDBSCAN and RSVD models. This combination will 

estimate the rating of a book that users are expected to appreciate. 

We propose a method of book recommendation system that solves sparsity and scalability problems 

in CF applied to the electronic book trading datasets and contributes to CF literacy in the form of HDBSCAN 

and RSVD. The proposed HDBSCAN-RSVD-CF hybrid model is the first approach that integrates 

HDBSCAN clustering and RSVD within a CF framework to address scalability and sparsity issues in  

large-scale recommender systems. This research also aims to determine the performance of HDBSCAN and 

RSVD in CF when compared to HDBSCAN-CF, RSVD-CF, and single CF. The model's performance will be 

evaluated using density-based cluster validation (DBCV) and root mean squared error (RMSE) to determine 

the optimal number of clusters from the HDBSCAN method. This research uses a dataset provided by the 

Kaggle site [21] which consists of book information and ratings from the GoodReads dataset.  

The rest of the paper is divided into the following sections: section 2 provides the literature review. 

Section 3 presents the proposed method. Section 4 presents the results and discussion. Finally, the paper ends 

with a conclusion is section 5. 

 

 

2. LITERATURE REVIEW 

The research of recommendation system is quite broad. To easily relate to current study, the 

literature will then be grouped at their focus for overcoming problems in recommendation system. There is 

research that focuses on overcoming sparsity, such as [8], [9], [15]. Other research focuses on improving CF 

performance by enhancing the similarity method, such as [10]–[13], [22], [23]. There is also research that 

focuses on using a clustering or matrix decomposition method to improve CF performance, such as  

[1], [14], [17]. Finally, there is also some research focused on improving the contribution to CF [18]–[20]. 

Yet, the research journey to overcome issues of sparsity and scalability using clustering (a grouping 

method) or matrix decomposition in CF models was undertaken in early 2018. Those studies showed a 

promising result in overcoming the sparsity and scalability issues regarding the CF recommendation systems 

model. Initial studies such as the k-means cluster and SVD dimension reduction methods are used on a 

combined memory-model-based CF (hybrid) [4]. In this research, the cosine similarity method calculates 

data similarity calculations for MovieLens 1M and MovieLens 10M film data. This research has an increased 

RMSE of ±20% compared to memory-based CF with the k-nearest neighbors (k-NN) method. The other 

hybrid CF model in 2018 uses the ontology method approach and singular value decomposition (SVD) 

dimension reduction, applied to MovieLens and Yahoo! Webscope [5]. The results show that the proposed 

method overcomes sparsity and scalability problems in film data. The results from applying SVD, 

expectation maximization, and ontology provide mean absolute error (MAE) ±13% better performance than 

CF with Pearson nearest. In 2020, both the DBSCAN clustering approach and linear discriminant analysis 



Int J Artif Intell  ISSN: 2252-8938  

 

Solving sparsity and scalability problems for book recommendations on … (Muhammad Ichsanudin) 

4867 

(LDA) dimension reduction were used for memory-model-based CF on cloud systems to create a cloud 

recommender system with the MovieLens dataset [6]. Hybrid CF by combining the clustering method with 

Slope One algorithm is used to enhance the prediction of item ratings by k-means using the MovieLens 1M 

dataset [7]. Based on the excellent performance of the hybrid methods from previous research, a method 

called HDBSCAN-RSVD-CF is introduced to address sparsity and scalability issues, including HDBSCAN, 

which is inspired by DBSCAN [6] and RSVD that is inspired by SVD in [4], [5]. 

 

 

3. METHOD 

The proposed method, which combines HDBSCAN and RSVD methods, will provide book 

recommendations to buyers by first applying the HDBSCAN clustering technique to group data with 

parameter optimization by DBCV, followed by the RSVD method to reduce the large data into smaller forms 

due to fusing its dominant terms of features. The Pearson correlation method is applied to the reduced matrix. 

The results will reveal a level of similarity between buyers as a basis for recommending a book to buyers. 

The model workflow is shown in Figure 1. 

 

 

 
 

Figure 1. HDBSCAN-RSVD-CF recommendation system model workflow 

 

 

3.1.  Data set 

The dataset is from Kaggle for electronic book trading [21]. Data collection is from 2008 to 2023 

and divided into two parts: the dataset with the details of a book which contains 19 columns  

(id, name, authors, CountsOfReview, description, ISBN, language, PublishDay, PublishMonth, PublishYear, 

Publisher, Rating, RatingDist1, RatingDist2, RatingDist3, RatingDist4, RatingDist5, RatingDistTotal, and 

pagesNumber) that contains ±5,000,000 entries, and a second set containing detailed book ratings by users 

(id, name, and rating) that contains ±1,100 users with user ratings of more than 360,000 books. From these 

two datasets, data preprocessing is applied, such as dropping unnecessary values (e.g., null data and unknown 

symbols), harmonize upper- and lower-case letters, and adjusting table columns with id and name columns as 

the key, results in a user-books matrix with the user ID as the index, columns for the book names, and rating 

as the contents of the matrix. The matrix has 3336 users as rows and 7591 columns. The data with the value 

not a number (NaN) is replaced by zero as a neutral rating number. 
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3.2.  Hierarchical density-based spatial clustering of applications with noise 

The clustering of the user-book matrix used HDBSCAN, where the most optimal clustering 

parameters were evaluated by hierarchical hyperparameter tuning method, where parameters were 

optimized in sequence using DBCV evaluation. The HDBSCAN model workflow is in Figure 2.  

According to the HDBSCAN documentation by McInnes et al. [24], the two primary parameters that 

significantly affect the optimization of HDBSCAN are min_cluster_size (the minimum number for the 

formation of a cluster) and min_samples (the minimum point in the core point environment) [24]. The 

min_cluster_size helps to set a minimum number as the minimum number of a group to be created. 

Because the model works in a density approach (neighborhood), choosing the right  min_cluster_size will 

define how well the group is to be formed, especially when facing sparse data like an e-commerce book. If 

the min_cluster_size is set to be a higher value, the outcome will be a smaller number of groups, which in 

sparse data might lead to bias grouping. The min_samples value is then used to calculate the distance 

between a point (data) to its nearest neighbor. In other terms, min_samples  tells how conservative the 

clustering will be. The higher the value of min_sample, the more conservative the clustering, which can 

result in an increasing number of outlier points (data) that are flagged as -1 in the HDBSCAN result. 

Therefore, it is very necessary to pay attention to the selection of these two hyperparameters to avoid a 

bias and a very conservative result of the HDBSCAN result. 

 

 

 
 

Figure 2. HDBSCAN model workflow 

 

 

In HDBSCAN, clusters are divided into two groups: noise and clusters based on density from the 

user-books matrix. A cluster with a value of -1 represents a cluster with members that are considered noise 

[24]. The cluster of value -1 can be called a group of users that has low similarity of interest from one to 

another. However, in this research, the data from the noise cluster is still considered when weighting the 

predicted rating of a book recommended to active users since the cluster contains half more data. It is also a 

valuable source to see how well the HDBSCAN-RSVD-CF helps the HDBSCAN model to correlate users 

with low similarity of interest in the kind of books. 

The clustering process replaces empty values with a zero value as a neutral value from the data 

distribution. This step is important since the HDBSCAN algorithm cannot weight clusters with gaps in the 

data, especially in the Python program with the HDBSCAN library [25], and regarding HDBSCAN [24].  

The DBCV weighs the parameters based on the density of the HDBSCAN model and gives it a score from  

-1 to 1, which is appropriate to the goodness of the cluster result. The higher the DBCV score, the better the 

clustering result. Clustering results in groups of users with similar book interests, allowing the 

recommendation system to reduce computation by considering only users within the same cluster instead of 

all users. More details on DBCV can be found in [26]. 

 

3.3.  Randomized singular value decomposition 

The purpose of RSVD is for matrix reduction, where a comparison will be carried out to select the 

best n-component hyperparameters. This n-component will affect the accuracy of RMSE and run time of the 

model. The RSVD model workflow is in Figure 3. The process is as follows: 

i) RSVD is a randomized method to reconstruct high-dimensional matrices into smaller matrices, followed 

by the SVD process, which splits a matrix into three matrix components. The result is three matrix 

components from the main matrix Am×n, so that Am×n= Um × k × Σ k × k × 𝑉T
k × n, where U and V are 

orthonormal matrices, and Σ is a diagonal and non-negative matrix.  
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ii) The RSVD process can be applied if matrix A has a low-rank structure, and it is a very efficient matrix 

decomposition algorithm based on random sampling theory. It is also called the randomized numerical 

method [27]. The k values for Σ, indicates the eigenvalues from matrix A. 

iii) The U matrix builds a recommendation system, and the matrix dimensions are reduced according to the 

number of n-component values (singular values) selected from the k values of Σ, so the recommendation 

system does not use too much work in progress [28]. 

iv) Consider the matrix Am×n = Um×k × Σk×k × VT
k×n. Then, for a selection of the number of n-component 

values represented as t in Σk×k , where t < k and k represents the rank value of the matrix Am×n. 

Therefore, the n-component (t) value is between 0—rank of the matrix, or the smallest row/column size 

in the matrix Am×n. The rank of matrix A is the number of linearly independent column spaces.  

The matrix Um×k will experience a dimension reduction, from Um×k becomes the reduced matrix Um×t, 

see Figure 4. 

v) In the reduced matrix U, the rows represent users within the same cluster, while the columns represent 

an aggregation of books, focusing only on the most dominant parts. The element up,t represents the book 

rating by user p for the t-th aggregated books. 

 

 

 
 

Figure 3. RSVD model workflow 

 

 

 
 

Figure 4. Illustration of the reduced matrix U 

 

 

The determination of parameters involves the n-component, which is set to 50%, 60% to 100% of 

the rank from each clustered user-book matrix. This corresponds to the active user’s cluster. The  

n-component retrieval is applied only when there are at least 10 users in a cluster; otherwise, all users in the 

cluster are included. 

 

3.4.  Splitting data 

The training and testing data division was carried out with an 80:20 division sequentially on the 

user-books matrix. Users in the testing data are called active users, as they will receive recommendations 

from the model. Meanwhile, the training data consists of inactive users who generate predicted book ratings. 

The process was carried out five times sequentially, or 5-fold cross-validation. 

 

3.5.  Pearson correlation coefficient and index equalization 

The Pearson correlation coefficient (PCC) method is applied to users in the index (row) of the 

matrix U to obtain the users’ similarity matrix. Based on this matrix, the Pearson correlation method is 

also applied between active users (users from testing data) and inactive users (training data) to generate the 

indexed similarity matrix. Finally, active users can be identified from this matrix to have book 
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recommendations later that align with their interests through the predicted book ratings. The initial process 

of establishing the user’s similarity matrix uses the reduced matrices U on a given cluster created by the 

RSVD process. Use PCC defined in (1) between active user (u) and another user (u’) from the same cluster 

as follows: 

 

PCC(u,u')=
∑ (r𝑢,i-𝑟̅𝑢)(r

𝑢′,i
-𝑟̅

𝑢′)i∈I

√∑ (ru,i-𝑟̅𝑢)
2

i∈I ×√∑ (r𝑢′,i
-𝑟̅𝑢′)

2
i∈I

 (1) 

 

Where ru,i and ru',i The book rating given by two users u and u' to the i-th book, correspondingly.  

The 𝑟̅𝑢 and 𝑟̅𝑢′ denotes the average book rating by users u and u', and 𝐼 =  Iu ∩ Iu' denotes the books rated 

by user u and u’, respectively. The value PCC(u,u') ∈ [-1,1] shows the similarity value between users  

u and u' correspondingly. When the value of PCC is close to 1 or -1, the users show a high positive or 

negative correlation. 

After obtaining the users’ similarity matrix, the index equalization process equates the user's "ID" 

index from the user similarity matrix with the training data with the same index (the user's "ID"). This 

process removes rows from the user "IDs" not in the training data and will not appear in the results. It is 

important not to delete the user "ID" in the matrix column because this column, which still contains the user 

"ID" from the testing data, will be used as a reference for inactive users with similarity to active users that 

will receive recommendations. 

 

3.6.  Similarity threshold 

The similarity threshold will provide a list of people with similar interests or not. After getting the 

indexed users' similarity matrix, the PCC value will be set with a threshold to determine if the user has a 

value above the limit, in which case it matches active users. The matrix is called the indexed users’ similarity 

threshold matrix. Establishing a similarity value threshold is important in increasing prediction accuracy for 

an active user. The higher the restriction value, the higher the accuracy [29]. 

 

3.7.  Book rating prediction 

The predictions for active users utilize three main matrices: the user similarity, the active user-book, 

and the inactive user-book matrix. The prediction process is carried out iteratively, one by one, for each 

active user on testing data using (2). 

 

r̂a,i=𝑟̅𝑎+
∑ (PCCa,u×|ru,i-𝑟̅𝑢|)n

u

∑ PCCa,u
n
u

  (2) 

 

Where 𝑟̂𝑎,𝑖 is the predicted rating of the i-th book by the a-th active user, 𝑟̅𝑎 is the average rating of the book 

rated by the a-th active user, PCCa,u is the Pearson correlation assessment of the a-th active user to the u-th 

inactive user, ru,i is the assessment by the u-th inactive user of the i-th book, and 𝑟̅𝑢 is the average rating of 

the book from u-th inactive users [30]. After obtaining the predicted values, the average values will be 

calculated to determine the RMSE of the model. 

 

 

4. RESULTS AND DISCUSSION 

We present the results and discussion of the implementation of the HDBSCAN-RSVD-CF model. 

The RMSE values are the average of five quintile results from the model's rating predictions for active users, 

compared to the actual book ratings they have rated. The model records the running time values after forming 

the user-books matrix and dividing the dataset into five quintiles. 

The implementation of HDBSCAN selects several important parameters in the form of 

min_cluster_size and min_samples to obtain clustered data [24]. The process involves hierarchical 

hyperparameter tuning method, where parameters were optimized sequentially rather than simultaneously, to 

determine the best min_cluster_size parameter value see Table 1 and the best min_samples parameter value 

shows in Table 2. The quality of clustering results is assessed by DBCV. 

According to the DBCV, the value closer to 1 is better. The HDBSCAN parameter is set with a 

value of min_cluster_size of 2 and min_samples of 1. In the process, there is a cluster with the value of -1, 

indicating data considered as noise, which is still included in predicting rating values for active users.  

The result of this stage is a clustered user-book matrix. 

Min_cluster_size is the minimum number for the formation of a cluster, where the value is an 

integer in the interval of [2, inf). While the process of fine tuning the min_cluster_size, the min_samples is 
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set to default, which, in the documentation, will be the same value as the min_cluster_size [24]. The result of 

Table 1 shows that the best hyperparameters for min_cluster_size is 2, where the number of clusters is 82, 

and has the largest DBCV score (0.0550). The larger the min_cluster_size, the lower the DBCV score and the 

decay of cluster result. This result of Table 1 justified the effect of choosing higher min_cluster_size. This 

will result in smaller clusters which indicate biased results of grouping the data. On the other hand, choosing 

the smallest value for min_cluster_size still results in a low DBCV score (the nature DBCV value is in  

[-1,1]), which indicates the data is very sparse. 

The min_cluster_size of 2 will then be carried to find the best min_samples by the hierarchical 

hyperparameter tuning method that sequentially optimized each parameter, results in min_samples is 1. 

Min_samples is the minimum point in the core point of some environment (group), where the value is an 

integer number in [1, inf). From Table 2, the iteration process shows that the higher the min_samples,  

the more the result of DBCV score and number of clusters will decay. This result shows that choosing more 

core points for the model will result in higher distances calculated by the nearest neighbor algorithm between 

points, which indicates the increasing number of outliers in some groups of clusters. 

The results of Tables 1 and 2 show that the model facing the data is too sparse to be grouped.  

The best DBCV evaluation shows a low score (0.0851), which might indicate insufficient performance when 

handling the sparsity and scalability problem. To address this issue, RSVD is applied to each cluster to 

suppress noise and facilitate the selection of the most representative component for modeling. 

 

 

Table 1. Parameter iteration table of min_cluster_size 
Iteration min_cluster_size DBCV Number of clusters 

1 2 0.0550 82 

5 6 0.0385 15 
10 15 0.0088 5 

11 20 0.0 3 

12 30 0.0 1 

 

 

Table 2. Parameter iteration table of min_samples with min_cluster_size equal 2 
Iteration min_samples DBCV Number of clusters 

1 1 0.0851 171 

5 5 0.0240 25 
10 10 0.0112 11 

11 15 0.0088 7 

12 20 0.0021 5 
13 30 0.0 4 

 

 

4.1.  Matrix reduction using randomized singular value decomposition 

The RSVD algorithm is applied to a clustered user-book matrix over a particular cluster for 

dimension reduction. The selection of RSVD parameters is performed by selecting the number of  

n-components in the singular matrix, which reduces the matrix dimensionality according to the selected  

n-component value with a value smaller than or equal to the smallest row/column size (rank of the matrix). 

The selection is performed through iterative experiments by comparing the rating value prediction at the final 

stage of the HDBSCAN-RSVD-CF algorithm. 

 

4.2.  Implementation of similarity and index equalization 

After obtaining the U matrix, the values in the U matrix are applied with the Pearson correlation 

method concerning the index/row, which is the “ID” of the user will be transformed into a user similarity 

matrix. The process is continued by replacing the NaN data with zero. Next, the process of equalizing the 

user “ID” index in the similarity matrix with the training data is implemented. This equalization process 

removes all user “ID” values that are not present in the training data. 

 

4.3.  Evaluation of similarity threshold 

The average method was used to obtain similarity threshold values with respect to RMSE and 

computing time. The closest value to the average RMSE and computing time is selected as the similarity 

threshold. This threshold will be used in the next process. The average RMSE value in Table 3 is 0.8537, 

while the average working model is 3831.86 seconds. Based on both averages, the closest similarity threshold 

value is 0.4 (the similarity limit parameter is 0.4). 
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Table 3. Comparative determination of similarity limit values 
Similarity threshold values 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 Mean 

Average RMSE 0.8485 0.8488 0.8499 0.8502 0.8512 0.8523 0.8559 0.8576 0.8597 0.8631 0.8537 
Time (second) 7934.13 6575.96 5432.49 4817.29 3940.52 2951.20 2167.39 1819.41 1588.83 1091.44 3831.86 

 

 

4.4.  Evaluation of n-component retrieval in HDBSCAN-RSVD-CF 

The result of DBCV for the HDBSCAN hyperparameter is combined with the similarity threshold 

value 0.4 as a base for building HDBSCAN-RSVD-CF model. The average of RMSE metric and the average 

length of time of the model from five quantiles are represented in Table 4. From the results of Table 4, it can be 

shown that applying RSVD tends to help HDBSCAN handle sparsity and scalability, which is reflected by low 

errors and faster runtime compared to the simple CF in Table 3. This result can be achieved by reducing noise 

which sparse data common problems from combining clustering by HDBSCAN and matrix decomposition with 

RSVD. The clustering of HDBSCAN will first group every user that has similar interaction to a book, which in 

this case is the rating given by users which results in a group that has a similar taste of book liking. After user 

grouping, there is some noise caused by the sparsity of the data, which Tables 1 and 2 show. RSVD is then 

applied to selectively choose the best of the best features that represent the user rating to a book with the 

purpose of eliminating noise that caused the bias in recommendation results. With the combination of these 2 

methods, HDBSCAN and RSVD show excellent performance in handling sparsity and scalability. 

 

 

Table 4. HDBSCAN-RSVD-CF model evaluation comparison 
Model HDBSCAN- 

RSVD (50%)-CF 

HDBSCAN- 

RSVD (60%)-CF 

HDBSCAN- 

RSVD (70%)-CF 

HDBSCAN- 

RSVD (80%)-CF 

HDBSCAN- 

RSVD (90%)-CF 

HDBSCAN- 

RSVD (100%)-CF 

Average RMSE 0.6977 0.70008 0.6975 0.7125 0.6654 0.7529 
Time (Second) 474.59 382.24 326.71 255.73 146.78 100.24 

 

 

Furthermore, the six models have an average time of 281.05 seconds, so 146.78 seconds is relatively 

fast compared to 281.05 seconds. From these 2 considerations, the HDBSCAN-RSVD (90%)-CF will be 

chosen as the best benchmark in this research. The larger the size of the U matrix, the greater the computing 

time required for the HDBSCAN-RSVD-CF model. However, in this case, the computing time decreases as 

the part of the n-component retrieval increases. This condition is closely related to the similarity results 

between active and inactive users. The larger the n-component value taken, the more entries in the U matrix 

approach zero, which reduces the process of forming similarity values between users and ultimately causing 

fewer users to meet the similarity limit value of 0.4. It is possible to analyze the results from the sample by 

taking 50% of the total n-components compared to 90%, as presented in Figures 5 and 6. 

 

 

  
 

Figure 5. The U reduction matrix sample taking 50% 

user rank in cluster -1 

 

Figure 6. The U reduction matrix sample taking 90% 

user rank in cluster -1 



Int J Artif Intell  ISSN: 2252-8938  

 

Solving sparsity and scalability problems for book recommendations on … (Muhammad Ichsanudin) 

4873 

The values are very close to zero in the reduced matrix U leads to a decrease in similarity values 

between users in the similarity matrix. In this research, the suitability limit parameter was limited to 0.4 for a 

user with high similarity to an active user. Therefore, in Table 4, where the more n-components are taken, the 

lower the similarity value between active and inactive users. The model considers only a few observations of 

active users, which is inversely proportional to the size of the n-component taken. Table 5 clarifies the results 

of this analysis. Thus, the large n-component value taken in the U reduction matrix causes the similarity 

value to decrease so that fewer active users receive recommendations from the HDBSCAN-RSVD-CF 

model, such as for 50% of n-components taken, giving 1,313 active users, compared to 90%, which yields 

226, and this score keeps decreasing. So, from the results of Table 5, it can be concluded that, although the  

n-component value increases, which intuitively causes the execution time to increase, the model computing time 

decreases because there are fewer users meeting the similarity threshold value, as mentioned in Figures 5 and 6. 

 

 

Table 5. The number of active users recommended by HDBSCAN-RSVD-CF 
Model HDBSCAN-

RSVD (50%)-

CF 

HDBSCAN-
RSVD (60%)-

CF 

HDBSCAN-
RSVD (70%)-

CF 

HDBSCAN-
RSVD (80%)-

CF 

HDBSCAN-
RSVD (90%)-

CF 

HDBSCAN-
RSVD (100%)-

CF 

Number of active users 
get recommendations 

1,313 1,048 808 591 226 62 

 

 

4.5.  Evaluation of n-component retrieval in RSVD-CF 

Even though RSVD shows a promised performance, it still has a limitation that will be explained in 

this sub-chapter. Much like the previous result, when taking a larger number of n-component values, the 

similarity value between users decreases, and fewer active users get recommendations from the model.  

Table 6 presents the evaluation of n-component retrieval from the RSVD model. According to Table 7, it can 

be observed that higher n-component values prevent the model from providing recommendations, especially 

at 100%. This result shows that RSVD has limitations in choosing n-component freely.  

 

 

Table 6. RSVD-CF model evaluation comparison 
Model RSVD 

(50%)-CF 

RSVD 

(60%)-CF 

RSVD 

(70%)-CF 

RSVD 

(80%)-CF 

RSVD 

(90%)-CF 

RSVD 

(100%)-CF 

Average RMSE 0.5388 0.53505 0.4902 0.3342 0.15701 NaN 
Time (Seconds) 474.59 133.38 139.83 119.88 110.96 107.22 

 

 

Table 7. The number of active users recommended by RSVD-CF 
Model RSVD 

(50%)-CF 

RSVD 

(60%)-CF 

RSVD 

(70%)-CF 

RSVD 

(80%)-CF 

RSVD 

(90%)-CF 

RSVD 

(100%)-CF 

Number of active users get 

recommendations 

1,576 1,285 1,027 501 57 0 

 

 

4.6.  Evaluation of comparative results of HDBSCAN-RSVD-CF, RSVD-CF, HDBSCAN-CF, and CF 
Table 8 presents the performances of the HDBSCAN-RSVD-CF, RSVD-CF, HDBSCAN-CF, and 

single CF models. The average RMSE is calculated by averaging the RMSE values of a group of active users 

(testing data) and comparing the predicted book ratings with their actual ratings for the same book. In this 

research, simple CF is the base model that will be improved with proposed methods called HDBSCAN and 

RSVD. Table 8 shows that CF fails to perform well when attempting to overcome sparsity and scalability 

with RMSE and running time of 0.85128 and 3940.52, respectively. The comparison between all possible 

models compared to simple CF as the base model can be sorted as follows: HDBSCAN-CF is inferior to 

simple CF, with RMSE and running time being 27.42% and 12.46% worse, respectively; HDBSCAN-RSVD-

CF has a 21.83% lower RMSE and 2684.48% faster computing time; RSVD-CF has a 60.74% lower RMSE 

and 3287.05% faster computing time. 

Table 8 shows that CF fails to perform well. Nevertheless, HDBSCAN-CF had an inferior 

performance to CF with RMSE, and their running times are 27.42% and 12.46% worse, respectively, relative 

to the CF model. However, the CF model with the RSVD method outperformed the CF model. The 

HDBSCAN-RSVD-CF has a 21.83% lower RMSE and a 2684.48% faster computing time compared to the 

CF model. Finally, RSVD-CF has a 60.74% lower RMSE and a 96.95% computing time compared to the CF 

model see Figures 7 and 8. 
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Table 8. HDBSCAN-RSVD-CF model evaluation comparative 
Model HDBSCAN-RSVD (90%)-CF RSVD (80%)-CF HDBSCAN-CF CF 

Average RMSE 0.6654 0.3342 1.0847 0.85128 
Time (Seconds) 146.78 119.88 4431.79 3940.52 

 

 

 
 

Figure 7. Comparison of average RMSE among the CF models 

 

 

 
 

Figure 8. Comparison of computing time among the CF models 

 

 

5. CONCLUSION 

The HDBSCAN-RSVD-CF model demonstrates excellent performance in addressing sparsity and 

scalability issues. This is evident from the comparison between the HDBSCAN-RSVD-CF and CF models, 

which shows an improvement of 21.83% in RMSE evaluation and a reduction of 3793.73 seconds in 

computing time compared to the simple CF model. Furthermore, the application of the HDBSCAN method in 

the HDBSCAN-RSVD-CF model resolves the limitation of the RSVD-CF model by retrieving the number of 

n-components from the rank matrix of clustered user-books. The RSVD-CF model is robust and fits especially 

well for CF model by giving the absolute best performance compared to other models. Even though RSVD-CF 

is superior, RSVD-CF requires more attention in taking the number of n-components due to its limitations in 

providing similar user recommendations to active users. On the other hand, the HDBSCAN-CF model is  

ill-suited to dealing with sparsity and scalability problems, where its performance is weakest. The HDBSCAN-

RSVD-CF model is a fusion of the HDBSCAN and RSVD methods. It works by first grouping users with the 

same cluster into a single matrix, followed by dimension reduction using RSVD by taking the most dominant 

part of the matrix. Even though HBDSCAN-RSVD-CF has an inferior RMSE compared to RSVD-CF,  

this model can still deal with sparsity and scalability problems quite satisfactorily, with a relatively wider  
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n-component retrieval compared to RSVD-CF. In short, the HDBSCAN-RSVD-CF model is well-suited to 

solving the sparsity and scalability problem in terms of improving and accelerating RMSE and computing 

time, especially for book recommendations on E-commerce. The HDBSCAN-RSVD-CF model also has some 

disadvantages, especially for HDBSCAN, when the chosen hyperparameters of min_cluster_size and 

min_samples can take many iterations and must be fine-tuned with care. The oversight of the chosen number 

of these two primary parameters might be included in a more conservative model in which too much data is 

flagged as noise, and biased grouping potentially leading to a biased recommendation of results. This is also a 

challenge for any extremely sparse dataset, which might need some preprocessing steps to avoid any 

degradation of the model’s performance. This research also shows that the benefit of using the proposed 

method can improve the recommendation of books, resulting in more books being sold in industry cases. The 

problem of sparsity and scalability, which consecutively reflected on sparse rating books and computing time, 

also strengthens the usability in the common industry cases, with promising results. This can help any book 

industry to increase its revenue by applying the proposed model to give book recommendations. 
 

 

6. FURTHER WORKS 

In this research paper, the scope of work mainly focused on showing the performance of limited 

novelty methods for CF called HDBSCAN and RSVD with the CF as the based model and benchmark. 

Further works of the recommendation system journey, especially the HDBSCAN-RSVD-CF model, this 

model can be compared to other commonly used industrial recommendation system models, such as deep 

learning, graph embedding, matrix factorization-based models, and any other limited novelty or sophisticated 

method. The model can also be applied to other datasets with larger sizes, such as MovieLens 10M, medical 

field of diagnosing recommendations, music datasets, and general online marketplace recommendations, to 

overcome sparsity and scalability problems. Furthermore, this proposed model can also be used as a 

comparison benchmark to overcome more complex problems in recommendation systems, such as cold start 

problems or classification needs of benchmarking. Overall, the proposed model shows a promising result to 

overcome sparsity and scalability problems. This method is considered new and needs further study to help 

further development of recommendation systems. 
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Kaggle for electronic book trading [21]. The data is still maintained by the Kaggle community with 
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corresponding author and collaborator [BJ & SG], where the source of the data comes from Goodreads Book 

Datasets and already certified with CC0 license. For the scope of this research, the data collection is limited 

from 2008 to 2023 (15 years), divided into two parts: the dataset with the details of a book which contains 19 

columns (Id, Name, Authors, CountsOfReview, Description, ISBN, Language, PublishDay, PublishMonth, 

PublishYear, Publisher, Rating, RatingDist1, RatingDist2, RatingDist3, RatingDist4, RatingDist5, 

RatingDistTotal, and pagesNumber) that contains ±5,000,000 entries, and a second set containing detailed 

book ratings by users (Id, Name, and Rating) that contains ±1,100 users with user ratings of more than 

360,000 books. Datasets that has been created, now march into preprocessing steps, such as dropping 

unnecessary values (e.g., null data & unknown symbols), harmonizing upper and lower case letters, and 

adjusting table columns with Id and Name (book name) columns as the keys for joining, results in a  

user-books matrix with the user ID as the index, columns for the book names, and rating as the contents of 

the matrix. The matrix has 3,336 users as rows and 7,591 columns. The data with the value NaN is replaced 

by zero as a neutral rating number. 
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