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Abstract

Collaborative filtering is one of the most widely used methods for user rating prediction
in recommender systems. To evaluate a collaborative filtering system, rating datasets are
typically used, which comprise thousands to millions of records consisting of user—item—
rating tuples. Initially, a similarity metric is used to quantify the closeness between each user
and every other user in the dataset, typically based on the ratings that each pair of users has
given to the same items. Subsequently, the K users having the largest similarity to the target
user are used to produce rating predictions, which lead to recommendations. A particularly
challenging case arises when the rating dataset is very sparse. In this scenario, it is difficult
not only to find users with commonly rated items but also to determine the optimal
similarity metric and suitable values for variable K. Setting a small value for K results in
extremely low prediction coverage, leading to unsuccessful recommendations, while setting
a very large K value increases memory requirements and prediction/recommendation
generation time. Through a multiparameter experiment, this work aims to determine the
optimal settings for rating predictions when very sparse datasets are used in collaborative
filtering recommender systems.

Keywords: collaborative filtering; rating prediction; sparse datasets; recommender systems;
K-nearest neighbors (KNN); prediction accuracy; similarity metrics; sparse collaborative
filtering; optimal prediction settings

1. Introduction

Collaborative filtering (CF) is widely regarded as one of the most commonly used
memory-based methods for predicting user ratings, which ultimately lead to the generation
of recommendations. The closer these predictions are to actual user preferences, the more
successful the final recommendations will be. To evaluate a CF system, rating datasets are
typically employed. These datasets consist of thousands to millions of records containing
user—item-rating tuples (three attributes in total). Many of these datasets also include a
timestamp for each rating, meaning that each record may contain a fourth attribute [1-3].

The first step of a typical CF rating prediction algorithm calculates the similarity be-
tween each pair of users in the dataset using a similarity metric. The higher the calculated
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similarity between two users, the closer they are considered to be, and therefore the proba-
bility that these users will like the same items is relatively high. The most commonly used
CF similarity metrics, such as the Cosine similarity and Pearson Correlation Coefficient, are
typically based on the ratings given by users to common items [4,5].

Then, the second step of a typical CF algorithm determines the set of nearest neigh-
bors (NNs) for each user. Typically, the NN for each user includes the K users with the
highest similarity to that user, which will be denoted as KNN. The value of K is set by
the recommender system’s administrator and is usually in the range of hundreds to a few
thousand [6-8].

The third step of the CF algorithm generates rating predictions using a rating predic-
tion formula, such as the weighted average and the mean-centered approach [4,5,9]. These
formulas synthesize the rating values that only the user’s NNs have given to the item for
which the prediction is being produced.

The overall success of a CF recommender system is typically assessed using evaluation
metrics. The most commonly used metrics include (a) prediction coverage (i.e., the per-
centage of cases for which a prediction can be calculated), (b) mean absolute error (MAE)
and root mean square error (RMSE), which indicate how close rating predictions are to
actual ratings, and (c) the F1 measure, which combines precision and recall and indicates
the quality of recommendations. For the MAE and RMSE, lower values are considered
better, while for all of the other metrics, higher values are preferred [10,11].

A special and extremely challenging case for a CF arises when the rating dataset is
very sparse (i.e., when the number of ratings is much smaller than the product between
the number of users and the number of items), with its density typically being less than
1%. In this extreme case, it is difficult not only to find users with commonly rated items (a
procedure that is part of the first step in a typical CF process) but also to determine suitable
values for the variable K [12,13].

Considering the latter issue (the K variable), it is particularly difficult for the CF system
administrator to decide on a specific value, as choosing a small value will result in extremely
low prediction coverage, leading to mediocre or even unsuccessful recommendations. On
the other hand, opting for a very large K value to avoid the previous issue will require
significant amounts of memory and increase the time needed to generate predictions and,
consequently, to provide recommendations. Based on the above, it is crucial to determine
the appropriate range of values for the K variable in (very) sparse datasets.

Furthermore, the most well-known model-based method in recommender systems,
Matrix Factorization (MF), also faces significant challenges when applied to sparse datasets.
Specifically, MF techniques struggle with sparse datasets because the lack of sufficient rat-
ings can lead to poor generalization, as the model has insufficient information to accurately
learn the latent factors that explain user—item interactions [14-16]. In practice, when apply-
ing traditional MF techniques to very sparse datasets, predictions involving users or items
with very few ratings tend to degenerate into a dataset-dependent constant value [17,18].
From the observations presented above, it follows that extreme data sparsity in CF recom-
mender systems negatively affects both memory-based and model-based techniques.

If a sparse dataset contains additional information about users, items, or the evalua-
tions themselves, in which case it is called an enriched dataset, we can exploit this additional
information to alleviate the sparsity issue [19]. Examples of methods in this recommender
system category include those that utilize (a) demographic and contextual data [20-22],
(b) item attributes [23,24], (c) textual semantics [25-27], and (d) cross-domain data [28,29].

Based on the above, the use of a sparse dataset, which has no additional information,
causes very serious problems in recommender systems that jeopardize the reliability of
recommendations and, therefore, the success of the system. While these issues exist in
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recommender systems operating on sparse and very sparse datasets, no systematic analy-
sis of the behavior of the algorithms under different near neighborhood sizes, similarity
metrics, and rating prediction formulas has been published. Indeed, many recent studies
(e.g., [5,18,30-34]) use divergent settings, hindering comparability between studies and
necessitating additional work for practitioners and researchers. Additionally, sparse and
very sparse datasets suffer from low coverage, an issue that is not adequately tackled in
most of the literature, which focuses solely on rating prediction accuracy and recommenda-
tion precision/recall. Notably, the use of specific similarity metrics may adversely affect
coverage, as is the case with the Pearson similarity metric, which is widely employed in CF
research. Finally, as noted above, Matrix-Factorization-based and ML-based techniques
currently have limited interpretability and explainability when operating on sparse or very
sparse datasets [14-16] and /or may tend to produce predictions that degenerate to constant
dataset-specific values [17,18].

Taking the above into account, [35] asserts that in the context of sparse and very
sparse datasets, neighborhood-based models constitute a more appropriate option for
the implementation of recommender systems, providing increased coverage, accuracy,
robustness, and effectiveness. Following these findings and considering that in this paper
we focus on datasets with high and very high sparsity, we limit our study and experiments
to neighborhood-based models.

Considering these observations, which constitute the motivation of our study, the
initial objective of this work is to find the region where the optimal values of variable K are
located for very sparse datasets. To achieve this, in this study, we run a multiparameter
experiment using

e  Ten sparse datasets, with densities ranging from 0.33% (the densest) to 0.005% (the sparsest);

e  Three widely used similarity metrics, as well as one additional composite metric that
synthesizes two individual ones;

e  Two widely used rating prediction formulas.

All are commonly used in CF recommender systems research.

As a result, this work extends its scope beyond finding the optimal value(s) for the
K parameter in CF recommender systems to include the identification of the optimal
parameters (number of NNs (K), similarity metric, and rating prediction formula) a CF
recommender system needs in total. To ensure the reliability of the results, we use datasets
from different sources, categorize them into three density levels, and examine each density
level separately. The findings of this work will provide researchers and professionals in CF
recommender systems with the ability to directly determine and use optimal settings when
working with very sparse datasets.

The remaining sections of this paper are organized as follows: in Section 2, a literature
review of sparse datasets in recommender systems is outlined, while in Section 3 the
foundations of our work are summarized. In Section 4, the settings of our experiments
are initially introduced, and, afterwards, the results are presented and analyzed. Section 5
discusses the results, and, finally, Section 6 concludes the paper and outlines future work.

2. Literature Review

The accuracy of rating predictions in CF recommender systems is a research area that
has attracted numerous studies over the last years. Many of these studies are applied
to dense datasets, like the MovieLens ones, where the issue of low prediction coverage
does not exist, and therefore these studies solely target prediction accuracy [11,36-38]. The
evaluation metrics of the aforementioned studies mainly include the MAE, RMSE, and F1
score (which combines precision and recall metrics).
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Over the last few years, many studies have focused on sparse datasets, which are
considered a special and extremely challenging case for CF recommender systems, as
mentioned in the Introduction. These studies are divided into two major categories. The
first one consists of studies that include datasets having additional information, like item
categories, social networking, and user reviews (termed as enriched datasets). Although
this additional information helps them overcome the low coverage issue, these studies
do not have universal applicability, as they cannot be applied to plain datasets that do
not contain this extra information. The second category includes studies that are based
solely on the data stored in the rating matrix and therefore retain universal applicability;
however, the challenge presented in the Introduction remains. In the following subsections,
we review studies from both of the aforementioned categories.

2.1. Studies with Enriched Datasets

Regarding the first category, a group of work in the literature exploits social network
information to complement the user-item rating matrix, aiming to enhance rating prediction
and recommendation quality, while a second group utilizes and processes review texts to
elicit ratings (and, provisionally, other traits), which are then processed to generate rating
predictions and recommendations.

Within the group of work that utilizes and processes review texts, [39] enhances CF by
incorporating user reviews to address sparse or unavailable explicit ratings. It proposes
four methods for calculating implicit ratings using sentiment analysis; it uses the Euclidean
distance to measure user similarity and deploys the KNN selection method on the Amazon
Movies_and_TV_5core dataset (with a density of 0.027%) and the Yelp dataset (with a
density of 0.0017%) using MAE, MSE, and RMSE prediction error metrics. This approach
outperforms other implicit rating calculation methods by leveraging information in user
reviews, exploiting both individual sentiment words and aspect-sentiment word pairs.

User reviews are also leveraged in [30], where a rating-style mining method is intro-
duced to enhance the CF algorithm in RecSys. By addressing the differences in users’ rating
styles before calculating similarity measures, the proposed method improves prediction
accuracy. This is implemented by processing user reviews using a pre-trained BERT model,
whose output is fed into a softmax layer, and, finally, the output is fine-tuned. Then, the
output of this process is used to calculate the Pearson similarity metric between users. It
deploys the KNN selection method with different K values (ranging from 10 to 190 with a
step of 20) on the Amazon Movies_and_TV_5core dataset (with its density calculated at
0.027%) and evaluates the prediction error using the MAE and RMSE metrics.

The study in [40] also utilizes user review texts to address the cold start problem in
recommender systems by combining NLP and machine learning with CE. By leveraging user
reviews and NLP techniques that exploit features such as review usefulness and remove
any fake or inconsistent ratings, the proposed approach ensures cleaner training data and
improves accuracy and scalability in CF-based recommender systems. Furthermore, user
feedback is collected and used to further refine the recommendation model. The datasets
used include the Epinions dataset (with a density of 0.014%) and the Book-Crossing dataset
(with a density of 0.014%).

User reviews are processed in [41] for the creation of an enhanced recommender
system that integrates sentiment analysis with CF techniques. By analyzing user reviews
using a sentiment model, the system improves recommendation accuracy. The approach
comprises three stages: firstly, unsupervised “GloVe” vectorization is employed to improve
classification performance and build a sentiment model using Bidirectional Long Short-
Term Memory (Bi-LSTM). The sentiment model is then used to compute ratings from review
texts, and these are finally used to generate predictions. The study uses the Amazon Digital
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Music dataset (older version), with a density of 0.074%. The study in [42] proposes a Social
Promoter Score-based CF recommender system that addresses the limitations of traditional
rating-based models by incorporating explicit and implicit user—item interaction data
and deep neural networks. The proposed algorithm constructs two user—item interaction
matrices, the first being populated with explicit ratings and the second reflecting users’
viewing activities, which are interpreted as implicit feedback. These matrices are then fed
into an attention-layer-based deep neural model, which learns a common low-dimensional
space that corresponds to the features of users and items and provides insight into how
users rate items. This insight is then utilized to improve rating prediction accuracy. The
work uses six sparse Amazon datasets, including Instant Video (with a density of 0.1%),
and Home & Kitchen (with a density of 0.024%).

Considering studies that complement the user—item rating matrix with social network
data, [12] introduces a hybrid CF method for personalized friend recommendations in
social networks. By combining social and semantic information, the proposed approach
aims to overcome data sparsity and cold start problems. This is achieved by firstly applying
the incremental K-means algorithm to all users and subsequently using the KNN algorithm
on new users. It uses a preprocessed Yelp dataset with a density of 0.45%. The work
in [43] presents an adaptive CF algorithm that enhances rating prediction accuracy by
incorporating social network relationships. The algorithm addresses challenges posed by
limited social network data or CF information by computing two distinct rating predictions
based on the target user’s CF neighborhood and social network neighborhood, respectively,
and then synthesizing the two predictions using personalized weights, thus minimizing
the prediction error. The work uses the Pearson and Cosine similarity metrics on four
sparse datasets, including CiaoDVD (with a density of 0.12%) and Epinions (with a density
of 0.014%).

Following the same rationale, [44] proposes a recommender system that combines
social relationships and user interaction data using graph convolutional CF techniques. By
integrating both user similarities and social influences, the model significantly improves
recommendation accuracy and recall. The main challenge addressed in that work is the
presence of noise in the data; this is tackled through the identification and removal of
single reviews or users with very limited interaction with the items, allowing subsequent
steps of the algorithm to operate on a cleaner dataset. The datasets used in the study
include the CiaoDVD dataset (with a density of 0.12%) and the Epinions dataset (with a
density of 0.014%). The work in [45] presents a product recommender system using CF
techniques to offer personalized suggestions on e-commerce platforms. By analyzing user
preferences, purchase history, and ratings from similar customers, the system generates
more accurate recommendations. To this end, product popularity is evaluated and CF is
used to generate predictions; products are then combined into clusters using K-Means
clustering, and clusters are used for generating recommendations. This study utilizes the
Amazon Electronics dataset, with its density measured at 0.006%.

As mentioned above, while all of the above-mentioned studies are found to alleviate
the dataset sparsity issue, they can only be applied to enriched datasets, as they rely on
additional data to do so and therefore are not considered to have universal applicability.

2.2. Studies That Are Based on the Data Stored in the Rating Matrix

Regarding the second category, two main lines of work can be identified in the liter-
ature: the first line of work focuses on evaluating existing algorithms and metrics under
different datasets and/or settings, while the second line of work introduces new similar-
ity metrics and/or combines or modifies existing ones to increase the quality of rating
predictions and recommendations.
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Within the first line of work, [5] evaluates user similarity metrics in CF datasets. This
work uses the Pearson, Cosine, and Jaccard similarity metrics, among others, and deploys
the KNN selection method, setting the K value to 250 and 500, on all 10 datasets tested.
These datasets are considered very sparse, with densities ranging from 0.24% (the Yahoo
Movies dataset) to 0.014% (the Book-Crossing dataset). The prediction error metrics used
are MAE, RMSE, and F1. While the study examines sparse datasets and multiple similarity
metrics, coverage aspects are not considered, while only limited values of K are examined,
which, as shown in the study presented in this paper, are lower than the optimal values for
very sparse and extremely sparse datasets.

The evaluation survey presented in [31] compares memory-based CF models and
deep learning models to address cold starts and data sparsity in e-commerce recommender
systems. It uses the Cosine similarity metric and deploys the KNN method, giving K values
of 10, 30, and 50. The work evaluates both memory-based CF, including Singular Value
Decomposition (SVD), SVD++, KNN Baseline, and K-Nearest Neighbors (KNN) Basic,
for which the hyperparmeters are optimized using grid search. The work also examines
deep learning models, including LSTM, BiLSTM, Att+BiLSTM, User-Product Fusion (UPF),
and Deep CF. The dataset tested is the Amazon Musical Instrument dataset, with density
measured at 0.001%, while the error metrics used are MAE and RMSE. The study asserts
that memory-based models (such as SVD++) are more suitable for the recommendation
task in the context of sparse datasets than relying solely on DL models; nevertheless, it is
noted that, again, the values of K examined in the work are (significantly) lower than the
optimal values for very sparse and extremely sparse datasets.

Considering work introducing new similarity metrics and/or combining or modifying
existing ones, [32] presents a trust CF approach for explainable recommendations. It aims
to enhance recommendation quality while providing transparency on why and how items
are recommended based on trustworthiness modeling. Trustworthiness between the active
user Uyt and a user U is computed on the basis of the degree to which U, chooses the
items based on user U. To enhance explainability and trust towards the recommender
system, recommendations are complemented with the number of users sharing the same
preferences with the target user and average trustworthiness. The method is evaluated by
applying the Cosine similarity metric with the NN method (with K ranging from 10 to 80)
on the Amazon Instant Video dataset, which has a density of 0.43%, while the error metric
used is the RMSE.

In [46], the authors introduce an algorithm that augments the importance of NN pairs
with opinion agreement on products that deviate from the dominant community opinion
on the same products. To this end, the work computes a “black sheep factor” between a
user and each of his/her NNs, expressing the degree to which the users rate similarly some
items while at the same time disagreeing with the majority of other users on the same items;
then, this factor is used to compute an enhanced similarity value, which is considered in
rating prediction computation. The proposed algorithm is evaluated using the Pearson and
Cosine similarity metrics, applied to four sparse datasets (including an older version of
the Amazon Videogames dataset with a density of 0.09%). The NN are selected using the
threshold approach, while the error metrics utilized are MAE and RMSE.

The augmentation of the Pearson correlation similarity metric is also considered
in [33], which introduces a multi-level CF method aiming to improve decision making by
providing higher-quality recommendations across various online domains. The proposed
approach is evaluated using the plain Pearson correlation similarity metric, as well as two
Pearson correlation variations. Effectively, this work enhances standard Pearson correlation
similarity by considering the number of items that users have rated in common and the
value of the Pearson similarity metric between users; for users that are “sufficiently similar”
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and have co-rated a high number of items, their final similarity metric is boosted to augment
the weight of the respective ratings in rating prediction calculation. The set of datasets
tested includes the Epinions dataset, having a density of 0.014%. The KNN method is used
with a K value set to 5 and 10, and the prediction error metrics used are MAE, precision,
and recall.

Finally, another approach to an augmented similarity metric is presented in [34].
More specifically, this work proposes an improved product recommendation method for
CF, utilizing triangle similarity and considering both common and uncommon ratings
between users, along with user rating preferences, to enhance recommendation accuracy.
Essentially, for computing the final user-to-user similarity metric that will be used for rating
prediction calculation, the work considers user proximity (likeness of ratings), significance
(the deviation of user ratings from the median), and singularity (a metric expressing the
difference of both users’ average rating from the average rating of the target item). In this
context, the Jaccard, Pearson, and Cosine similarity metrics are used and the KNN selection
method is deployed with different K values (ranging from 5 to 50, with a step of 5) on six
datasets, including the Epinions and CiaoDVD datasets (with their densities calculated at
0.014% and 0.12%, respectively). The evaluation metrics used are MAE, RMSE, and F-score.
Similarly to previous cases, the values of K examined in this work are (significantly) lower
than the optimal values for very sparse and extremely sparse datasets, and coverage aspects
are not considered.

Table 1 provides a summary of the aforementioned studies, which are based on the
data stored in the rating matrix.

Table 1. Recent CF studies that are based on the data stored in the rating matrix.

. Prediction Error CF Settings (Similarity
Study Datasets Used Sparsity of Datasets Metrics Metrics and K)
Yang et al. [30] Amazon Movies and 0.027% MAE, RMSE Pearson, K = 10(20)190
8 ’ TV (5 core) e ’ A
10 datasets Pearson, Cosine, and
Sgardelis et al. [5] (Yahoo, Amazon, From 0.24% to 0.014% MAE, RMSE, F1 Jaccard (and others),
Book-Crossing) K =250, 500
Shetty et al. [31] Amazon Musical 0.001% MAE, RMSE Cosine, K = 10, 30, 50
Instrument dataset
Zarzour et al. [32] Amazon Instant Video 0.43% RMSE Cosine, K =10 to 80

Amazon Videogames,
CDs and Vinyl, Movies 0.09%, 0.02%, 0.03%,

Cosine, Pearson,

Margaris et al. [46] and TV, Books 0.004% MAE, RSME threshold > 0.0
(older versions)
Polatidis and .. o .. Pearson (+2 variations),
Georgiadis [33] Epinions 0.014% MAE, precision, recall K=5,10
Iftikhar et al. [34] Epinions, CiaoDVD 0.014%, 0.12% MAE, RMSE, F1 Jaccard, Pearson,

Cosine, K = 5(5)50

While the above-mentioned studies apply CF algorithms to really sparse datasets, they
use predetermined settings (similarity metrics, K, etc.) in their experiments. In some cases,
we even observe different settings being applied to the same datasets.

In this paper, we aim to identify the optimal settings a CF recommender system needs
in total (including the parameter K, similarity metric(s), and rating prediction formula)
when employing very sparse datasets, like those mentioned in the previous paragraphs.
In this context, we consider the coverage aspect, which is neglected in most studies,
and explore higher values for the K parameter, which plays a significant role in offering
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personalized predictions to users in sparse dataset settings. To ensure the reliability of
the results, we use datasets from different sources, categorize them into three density
levels, examine each density level separately, and, finally, consider prediction coverage.
The findings of this work will provide researchers and practitioners in CF recommender
systems with the ability to directly determine and use optimal settings when working with
very sparse datasets. This will facilitate the use of memory-based recommender systems,
which provide higher explainability and allow for seamless operation, independently of
the content that the algorithm is applied on [47].

3. Foundations

In this section, the foundations of our work are briefly presented. More specifically, we
summarize the overall procedure for CF prediction generation, including the user similarity
metrics, the KNN selection method, and, finally, the rating prediction formulas.

When generating predictions for CF systems, first, the similarity of each user in a
dataset to every other user is computed by using a particular similarity metric. In the
context of the CF literature reviewed in the prior section, the Jaccard, Cosine, and Pearson
similarities are some of the most common metrics.

Jaccard similarity (JS) between users U1l and U2 is defined as the ratio of the number
of items rated by both users (intersection) to the total number of unique items rated by both
users (union), as shown in Equation (1). The metric is only based on the number of items
rated in common, regardless of the actual rating values. The range of JS is [0, 1], where
larger values signify greater similarity between the two users [36,44].

1(U1) N1(U2)]

JS(U1,U2)= (01 UI(02)|

1)
where I(Ux) represents the set of items user Ux has rated.

The Cosine similarity (CS) between users Ul and U2 in CF is derived from the Eu-
clidean dot product of the two user rating vectors, as illustrated in Equation (2).

CS(U1, U2) = Yk ULk TU2,k @)
\/ Lic(runi) \/ Lr(ruzp)’?

where k € I(U1) NI(U2) and ry  is the rating that user X has set for item k [36,48]. Generally,
the range of the CS metric is [—1, 1], with higher values denoting higher similarity, while if

rating values are only positive (which is the case for the datasets used in this paper) the
range is limited to [0, 1].

The Pearson Correlation similarity (PS) measures the linear correlation of the rating
sets of users Ul and U2. PS can be derived from the CS, with each user’s rating values
normalized by the average rating value of the user’s own ratings, as shown in Equation (3).
The range of PS is [-1, 1], where, again, higher values signify higher similarity between
the two users [49-51].

PS(U1,U2) = Lk (turk — T01) - (rux — T02) 3)
\/Zk (rUl,k - ﬁ)z \/Zk(rUzlk — @)2

where k € I(U1) N1(U2) and rx represents the average value user X has given across all
their ratings.

Considering these three similarity metrics, we can observe that while the ]S takes into
account (only) the percentage of common items between two users, the other two similarity
metrics consider (only) the rating values the users have given. Because both of these aspects
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are indicators of user profile resemblance, researchers have suggested combining these
aspects into a single similarity metric (e.g., [5,52,53]). Following the rationale of these
studies, we include in our study the Sigmoid Cosine similarity (5CS), which augments the
similarity between users who share a lot of common rated items, as shown in Equation (4).
The range of the SCS metric is [—1, 1], with values close to 1 indicating high similarity and
values close to —1 designating high dissimilarity. Similarly to the CS metric, when ratings
are non-negative only, the range of the metric is modified to [0, 1].

1
TR (4)
2

SCS(U1,U2) = CS(U1,U2)-
1+e

Effectively, the SCS metric computes a high similarity value for users Ul and U2 when
these users (a) rate the same items similarly (represented by the first term in Equation (4))
and (b) have rated many items in common (represented by the second term in Equation (4)).
The second term of the equation has been used as listed in the corresponding “Sigmoid
PCC” metric in [5,52,53].

The reason the corresponding Sigmoid PS will not be tested is that, as will be shown
in the experiments in Section 4, the PS (and therefore the Sigmoid PS) presents a major
prediction coverage issue and, therefore, is excluded from the detailed analysis. This issue
will be analyzed in the experimental section.

When all of the similarities between each pair of users have been computed, the set
of NNs is determined for each user, which typically includes the K users with the highest
similarity to them (KNN). The value of K is set by the recommender system’s administrator
and is usually in the range of hundreds to a few thousand.

Lastly, the rating predictions are produced using a rating prediction formula. This
formula synthesizes the rating values that only the user’s NNs have given to the item for
which the prediction is being produced, with each NN’s similarity with the user (computed
in the first phase) playing the role of the weight importance of each NN'’s rating. The most
common rating prediction formulas in CF are the weighted average (wa) and mean-centered
(mc), given in Equations (5) and (6), respectively [5,54,55]. In both of these equations, the
similarity between the target user Ul and a near neighbor U2 of Ul is denoted as ‘sim(U1,
U2)" and corresponds to the application of any similarity formula discussed above.

Y u2enNy, sSim(U1, U2)-(ruz,)

. (5)
ZUZGNNUl sim (Ul, UZ)

PwaULi =

Pmeg - — For 4 Y U2eNNy, Sim (U1, U2) (rua,i — T02)
ULi = Iul ’
1 YU2eNNy, sim(U1,U2)

We observe that the mc approach (Pmc) can be easily derived from the wa approach

(6)

(Pwa), with each user’s rating values normalized by their average rating value, following
the same rationale as the PS similarity metric and producing a quantification of how much
more or less the target user U1l would like the particular item compared to their average
rating. Then, this delta value is added to the target user’s mean rating to calculate the
final rating prediction value. In the experiments of this work, all 4 similarity metrics and
2 prediction formulas will be used to ensure generalizability.

4. Experimental Settings and Evaluation Results

In this section, we present the experimental evaluation of the settings of the CF rating
prediction presented above with respect to recommendation success. In particular, we
evaluate (a) the four user similarity metrics (JS, PS, CS, and SCS), (b) the number of NNs
stored and utilized for each user, and (c) the two rating prediction formulas (wa and mc)
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in terms of prediction coverage (i.e., the percentage of cases for which a prediction can be
generated) and prediction accuracy (using as evaluation metrics the MAE, the RMSE, and
the F1 measure, which includes precision and recall metrics). Regarding the F1 measure,
we follow the approach where the recommendation for a user includes all items for which
the prediction value is placed within the upper 30% of the rating scale [56-58].

4.1. Experimental Settings

Our experimental evaluation uses 10 sparse CF datasets. As described in the Introduc-
tion, these are the datasets with a density typically less than 1%. The datasets used in our
work, along with their attributes, are summarized in Table 2. Regarding the Epinions and
LibraryThing datasets, only the rating information was considered, excluding the social
relations data.

Table 2. The datasets involved in our experiments, along with their basic attributes.

Dataset Name Density Level Density Attributes
CiaoDVD'! sparse 0.12% 2 K users, 14.7 K items, 36 K ratings
Amazon Digital Music 2 sparse 0.33% 5.5 K users, 3.6 K items, 65 K ratings
Yahoo Movies 3 sparse 0.24% 7.6 K users, 12 K items, 221 K ratings
Amazon Videogames 2 very sparse 0.033% 95 K users, 26 K items, 815 K ratings
Amazon Industrial and Scientific 2 very sparse 0.031% 51 K users, 26 K items, 413 K ratings
Epinions 2 very sparse 0.014% 22 K users, 296 K items, 922 K ratings
BookCrossing 4 very sparse 0.014% 22.8 K users, 319 K items, 1 M ratings
Amazon Office Products 2 extremely sparse 0.009% 224 K users, 87 K items, 1.8 M ratings
Amazon Toys and Games 2 extremely sparse 0.006% 432 K users, 162 K items, 3.9 M ratings
LibraryThing 2 extremely sparse 0.005% 70 K users, 385 K items, 1.39 M ratings

! https:/ /www.cse.msu.edu/~tangjili/datasetcode/ truststudy.htm (accessed on 29 January 2026). 2 https://
cseweb.ucsd.edu/~jmcauley /datasets.html (accessed on 29 January 2026). 3 https:/ /gist.github.com/tolleiv /37
84342 (accessed on 29 January 2026). 4 https:/ /www.kaggle.com/datasets/somnambwl/bookcrossing-dataset
(accessed on 29 January 2026).

As we observe in Table 2, we use datasets from different sources and with different
sizes (from a few thousand to a few million ratings). The selected datasets span several
product fields (movies, books, video games, toys, etc.) to ensure that the evaluation is
not biased by the item domain. Furthermore, in order to increase the accuracy of our
experiments, we divide the datasets tested into three categories based on dataset density:

e  Sparse: this category includes datasets with densities in the range of [0.1%, 1%);
e  Very sparse: this category includes datasets with densities in the range of [0.01%, 0.1%);
e  Extremely sparse: this category includes datasets with densities < 0.01%.

In order to quantify the outcome of our experiments, we apply the 5-fold cross-
validation technique, where each dataset is split into five equally sized subsets; each time,
four of them (80% of the total dataset) are used for training ratings and the remaining one
(20% of the total dataset) is used for testing ratings. Then, the CF system computes user
similarities using the train portion of the dataset and attempts to predict the rating value
of each of the ratings in the test portion of the dataset [5,59]. Subsequently, performance
metrics (coverage, accuracy) are computed for each of the five folds and averaged to
produce the final metrics for the specific dataset.

The code for the experiments was implemented in the C programming language,
using specialized indexes to increase computation speed. These indexes included (a) user
rating lists sorted on the item id, (b) hash tables for pre-computed user similarities, and
(c) per-item lists referencing users that have evaluated them. Measurements were obtained
by running the code on a Dell PowerEdge M910 (Dell Inc., Round Rock, TX, USA, 2013) with
four Intel(R) Xeon(R) CPU E7-4830 processors with sixteen execution cores each, totaling

https:/ /doi.org/10.3390/£i18020114


https://www.cse.msu.edu/~tangjili/datasetcode/truststudy.htm
https://cseweb.ucsd.edu/~jmcauley/datasets.html
https://cseweb.ucsd.edu/~jmcauley/datasets.html
https://gist.github.com/tolleiv/3784342
https://gist.github.com/tolleiv/3784342
https://www.kaggle.com/datasets/somnambwl/bookcrossing-dataset
https://doi.org/10.3390/fi18020114

Future Internet 2026, 18, 114

11 of 26

64 execution cores. The machine was equipped with 256 GB of memory. All algorithms
implemented were memory-based.
The following subsection presents the experimental results per density level.

4.2. Evaluation Results of Determining the Optimal Settings for Rating Prediction Accuracy in
Very Sparse CF Datasets

In this subsection, we present the evaluation results to determine the optimal settings
for rating prediction accuracy in sparse CF datasets. More specifically, for each of the three
dataset density categories (sparse, very sparse, and extremely sparse), we initially present
the rating prediction coverage in relation to the similarity metric used and the value of
parameter K considered.

4.2.1. Evaluation Results in Sparse Datasets

Figure 1 depicts the rating prediction coverage percentage in relation to the similarity
metric used and the value of parameter K considered for the first sparse dataset, i.e., the
CiaoDVD dataset. We observe that the PS metric has very low coverage for every value
of K tested. This is because there is a significant number of users in the CiaoDVD dataset
(measured at 13%) who have the same values for all of the ratings they have submitted
(e.g., all items are evaluated with 5/5). As we can see, in the definition of the PS metric
(Equation (3)), when a user’s ratings are all equal, the value of the metric cannot be
computed because the denominator of the formula is zero. Practically, this means a CF
system is neither able to produce a prediction for this user (because their NNs cannot be
determined) nor can it use this user as an NN for another user (because the similarity
between the users cannot be computed).

CiaoDVD dataset
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Figure 1. Rating prediction coverage for various values of K for all four metrics tested for the
CiaoDVD dataset.

In Figure 1, we can also observe that for each similarity metric, as the value of K in-
creases, prediction coverage increases until a similarity metric-specific maximum is reached.
Each similarity metric converges to this maximum at a different rate and, additionally, the
maximum is reached for a different value of K. Considering that prediction coverage is
of topmost importance when the dataset is very sparse, in this paper, we will explore the
range of parameter K values where the coverage is at least 95% of the maximum coverage.
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Based on this rationale, the accepted settings are JS with K > 250, CS with K > 200, and
SCS with K > 150.

Figure 2 depicts the prediction MAE and F1 for all settings considered acceptable in
terms of prediction coverage. We observe that the setting achieves the highest prediction
accuracy when using the SCS similarity metric, setting K = 250, and selecting the MC
prediction formula (from now on, for brevity, it will be referred to as “SCS-250-MC”). More
specifically, when this setting is selected, the MAE equals 0.728, the RMSE is 1.020, and
the F1 metric is 0.878, while the prediction coverage decrease is found to be 1.5%. Near-
optimal settings are considered when setting K = 200 and K = 300 under the same similarity
metric and prediction formula. More generally, the SCS similarity metric in combination
with the mean-centered rating prediction computation formula achieves the highest F1
values and the lowest MAE values. On the other hand, the Jaccard similarity metric in
combination with the weighted sum rating prediction computation formula yields high
MAE and low F1 values. In Figure 2, we can also notice that the mean-centered-based
prediction computation exhibits, on average, higher F1 measures and lower MAE metrics.

CiaoDVD dataset
0.72
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- MC,JS,K=400 MC,JS, K=o MOS0, Kave
: MC,SCS,K=400
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Figure 2. MAE and F1 for various values of K, both prediction formulation methods, and three
similarity metrics for the CiaoDVD dataset.

When the Amazon Digital Music dataset is used, the optimal setting has been found
to be the SCS-350-MC. When this setting is selected, the MAE equals 0.719, the RMSE
is 1.032, and the F1 metric is 0.873, while the prediction coverage decrease is only 0.8%.
Near-optimal settings are considered when setting K = 200, K = 250, and K = 300 under the
same similarity metric and prediction formula, the JS-400-MC, as well as the CS-500-MC.

When the Yahoo Movies dataset is used, the optimal setting has been found to be the
SCS-300-MC. When this setting is selected, the MAE equals 0.728, the RMSE is 1.029, and
the F1 metric is 0.879, while the prediction coverage decrease is 2.5%. Near-optimal settings
are considered when setting K = 200, K = 250, and K = 350 under the same similarity metric
and prediction formula.

Overall, based on our experiments, when using sparse datasets (with density in the
range of [0.1%, 1%)), the optimal settings that achieve the best prediction results are the
SCS similarity metric with the MC prediction formula. Considering the optimal number
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of parameter K, it was found to be in the range of [200-350]. From the results presented
above, we can conclude that in sparse CF datasets, if we use the SCS similarity metric with
the MC prediction formula, we need around 250 NN to yield very good prediction results
(coverage and accuracy), regardless of the other attributes (number of users and number of
items) of the datasets.

4.2.2. Evaluation Results in Very Sparse Datasets

Figure 3 depicts the rating prediction coverage percentage in relation to the similarity
metric used and the value of parameter K considered for the first very sparse dataset,
i.e., the Amazon Videogames dataset. We observe that the PS metric has, again, very low
coverage for every value of K tested.

Amazon Videogames dataset
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Figure 3. Rating prediction coverage for various values of K for all four metrics tested for the Amazon
Videogames dataset.

We also observe that the maximum value that the prediction coverage can take is
69.6%. Assuming, again, that an acceptable coverage loss is 5%, in relative terms, any
setting with prediction coverage above 66.1% is considered to be acceptable. Based on
this threshold, the accepted settings are JS with K > 2000, CS with K > 1000, and SCS
with K > 1000. Note that in the Amazon Videogames dataset the coverage achieved is
higher than the coverage observed for the CiaoDVD dataset. While this appears to be
counter-intuitive, as the Amazon Videogames dataset is more sparse than CiaoDVD, this is
owing to the fact that the user-to-item ratio for the CiaoDVD dataset is approximately 2:15,
while for the Amazon Videogames dataset the corresponding ratio is approximately 4:1.
This means that when considering the Amazon Videogames dataset, it is more probable to
find users that have commonly ranked items and, hence, personalized recommendations
can be formulated for a higher percentage of the user base.

Figure 4 depicts the prediction MAE and F1 for the settings that achieved the highest
prediction accuracy for each combination of similarity metric, KNN number, and prediction
formula. We observe that the setting achieving the highest prediction accuracy is the
SCS-1000-MC. More specifically, when this setting is selected, the MAE equals 0.733, the
RMSE is 1.03, the F1 metric is 0.876, and the prediction coverage decrease is found to
be 4.1%. Near-optimal settings are considered when setting K = 1250, under the same
similarity metric and prediction formula, when the CS is used with K = 2000, and when
the CS and JS are used with K = 1500, both cases with the MC prediction formula. Figure 4
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also concurs with the findings of Figure 2, according to which the mean-centered-based
prediction computation yields better results (higher F1, lower MAE) compared to the
weighted averaging approach.

Amazon Videogames dataset
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Figure 4. MAE and F1 for various values of K, both prediction formulation methods, and three
similarity metrics for the Amazon Videogames dataset.

When the Amazon Industrial and Scientific dataset is used, the optimal setting has
been found to be the SCS-750-MC. When this setting is selected, the MAE equals 0.760, the
RMSE is 1.23, and the F1 metric is 0.885, while the prediction coverage decrease is 1.8%.
Near-optimal settings are considered when setting K = 1000, under the same similarity
metric and prediction formula, and when the CS and JS are also used with K = 1000, both
cases with the MC prediction formula.

When the Epinions dataset is used, the optimal settings have been found to be when
the SCS similarity is used with K = 1250 and selecting the MC prediction formula. When
selecting this setting, the MAE equals 0.853, the RMSE is 1.12, and the F1 metric is 0.827,
while the prediction coverage decrease is 3.4%. Near-optimal settings are considered when
setting K = 1000 and K = 1500 under the same similarity metric and prediction formula.

When the BookCrossing dataset is used, the optimal setting has been found to be
the SCS-1000-MC. When this setting is selected, the MAE equals 1.291, the RMSE is 1.593,
and the F1 metric is 0.424, while the prediction coverage decrease is 1.5%. Near-optimal
settings are considered when setting K = 1250, under the same similarity metric and
prediction formula, and when the CS is used with K = 1500 and K = 2000 with the same
prediction formula.

Overall, based on our experiments, when using very sparse datasets (with density in
the range of [0.01%, 0.1%)), the optimal settings that achieve the best prediction results are
the SCS similarity metric with the MC prediction formula. Considering the optimal value
of parameter K, it was found to be in the range of [1000-1250]. In other words, based on
our experiments, in very sparse CF datasets, if we use the SCS similarity metric with the
MC prediction formula, we need around 1000 NN to yield very good prediction results
(coverage and accuracy), regardless of the other attributes (number of users and number of
items) of the datasets.
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4.2.3. Evaluation Results in Extremely Sparse Datasets

Figure 5 depicts the rating prediction coverage percentage in relation to the similarity
metric used and the value of parameter K considered for the first very sparse dataset, i.e.,
the Amazon Office Products dataset. We observe that the PS metric has, again, very low
coverage for every value of K tested.

Amazon Office Products dataset
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Figure 5. Rating prediction coverage for various values of K for all four metrics tested for the Amazon
Office Products dataset.

We also observe that the maximum value that the prediction coverage can take is 38.7%.
Assuming, again, that an acceptable coverage loss is 5%, in relative terms, any setting with
prediction coverage above 36.8% is considered acceptable. Based on this threshold, the
accepted settings are CS with K > 1250 and SCS also with K > 1250.

Figure 6 depicts the prediction MAE and F1 for the settings that achieved the highest
prediction accuracy for each combination of similarity metric, KNN number, and prediction
formula. In this dataset, we observe two settings that share optimal prediction accuracy.
These are the SCS-1250-MC and the CS-1750-MC. More specifically, when these settings are
selected, the MAE equals 0.628, the RMSE is 0.891, the F1 metric is 0.912, and the prediction
coverage decrease is found to be 3.6% and 2.8%, respectively. Near-optimal settings are
found to be the SCS-1500-MC and the CS-1500-MC. In Figure 6, we can also observe that all
qualifying weighted-average-based configurations gather around a specific area (F1: 0.907,
MAE: 0.68) with small variations regarding mainly the F1 measure, while all qualifying
mean-centered-based configurations gather around the point (F1: 0.912, MAE: 0.63), again
with small variations regarding mainly the F1 measure. Considering this finding, selecting
the setting K = 1250 with a mean-centered prediction formulation and, preferably, the SCS
similarity metric can offer high precision while confining the space and time overhead due
to the need to store and maintain a high number of near neighbors.

When the Toys and Games dataset is used, the optimal settings found to achieve the
highest prediction accuracy are the SCS-1500-MC and the CS-1500-MC. When these settings
are selected, the MAE equals 0.652, the RMSE is 1.08, and the F1 metric is 0.905, while the
prediction coverage decrease is 3.7%. Near-optimal settings are considered when setting
K =1750 and K = 1250 under the same similarity metrics and prediction formula. In this
dataset, it is also observed that all qualifying weighted-average-based configurations gather
around a single point (F1: 0.899, MAE: 0.706), while all qualifying mean-centered-based
configurations gather around the point (F1: 0.905, MAE: 0.653), with marginal differences
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between them. However, the K = 1250 configuration does not fulfill the inclusion rule (less
than 5% drop in coverage compared to the top-performing configuration). Therefore, the
value of K must be set to 1500 or above.

Amazon Office Products dataset
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Figure 6. MAE and F1 for various values of K, both prediction formulation methods and two
similarity metrics for the Amazon Office Products dataset.

When the LibraryThing dataset is used, the optimal settings have been found to be the
SCS-1500-MC and the SCS-1750-MC. When selecting these settings, the MAE equals 0.776,
the RMSE is 1.04, and the F1 metric is 0.814, while the prediction coverage decrease is found
to be 0.6% and 0.3%, respectively. Near-optimal settings are achieved when setting K = 2000
under the same similarity metric and prediction formula. Similarly to the previous two
cases, all qualifying weighted-average-based configurations gather around a single point
(F1: 0.804, MAE: 0.82), and all qualifying mean-centered configurations gather around a
different single point (F1: 0.813, MAE: 0.776). The minimum value of K that ensures an
acceptable coverage drop (less than 5%) is 1000. However, using a higher value (K = 1250
or K = 1500) further enhances coverage.

Opverall, based on our experiments, when using extremely sparse datasets (with density
in the range of [0.001%, 0.01%)), the optimal settings that achieve the best prediction results
are the SCS similarity metric with the MC prediction formula. Considering the optimal
number of the value of parameter K, it was found to be in the range of [1250-1750]. In
other words, based on our experiments, in extremely sparse CF datasets, if we use the SCS
similarity metric with the MC prediction formula, we need around 1500 NN to yield very
good prediction results (coverage and accuracy), regardless of the other attributes (number
of users and number of items) of the datasets.

4.2.4. Experimental Procedure and Complexity Analysis

In this subsection, we elaborate on the experimental procedure, conducting also a
complexity analysis. Complexity analysis aims to provide insight into the feasibility and the
computational cost of the method for large datasets, while implementation details may be
used by researchers and practitioners for implementing optimized versions of CF systems.

The first phase of each experiment concerns the computation of similarities between
users. The procedure followed in the first phase is as follows:
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1. Each user’s ratings are stored in a separate (per user) hash map. In this process, the
sum of the user’s rating values is computed if needed, to be finally divided by the
count of the user’s ratings to produce the average rating for the specific user (for the
Pearson similarity metric only). Additionally, for each rating (userld, itemld, value),
the user id is inserted in a hash map for item itemlId. This hash map is used in the
rating prediction phase. The complexity of this step is O(1D1), where D is the dataset.

2. Subsequently, the process considers all user pairs, which are in the magnitude of u?,
where u is the number of users. For each pair of users, Ul and U2, the hash map
containing the ratings of U1 is iterated upon, and for each of U1’s ratings, the hash
map containing the ratings of U2 is queried using the item of Ul’s rating as a key. If a
matching rating is found, then the relevant computations dictated by the similarity
metric are performed. Denoting the average number of ratings per user as ry and
considering that a hash map lookup has a complexity of O(1), the overall complexity
of this step is O(u? x ry).

Note that because all similarity metrics considered are symmetric, the process can be
optimized by computing only the similarity for the ordered pair (U1, U2), skipping the
computation of the similarity for the ordered pair (U2, U1). Additionally, the computations
for different user pairs can be performed in parallel; this potential is exploited in the
implementation of the proposed method, splitting the computations among 60 of the
available cores (4 cores are set aside to serve operating system and housekeeping purposes).
Parallel processing is conducted using a multithreaded model to allow for data sharing
among threads (only a single copy of the rating matrix is stored, and this copy is accessed
by all threads). While these two optimizations do not reduce the overall complexity, they
contribute to decreasing the time needed to conduct similarity computation.

3. Finally, the NN set for each user is created. For each user U, his/her potential NNs
(i.e., other users that have common ratings with U) are first gathered, and the list is
then sorted by decreasing similarity value. The first-K elements of the sorted list are
inserted in a hash map for user U. Assuming that the average number of potential NNs
per user is ky, the overall complexity of this step is O(u? +u x ky x log(km) + u),
with the first term accounting for the creation of the potential NNs list, the second term
accounting for the sorting of the potential NNs lists, and the third term accounting
for the creation of the per-user hash maps. Because term u? dominates term u, the
complexity formula can be reduced to O(u? +u x ky x log(km)).

Steps 1-3 constitute the initialization phase of the experimental procedure, which
is executed once to bootstrap data structures and perform user similarity and NN set
computations. According to the analysis presented above, the complexity of this phase is

2

O(IDI +u? x ryp + u? +u x ky x log(knm))

2

Because the term u? x ry; dominates u?, the latter term can be eliminated, and therefore

the complexity formula can be reduced to
O(IDI +u? x ryp + u x ky x log(k))

The second phase of each experiment concerns the creation of the predictions. To
create a prediction for the rating that user Ul would give for item I1, the users that have
rated item I1 are extracted from the relevant hash map created for item I1 (c.f. step 1 of
phase 1), and for each of these users the hash map containing user Ul’s NN is examined to
determine if the rating of this user should be accounted for; if the user is found in U1’s NN,
the relevant calculations are performed. Because hash lookups and arithmetic calculations
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under both rating prediction formulas have a complexity of O(1), the complexity of this
phase is O(r1), where 17 is the mean number of ratings per item.

5. Discussion

As demonstrated in the results presented in the previous section, conclusions can be
drawn in regard to settings that achieve optimal results in CF rating prediction when very
sparse datasets are used.

Firstly, regarding the similarity metric, there seems to be a clear advantage of the
Sigmoid Cosine similarity metric in all cases/datasets tested. When using this similarity
metric, the coverage decrease is acceptable (with the appropriate choice of the value of
variable K, it is less than 5%, in relative terms, in every case tested), while the rating
prediction accuracy achieves its optimal scores in every dataset tested. The success of this
metric is justified because it considers both the number of common items that two users
have rated (like the Jaccard Similarity) and the rating values these users have given to these
items (like the Cosine similarity), ensuring that cases where rating similarity among users
may be coincidental (i.e., cases where users have very few common ratings) are assigned
a lower weight than cases where rating similarity among users has a high probability of
being systematic. Furthermore, this metric can be effectively applied for users that have set
the same rating values for all items they have rated, while the Pearson Similarity metric,
commonly used in CF, cannot compute similarity values in these cases. This is an inherent
issue of the Pearson coefficient [60], and it is worth noting that this phenomenon (i.e., cases
where users have entered the same value for all of their ratings) occurs frequently in (very)
sparse datasets (as mentioned in Section 4.2.1).

Secondly, regarding the prediction formula, again there seems to be a clear advantage
of the mean-centered formula in all cases/datasets tested over the weighted average
formula. More specifically, the performance of the weighted average formula lags behind
in all performance metrics compared to the mean-centered formula in each of the settings
and for all datasets tested. The success of this prediction formula is justified because it
compensates for the divergent rating practices employed by different users, i.e., the fact
that some users assign ratings more strictly while others are more lenient.

An important finding of this work is the number of NNs that should be stored for
each user (i.e., the value of parameter K) and considered for their rating predictions. On
one hand, this number should be small so that it would not require significant memory and
cause long delays in generating predictions. On the other hand, it should be large enough
to ensure acceptable prediction coverage. Based on the experiments of this work, presented
in the previous section, the following was found:

e  When using sparse datasets (with density in the range of [0.1%, 1%)): the optimal
value of parameter K was found to be in the range of [200-350];

e  When using very sparse datasets (with density in the range of [0.01%, 0.1%)): the
optimal value of parameter K was found to be in the range of [1000-1250];

e  When using extremely sparse datasets (with density in the range of [0.001%, 0.01%)):
the optimal value of parameter K was found to be in the range of [1250-1750].

Figure 7 depicts a heatmap-inspired visualization of the effect of parameter K on the
performance of the algorithm for datasets of different densities.
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Figure 7. Heatmap visualization of the effect of the K parameter on the performance of the algorithm
for datasets of different densities. Color gradients are used to denote that the transition between
areas is gradual rather than abrupt.

Recapitulating, based on the findings of our experiments, if we use the SCS similarity
metric with the MC prediction formula, we need around 250 NNs, 1000 NNs, and 1500 NN,
when using sparse, very sparse, and extremely sparse datasets, respectively, to achieve
satisfactory prediction results (coverage and accuracy), regardless of the other attributes
(number of users and number of items) of the datasets. This increase in the number of NNs
that a CF recommender system needs in each density category level to produce satisfactory
rating predictions is justified because the sparser a dataset, the more NNs each user U
needs in order for the CF system to be able to find users who are similar to U (i.e., the
similarity between them can be calculated) but who have also evaluated the item for which
the prediction is being generated.

As mentioned in the Introduction, the target of this study was to determine the settings
that ensure satisfactory rating prediction results not only in terms of accuracy, as shown
in the previous paragraph, but also in terms of (i) prediction coverage, (ii) memory size
required to store the NNs, and (iii) prediction generation time.

Figure 8 depicts the prediction coverage reduction for all 10 datasets tested in this work
when using the proposed settings (determined in the previous section) compared to the
(extreme) case where the CF system stores all of the NNs for every user (i.e., 40% more NNs
on average, as discussed below). In Figure 7, we can observe that the average prediction
coverage reduction is 2.35%, while this reduction does not exceed 4.1% in any case.

Figure 9 depicts the reduction of the space/memory size required to store the NN,
comparing the proposed settings with the case where the CF system stores all possible
NN for a user. In this figure, we observe that the average prediction memory reduction for
storing the NNs is 41%, spanning 12% for the CiaoDVD dataset to 94% for the Yahoo Movies
dataset. Details regarding memory savings for the optimal selection of the K parameter
under the SCS similarity metric can be found in Table A1 in Appendix A.

Lastly, Figure 10 depicts the prediction computation time reduction in all 10 datasets
tested in this work when using the proposed settings (determined in the previous section),
compared to the case where the CF system stores all of the NNs for a user (the code used
was optimized, and hash indexes were utilized to improve performance). In this figure,
we observe that the average prediction time reduction is 41%, ranging from 5.1% for the
CiaoDVD dataset to 92% for the Yahoo Movies dataset. Combining Figures 8 and 9, we
can observe that time savings are approximately proportional to savings in the number of
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NNs. For the case of CiaoDVD in particular, time savings lag behind the savings in the
number of NNs; this is attributed to the low number of users in the dataset, which leads
to near neighborhoods of small cardinality whose processing time is low, and therefore
per-prediction standard overheads (such as locating the target user record and extracting
metadata from it) play a more visible role in the overall prediction computation time.

4.50%
4.00%
3.50%
3.00%
2.50%
2.00%
1.50% -
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0.50% -
0.00% -

prediction coverage reduction

Figure 8. Rating prediction coverage reduction when selecting the proposed optimal settings.
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Figure 9. Rating prediction space reduction when selecting the proposed optimal settings.
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Figure 10. Rating prediction time reduction when selecting the proposed optimal settings.
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Details regarding the absolute time measurements (in msec) obtained for each dataset
when (a) using the unpruned near neighborhood of each user, (b) using the optimal value
for K, and (c) using the minimum acceptable value for K, as well as the relative speedups,
can be found in Table A2 in Appendix A.

Overall, the proposed settings are found to achieve considerable prediction space and
time reductions, while the corresponding prediction coverage reduction remains very low
and is considered acceptable. For example, when the proposed settings are applied to the
Yahoo Movies dataset, the memory reduction is 95% (from 940 MB to 45 MB for all users’
NNss), the prediction time reduction is 92% (from 35 s to 2.8 s), and the prediction coverage
reduction is 2.5% (from 97.8% to 95.4%).

While the findings in this survey can provide guidance for researchers and prac-
titioners regarding the choice of NN set size, similarity metrics, and rating prediction
computation formulas, the following aspects have to be taken into account. Firstly, while
the study results indicate an optimal range of NN set size per dataset class, the behavior
of specific datasets may deviate from these findings; taking this into account, a tuning
experiment using a sample of the target dataset may be useful to establish the concrete
value of the parameter used for production sites. Moreover, the study considers three
widely used similarity metrics, while metrics such as the Spearman rank correlation, the
Adjusted Rand Index, and the Chebyshev distance, which have been found to have good
performance in the context of sparse datasets [5], are not considered. The examination
of the performance of these metrics is considered part of our future work. Notably, the
methodology followed in the paper can readily accommodate both individual similarity
metrics and similarity metric combinations. Indeed, the modular design of the methodology
encapsulates similarity metric computation as a distinct module, which can be substituted
by any other module that offers the same functionality, i.e., the initialization of the module
(which may encompass actions such as the computation of per-user rating averages) and
the computation of similarities between a pair of users. Similarity metric combinations can
be accommodated in the same way that the SCS metric was implemented in the context of
the present study, again adhering to the modular architecture followed by the methodology.

6. Conclusions and Future Work

The study presented in this paper aimed to find the optimal parameters for rating
prediction generation in CF recommender systems when using very sparse datasets. More
specifically, this paper evaluates four user similarity metrics, two rating prediction formulas,
and varying values of parameter K in the top-K NN selection method to produce predictions
for 10 (very) sparse datasets. To ensure the reliability of the results, these datasets were
derived from diverse sources, and they are commonly used in CF research. No additional
information was considered in any phase of the rating prediction procedure (either about
their users or items), and the datasets were categorized into three levels of sparsity.

Based on the experimental results, regarding the similarity metric, there seems to be a
clear advantage of the Sigmoid Cosine similarity metric in all datasets tested. Moreover,
regarding the rating prediction formula, there seems to be a clear advantage of the mean-
centered formula in all datasets tested, again.

The most interesting finding of this work is the number of NNs that should be stored
for each user and considered for rating predictions (i.e., the value of parameter K). Based
on the experiments of this work, when using sparse datasets (with density in the range of
[0.1%, 1%)), the optimal value for parameter K was found to be around 250. When using
very sparse datasets (with density in the range of [0.01%, 0.1%)), the optimal value for
parameter K was found to be around 1000. Lastly, when using extremely sparse datasets
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(with density in the range of [0.001%, 0.01%)), the optimal value for parameter K was found
to be around 1500.

These values of K, in combination with the Sigmoid Cosine similarity and the mean-
centered prediction formula, ensure satisfactory prediction results (coverage and accuracy),
independently of any other attributes (e.g., number of users, number of items, and item
domain) of the datasets. More specifically, when comparing the proposed (optimal) settings
with the extreme case where the CF system stores all of the NNs for each user, the average
prediction coverage reduction across all 10 datasets is only 2.35%, while this reduction
does not exceed 4.1% in any dataset. Furthermore, both the average prediction memory
reduction for storing the NNs and the average prediction formulation time reduction were
measured at 41%.

Regarding our future work, we plan to include more similarity metrics (basic and
hybrid), especially newer ones introduced in recent work. Furthermore, we are planning to
modify the Pearson Similarity metric so that it does not exclude users who have given the
same value for all their ratings, which leads to a drastic reduction in its coverage in sparse
datasets, making it practically inapplicable.
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Appendix A

Table Al provides details on the memory savings for the optimal selection of the K
parameter under the SCS similarity metric; only the SCS similarity metric is reported, as
it has been found to provide high coverage and increased accuracy using the minimum
number of NNs. For each dataset, column “Total NNs” corresponds to the sum of the
cardinalities of all users” unpruned neighborhoods, i.e.,

NH
Total NNs = ) _[NN(u;)] (A1)
i=1

where Ny is the number of users in the dataset and NN(u;) is the unpruned near neigh-
borhood of the ith user. Column “Optimal K” lists the optimal value for parameter K
for the specific dataset under the SCS metric, as presented in Section 4, while column
“NNs@Optimal K” lists the sum of the cardinalities of all users’ near neighborhoods, where
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each near neighborhood is pruned to contain the top “optimal K” nodes (or less, if the
unpruned near neighborhood contained less than K neighbors). Formally,

Nll
NNs@Optimal K =Y min(|[NN(u;)|, Optimal K) (A2)
i=1
Finally, column “Min K” lists the dataset-specific value of K for which coverage is
considered acceptable (at least 95% of the maximum coverage), and column “NNs@Min
K” lists the sum of the cardinalities of all users’ near neighborhoods, where each near
neighborhood is pruned to contain the top “Min K” nodes, or, formally,

Ny
NNs@Min K = ) min(|NN(u;)|, Min K) (A3)
i=1

Table Al also includes column “Mem req@Optimal K”, which lists the amount of
memory utilized when running the experiment with parameter K set to the optimal value
of the specific dataset. This column provides insight into the hardware resources needed to
accommodate a memory-based recommender system operating a similarly sized dataset.
For conciseness, the respective measurements for near neighborhoods that are (a) unpruned
or (b) pruned to Min K are not listed; they scale approximately analogously to the savings
or increments of the population of the respective near neighborhoods (the magnitudes do
not form a perfect analogy because the rating matrix maintains the same size, regardless of
the pruning level).

Table A1l. Memory requirements per dataset for different settings of K.

. . Optimal NN
Dataset Total NNs Optimal K NNs@Optimal K Men.l Req@ NN Count Reduction Min K NNs@Min Count Increase
Optimal K vs. Total NNs K .
vs. Min
CiaoDVD 188K 250 166 K 3MB 12% 150 133K 24%
Amazon 1.6M 350 12M 27 MB 26% 100 05M 133%
Digital Music
Yahoo Movies 402M 300 23M 52 MB 94% 250 19M 19%
Amazon 1341M 1000 67.3M 1540 MB 49% 1000 673M 0%
Videogames
Amazon
Industr. 22.6M 750 16.8M 383 MB 25% 750 16.8M 0%
and Scient.
Epinions 312M 1250 162M 371 MB 48% 750 11.1M 46%
BookCrossing 19.7M 1000 10.6 M 242 MB 46% 500 69M 52%
Amazon 2271M 1250 157.0M 3593 MB 30% 1250 157.0M 0%
Office Products
AmazonToys 34 1y 1500 3188M 7297 MB 26% 1500 3188M 0%
and Games
LibraryThing 41M 1500 255M 583 MB 42% 1000 203M 26%

In Table A1, we can observe that memory savings by pruning the near neighborhoods
to maintain at most K NNs, where K is set to the dataset-specific optimal value, range from
12% for the CiaoDVD dataset to 94% for the Yahoo Movies dataset. In all cases, the amount
of memory required to host all of the structures of the algorithm (rating matrix, near neigh-
borhoods, hash tables, etc.) is less than 8 GB, which can be readily accommodated using
contemporary hardware. Please note that while the memory requirements when setting K
to the optimal value appear in most cases increased compared to those when setting K to
the minimum acceptable value, setting K to the optimal value yields improvements in both
coverage and prediction accuracy.

Table A2 provides details on the absolute time measurements (in msec) obtained for
each dataset when (a) using the unpruned near neighborhood of each user, (b) using the
optimal value for K, and (c) using the minimum acceptable value for K, as well as the
relative speedups. We can observe that each rating prediction is performed in all cases in
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less than 162 msec. Moreover, it is worth noting that the rating prediction process is fully
parallelizable by assigning each rating prediction to a different thread /execution core.

Table A2. Execution time per dataset for different settings of K.

Dataset (Un?r‘:l‘;e g OptimalK  Time@Optimal K S[fl’l‘:;f“l‘ge‘és' Min K Time@Min K smw:i)of::g“:sl_ I;,ﬁn K
CiaoDVD 0.071 250 0.067 5.1% 150 0.05 34.0%
Amazon Digital Music 2.6 350 1.31 48.7% 100 0.66 49.7%
Yahoo Movies 12.9 300 1.10 91.5% 250 0.83 32.5%
Amazon Videogames 69.0 1000 33.4 51.6% 1000 33.4 0.0%
Amazon Industr. 457 750 37.5 17.9% 750 37.5 0.0%
and Scient.
Epinions 67.1 1250 32 52.6% 750 244 30.2%
BookCrossing 64.1 1000 37.3 41.9% 500 253 47 4%
Offfg(;r}?rﬁ;cts 190.2 1250 145.2 23.7% 1250 145.2 0.0%
Amazon Toys 251.0 1500 1625 35.3% 1500 162 0.0%
and Games
LibraryThing 146.8 1500 86.0 41.5% 1000 59.9 43.5%
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