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Abstract: Collaborative filtering algorithms formulate personalized recommendations for a user,
first by analysing already entered ratings to identify other users with similar tastes to the user
(termed as near neighbours), and then using the opinions of the near neighbours to predict which
items the target user would like. However, in sparse datasets, too few near neighbours can be
identified, resulting in low accuracy predictions and even a total inability to formulate personalized
predictions. This paper addresses the sparsity problem by presenting an algorithm that uses robust
predictions, that is predictions deemed as highly probable to be accurate, as derived ratings. Thus,
the density of sparse datasets increases, and improved rating prediction coverage and accuracy are
achieved. The proposed algorithm, termed as CFDR, is extensively evaluated using (1) seven widely‐
used collaborative filtering datasets, (2) the two most widely‐used correlation metrics in
collaborative filtering research, namely the Pearson correlation coefficient and the cosine similarity,
and (3) the two most widely‐used error metrics in collaborative filtering, namely the mean absolute
error and the root mean square error. The evaluation results show that, by successfully increasing
the density of the datasets, the capacity of collaborative filtering systems to formulate personalized
and accurate recommendations is considerably improved.
Keywords: recommender systems; collaborative filtering; sparse datasets; density enrichment;
robust predictions; derived ratings; rating prediction coverage; rating prediction accuracy

1. Introduction
Collaborative filtering (CF) algorithms formulate personalized recommendations by taking into
account users’ ratings that denote their interests and tastes. Initially, these algorithms identify the
users that have highly similar interests and tastes with the user for whom the recommendation will
be formulated. These users are called “near neighbours” (NNs). Then, their ratings are used in order
to formulate rating predictions which will subsequently result in the formulation of
recommendations [1,2].
However, in sparse CF datasets, i.e., datasets that contain small number of ratings, compared to
the number of users and items, the quality of recommendations is degraded, since (a) in many cases
a CF recommender system (RS) either cannot compute predictions for certain users due to lack of
NNs (a phenomenon termed as the “grey sheep” problem), thus reducing prediction coverage (i.e.,
percentage of the users for whom personalized predictions can be computed) and (b) for users that
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have a low number of NNs, the computed predictions have low accuracy [3]. The current literature
includes numerous research efforts aiming to tackle the data sparsity problem. To this end, most
works exploit different types of additional information (i.e., information beyond the rating matrix),
such as social relationships between users, item descriptions, textual reviews for items and so forth
(a detailed review is given in Section 2). However, such information is not always available or
exploitable (e.g., due to lack of user consent).
This paper addresses the aforementioned problems by:
1.

2.
3.

Introducing the concepts of derived ratings (DRs) and robust predictions: derived ratings are
created from predictions with a high level of confidence regarding their accuracy, which are
termed as robust predictions. DRs complement the explicitly entered ratings in the user–item
rating matrix, increasing the matrix density.
Proposing an algorithm, termed CFDR, for the creation of DRs on the basis of real, explicit user
ratings, while considering various prediction robustness criteria.
Extending the rating prediction computation algorithm to compute rating predictions on the
complemented user‐item rating matrix, while taking into account the level of confidence
associated with each DR.

The algorithm proposed in this paper outperforms all algorithms presented in the literature that
target the data sparsity problem and rely only on the data included in the rating matrix, both in terms
of being able to formulate personalized recommendations and increasing rating prediction accuracy.
Additionally, the proposed approach can be combined with algorithms and techniques that exploit
additional data and/or use different prediction computation approaches.
To exemplify the concept of the CFDR algorithm, let us consider the case where we want to predict
the rating rU3,i4 that user U3 would assign to item i4, in order to decide whether it should be
recommended to him or not. Let us also assume that the RS computes user similarity using the
Pearson correlation coefficient [1,2] and that, at rating prediction time, the user–item ratings database
is as depicted in Table 1.
Table 1. User‐item rating database excerpt.

User/Item
U1

i1

U2

1

U3
U4

i2

i3

1

i4

i5

5
5
5

1
5

In this setting, a prediction for grey‐shaded cells cannot be computed, due to the fact that the
corresponding user has no near neighbours that have rated the particular item. Considering, for
instance, cell (U3, i4), a prediction for rU3,i4 cannot be computed, since: (1) U3 has only one NN, U2 (they
share a positive correlation with each other, since they have both rated item i2 with a high score), but
U2 has not rated item i4, and (2) although user U1 has rated item i4, he does not belong to U3′s NN set
(no common rated items). The case for cell (U1, i3) is similar while, notably, U4 has not rated any item
in common with other users, and i5 has only been rated by U4, Hence, no rating prediction can be
formulated for any item for U4, and no rating prediction can be computed for any user regarding item
i5.
However, we can also observe in Table 1 that users U1 and U2 are NNs with each other (they
share a positive correlation, having both rated item i1 with a low score) and hence if U2 had asked for
a prediction on item i4 (instead of user U3) that prediction could have been formulated.
According to the CFDR algorithm proposed in this paper, a preprocessing step is executed that
computes all the predictions that can be formulated for all the users in the CF rating database, and
the predictions having a high level of confidence regarding their accuracy, i.e., the robust ones, are
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converted to DRs and stored into the user‐item ratings database. Table 2 depicts the state of the user‐
item rating matrix from Table 1 after the execution of the preprocessing step of the CFDR algorithm
(the newly inserted DRs are shown in bold).
Table 2. User‐item rating database excerpt after the execution of the preprocessing step of CFDR.

User/Item

i1

i2

U1

1

5

U2

1

5

1

U3

1

5

1

U4

i3

i4

i5

5
5
5

We can observe that the user‐item rating matrix is now considerably denser. Its density,
computed as

#

#

#

, has increased from 0.35 to 0.55 and, due to this increase, the prediction for

the ratings rU3,i4 and rU3,i3 can now be formulated. The ability to compute rating predictions that could
not be formulated on the basis of the original user‐item rating matrix stems from the two following
properties of the DR‐enriched ‐item rating matrix:
1.

In the DR‐enriched item rating matrix, the near neighbourhood of a user U may extend to
accommodate a set of additional users NN
. The ratings of the users in the set NN
can be
exploited to compute rating predictions that could not have been computed on the basis of the
original user‐item rating matrix. Indeed, we can observe that, due to the addition of DRs rU3,i2
and rU3,i1 in the DR‐enriched database depicted in Table 2, U3′s near neighbourhood has extended
to include U1, hence any rating recorded by U1 can now be used for computing rating predictions
for U3, as is the case with rU3,i4. It is worth noting at this point that the ability to compute a
prediction for rU3,i4 can lead to the formulation of a personalized recommendation for user U3: in
the situation depicted in Table 1, only the value of rU3,i1 could be predicted. However, this value
is very low (1) and hence i1 would not be recommended to U3. Then, the recommendation
algorithm would either refrain from formulating a recommendation or use the mean database
rating value for items i4 and i5, which is 5 for both items, and therefore would arbitrarily choose
among them. In the DR‐enriched rating matrix context, the recommendation algorithm has a
prediction for rating rU3,i4 at its disposal and can therefore knowledgably select and recommend
i4 to U3.

2.

In the DR‐enriched item rating matrix, already existing near neighbours of a user U can
contribute more ratings when rating predictions for user U are calculated, therefore it is possible
to compute predictions regarding U’s ratings on items, which could not have been computed on
the basis of the original user‐item rating matrix. Indeed, we can observe that, due to the addition
of DR rU3,i3, user U2, who was formerly a NN of U1, can now contribute to the computation of a
rating prediction for rU3,i3. Regarding the recommendation formulation stage, when the RS
utilises the DR‐enriched rating matrix the recommendation algorithm, having at its disposal a
prediction for rating rU3,i3, it can knowledgeably refrain from recommending item i3 to U1, rather
than relying on the database rating mean value for this item.

Regarding user U4, who had no common ratings with any other user in the user‐item rating
matrix, still no near‐neighbours can be identified for him/her in the context of the DR‐enriched user‐
item rating matrix. Similarly, in the same context, no personalized prediction can be computed for
item i5. These cases mainly correspond to the cold start problem [4,5]. The cold start problem can be
tackled using content‐based algorithms [6,7], context‐based algorithms [8], and social network‐based
algorithms [9,10]. Each class of such algorithms requires additional information, while it is also
possible that such algorithms are combined with the approach presented in this paper.
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In the example presented above, for simplicity, each rating prediction was considered to be
robust and hence produced a DR. However, this setting may not be the optimal one. The optimal
setting for tuning the algorithm operation, regarding the characterization of predictions as robust, is
presented in Section 4. Notably, the procedure employed in Section 4 follows a grid search approach
to hyperparameter tuning. Since hyperparameters moderate the importance of various robustness
estimators (e.g., number and similarity of contributing NNs), alternative methods can be employed
for combining the partial estimators to optimize the prediction model, such as merging estimators
[11–13].
In order to validate the CFDR algorithm, an extensive evaluation is conducted, assessing (1) the
degree of density enrichment, (2) the prediction coverage increase, and (3) the prediction accuracy
increase, achieved by the proposed algorithm. In this evaluation, we use seven contemporary and
widely used CF datasets from various domains (videogames, music, movies, food, etc.). We consider
the two most widely used CF similarity metrics, namely the Pearson correlation coefficient and the
cosine similarity and the two most widely used CF error metrics, namely the mean average error and
the root mean square error.
Finally, it is worth noting that the CFDR algorithm, proposed in this paper, can be combined with
other works in the domain of CF, targeting either to (1) enhance rating prediction accuracy [14–17],
(2) improve recommendation quality [18–21], (3) increase rating prediction computation efficiency
[22–25], or (4) further increase prediction coverage in CF‐based RSs [26–29].
The rest of the paper is structured as follows: Section 2 overviews the related work, while Section
3 introduces the CFDR algorithm. Section 4 reports on the methodology for tuning the algorithm
operation and evaluates the presented algorithm. Finally, Section 5 discusses the experimental results
and presents a comparison with state‐of‐the‐art algorithms addressing the sparsity issue, while
Section 6 concludes the paper and outlines future work.
2. Related Work
CF‐based RS prediction accuracy is a field that has attracted significant research efforts over the
last years [30–32]. In contrast, research in CF‐based RS coverage is less developed.
Vozalis et al. [33] present ItemHyCov, which is a CF‐based prediction algorithm that combines
the strengths of user‐based and item‐based CF approaches into a feature combination hybrid CF
approach, targeting to upgrade the CF rating prediction coverage in sparse CF datasets. In order to
achieve its goals, the ItemHyCov algorithm introduces a preprocessing hybrid combination step.
However, it necessitates both extra preprocessing time and extra storage space, as well as continuous
updates. The CFnegNNs algorithm presented in [26] increases the CF rating prediction coverage in
sparse datasets, by incorporating, in the rating prediction computation process, users with negative
similarity to the user for whom the rating prediction is computed. Margaris et al. [27] propose the
CFVNN algorithm, which creates virtual user profiles, termed virtual NNs (VNNs), by merging pairs
of NN profiles corresponding to real users having high similarity. The introduction of the VNN
profiles contributes to the alleviation of the “grey sheep” problem. Additionally, Margaris and
Vassilakis [29] present an algorithm, termed CFFOAF, which adopts the friend‐of‐a‐friend concept in
CF, in the sense that two users can be considered as NNs with each other if they are NNs to a third
user. Effectively, the CFFOAF algorithm explores the effect of considering transitivity of the NN
relationships, examining different parameters of computing properties of the derived relationships.
Pham et al. [24] present a clustering CF recommendation algorithm that exploits social
relationships between social network (SN) users to identify their social neighbourhoods. It applies a
complex network clustering technique on the SN users to formulate similar user groups and, then,
uses traditional CF algorithms to generate the recommendations. Wang et al. [34] combine CF
techniques with user trust relationships and put forward the recommendation approach based on
trust delivery, in order to solve the data sparsity and cold‐start problems that the sparse CF datasets
suffer from. Jiang et al. [35] propose an algorithm which fuses trusted rating data (i.e., rating data
that have been upvoted by community users as “helpful”) with user similarity and, subsequently,
applies an improved version of the slope one algorithm to generate rating predictions. The proposed
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algorithm comprises three procedures, namely the selection of trusted data, similarity calculation
between users, and weight factor addition to the aforementioned similarity, in order to create the
recommendation equation. Zarei and Moosavi [36] propose a social memory‐based CF algorithm and
examine the impact of integrating social ties on both prediction coverage and accuracy. Moreover, in
order to tune the contribution of SN information, the proposed algorithm incorporates a learning
method as a weight parameter in the proposed similarity measure. Margaris et al. [37] propose an
algorithm that targets SN RSs that operate using sparse user‐item rating matrices, as well as sparse
social graphs. For each user‐item prediction, the proposed algorithm computes partial predictions
for item ratings from both the user’s CF neighbourhood and SN neighbourhood, which are then
combined using a weighted average technique. The weight is adjusted to fit the characteristics of the
dataset. For users that have no CF or SN NNs, item predictions are based only on the respective user’s
social neighbourhood or CF neighbourhood, respectively. All the aforementioned approaches
significantly improve CF rating prediction coverage. However, the improvement is based on
information derived from complementary information sources (e.g., a SN), which is not always
available.
Matrix factorization (MF) algorithms [38,39] constitute an alternative category for computing
rating predictions. However, since the MF‐based approaches always produce a rating prediction
when these algorithms are applied to sparse datasets, the predictions involving items or users having
very few ratings actually degenerate to dataset‐dependent constant values, which are not considered
as personalized predictions. Furthermore, the rating prediction accuracy of these algorithms is
relatively poor in these cases [40,41]. Guan et al. [42] address this issue by proposing an upgraded
singular value decomposition (SVD) model that incorporates the MF algorithms with rating
completion inspired by active learning, as well as a multi‐layer ESVD model that further improves
rating prediction accuracy. Moreover, Braunhofer et al. [43] present the benefits of using active
learning techniques and the users’ personalities and develop two extended MF algorithm versions to
identify the items a user could and should rate, as well as compose personalized recommendations.
Kalloori et al. [44] propose a MF and a NN prediction technique for pairwise preference scores. The
MF‐based algorithm maps user and item pairs to a joint latent feature vector space, whereas the
respective NN method employs custom user‐to‐user similarity functions, which are identified as
more accurate for synthesizing user rating values into a user similarity metric. Luo et al. [45] propose
an approach for building a nonnegative latent factor (NLF) model, which is based on the alternating
direction method. This method substitutes direct matrix manipulations by training the desired
features through single‐element‐dependent optimisation, reaping considerable benefits in
computational complexity and storage space, while also achieving accuracy improvement.
Moshfeghi et al. [46] present a framework that is able to tackle the data sparsity issue of CF by
considering item‐related emotions, extracted from user reviews on items, and semantic data,
extracted from the movie plot summary. The presented framework relies on a Latent Dirichlet
Allocation (LDA) extension and gradient boosted trees to predict the rating a user would give to a
specific item. Poirier et al. [47] propose an algorithm that creates virtual ratings derived from SN
users’ textual reviews, by identifying opinion words existing in each review text, by mapping opinion
words to sentiments, and aggregating sentiments into numeric rating values. Margaris et al. [48]
present an algorithm that addresses the uncertainty inherent to the conversion of SN user textual
reviews to numeric ratings by extracting and exploiting review text features, aiming to increase
recommendation quality. Kyaw and Wai [49] propose a rating prediction algorithm that infers the
user preferences from textual reviews of hotels, through sentiment analysis. Their proposed
algorithm applies two approaches, “memory‐based CF” and “model‐based CF”, where the
preference scores obtained from the sentiment analysis are integrated into the rating prediction
process.
Although these approaches succeed in increasing the density of the user‐item rating matrix and,
thus, significantly increasing the rating prediction coverage, they cannot be applied when textual
reviews are unavailable.
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None of the above mentioned works target density increase of sparse CF datasets, leveraging on
the one hand the CF rating prediction coverage and, on the other hand, facilitating the application of
techniques targeting at rating prediction accuracy, such as matrix factorization and pruning of old
user ratings [39,40,50], which cannot be successfully applied in sparse CF datasets.
The present paper advances the state‐of‐the‐art for density enrichment of sparse CF datasets by
introducing an algorithm that creates DRs, using the robust predictions of the same (sparse) dataset’s
ratings, inserts them in the user‐rating matrix as complementary ratings, and incorporates them in
the prediction formulation process. The proposed algorithm, termed CFDR, has been validated using
seven contemporary and widely used CF datasets and has been found to significantly upgrade the
density of the sparse CF datasets and the CF rating prediction coverage. At the same time, CFDR
successfully increases the CF rating prediction accuracy. This behaviour is proven to be consistent
under both similarity metrics tested.
3. The Proposed Algorithm
User‐based CF algorithms compute predictions for the ratings that users would enter for items
by executing two main phases:




Firstly, for each user U, his NNs, i.e., the set of users that have similar tastes to U and who will
act as recommenders to U, are identified. Typically, in order for a user V to belong to U’s NN
set, the similarity of ratings between U and V must exceed a specified threshold (e.g., the value
0, when using the PCC metric). The NN set for a user U may also be limited to the top‐k users
that have the higher similarity metrics to user U.
Subsequently, predictions for the ratings that user U would enter for items that the user has not
already rated are computed, based on the ratings of the user’s NNs for the same items.

Two of the most widely used similarity metrics for quantifying user similarity in CF are the
Pearson correlation coefficient (PCC) and the cosine similarity (CS) [1,2]. The PCC is expressed as:
∑ r

𝑠𝑖𝑚_𝑝 𝑈, 𝑉

∑ r

r

r

,

∑ r

r

,

r

,

r

,

(1)

where k is the set of items that have been rated by both users U and V, while 𝑟 (resp. 𝑟 ) is the
average value of ratings entered by user U (resp. user V) in the rating database.
Similarly, the CS metric [1,2] is expressed as:
𝑠𝑖𝑚_𝑐𝑠 𝑈, 𝑉

∑ r
∑ r

,

,

r

,

∑ r

(2)
,

Subsequently, the rating prediction pU,i, which user U would assign to item i, is computed as
shown in Equation (3):

𝑝

,

𝑟

∑

∈

𝑠𝑖𝑚 𝑈, 𝑉
𝑟,
∑ ∈
𝑠𝑖𝑚 𝑈, 𝑉

𝑟

(3)

where sim(U, V) denotes the similarity between users U and V, which may be computed using the
PCC formula (Equation (1)) or the CS formula (Equation (2)), depending on the choice that has been
made in the specific CF system implementation.
The CFDR algorithm, proposed in this paper, introduces a preprocessing step where, for each
user U, rating predictions for each of the items that s/he has not already rated are computed using
Equation (3). Obviously, this is only possible for items that have been rated by at least one user within
a U’s NN set. Such prediction is examined for robustness, i.e., for high confidence about its accuracy.
If the prediction is deemed robust, then the (robust) prediction rpU,i is stored in the user‐item rating
database as a DR, drU,i. The DRs stored in the rating database can then be used in the main operation
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cycle of the user‐user CF algorithm, thus contributing to (a) the phase of computing each user’s NN
set and (b) the phase of calculating the rating predictions. The incorporation of DRs in the user‐item
rating database increases the density of the database, hence extending the users’ NN sets and
increasing coverage, i.e., widening the range of user/item combinations for which personalized
predictions can be computed.
In this paper, the criteria considered to determine the robustness of each rating prediction pU,i
are:
1.

Whether the number of U’s NNs that have contributed to the computation of pU,i exceeds a
threshold thrNN: The rationale behind the introduction of this criterion is that, if a rating

2.

prediction has been formulated by synthesizing the opinion of a large number of users, then this
prediction is deemed more probable to be accurate. Formally, this criterion is expressed as
𝑡ℎ𝑟 , where R is the extension of the user‐item rating database. The
V ∈ NN U : r , ∈ 𝑅
optimal value for 𝑡ℎ𝑟 is explored experimentally in Section 4.
Whether the cumulative similarity between U and his NNs that have contributed to the
computation of pU,i exceeds a threshold thrsim: The rationale behind the introduction of this
criterion is that, if a rating prediction has been formulated by synthesizing the opinion of users
that are “more similar” to U, then this prediction is deemed more probable to be accurate.
𝑡ℎ𝑟 . Again, the optimal
Formally, this criterion is expressed as ∑ ∈
: , ∈ 𝑠𝑖𝑚 𝑈, 𝑉
value for 𝑡ℎ𝑟
is explored experimentally in Section 4.
When computing a rating prediction pU,i based on the DR‐enriched user‐item rating database,

both explicitly entered ratings and DRs are considered for the calculation of the value of pU,i, as shown
in Equation (3). Taking into consideration, though, that DRs are estimates on the user ratings, as
contrasted to explicitly entered ratings which constitute factual data, it may be appropriate to assign
to DRs a lower weight when compared to explicitly entered ratings for this calculation. To this end,
the proposed algorithm CFDR modifies Equation (3) as follows:
𝑝

,

𝑟

∑

𝑠𝑖𝑚 𝑈, 𝑉

∈

∑

∈

𝑤 𝑟

𝑠𝑖𝑚 𝑈, 𝑉

,

∗ 𝑟
𝑤 𝑟

,

𝑟

,

(4)

where w(rV,i) denotes the weight assigned to each NN user’s rating taking part in the prediction
formulation, depending on the type of this rating (real/explicit vs. derived, i.e., produced during the
CFDR algorithm’s preprocessing step). Formally, the weight w(rV,i) of a rating rV,i is computed as shown
in Equation (5):
𝑤 𝑟

,

1,
𝑤

𝑖𝑓 𝑟 𝑖𝑠 𝑎𝑛 𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡𝑙𝑦 𝑒𝑛𝑡𝑒𝑟𝑒𝑑 𝑟𝑎𝑡𝑖𝑛𝑔
𝑖𝑓 𝑟 , 𝑖𝑠 𝑎 𝐷𝑅, 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑠𝑡𝑒𝑝, 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑡ℎ𝑒
𝑖𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎 𝑟𝑜𝑏𝑢𝑠𝑡 𝑟𝑎𝑡𝑖𝑛𝑔 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑖𝑛 𝑡ℎ𝑒 𝑟𝑎𝑡𝑖𝑛𝑔 𝑚𝑎𝑡𝑟𝑖𝑥

(5)

where 0 < wdr ≤ 1. The optimal value for parameter wdr is experimentally determined in Section 4.
Table 3 summarizes the concepts and notations used in the proposed algorithm. Algorithm 1
presents the preprocessing step of the CFDR algorithm that creates the DRs and the DR‐enriched
version of the user‐item rating database according to Equations (3) and (5), while Algorithm 2
presents the prediction computation step of the CFDR algorithm, according to Equation (4).
For the execution of the CFDR algorithm, the parameters thrNN, thrsim and wdr, listed above, need
to be determined. The optimal values of these parameters are explored experimentally in the
following section, along with the evaluation of the CFDR algorithm.
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Table 3. Notations and concepts used in the CFDR algorithm.

Notation
rU,i

Description
The rating explicitly entered by user U for item i

pU,i

The prediction computed for the rating that user U would enter for item i
The mean value of ratings entered by user U
The set of near neighbours for user U
The similarity between users U and V under the employed similarity metric
Derived rating
The minimum number of NNs that a rating prediction should be based on, in order to
be considered “robust” and added as a derived rating
The minimum cumulative similarity between a user U and his/her NNs that
contributed to the calculation of some rating prediction, in order for the rating to be
considered “robust” and added as a derived rating
The weight assigned to derived ratings

r
NNU
sim(U,V)
dr
thrNN
thrsim
wdr

Algorithm 1. Implicit ratings creation and storage, produced by the CFDR algorithm’s preprocessing step.
PROCEDURE enrich_Rating_DB (Rating_DB R, int thrNN, float thrsim)
/*

Implementation of the preprocessing step of the CFDR, during which DRs are computed.
INPUT: R is the initial User‐Item Rating Database; thrNN and thrsim are the thresholds for the
minimum number of NNs contributing to the formulation of a prediction and their
cumulative similarity, respectively, used in the prediction robustness evaluation criteria.
OUTPUT: An enriched version of the User‐Item Rating Database, including the derived ratings */
DR_set =  /* DR_set is the set of dynamic ratings to be added to the ratings matrix */
FOREACH user U
FOREACH item i
IF (rU,i == NULL) THEN
/* User U has not rated item i; predict the rating according to equation (3) */
rating_prediction = 𝑟

∑

,

∈

∑

∈

,

,

/* Test the rating prediction for robustness, by applying the threshold criteria */
IF ((NN_counter(rating_prediction) ≥ thrNN)  (NN_sim(rating_prediction) ≥ thrsim))
/* Compute the weight of the dynamic rating according to equation (5) and add
the rating in DR_set */
value(drU,i) = rating_prediction
weight(drU,i ) = w(drU,i)
DR_set = DR_set  {drU,i}
ENDIF
ENDIF
END /* FOREACH item i */
END /* FOREACH user U */
/* Finally append all DRs into the ratings database */
R = R  DR_set
END /* PROCEDURE */
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Algorithm 2. Prediction computation under the CFDR algorithm.
FUNCTION Compute_Prediction (enhanced_Rating_DB R, User U, Item i)
/*

Implementation of formula (4), used for the prediction computation
INPUT: U is the user for whom the prediction will be computed; i is the respective item
OUTPUT: the rating prediction value, or NULL if no NN of U has rated it (hence a prediction cannot be

computed) */
IF ( V NNU: rV,i ≠ NULL) THEN
/* compute the prediction according to equation (4) */
prediction = 𝑟

∑

,

∈

∑

∈

,

,

∗

,
,

ELSE
prediction = NULL
ENDIF
RETURN prediction
END /* FUNCTION */

4. Algorithm Tuning and Experimental Evaluation
In the following section, we present our experiments to:
1.

identify the optimal settings for the parameters thrNN, thrsim and wdr, in order to tune the CFDR

2.

algorithm, and
assess the CFDR algorithm performance in terms of density enrichment, rating prediction
coverage and accuracy increase.

In order to quantify the rating prediction accuracy, both the mean absolute error (MAE) and the
root mean squared error (RMSE) [1,2] error metrics have been employed. We use both these metrics
to obtain more comprehensive insight into the effect of each parameter value setting combination on
the rating prediction accuracy, since, while the MAE metric accounts uniformly for all error
magnitudes, the RMSE error metric penalizes larger error values more severely.
All our experiments were executed on seven datasets. Six of these datasets have been sourced
from Amazon [51,52], while the remaining one has been obtained from MovieLens [53]. In regard to
the six Amazon datasets, in this work, we have used the 5‐core ones (each of the users and items
included in the dataset have at least 5 ratings), due to the fact that in 5–25% of the cases, the initial
dataset contained only one rating for the respective item, meaning that when this rating was hidden
it was impossible to compute a rating prediction for this item. Clearly, such an inability to compute
predictions is not due to any algorithm deficiency, and accounting for them in the evaluation
procedure lead to underestimation of the algorithm’s coverage score. However, when using the
respective five‐core datasets, the prediction coverage of a CF algorithm could possibly reach the
optimal value of 100%, making these datasets appropriate for evaluation.
The six five‐core Amazon datasets are relatively sparse (their densities, computed as
#

#

#

, are less than 0.5%). However, in our experiments we also include the MovieLens dataset

which is considerably dense (its density is 3.17%), in order to assess the algorithm performance on
dense CF datasets, as well.
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The metadata of the seven datasets used in our experiments are shown in Table 4. The datasets
have the following characteristics:
1.
2.
3.
4.

they are widely used as benchmarking datasets in CF research;
they belong to multiple item domains (videogames, office supplies, food, music, movies, etc.);
they are contemporary (published between 1996 and 2018);
they differ in size (ranging from 1.4 MB to 40 MB in plain text format), user count (ranging from
670 to 124 K), item count (ranging from 2.4 K to 64 K) and density (ranging from 0.023% to
3.17%).
Table 4. Datasets Summary.
Dataset Name

#Users

#Items

#Ratings

Amazon “Videogames” [51]
Amazon “CDs and Vinyl” [51]
Amazon “Movies and TV” [51]
Amazon “Digital Music” [51]
Amazon “Office Supplies” [51]
Amazon “Grocery and Gourmet Food”
[51]
MovieLens “Latest 100 K—
Recommended for education and
development” [53]

24 K
75 K
124 K
5.5 K
4.9 K

11 K
64 K
50 K
3.5 K
2.4 K

232 K
1.1 M
1.7 M
65 K
53 K

Avg.
#Ratings/User
9.7
14.7
13.7
11.8
10.8

0.089%
0.023%
0.027%
0.327%
0.448%

DB Size (in
Text Format)
5 MB
25 MB
40 MB
1.4 MB
1.1 MB

15 K

8.7 K

151 K

10.1

0.118%

3.4 MB

670

4.7 K

100 K

149.3

3.17%

2.2 MB

Density

In order to compute the optimal parameter values and assess the algorithm performance, we
used a training/validation/holdout scheme [54]. For each dataset, we performed a split into a training
portion comprising 80% of each user’s ratings, a validation portion, comprising 10% of each user’s
ratings, and a holdout portion, comprising the 10% of each user’s ratings. Since some users have less
than 10 ratings (recall that the datasets are core‐5, therefore only five ratings per user are guaranteed
to exist in the dataset), it was ascertained that at least four ratings per user were included in the
training datasets, to increase the probability that a near neighbourhood for these users can be
formulated. Consequently, for some users only one rating remained to be placed in either the
validation or the holdout portion. As such, it was arranged that for 50% of these cases the rating was
placed in the validation portion and for the remaining 50% the rating was placed in the holdout
portion.
Subsequently, the algorithm hyperparameter tuning experiments, described in Section 4.1 were
executed. In these experiments, the training portion was used to compute the user similarities and
the NN sets for the baseline algorithm (plain CF algorithm) as well as the DR‐enriched user‐item
rating matrix for the CFDR algorithm. In this experiment, accuracy was measured by comparing the
actual ratings in the validation portion of the dataset against the corresponding ratings that were
computed by the two algorithms (DR‐enriched under different hyperparameter settings, as well as
baseline). The prediction coverage was computed as the number of unknown ratings for which rating
predictions could be computed to the total number of unknown ratings.
Finally, for each dataset, the algorithm performance under the best‐performing hyperparameter
setting determined for the specific dataset was assessed, through the experiment described in Section
4.2. In this experiment, the training portion was again used to compute the user similarities and the
NN sets for the baseline algorithm (plain CF algorithm) as well as the DR‐enriched user‐item rating
matrix for the CFDR algorithm, while accuracy was measured against the ratings in the holdout
portion. The parameters for the plain CF algorithm were set as follows: user V was considered an NN
of U if sim(U, V) > 0 and a prediction pU,i was formulated when at least one NN of U had entered a
rating for item i.
For our experiments, we used a machine equipped with six Intel Xeon E7‐4830@2.13GHz CPUs
with 256GB of RAM and a 900GB HDD with a transfer rate of 200MBps. The aforementioned machine
hosted the seven CF datasets and ran the rating prediction algorithms.
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4.1. Determining the Algorithm’s Parameters
The goal of the first experiment is to determine the optimal values for the parameters thrNN, thrsim,
and wdr, used in the CFDR algorithm. In order to find the optimal setting for these parameters, we
explored different combinations of values for them. In total, more than 30 candidate setting
combinations were examined. For conciseness, our presentation is confined to the most indicative
settings. For each of the parameter combinations, we present the coverage increase and the
improvement of the rating prediction accuracy that were achieved (expressed as reduction to the
MAE and RMSE metrics). The results were found to be relatively consistent across the seven datasets
tested (for the majority of tests, the parameter value combinations were ranked in the same order
across all datasets). Consequently, in this subsection, only the average values of the respective
coverage increase and error metrics for the seven datasets are presented.
Figure 1 illustrates the coverage increase and the rating prediction error reduction (using both
the MAE and the RMSE error metrics) under different settings for parameters thrNN, thrsim and wdr,

3%
2%
1%

coverage increase

0%
40%

prediction error reduction

when similarity is measured using the PCC metric and using the performance of the plain CF
algorithm as a baseline. Similarly, Figure 2 depicts the respective measures under the same parameter
value combinations, when similarity is measured using the CS metric, again using the performance
of the plain CF algorithm as a baseline.

35%
30%
25%

coverage increase
MAE
RMSE

Figure 1. Prediction error reduction and coverage increase under different parameter value
combinations, when using the PCC as the similarity metric.
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Figure 2. Prediction error reduction and coverage increase under different parameter value
combinations, when using the CS as the similarity metric.

In Figures 1 and 2, we can observe that prediction accuracy improvement does not present
maxima and minima under the same parameter combinations. Hence, to determine the best choice
regarding the optimal setting of parameters, we synthesize the coverage and accuracy metrics into a
single score by computing their harmonic mean (HM). This is analogous to the combination of the
precision and recall measures into the F1‐measure in the information retrieval domain [55]. Notably,
the HM is also used in other RS research works for synthesising coverage and error metrics, e.g., [50].
More specifically, the HM is given by the following formula:
HM s

2∗

𝑛𝑜𝑟𝑚𝐶𝑜𝑣𝐼𝑛𝑐 𝑠
𝑛𝑜𝑟𝑚𝐶𝑜𝑣𝐼𝑛𝑐 𝑠

𝑛𝑜𝑟𝑚𝐴𝑐𝑐𝐼𝑛𝑐 𝑠
𝑛𝑜𝑟𝑚𝐴𝑐𝑐𝐼𝑛𝑐 𝑠

(6)

where the normalized value for the coverage increase of the setting s, denoted as normCovInc(s), is
obtained using the standard normalization formula [55]:
𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒_𝑖𝑛𝑐𝑟 𝑠
𝑛𝑜𝑟𝑚𝐶𝑜𝑣𝐼𝑛𝑐 𝑠

min coverage_incr s
∈

max coverage_incr s

min coverage_incr s

∈

(7)

∈

Similarly, the value for normalized accuracy according to the MAE error metric is obtained using
the same normalization formula:
𝑀𝐴𝐸_𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑠
𝑛𝑜𝑟𝑚𝐴𝑐𝑐 𝑠

max 𝑀𝐴𝐸_𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 s
∈

min 𝑀𝐴𝐸_𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 s
∈

min 𝑀𝐴𝐸_𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 s

(8)

∈

An analogous formula is employed to obtain the value for normalized accuracy according to the
RMSE error metric.
Figure 3 illustrates the results of the HM of the normalized coverage and accuracy increase
measures for the candidate settings presented above, when using the PCC as the similarity metric.

HM (norm_coverage, norm_accuracy)
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Figure 3. Harmonic Mean of the normalized accuracy and coverage increase measures for the
candidate setting, when using the PCC as the similarity metric.

In Figure 3, we can observe that the third setting ({thrNN = 3, thrsim = 0.0, wdr = 1.0}) is the best
performer across both error metrics, with its harmonic mean being equal to 0.84 under both error
metrics. The fourth setting ({thrNN = 3, thrsim = 2.5, wdr = 0.8}) is the runner up, scoring an HM equal to

HM (norm_coverage, norm_accuracy)

0.82 under the MAE error metric and 0.80 under the RMSE error metric.
Similarly, Figure 4 illustrates the results of the HM of the normalized coverage and accuracy
increase measures for the eight candidate settings, when using the CS as the similarity metric. Again,
the performance of the plain CF algorithm is used as a baseline.
1.00
HM MAE

HM RMSE

0.80
0.60
0.40
0.20
0.00

Figure 4. Harmonic Mean of the normalized accuracy and coverage increase measures for the
candidate setting, when using the CS as the similarity metric.
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In Figure 4, we can observe that again the third setting ({thrNN = 3, thrsim = 0.0, wdr = 1.0}) attains
the highest harmonic means under both error metrics (0.83 under both the MAE and RMSE), closely
followed by the fourth setting (0.82 under the MAE and 0.81 under the RMSE). The fifth setting ({thrNN
= 2, thrsim = 1.0, wdr = 1.0}) follows, with its HM under the MAE being 0.81 and its HM under the RMSE
being 0.80.
Taking into account that the third setting ({thrNN = 3, thrsim = 0.0, wdr = 1.0}) achieves the best
performance under both similarity metrics and under both error metrics, for the rest of this paper we
adopt this setting for all experiments. This practically means that (a) any prediction with at least 3
NNs taking part in its formulation is considered robust and hence produces a DR and (b) the
importance of DRs in the prediction formulation process is equal to that of an explicitly entered (real)
user rating. This aspect is also exploited for optimization purposes, since no additional information
needs to be entered to the user‐rating matrix in order to discriminate between real ratings and DRs.
In the next subsection, we present the results obtained in the experiments in more detail, per
individual dataset. As noted above, the CFDR algorithm parameters were set to the values proven to
be optimal (i.e., {thrNN = 3, thrsim = 0.0, wdr = 1.0}).
4.2. Performance Evaluation
Following the identification of the optimal parameter values for the operation of the CFDR
algorithm, we evaluated the performance of the algorithm in terms of dataset density increase,
prediction coverage increase, and prediction accuracy improvement using the seven datasets listed
in Table 4.
4.2.1. Density Increase
Figure 5 illustrates the densities of the seven datasets listed in Table 4: (a) in their initial form
and (b) after the enrichment with the DRs produced by the CFDR algorithm’s preprocessing step. Note
that a base‐10 logarithmic scale is used for the Y axis.
100%
10%
1%
0.1%
0.01%

initial dataset
DR‐enriched dataset / PCC
DR‐enriched dataset / CS
Figure 5. Dataset density before and after the insertion of DR in the rating database.

Under the PCC similarity metric, the incorporation of the DRs achieves an increase of the
average density from 0.6% that the initial datasets averaged, to 18.54%. On the individual dataset
level, the density increase achieved by the proposed algorithm ranges from 24 times (initial dataset
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density: 0.118%; density of DR‐enriched dataset: 2.834%), for the Amazon “Amazon Grocery and
Gourmet Food” dataset, to 369 times for the Amazon “Movies and TV” dataset (initial dataset
density: 0.027%; density of DR‐enriched dataset: 9.953%). Furthermore, we can clearly notice that,
after the application of the CFDR algorithm preprocessing step, all the datasets, even the more sparse
ones (such as the Amazon “CDs and Vinyl”, having an initial density of 0.023%) exceed the density
threshold of 1% set by [56], beyond which a dataset D is considered to be dense.
Correspondingly, under the CS as the similarity metric, again, the incorporation of DRs increases
the average density from 0.6% that the initial datasets averaged, to 25.77%. On the individual dataset
level, the density increase achieved by the proposed algorithm ranges from 31 times for the
MovieLens “100 K” dataset (initial dataset density: 3.17%; density of DR‐enriched dataset: 99.7%), to
671 times for the Amazon “Movies and TV” dataset (initial dataset density: 0.027%; density of DR‐
enriched dataset: 18.12%).
4.2.2. Prediction Coverage Increase
In this subsection, we present the detailed results on the performance evaluation of the algorithm
in terms of rating prediction coverage, using the seven datasets listed in Table 4. In this experiment,
the performance of the plain CF algorithm is used as a yardstick. Besides obtaining absolute metrics
on coverage improvement by the CFDR algorithm presented in this paper, we perform a detailed
comparison between its performance and the performance of the following algorithms:
1.

The CFVNN algorithm [27], where artificial user profiles (virtual near neighbours—VNNs) are
created by combining pairs of real users which are NNs of high similarity. The CFVNN algorithm

2.

was configured to use the optimal parameters for its operation reported in [27], i.e., Th(sim) = 1.0
and Th(cr) = 1. For more details on the parameters, the interested reader is referred to [27].
The CFFOAF algorithm [29], where the transitivity of the NN relationship is explored, and two
users can be considered as NNs with each other if they are NNs to a third user. The CFFOAF
algorithm was configured to use the optimal parameters for its operation reported in [29], i.e.,
Th(sim, src) = 0, Th(sim, targ) = 0, Th(sim, endpoints) = 0, Th(cr, src) = 1, Th(cr, targ) = 1, and Th(cr,
comb) = 2. For more details on the parameters, the interested reader is referred to [29].
Both the aforementioned algorithms (a) are state‐of‐the‐art (the CFVNN algorithm [27] was

presented in 2019, while the CFFOAF algorithm was presented in 2020) algorithms targeting primarily
to increase the CF rating prediction coverage and also to alleviate the “grey sheep” problem, (b)
achieve considerable improvement in coverage while additionally attaining slight improvement on
rating prediction accuracy, and (c) necessitate no supplementary data, such as user relationships
obtained from social networks, item categories, etc.
The rationale behind the choice of the CFVNN and CFFOAF algorithms, for the performance
comparison, is that among all CF algorithms targeting coverage increase without necessitating
additional data, the first algorithm is proven to be better at rating prediction accuracy, while the
second one achieves higher rating prediction coverage increments. Therefore, by comparing the
proposed algorithm with both the CFVNN and CFFOAF algorithms, we obtain a holistic view of the
algorithm performance, covering both rating prediction aspects (coverage and accuracy).
Figure 6 illustrates the results obtained regarding the prediction coverage increase, when the
metric used to quantify similarity between users is the PCC.

prediction coverage increase (PCC)
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Figure 6. Coverage increase for the datasets summarized in Table 4, when the PCC user similarity
metric is used.

We can observe that the CFDR algorithm, presented in this paper, successfully increases the
average coverage across all datasets by 36.52% against the baseline (the coverage increment is
calculated as

). On the individual dataset level, the

coverage improvement ranges from 2.61%, for the MovieLens 100 K dataset, to 83.1%, for the Amazon
“Grocery and Gourmet Food” dataset. Notably, the MovieLens 100 K is a dense dataset (its density
is equal to 3.17%), consequently exhibiting very high coverage in its initial form (approximately equal
to 94%), hence the coverage improvement margin is limited.
The CFFOAF algorithm, introduced in [29], achieved an average coverage increase of 34.7%, while
the CFVNN algorithm [27] achieved an average coverage increase of 30.1%.
On the individual dataset level, the relative performance edge of the proposed algorithm against
the CFFOAF algorithm, which was found to achieve higher prediction coverage than the CFVNN
algorithm, ranges from 4.1%, for the Amazon “Grocery and Gourmet Food” dataset, to 8.1%, for the
Amazon “Movies & TV” dataset, for the sparse (Amazon) datasets that were considered. The average
performance edge, across all the sparse datasets, of the proposed algorithm against the CFFOAF
algorithm was measured at 5.44%, while the respective edge against the CFVNN algorithm was
measured at 25.9%.
Regarding the dense dataset “MovieLens 100 K”, the proposed algorithm was found to surpass
the performance of the CFVNN algorithm by a margin of 0.47% in absolute figures, while, in terms of
relative improvement, the edge of the proposed algorithm is quantified to 22%.
Figure 7 illustrates the respective coverage increase results when CS is used to quantify
similarity between users.

prediction coverage increase (CS)
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Figure 7. Coverage increase for the datasets summarized in Table 4, when the CS user similarity
metric is used.

We can observe that the CFDR algorithm, presented in this paper, achieves an increase of the
average coverage across all datasets by 24.13% against the baseline. On the individual dataset level,
the coverage improvement ranges from 1.59%, for the MovieLens 100 K dataset, to 61.12%, for the
Amazon “Grocery and Gourmet Food” dataset. Again, the smallest coverage increase is achieved in
the case of the MovieLens 100 K, which, due to its high density and the corresponding high initial
coverage, offers little coverage improvement potential.
On the individual dataset level, the relative performance edge of the proposed algorithm against
the CFFOAF algorithm, which was again found to achieve higher prediction coverage than the CFVNN
algorithm, ranges from 1.3%, for the Amazon “Grocery and Gourmet Food” dataset, to 4.4%, for the
Amazon “Movies and TV” dataset. The average performance edge, across all the sparse datasets, of
the proposed algorithm against the CFFOAF algorithm was measured at 2.6%, while the respective edge
against the CFVNN algorithm was measured at 14.8%.
Overall, under the CS similarity metric, coverage improvement is lower, when compared to that
observed under the PCC similarity metric. This is due to the fact that, under the CS metric, the
baseline algorithm (plain CF) exhibits higher coverage (78.5% vs. 60.4% under the PCC), hence the
margin for improvement is narrower.
Regarding the dense dataset “MovieLens 100 K”, the proposed algorithm was found to surpass
the performance of the CFFOAF algorithm by a margin of 0.21% in absolute figures, while, in terms of
relative improvement, the edge of the proposed algorithm is quantified to 15.2%.
4.2.3. Prediction Accuracy Increase
In this subsection, we present detailed results on the algorithm performance evaluation in terms
of rating prediction error reduction, where the error is measured using the MAE and the RMSE
metrics, for the same seven datasets. As before, besides obtaining absolute metrics regarding the
prediction accuracy achieved by the CFDR algorithm, we also compare its performance to the
performance of the CFVNN algorithm introduced in [27] and the CFFOAF algorithm introduced in [29].
Figure 8 illustrates the results obtained regarding the prediction accuracy, in terms of the MAE,
when the metric used to quantify similarity between users is the PCC. The considerable differences
observed for the values of the MAE metric between the MovieLens dataset on the one hand and the
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rating prediction MAE (PCC)

Amazon datasets on the other is that, in the former dataset, the ratings range from 0 to 9, whereas in
the Amazon datasets, ratings range from 1 to 5.
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Figure 8. Rating prediction MAE for the datasets summarized in Table 4, when the PCC user
similarity metric is used.

We can observe that the CFDR algorithm, presented in this paper, achieves an average prediction
MAE reduction equal to 2.06% (in absolute terms 0.877 versus 0.895, the plain CF achieves), exceeding
the performance of the CFVNN algorithm [27] (which is measured at 1.42%) by 0.64% in absolute
figures, or 45.1% as a relative improvement. When compared with the CFFOAF algorithm [29], the CFDR
algorithm outperforms CFFOAF (whose MAE reduction was measured at 1.17%) by a margin of 76.3%.
On the individual dataset level, the performance edge of the proposed algorithm against the
CFVNN algorithm (which achieves a higher MAE reduction than the CFFOAF algorithm), ranges from

rating prediction MAE (CS)

25.9% (for the Amazon “Digital Music” dataset) to 84.4% (for the Amazon “Videogames” dataset).
Similarly, Figure 9 illustrates the results obtained regarding the prediction accuracy increase, in
terms of the MAE, when the CS metric is used to quantify similarity between users.
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Figure 9. Rating prediction MAE for the datasets summarized in Table 4, when the CS user similarity
metric is used.
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In Figure 9, we notice that the CFDR algorithm, presented in this paper, achieves an average
prediction MAE reduction equal to 2.19% (in absolute terms 0.814 versus 0.832, the plain CF
achieves), exceeding the performance of the CFVNN algorithm [27] (which is measured at 1.65%) by
0.54% in absolute figures, or 32.1% as a relative improvement. The CFDR algorithm also surpasses the
performance of the CFFOAF algorithm [29] (which is measured at 1.55%) by 41.4%.
On the individual dataset level, the performance edge of the proposed algorithm against the
CFVNN algorithm (which achieves higher MAE reduction than the CFFOAF algorithm), ranges from
8.12% (for the Amazon “Digital Music” dataset) to 79.7% (for the Amazon “Office Supplies” dataset).
Figure 10 illustrates the results obtained regarding the prediction accuracy increase, in terms of
the RMSE, when the PCC was used to quantify similarity between users. In Figure 10, we can notice
that the CFDR algorithm, presented in this paper, achieves an average prediction RMSE reduction
equal to 2.75% (in absolute terms 1.229 versus 1.264, the plain CF achieves), exceeding the
performance of the CFVNN algorithm [27] (which is measured at 2.09%) by 0.66% in absolute figures,
or 31.5% as a relative improvement. In comparison to the CFFOAF algorithm [29], the CFDR algorithm
surpasses CFFOAF (measured at 1.46%) by 88%. Similarly to the case of the MAE, listed above, the

rating prediction RMSE (PCC)

considerable differences observed for the values of the MAE metric between the MovieLens dataset
on the one hand and the Amazon datasets on the other is that in the MovieLens dataset the ratings
range from 0 to 9, whereas in the Amazon datasets ratings range from 1 to 5.
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Figure 10. Rating prediction RMSE for the datasets summarized in Table 4, when the PCC user
similarity metric is used.

On the individual dataset level, the performance edge of the proposed algorithm against the
CFVNN algorithm, which achieves a higher RMSE reduction than the CFFOAF algorithm, ranges from
17.5% (for the Amazon “CDs and Vinyl” dataset) to 88.6% (for the Amazon “Office Supplies” dataset).
Finally, Figure 11 illustrates the results obtained regarding the prediction accuracy increase, in
terms of the RMSE reduction, when the CS metric is used to quantify similarity between users.

rating prediction RMSE (CS)
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Figure 11. Rating prediction RMSE for the datasets summarized in Table 4, when the CS user
similarity metric is used.

In Figure 11, we notice that the CFDR algorithm, presented in this paper, achieves an average
prediction RMSE reduction equal to 2.09% (in absolute terms 1.151 versus 1.176, the plain CF
achieves), exceeding the performance of the CFVNN algorithm [27] (which is measured at 1.48%) by
0.61% in absolute figures or by 41.5% as a relative improvement. The CFDR algorithm also outperforms
the CFFOAF algorithm [29], whose performance is measured at 1.47%, by 42.2%. On the individual
dataset level, the performance edge of the proposed algorithm against the CFVNN algorithm ranges
from 8.95% (for the Amazon “Digital Music” dataset) to 87.5% (for the Amazon “Grocery and
Gourmet Food” dataset).
5. Discussion of the Results and Comparison with Other Works
From the experimental evaluation, we can conclude that the CFDR algorithm, presented in this
paper, can successfully increase the density of the CF datasets, regardless of their initial density, since
it was successfully applied to both sparse and dense datasets. At the same time, the CFDR algorithm
can achieve both a prediction coverage improvement and a significant prediction error reduction, for
both the error metrics tested. In regard to the DR formulation, which is performed within the CFDR
preprocessing step, the optimal setting for considering a prediction as robust (and hence create a DR)
is when at least three NNs of a user take part in the prediction formulation. Furthermore, the optimal
significance of the DRs was found to be exactly the same with the real (explicit) user ratings.
In the following subsections, we compare the performance of the CFDR algorithms against other
algorithms published in the literature and target the increase of coverage of CF‐based algorithms. To
provide a fair comparison basis, the algorithms included in the comparison are limited to those which
utilize only the user‐item rating matrix, without necessitating the availability of additional data, such
as social relationships [24,36] or trust [57,58].
In Table 5, we can observe that the CFDR algorithm achieves higher coverage increase than all
other state‐of‐the‐art algorithms, both for the cases of sparse and dense datasets. This is also true for
the rating prediction accuracy improvement. More specifically, in sparse datasets, the CFDR algorithm
outperforms other algorithms in the prediction coverage by a margin ranging from 1.7% to 6.6% in
absolute numbers (or 4.9% to 21.7% as a relative increase), observed for the CFFOAF [29] and CFVNN
[27] algorithms, respectively. The corresponding accuracy improvement, as quantified by the MAE
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metric, varies from 0.71% to 0.98% in absolute numbers (or 45.5% to 80% as a relative increase),
observed for the CFVNN [27] and CFFOAF [29] algorithms, respectively. It is worth noting that the papers
cited in Table 5 employ different techniques to quantify coverage increase and rating prediction
accuracy: [33] and [45] use a five‐fold cross‐validation, while [27] and [29] employ the hide‐one
technique. For comparison fairness purposes, we ran additional experiments to compute the coverage
increase and the error metrics using the five‐fold cross‐validation and the hide‐one techniques, and
when comparing the CFDR with another algorithm, we used the results obtained using the same
technique employed in the original algorithm publication. In all additional experiments, the CFDR
hyperparameters were set to the best performing composition, i.e., {thrNN = 3, thrsim = 0.0, wdr = 1.0}.
Table 5. Comparison of CFDR with algorithms that exploit only the user‐item rating matrix for
achieving coverage increase.
Algorithm

Evaluation
Dataset(s)

Coverage Increase

Accuracy Increase

Comments
The CFDR algorithm achieves higher coverage and accuracy improvements as

HyCov [33]

MovieLens

2.07%

CFVNN [27]

MovieLens &
Amazon

avg. for sparse
datasets: 30.54%
MovieLens: 1.90%

CFFOAF [29]

MovieLens &
Amazon

avg. for sparse
datasets: 35.45%
MovieLens: 1.90%

ANLF [45]

MAE: 0.12%

measured using the MAE metric in the same dataset (2.66% and 0.66%,
respectively, under a five‐fold cross validation performance assessment
procedure).
The CFDR algorithm achieves higher coverage and accuracy improvements

avg. for sparse
both for sparse datasets (avg. coverage increase: 37.17%, avg. MAE
datasets: MAE: 1.56%;
improvement: 2.27%; avg. RMSE improvement: 3.04%, under a hide‐one
RMSE: 2.33%
performance assessment procedure) and the dense MovieLens dataset (2.54%,
MovieLens: MAE:
0.61% and 0.67%, respectively, again under a hide‐one performance
0.46%; RMSE: 0.56%
assessment procedure).
The CFDR algorithm achieves higher coverage and accuracy improvements
avg. for sparse
both for sparse datasets (avg. coverage increase: 37.17%, avg. MAE
datasets: MAE: 1.29%;
improvement: 2.27%; avg. RMSE improvement: 3.04%, under a hide‐one
RMSE: 1.67%
performance assessment procedure) and the dense MovieLens dataset (2.54%,
MovieLens: MAE:
0.61% and 0.67%, respectively, again under a hide‐one performance
0.36%; RMSE: 0.25%
assessment procedure).
CFDR algorithm achieves higher accuracy improvements than ANLF

None reported; the
avg. for the
algorithm is based on
MovieLens & Jester
matrix factorization,
MovieLens & Jester
datasets: RMSE 0.25%
hence a value is
and 0.47%,
predicted for all items
respectively
for all users

(MovieLens dataset RMSE improvement: 0.71% under a five‐fold cross
validation performance assessment procedure). Note that, since the ANLF is
matrix factorization based, a prediction is always formulated for every empty
cell in the user‐item rating matrix, with predictions involving users or items
having very few ratings degenerating to a dataset‐dependent constant value
[40]. Despite this particularity, accuracy precisions are comparable because
they are always computed considering solely known ratings, because only for
these ratings the ground truth is known.

In dense datasets, the CFDR algorithm outperforms other algorithms in coverage increase by a
margin ranging from 0.59% to 0.64% in absolute numbers (or 28.5% to 33.7% as a relative increase),
as observed for the HyCov [33] and CFFOAF [29] algorithms, respectively. The corresponding accuracy
improvement, as quantified by the MAE metric, varies from 0.15% to 0.54% in absolute numbers (or
32.6% to 450% as a relative increase), observed for the CFVNN [27] and the HyCov [33] algorithms,
respectively.
6. Conclusions and Future Work
In this paper, we presented the CFDR algorithm, which is a novel CF algorithm for enhancing the
density of sparse CF datasets. The presented algorithm introduced the concept of derived ratings,
which are ratings formulated by robust predictions. The experimental results indicated that the
optimal setting for considering a prediction as robust (and hence create a derived rating) is when at
least three of a user’s NNs take part in the prediction formulation. The experimental results indicated
that the optimal significance of the derived ratings, created by the CFDR algorithm preprocessing step,
was the exact same with the real user ratings. Therefore, no other complementary information needs
to be stored in the user‐item rating DB, except the DRs.
The presented algorithm was experimentally verified using seven datasets. The evaluation
results showed that the introduction of the derived ratings achieved to increase the datasets density
by 92 times on average, when the PCC similarity metric is applied, and by 172 times on average,
when the CS similarity metric is applied, for all the datasets tested. Practically, this density increase
effectively transforms the sparse CF datasets to dense, making it possible for other techniques (e.g.,
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matrix factorization [38,39], a technique showing relatively poor prediction accuracy when applied
to sparse datasets [40,41]) to be used to further improve prediction accuracy and/or recommendation
quality. The proposed algorithm was also applied to a relatively dense dataset (the MovieLens 100
K, whose initial density was 3.17%) and has also been found to successfully increase both its density
and coverage further, leading to additional improvement in the rating prediction accuracy. This
indicates that the algorithm can be employed across all datasets, regardless of their densities. Hence,
a CF system implementation may employ the proposed algorithm, without even examining the
properties of the used dataset.
Furthermore, the proposed algorithm achieved to increase CF rating prediction coverage by
36.5% on average when the PCC similarity metric was applied and by 24.1% on average when the CS
similarity metric was applied. In regard to CF rating prediction accuracy, the CFDR algorithm
achieved a MAE reduction of 2.06% and a RMSE reduction of 2.75%, when the PCC metric was
applied. The respective average reductions for the CS similarity metric were 2.19% and 2.09%.
Moreover, the CFDR algorithm, was also compared with (a) the CFVNN algorithm introduced in
[27], where artificial user profiles (Virtual Near Neighbours—VNNs) are created by merging pairs of
NN profiles corresponding to real users, and (b) the CFFOAF algorithm introduced in [29], where two
users can be considered as NNs with each other if they are NNs to a third user. Both of these
algorithms contribute to the “grey sheep” problem alleviation. The CFDR algorithm was found to
consistently outperform both the CFVNN and the CFFOAF algorithms in all tested datasets and under
both similarity metrics, for both rating prediction accuracy and coverage. A comparison was also
made against state‐of‐the‐art algorithms aiming to increase rating prediction coverage utilizing only
the user–item rating matrix and has been shown to outperform all of them by a considerable
performance margin.
Regarding our future work, we plan to examine the proposed algorithm using additional
correlation metrics, such as the Spearman coefficient, the Euclidian distance, and the Manhattan
distance [59]. Adaptation of the proposed approach, so that it can be directly combined with MF
techniques [38,39], and exploit the benefits of merging estimators [11–13] will also be considered.
Finally, the adaptation of the CFDR algorithm to take into account additional information, such as
social network information, item (sub‐)categories, and user characteristics and emotions [60–63], will
be also investigated.
Author Contributions: Conceptualization, D.M., D.S., G.K., and C.V.; Methodology, D.M., D.S., G.K., and C.V.;
Software, D.M., D.S., and C.V.; Writing—original draft, D.M., D.S., G.K., and C.V.; Writing—review & editing,
D.M., D.S., G.K., and C.V. All authors have read and agreed to the published version of the manuscript.
Funding: This research received no external funding.
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.

3.
4.

5.

Balabanovic, M.; Shoham, Y. Fab: Content‐based, collaborative recommendation. Commun. ACM 1997, 40,
66–72, doi:10.1145/245108.245124.
Schafer, J.B.; Frankowski, D.; Herlocker, J.; Sen, S. Collaborative Filtering Recommender Systems. In The
Adaptive Web. Lecture Notes in Computer Science; Springer: Berlin, Germany, 2007, pp. 291–324,
doi:10.1007/978‐3‐540‐72079‐9_9.
Ekstrand, M.D.; Riedl, J.T.; Konstan, J.A. Collaborative Filtering Recommender Systems. Found. Trends
Human Comput. Interact. 2011, 4, 81–173, doi:10.1561/1100000009.
Wei, J.; He, J.; Chen, K.; Zhou, Y.; Tang, Z. Collaborative filtering and deep learning based
recommendation system for cold start items. Expert Syst. Appl. 2017, 69, 29–39,
doi:10.1016/j.eswa.2016.09.040.
Burke, R. Hybrid Web Recommender Systems. The Adaptive Web; Lecture Notes in Computer Science;
Springer: Berlin, Germany, 2007; Volume 2002, pp. 377–408.

Algorithms 2020, 13, 174

6.

7.

8.

9.
10.
11.
12.
13.

14.
15.

16.

17.

18.

19.

20.
21.
22.
23.

24.
25.

26.

23 of 25

Bambini, R.; Cremonesi, P.; Turrin, R. A Recommender System for an IPTV Service Provider: A Real Large‐
Scale Production Environment; Recommender Systems Handbook; Springer: Berlin, Germany, 2011; pp.
299–331, doi:10.1007/978‐0‐387‐85820‐3_9.
Nixon, L.; Ciesielski, K.; Philipp, B. AI for audience prediction and profiling to power innovative TV content
recommendation services. In Proceedings of the 1st International Workshop on AI for Smart TV Content
Production, Access and Delivery, Nice, France, 21–25 October 2019; pp. 42–48, doi:10.1145/3347449.3357485.
Hsu, S.H.; Wen, M.; Lin, H.; Lee, C.; Lee, C. AIMED‐A personalized TV recommendation system. In
Proceedings of the European Conference on Interactive Television, Amsterdam, Netherlands, 24–25 May
2007; pp. 166–174, doi:10.1007/978‐3‐540‐72559‐6_18.
Chang, N.; Irvan, M.; Terano, T. A TV program recommender framework. Procedia Comput. Sci. 2013, 2,
561–570, doi:10.1016/j.procs.2013.09.136.
Zhang, Y.; Chen, W.; Yin, Z. Collaborative filtering with social regularization for TV program
recommendation. Knowl. Based Syst. 2013, 54, 310–317, doi:10.1016/j.knosys.2013.09.018.
Cattivelli, F.S.; Sayed, A.H. Diffusion LMS strategies for distributed estimation. IEEE Trans. Signal Process.
2009, 58, 1035–1048, doi:10.1109/TSP.2009.2033729.
Luengo, D.; Martino, L.; Elvira, V.; Bugallo, M.F. Efficient linear fusion of partial estimators. Digit. Signal
Process. 2018, 78, 265–283, doi:10.1016/j.dsp.2018.03.006.
Martino, L.; Read, J.; Elvira, V.; Louzada, F. Cooperative Parallel Particle Filters for on‐Line Model
Selection and Applications to Urban Mobility. Digit. Signal Process. 2017, 60, 172–185,
doi:10.1016/j.dsp.2016.09.011.
Odić, A.; Tkalčič, M.; Tasič, J.F.; Košir, A. Predicting and Detecting the Relevant Contextual Information
in a Movie‐Recommender System. Interact. Comput. 2013, 25, 74–90, doi:10.1093/iwc/iws003.
Odić, A.; Tkalčič, M.; Tasič, J.F.; Košir, A. Impact of the Context Relevancy on Ratings Prediction in a
Movie‐Recommender System. Automatika. J. Control Meas. Electron. Comput. Commun. 2013, 54, 252–262,
doi:10.7305/automatika.54‐2.258.
Margaris D.; Vassilakis, C. Improving Collaborative Filtering’s Rating Prediction Quality by Considering
Shifts in Rating Practices. In Proceedings of the IEEE 19th Conference on Business Informatics (CBI),
Thessaloniki, Greece, 24–26 July 2017; Volume 1, pp. 158–166, doi:10.1109/CBI.2017.24.
Margaris D.; Vassilakis, C. Enhancing Rating Prediction Quality Through Improving the Accuracy of
Detection of Shifts in Rating Practices. Trans. Large Scale Data Knowl. Cent. Syst. 2018, 27, 151–191,
doi:10.1007/978‐3‐662‐57932‐9_5.
Elahi, M.; Deldjoo, Y.; Moghaddam, F.B.; Cella, L.; Cereda, S.; Cremonesi, P. Exploring the Semantic Gap
for Movie Recommendations. In Proceedings of the Eleventh ACM Conference on Recommender
Systems, Como, Italy, 27–31 August 2017; pp. 326–330, doi:10.1145/3109859.3109908.
Braunhofer, M.; Elahi, M.; Ricci, F. Usability assessment of a context‐aware and personality‐based mobile
recommender system. In Proceedings of the International Conference on Electronic Commerce and Web
Technologies, Munich, Germany, 1–4 September 2014; pp. 77–88, doi:10.1007/978‐3‐319‐10491‐1_9.
Margaris, D.; Vassilakis, C. Exploiting Rating Abstention Intervals for Addressing Concept Drift in Social
Network Recommender Systems. Informatics 2018, 5, 21, doi:10.3390/informatics5020021.
Margaris, D.; Vassilakis, C.; Georgiadis, P. Query personalization using social network information and
collaborative filtering techniques. Future Gener. Comput. Syst. 2018, 78, 440–450, doi:10.1016/j.future.2017.03.015.
Gong, S. A Collaborative Filtering Recommendation Algorithm Based on User Clustering and Item
Clustering. J. Softw. 2010, 5, 745–752, doi:10.4304/jsw.5.7.745‐752.
Margaris, D.; Georgiadis, P.; Vassilakis, C. A collaborative filtering algorithm with clustering for
personalized web service selection in business processes. In Proceedings of the IEEE 9th International
Conference on Research Challenges in Information Science (RCIS), Athens, Greece, 13–15 May 2015; pp.
169–180, doi:10.1109/RCIS.2015.7128877.
Pham, M.; Cao, Y.; Klamma, R.; Jarke, M. A Clustering Approach for Collaborative Filtering Recommendation
Using Social Network Analysis. J. Univers. Comput. Sci. 2011, 17, 583–604, doi:10.3217/jucs‐017‐04‐0583.
He, X.; Zhang, H.; Kan, M.Y.; Chua, T.S. Fast Matrix Factorization for Online Recommendation with Implicit
Feedback. In Proceedings of the 39th International ACM SIGIR conference on Research and Development in
Information Retrieval, Pisa, Italy, 17–21 July 2016; pp. 549–558, doi:10.1145/2911451.2911489.
Margaris, D.; Vassilakis, C. Improving Collaborative Filtering’s Rating Prediction Coverage in Sparse
Datasets by Exploiting User Dissimilarity. In Proceedings of the 4th IEEE International Conference on Big

Algorithms 2020, 13, 174

27.

28.

29.
30.

31.

32.

33.
34.

35.

36.

37.

38.
39.

40.
41.

42.
43.
44.

24 of 25

Data Intelligence and Computing (IEEE DataCom 2018), Athens, Greece, 12–15 August 2018; pp. 1054–
1059, doi:10.1109/DASC/PiCom/DataCom/CyberSciTec.2018.00150.
Margaris, D.; Vasilopoulos, D.; Vassilakis, C.; Spiliotopoulos, D. Improving Collaborative Filtering’s
Rating Prediction Coverage in Sparse Datasets through the Introduction of Virtual Near Neighbors. In
Proceedings of the 10th International Conference on Information, Intelligence, Systems and Applications
(IISA 2019), Patras, Greece, 15–17 July 2019; pp. 1–8, doi:10.1109/IISA.2019.8900678.
Fernandez‐Tobias, I.; Cantador, I.; Tomeo, P.; Anelli, V.W.; Di Noia, T. Addressing the user cold start
with cross‐domain collaborative filtering: Exploiting item metadata in matrix factorization. User Model.
User Adapt. Interact. 2019, 29, 443–486, doi:10.1007/s11257‐018‐9217‐6.
Margaris, D.; Vassilakis, C. Improving collaborative filtering’s rating prediction coverage in sparse datasets by
exploiting the ʹfriend of a friendʹ concept. Int. J. Big Data Intell. 2020, 7, 47–57, doi:10.1504/IJBDI.2020.106178.
Margaris, D.; Vassilakis, C. Improving Collaborative Filtering’s Rating Prediction Accuracy by
Considering Usersʹ Rating Variability. In Proceedings of the 4th IEEE International Conference on Big
Data Intelligence and Computing (IEEE DataCom 2018), Athens, Greece, 12–15 August 2018; pp. 1022–
1027, doi:10.1109/DASC/PiCom/DataCom/CyberSciTec.2018.00145.
Deldjoo, Y.; Elahi, M.; Cremonesi, P.; Moghaddam, F.B.; Caielli, A.L.E. How to Combine Visual Features
with Tags to Improve Movie Recommendation Accuracy? In Proceedings of the E‐Commerce and Web
Technologies, Porto, Portugal, 5–8 September 2016; pp. 34–45, doi:10.1007/978‐3‐319‐53676‐7_3.
Najafabadi, M.K.; Mahrin, M.N.; Chuprat, S.; Sarkan, H.M. Improving the accuracy of collaborative
filtering recommendations using clustering and association rules mining on implicit data. Comput. Human
Behav. 2017, 67, 113–128, doi:10.1016/j.chb.2016.11.010.
Vozalis, M.; Markos, A.; Margaritis, K. A Hybrid Approach for Improving Prediction Coverage of
Collaborative Filtering. Artif. Intell. Appl. Innov. 2009, 296, 491–498, doi:10.1007/978‐1‐4419‐0221‐4_57.
Wang, P.; Huang, H.; Zhu, J.; Qi, L. A Trust‐Based Prediction Approach for Recommendation System. In
SERVICES 2018; LNCS; Springer, Cham, Switzerland, 2018; Volume 10975, pp. 157–164, doi:10.1007/978‐
3‐319‐94472‐2_12.
Jiang, L.; Cheng, Y.; Yang, L.; Li, J.; Yan, H.; Wang, X. A trust‐based collaborative filtering algorithm for E‐
commerce recommendation system. J. Ambient Intelli. Human. Comput. 2019, 10, 3023–3034, doi:10.1007/s12652‐
018‐0928‐7.
Zarei, M.R.; Moosavi, M.R. A Memory‐Based Collaborative Filtering Recommender System Using Social
Ties. In Proceedings of the 4th International Conference on Pattern Recognition and Image Analysis
(IPRIA), Tehran, Iran, 6–7 March 2019; pp. 263–267, doi:10.1109/PRIA.2019.8786023.
Margaris, D.; Spiliotopoulos, D.; Vassilakis, C. Social relations versus near neighbours: Reliable recommenders
in Limited Information Social Network Collaborative Filtering for online advertising. In Proceedings of the
IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining (ASONAM 2019),
Vancouver, BC, Canada, 27–30 August 2019; pp. 1160–1167, doi:10.1145/3341161.3345620.
Koren, Y.; Bell, R.; Volinsky, C. Matrix factorization techniques for recommender systems. Computer 2009,
42, 30–37, doi:10.1109/MC.2009.263.
Koren, Y. Factorization meets the neighborhood: A multifaceted collaborative filtering model. In
Proceedings of the 14th ACM SIGKDD international conference on Knowledge discovery and data
mining, Las Vegas, NV, USA, 24–27 August 2008; pp. 426–434, doi:10.1145/1401890.1401944.
Margaris, D.; Vassilakis, C. Enhancing User Rating Database Consistency through Pruning. Trans. Large
Scale Data Knowl. Cent. Syst. 2017, 34, 33–64, doi:10.1007/978‐3‐662‐55947‐5_3.
Wen, H.; Ding, G.; Liu, C.; Wang, J. Matrix Factorization Meets Cosine Similarity: Addressing Sparsity
Problem in Collaborative Filtering Recommender System. In Web Technologies and Applications; Chen, L.,
Jia, Y., Sellis, T., Liu, G., Eds.; Lecture Notes in Computer Science; Springer: Cham, Switzerland, 2014;
Volume 8709, pp. 306–317, doi:10.1007/978‐3‐319‐11116‐2_27.
Guan, X.; Li, C.; Guan, Y. Matrix Factorization with Rating Completion: An Enhanced SVD Model for
Collaborative Filtering Recommender Systems. Access 2017, 5, 27668–27678, doi:10.1109/ACCESS.2017.2772226.
Braunhofer, M.; Elahi, M.; Ricci, F. Techniques for cold‐starting context‐aware mobile recommender
systems for tourism. Intelligenza Artificiale 2014, 8, 129–143, doi:10.3233/IA‐140069.
Kalloori, S.; Ricci, F.; Tkalcic, M. Pairwise preferences based matrix factorization and nearest neighbor
recommendation techniques. In Proceedings of the 10th ACM Conference on Recommender Systems,
Boston, MA, USA, 15–19 September 2016; pp. 143–146, doi:10.1145/2959100.2959142.

Algorithms 2020, 13, 174

45.

46.

47.

48.

49.

50.

51.
52.

53.
54.
55.

56.

57.

58.
59.
60.

61.

62.
63.

25 of 25

Luo, X.; Zhou, M.; Li, S.; You, Z.; Xia, Y.; Zhu, Q. A Nonnegative Latent Factor Model for Large‐Scale
Sparse Matrices in Recommender Systems via Alternating Direction Method. IEEE Trans. Neural Netw.
Learn. Syst. 2016, 27, 579–592, doi:10.1109/TNNLS.2015.2415257.
Moshfeghi, Y.; Piwowarski, B.; Jose, J.M. Handling data sparsity in collaborative filtering using emotion
and semantic based features. In Proceedings of 34th International ACM SIGIR Conference, Beijing, China,
24–28 July 2011; pp. 625–634, doi:10.1145/2009916.2010001.
Poirier, D.; Fessant, F.; Tellier, I. Reducing the cold‐start problem in content recommendation through
opinion classification. In Proceedings of the IEEE/WIC/ACM International Conference on Web
Intelligence and Intelligent Agent Technology, Toronto, BC, Canada, 31 August–3 September 2010; pp.
204–207, doi:10.1109/WI‐IAT.2010.87.
Margaris, D.; Vassilakis, C.; Spiliotopoulos, D. Handling uncertainty in social media textual information
for improving venue recommendation formulation quality in social networks. Soc. Netw. Anal. Min. 2019,
9, 64, doi:10.1007/s13278‐019‐0610‐x.
Kyaw, N.; Wai, T.T. Inferring User Preferences Using Reviews for Rating Prediction. In Proceedings of
the 2019 International Conference on Advanced Information Technologies (ICAIT), Yangon, Myanmar, 6–
7 November 2019; pp. 194–199, doi:10.1109/AITC.2019.8921179.
Margaris, D.; Vassilakis, C. Improving collaborative filtering’s rating prediction quality in dense datasets,
by pruning old ratings. In Proceedings of the IEEE Symposium on Computers and Communications
(ISCC), Heraklion, Crete, Greece, 3–6 July 2017; pp. 1168–1174, doi:10.1109/ISCC.2017.8024683.
Amazon Product Data. Available online: http://jmcauley.ucsd.edu/data/amazon/ (accessed on 11 March 2020).
McAuley, J.; Targett, C.; Shi, Q.; Van den Hengel, A. Image‐Based Recommendations on Styles and
Substitutes. In Proceedings of the 38th International ACM SIGIR Conference on Research and
Development in Information Retrieval (SIGIR 15), Santiago, Chile, 9–13 August 2015; pp. 43–52.
MovieLens Datasets. Available online: http://grouplens.org/datasets/movielens/ (accessed on 26 March 2020).
Pearson, R.K. Exploratory Data Analysis Using R. CRC Press: Boca Raton, FL, USA, 2018.
Lipton, Z.C.; Elkan, C.; Naryanaswamy, B. Optimal Thresholding of Classifiers to Maximize F1 Measure.
In Proceedings of the Joint European Conference on Machine Learning and Knowledge Discovery in
Databases, Porto, Portugal, 7–11 September 2014; pp. 225–239, doi:10.1007/978‐3‐662‐44851‐9_15.
Pan, R.; Zhou, Y.; Cao, B.; Liu, N.N.; Lukose, R.; Scholz, M.; Yang, Q. One‐class collaborative filtering. In
Proceedings of the Eighth IEEE International Conference on Data Mining, Pisa, Italy, 15–19 December
2008; pp. 502–511, doi:10.1109/ICDM.2008.16.
Zhao, H.; Zhang, Y.; Xiao, Y. A new collaborative filtering algorithm with combination of explicit trust
and implicit trust. In Proceedings of the 13th International Conference on Computer Science & Education
(ICCSE 2018), Colombo, Sri Lanka, 8–11 August 2018; pp. 319–323, doi:10.1109/ICCSE.2018.8468763.
Guo, G.; Zhang, J.; Thalmann, D. Merging trust in collaborative filtering to alleviate data sparsity and
cold start. Knowl. Based Syst. 2014, 57, 57–68, doi:10.1016/j.knosys.2013.12.007.
Herlocker, J.; Konstan, J.; Terveen, L.; Riedl, J. Evaluating collaborative filtering recommender systems.
ACM Trans. Inf. Syst. 2004, 22, 5–53, doi:10.1145/963770.963772.
Tkalčič, M. Emotions and personality in recommender systems: Tutorial. In Proceedings of the 12th ACM
Conference on Recommender Systems (RecSys ’18), Vancouver, BC, Canada, 2–7 October 2018; pp. 535–
536, doi:10.1145/3240323.3241619.
Bakshy, E.; Eckles, D.; Yan, R.; Rosenn, I. Social Influence in Social Advertising: Evidence from Field
Experiments. In Proceedings of the 13th ACM Conference on Electronic Commerce, Valencia, Spain, 4–8
June 2012; pp. 146–161, doi:10.1145/2229012.2229027.
Aivazoglou, M.; Roussos, A.O.; Margaris, D.; Vassilakis, C.; Ioannidis, S.; Polakis, J.; Spiliotopoulos, D. A Fine‐
grained Social Network Recommender System. Soc. Netw. Anal. Min. 2020, 10, 8, doi:10.1007/s13278‐019‐0621‐7.
Tkalčič, M.; Maleki, N.; Pesek, M.; Elahi, M.; Ricci, F.; Marolt, M. Prediction of music pairwise preferences
from facial expressions. In Proceedings of the 24th International Conference on Intelligent User Interfaces,
Los Angeles, CA, USA, 16–20 March 2019; pp. 150–159, doi:10.1145/3301275.3302266.
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

