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Abstract—Online advertising benefits by recommender sys-
tems since the latter analyse reviews and rating of products, 
providing useful insight of the buyer perception of products and 
services. When traditional recommender system information is en-
riched with social network information, more successful recom-
mendations are produced, since more users’ aspects are taken into 
consideration. However, social network information may be una-
vailable since some users may not have social network accounts or 
may not consent to their use for recommendations, while rating 
data may be unavailable due to the cold start phenomenon. In this 
paper, we propose an algorithm that combines limited collabora-
tive filtering information, comprised only of users’ ratings on 
items, with limited social network information, comprised only of 
users’ social relations, in order to improve (1) prediction accuracy 
and (2) prediction coverage in collaborative filtering recom-
mender systems, at the same time. The proposed algorithm con-
siderably improves rating prediction accuracy and coverage, while 
it can be easily integrated in recommender systems. 

Keywords— Online Advertising, Social Networks, Collaborative 
Filtering, Limited Information, Near Neighbours, Pearson Correla-
tion Coefficient, Evaluation. 

I. INTRODUCTION 
Recommender systems (RS) are utilized by online advertis-

ing in several aspects, ranging from the type of feedback (prod-
uct ratings, reviews, user sentiment, and more) to sparsity. Even 
more, online advertising strategies can be augmented by recom-
mender systems that are handling issues such as popularity bias 
by inducing greater diversity of recommended items [1]. A 
widely-used approach for making recommendations, stemming 
from user behaviour and actions is collaborative filtering. Col-
laborative filtering (CF) synthesizes the informed opinions of 
humans (notably these opinions in many cases encompass the 
aspect of satisfaction), to make personalized and accurate 

predictions and recommendations [2]. Its biggest advantage is 
that explicit content description is not required (as in content-
based systems): instead, traditional CF relies only on opinions 
expressed by users on items either explicitly (e.g. a user enters a 
rating for the item) or implicitly (e.g. a user purchases an item, 
or clicks an advertisement banner, which indicates a positive as-
sessment). In the context of CF, personalization is achieved by 
considering ratings of ‘‘similar users’’, under the CF fundamen-
tal assumption that if users X and Y have similar behaviour (e.g. 
listening, watching, buying, rating assignment) on some items, 
they will act similarly on others [2,3]. 

When traditional CF is employed, typical recommender sys-
tems (RSs) assume that users are independent and ignore the so-
cial interactions among them, hence they fail to incorporate im-
portant aspects that denote interaction, tie strength and influence 
among users, which can substantially enhance recommendation 
quality [4,5,6]. 

Social network (SN) data-based RSs take into account static 
data from the user profile, such as location, age or gender, com-
plemented with dynamic aspects and contextual information 
stemming from users’ behaviour and/or SN state, such as time, 
users’ mood, items’ general acceptance and social influence 
[7,8] to supplement the traditional CF data (such as users’ rat-
ings and items’ static characteristics). By taking this information 
into consideration, in the recommendation process, the SN RSs 
manage to achieve better user-targeted recommendations. 

However, when both the CF and the SN information availa-
ble is limited, containing only user ratings and user social rela-
tions, respectively, (e.g. the information that an external appli-
cation may have available), a SN CF system faces the much 
harder task to successfully combine this limited information, in 
order to produce predictions and recommendations, better than 
the ones the traditional CF system will produce. Theoretically, 
the success of such tasks would depend on the types of available 
SN information and qualitative characteristics such as dense-
ness/sparseness. The challenge is to design an approach that per-
forms consistently across the board of datasets that expose ex-
isting but limited SN CF information. 

In this paper, we (1) propose a simple, yet effective algo-
rithm that combines limited CF information of user ratings and 
user social relations (friendship, trust, etc.), aiming to consist-
ently improve both the rating prediction quality and prediction 
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coverage (i.e. the percentage of the cases for which a personal-
ized prediction can be computed) and (2) evaluate the proposed 
algorithm against five contemporary SN CF datasets. In our ex-
periments, (a) sparse and dense CF datasets (a CF dataset’s den-
sity refers to the number of ratings when compared to the num-
ber of users and items in it [9]), as well as (b) sparse and dense 
SN datasets (a SN dataset’s density refers to the number of rela-
tions when compared to the number of users in it [2]), as well as 
(c) directed edge (trusts) and undirected edge (friendships) SN 
datasets were used. 

Our results show that the proposed algorithm introduces con-
siderable prediction accuracy gains, reducing both prediction er-
ror metrics (MAE and RMSE), as well as coverage increase, 
when compared to the plain CF algorithm in all tested datasets. 
The results enable the use of the proposed algorithm in cases 
where social information is available, yet limited, and may lead 
to advanced online advertising models that include findings 
from the social ties both from the recommender and the real time 
application of online advertising. Certain RS challenges that can 
also benefit are the simultaneous recommendation from new us-
ers and items (cold start problem) and personalization (how vs 
what is recommended).  

It is worth noting that the proposed technique can be com-
bined with other algorithms that have been proposed for improv-
ing rating prediction accuracy, recommendation quality or pre-
diction coverage in CF-based systems, focusing either in tradi-
tional CF-based systems (clustering techniques, concept drift, 
etc.) [10,11,12,13,14] or in SN CF-based systems (influence, 
trust, etc.) [4,5,6,7,15]. 

The rest of the paper is structured as follows: section 2 over-
views related work, while section 3 presents the proposed algo-
rithm. Section 4 evaluates the proposed algorithm using 5 con-
temporary datasets and finally, section 5 concludes the paper 
and outlines future work. 

II. RELATED WORK 
SN data have been identified as an important means for in-

creasing recommendation accuracy and broadening recommen-
dation variety in contemporary RSs.  

The need for extending recommendation algorithms to take 
into account the SNs structure is established in [15] and [16]; in 
these works, measures for user tie strength and social influence 
are also proposed. In more detail, [15] presents a predictive 
model that maps social media data to tie strength, distinguishing 
between strong and weak ties with generally accepted accuracy 
and illustrates how modelling tie strength can improve social 
media design elements, including privacy controls, message 
routing, friend introductions and information prioritization, 
while [16] measure social influence via social cues on an eco-
nomically relevant form of user behaviour and average rates of 
response, demonstrate the substantial consequences of including 
minimal social cues in advertising and measure the positive re-
lationship between a consumer’s response and the strength of 
their connection with an affiliated peer. [17] examines the role 
of SNs in the recommendation process within a large-scale field 
experiment that randomizes exposure to signals about friends' 
information and the relative role of strong and weak ties. [18] 
develops a way to increase recommendation effectiveness by 

combining SN information and CF methods, by collecting data 
about users’ preference ratings and their SN relationships from 
a SN Web site and by developing approaches for selecting 
neighbours and amplifying friends’ data. [19] investigates the 
role of SNs relationships in developing a track recommendation 
system based on a common CF item recommendation method, 
by taking into account both the social annotation and friendships 
inherent in the social graph established among users, items and 
tags. [20] enhances a content-based RS by including the trust 
between individuals, users’ interaction and aspects of each 
user’s personality in the recommendation algorithm. [21] out-
lines a conceptual RS design within which the structure and dy-
namics of a SN contribute to the dimensions of trust propaga-
tion, source’s reputation and tie strength between users, which 
are then taken into account by the system’s prediction compo-
nent to generate recommendations. [22] proposes a trust-aware 
system for personalized user recommendations in SNs. In this 
work, trust (and distrust) between people is a central concept in 
the algorithm that assists members of a community to make de-
cisions about other members of the same community. [23] ex-
amines how social data, ratings and reviews can be combined to 
create personalized rankings of reviews, tailored to each individ-
ual user, thus providing each user with efficient access to the 
reviews that are deemed most suitable for him. [24] develops a 
way to increase recommendation effectiveness by incorporating 
SN information into CF. It collects data about users’ preference 
ratings and their SN relationships from a social networking web-
site and then it evaluates CF performance with diverse neigh-
bour groups combining groups of friends and nearest neighbours 
(NNs). [25] proposes a method to incorporate social trust infor-
mation (i.e., trusted neighbours explicitly specified by users) in 
providing recommendations. More specifically, ratings of a 
user’s trusted neighbours are merged to complement and repre-
sent the preferences of the user and to find other users with sim-
ilar preferences (i.e., similar users). In addition, the quality of 
merged ratings is measured by the confidence considering the 
number of ratings and the ratio of conflicts between positive and 
negative opinions. Further, the rating confidence is incorporated 
into the computation of user similarity. The prediction for a 
given item is generated by aggregating the ratings of similar us-
ers. [3] proposes an algorithm for query personalization, based 
on SN information. The algorithm exploits both the users’ 
choices of items (browsing and rating) and the influence infor-
mation from SNs to suitably adapt queries for each user. Query 
adaptation is performed via (re)writing the query sorting speci-
fication to order the qualifying data according to their projected 
interest for the user. [7] extends a SN-based RS, which utilizes 
the information in SN to improve the performance of traditional 
RSs. Two methods were proposed to improve performance, 
classifying the correlations between pairs of user ratings to im-
prove the accuracy of the system and making the system robust 
to sparse data. 

However, all these works require additional information, 
concerning either the users (age, location, gender, etc.) or the 
items ((sub)category, price, reliability, etc.) or the SN (tie 
strength, social influence, etc.). 

The present work fills this gap by presenting an algorithm 
that takes into account only the basic information a CF system 
can store, the user-item-rating tuple with the basic information 
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a SN CF can store, the user-user-relation tuple. To the best of 
our knowledge, no other algorithm combines limited CF infor-
mation with limited SN information, in order to increase predic-
tion accuracy and coverage.  

III. THE PROPOSED ALGORITHM 
In CF, predictions for a user U are computed based on U’s 

NNs, i.e. a set of users that have rated items similarly to U. The 
similarity metric between two users U and V is typically based 
on the Pearson Correlation Coefficient (PCC) [2], which is ex-
pressed as: 

𝑠𝑖𝑚(𝑈, 𝑉) =
∑ +r-,. − r-0001 ∗ (r3,. − r34 ).

5∑ +r-,. − r64 1
7

. ∗ ∑ +r3,. − r34 1
7

8

 
(1) 

where k ranges over items that have been rated by both U and V, 
while 𝑟:4  and 	𝑟<0000 are the mean values or ratings entered by users 
U and V, respectively. Then, for user U, his NN users NNU are 
selected out of the users with whom a positive similarity has 
been computed.  

Afterwards, for computing a rating prediction pU,i for the rat-
ing of user U on item i, the computation is expressed as: 

𝑝:,> = 𝑟? +
∑ 𝑠𝑖𝑚(𝑈, V) ∗ +𝑟3,> − 𝑟313∈CCD

∑ 𝑠𝑖𝑚(𝑈, V)3∈CCD
 (2) 

The proposed algorithm introduces the concept of SN NNs, 
of a user U, i.e. users who share a social relation (i.e. trust or 
friendship) with user U, who will be denoted as SN_NNs; for 
clarity, we will denote the initial CF NNs of a user U, as 
CF_NNs. 

The ratings entered by the SN_NNs are then utilized in the 
rating prediction formulation process for user U. More specifi-
cally, the rating prediction process proceeds as follows: 

Step 1: Initially, we compute the mean-centered rating [26] of 
item i in the CF_NN; we will denote this quantity as p:,>FG . The 
mean-centered rating metric of users with positive PCC is com-
puted as: 

p:,>FG =
∑ 𝑠𝑖𝑚(𝑈, 𝑉)HI ∗ +𝑟3,> − 𝑟313∈FG_CCK

∑ 𝑠𝑖𝑚(𝑈, 𝑉)HI3∈FG_CCK
 (3) 

and corresponds to the second term of equation (2). Note that the 
mean-centered rating computed by equation (3) cannot be used 
by itself as a rating prediction: this metric quantifies how item i 
is perceived by users included in the CF_NNs set, with regards 
to the average of ratings that each user within the CF_NNs set 
has entered. Therefore, a positive value for p:,>FG  indicates that 
item i is ranked by users within the CF_NNs set better than their 
averages and vice versa. 

Step 2: Subsequently, we follow the same procedure for com-
puting the mean-centered rating of item i in the SN_NNs set; this 
will be denoted as p:,>LC. Formally, this is computed as shown in 
equation (4):  

p:,>LC =
∑ 𝑠𝑖𝑚(𝑈, 𝑉)MN ∗ +𝑟3,> − 𝑟313∈LC_CCK

∑ 𝑠𝑖𝑚(𝑈, 𝑉)MN3∈LC_CCK
 (4) 

As far as the 𝑠𝑖𝑚(𝑈, 𝑉)MN value is concerned, this will be set to 
1.0 (all SN_NNs will be treated the same), unless an explicit 
value is available in the SN dataset. Considering additional in-
formation derived by the SN, such as tie strength, influence, 
trust value, common/mutual relations, etc. [3,4,5,6], in order to 
compute-tune the optimal 𝑠𝑖𝑚(𝑈, 𝑉)MNvalue, will be part of our 
future work. 
 
Step 3: Finally, the weighted average of p:,>FG  and p:,>LC is com-
puted, and the result is adjusted by the mean value of ratings 
entered by U (𝑟-), in order to formulate the rating prediction pU,i, 
as shown in equation (5): 

𝑝:,> =

⎩
⎪
⎨

⎪
⎧𝑟- + p:,>

FG , 𝑖𝑓	𝑆𝑁_𝑁𝑁𝑆 = 	∅
𝑟- + p:,>LC, 𝑖𝑓	𝐶𝐹_𝑁𝑁𝑆 = 	∅
𝑟- +	 	wFG ∗ p:,>FG + 𝑤LC ∗ p:,>LC, 𝑖𝑓
𝑆𝑁_𝑁𝑁𝑆 ≠ 	∅	 ∧ 𝐶𝐹_𝑁𝑁𝑆 ≠ 	∅

 (5) 

In equation (5) the wCF parameter denotes the weight as-
signed to the prediction computed by considering only the 
CF_NNs of U, while the wSN parameter, which is complementary 
to the wCF parameter (wSN + wCF = 1.0), is assigned to the pre-
diction computed by considering only the SN_NNs, respectively. 
If no CF_NNs of U’s that have rated the item i exist, then the 
prediction is based exclusively on the ratings of his SN_NNs, and 
vice versa. 

In the next section, we investigate candidate wSN values, in 
order to identify the optimal setting for this parameter and assess 
the performance of the proposed algorithm.  

IV. PERFORMANCE EVALUATION 
In this section, we report on the experiments that were de-

signed to measure the prediction improvement, introduced by 
the presented algorithm, due to the inclusion of the limited SN 
information. 

In this comparison we consider the following aspects:  

1. The coverage of the algorithm, i.e. the percentage of the 
cases for which a personalized prediction can be com-
puted [27]. 

2. Prediction accuracy; for this comparison, we use two 
well-established error metrics, namely the mean abso-
lute error (MAE), and the Root Mean Squared Error 
(RMSE) [2]. The fundamental difference between these 
two metrics is that the RMSE metric ‘punishes’ big mis-
takes more severely, while the MAE metric does not 
discriminate between big and small errors (the RMSE 
metric was used, among others, in the Netflix competi-
tion [28]). 

The prediction coverage and accuracy of the proposed algo-
rithm are compared against those of the plain CF algorithm [2], 
without the use of the SN relations, which is used as a baseline.  
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To compute the MAE and the RMSE we employ the stand-
ard “hide one” technique [29,30,31]: each time, we hide one rat-
ing in the database and then predict its value based on the ratings 
of other non-hidden items. In our first experiment, random rat-
ings of each user are hidden (5 tries per user) and then their val-
ues are predicted. To further validate our results, we conduct an 
additional experiment in every dataset, including the ratings’ 
timestamps, where the last rating of each user in the database is 
hidden and then its value is predicted. The results of these two 
experiments are in close agreement (less than 2% difference in 
results) and therefore we report only on the results of the first 
experiment, for conciseness purposes. 

For our experiments we used a laptop computer equipped 
with one dual core Intel Celeron N2840@2.16 GHz CPU, with 
4 GB of RAM and one 240 GB solid state hard disk with a trans-
fer rate of 375 MBps, which hosted the datasets and ran the rat-
ing prediction algorithms.  

In the remainder of this section, we present and discuss the 
results obtained from applying the algorithm presented above on 
five datasets. 

The five datasets used in our experiments have the following 
properties: 

• They contain both user-item ratings and social relations
between SN users. 

• They are up to date (published the last 10 years) and
are widely used for benchmarking in SN CF research.

• They vary with respect to the type of dataset item do-
main (movies, music, books, restaurants, etc.), size, CF
density and SN density.

Table I summarizes the basic properties of these datasets. 

In the following paragraphs, we report on our findings re-
garding the performance of the algorithm proposed in this work, 
versus the plain CF algorithm using only the CF information of 
the aforementioned datasets. 

A. The “Ciao” Dataset
In this dataset, the coverage of the plain CF algorithm is

28.8%; in the rest of the cases, the users have no CF_NNs [2], 
hence no prediction could be computed for them. When the 
SN_NNs are taken into account, the coverage raises to 30%. In 
terms of relative increase, this equals to 4.1%, which is consider 

totally adequate, since the dataset’s average SN relations per 
user equals to 1.3, which is considered as very low. 

The coverage in all variants of the proposed algorithm, hav-
ing different settings for wSN, is the same; this is expected, since 
the wSN parameter does not affect the number of SN neighbours 
(which is the only parameter affecting the coverage), but rather 
the degree to which the SN_NNs contribute to the final predic-
tion. 

As far as the 𝑠𝑖𝑚(𝑈, 𝑉)LC value, used in formula (4), this is 
set to the exact values contained in the “trusts” file included in 
the dataset. 

Fig. 1 illustrates the effect of the value of the wSN parameter 
on the quality of recommendations produced by the proposed 
algorithm, as this is reflected by the MAE and the RMSE met-
rics, respectively, using the plain CF algorithm’s performance 
as a yardstick. 

Considering the quality of the rating predictions, the MAE 
and RMSE metrics improve when wSN≤80%, while for 
wneg>80% they deteriorate slightly. The best performance is ob-
tained when wSN=30%, where the MAE drops by 1.84% and the 
RMSE is reduced by 1.34%.  

Fig. 1. MAE and RMSE reduction achieved by the proposed algorithm, under 
different wSN values for the “Ciao” dataset. 

Overall, in this dataset the proposed technique offers consid-
erable coverage increase and improvement in the rating predic-
tion quality, despite the low average SN relations per user num-
ber. 

TABLE I. DATASETS SUMMARY 

Dataset name #Users #Items #Ratings  Avg. #Ratings 
/ User 

Density #Social 
Rela-
tions 

Avg. #Social 
Relations / User 

Type of 
Items 

Type of Re-
lations 

Ciao [32] 30K 73K 1.6M 53.4 0.07% 40K 1.3 General Trust 

FilmTrust [33] 1.5K 2.1K 35K 23.5 1.13% 1.8K 1.2 Movies Trust 

Epinions [34,35] 665K 134Κ 665K 13.5 0.009% 487K 9.9 General Trust 

LibraryThings 
[35,36] 

83K 506K 1.7M 20.5 0.004% 130K 1.6 Books Trust 

Dianping Social Rec 
2015 [7,37] 

148K 11K 2.1M 14.5 0.13% 2.5M 17 Restaurants Friendship 
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B. The “FilmTrust” Dataset
In this dataset, the coverage of the plain CF algorithm is

79.3%; while the proposed algorithm increases coverage to 
83.1%, achieving a 4.7% increase in comparison to the coverage 
of the plain CF algorithm. Again, due to the low number of SN 
relations per user (equals to 1.2), in this dataset, this increase is 
totally adequate. 

As far as the 𝑠𝑖𝑚(𝑈, 𝑉)MN value, used in formula (4), again, 
this is set to the exact values contained in the “trusts” file in-
cluded in the dataset. 

Fig. 2 illustrates the effect of the value of the wSN parameter 
on the quality of recommendations produced by the proposed 
algorithm, as this is reflected by the MAE and the RMSE met-
rics, again using the plain CF algorithm’s performance as a yard-
stick. Considering the quality of the rating predictions, the MAE 
and RMSE metrics improve when 20%≤wSN≤80%. The best per-
formance is obtained when wSN=40%, where the MAE drops by 
1.35% and the RMSE is reduced by 1.48%. Overall, as previ-
ously, in this dataset the proposed technique offers considerable 
coverage increase and, additionally, an improvement in the rat-
ing prediction quality can be obtained, besides its low number 
of SN relations per user. 

Fig. 2. MAE and RMSE reduction achieved by the proposed algorithm, under 
different wSN values for the “FilmTrust” dataset. 

C. The “Epinions” Dataset
In this dataset, the coverage of the plain CF algorithm is

14.7%; while the proposed algorithm increases coverage to 
19.45%, achieving a 32% increase in comparison to the cover-
age of the plain CF algorithm. The main reason for this major 
increase (the largest increase in our five datasets), is clearly the 
large number of the dataset’s average SN relations per user, 
which equals to 9.9. 

As far as the 𝑠𝑖𝑚(𝑈, 𝑉)MN value, used in formula (4), this is 
set to the exact values contained in the “trusts” file included in 
the dataset. 

Fig. 3 illustrates the effect of the value of the wSN parameter 
on the quality of recommendations produced by the proposed 
algorithm, as this is reflected by the MAE and the RMSE met-
rics, respectively, again using the plain CF algorithm’s perfor-
mance as a yardstick. 

Considering the quality of the rating predictions, the MAE 
and RMSE metrics improve in all cases, while the best 

performance is obtained when wSN=60%, where the MAE drops 
by 3.2% and the RMSE is reduced by 2.41%. We can clearly 
observe that the larger the number of the SN relations per user 
in the SN dataset is, the higher the proposed algorithm’s predic-
tion accuracy is achieved. 

Fig. 3. MAE and RMSE reduction achieved by the proposed algorithm, under 
different wSN values for the “Epinions” dataset. 

Overall, as in the previous cases, in this dataset the proposed 
technique offers considerable coverage increase and, addition-
ally, an improvement in the rating prediction quality can be ob-
tained. 

D. The “LibraryThing” Dataset
In this dataset, the coverage of the plain CF algorithm is

58.5%; while the proposed algorithm increases coverage to 
60.7%, achieving a 3.8% increase in comparison to the coverage 
of the plain CF algorithm. Again, due to the low number of SN 
relations per user (equals to 1.6), in this dataset, the increase is 
considered adequate. 

As far as the 𝑠𝑖𝑚(𝑈, 𝑉)MN value, used in formula (4), this is 
set to 1.0, since there are no exact values in existence in the 
“edges” file included in the dataset. 

Fig. 4 illustrates the effect of the value of the wSN parameter 
on the quality of recommendations produced by the proposed 
algorithm, as this is reflected by the MAE and the RMSE met-
rics, again using the plain CF algorithm’s performance as a yard-
stick. 

Fig. 4. MAE and RMSE reduction achieved by the proposed algorithm, under 
different wSN values for the “LibraryThing” dataset. 
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Considering the quality of the rating predictions, the MAE 
and RMSE metrics improve when wSN≤70%. The best perfor-
mance is obtained when wSN=40%, where the MAE drops by 
1.56% and the RMSE is reduced by 1.25%. Overall, in this da-
taset, the proposed technique offers both coverage increase and 
rating prediction quality improvement, consistent with the pre-
vious datasets. 

E. The “Dianping_SocialRec_2015” Dataset
In the last dataset, the coverage of the plain CF algorithm is

71.2%; while the proposed algorithm increases coverage to 
75.2%, achieving a 5.6% increase in comparison to the coverage 
of the plain CF algorithm.  

The main reason for this moderate increase, even though the 
large number of the dataset’s average SN relations per user, is 
the high initial prediction coverage (71.2%); which leaves no 
room for large improvement. 

As far as the 𝑠𝑖𝑚(𝑈, 𝑉)MN value, used in formula (4), this is 
set to 1.0, since there are no exact values in existence in the 
“user” file included in the dataset. 

Fig. 5 illustrates the effect of the value of the wSN parameter 
on the quality of recommendations produced by the proposed 
algorithm, as this is reflected by the MAE and the RMSE met-
rics, respectively, again using the plain CF algorithm’s perfor-
mance as a yardstick. 

Considering the quality of the rating predictions, the MAE 
and RMSE metrics improve in all cases, while the best perfor-
mance is obtained when wSN=50%, where the MAE drops by 
3.25% and the RMSE is reduced by 2.73%. Again, we can 
clearly observe that the larger the number of the SN relations per 
user in the SN dataset is, the higher the proposed algorithm’s 
prediction accuracy is. 

Fig. 5. MAE and RMSE reduction achieved by the proposed algorithm, under 
different wSN values for the “Dianping_SocialRec_2015” dataset. 

Overall, again, in this dataset the proposed technique offers 
considerable coverage increase and, additionally, an improve-
ment in the rating prediction quality can be obtained. 

F. Results Overview
In this section, we overview the results presented in the pre-

vious paragraphs. 

The inclusion of the SN_NNs achieves an average coverage 
increase of 10.14%, ranging from 4.1%, for the “Ciao” dataset, 
to 32.5%, for the “Epinions” Dataset. 

As far as the optimal wSN parameter, achieving the largest 
prediction error reduction, it is observed to be in the range of 30-
40%, when the number of the Social Relations per User parameter 
is relatively low, when compared to the Ratings per User param-
eter. On the other hand, when the number of the Social Relations 
per User parameter is relatively high, when compared to the Rat-
ings per User parameter, the optimal wSN value must be greater 
than the one of the wCF, computed to achieve the optimal results 
when set in the range 50 and 60%. 

The evaluation results have clearly shown that when the pre-
sented algorithm is applied to dense SNs datasets, where the 
number of Social Relations per User is relatively high, when com-
pared to the CF dataset’s Ratings per User number, the users’ so-
cial relations are proven to be more reliable recommenders than 
the CF Nearest Neighbours. On the contrary, when a sparse SN 
dataset is used, where the number of Social Relations per User is 
relatively low, the users’ CF Nearest Neighbours are proven to 
be more reliable recommenders. More specifically, in the first 
case (dense SN datasets), the algorithm achieves its best results 
when the weight-importance of the social relations, wSN, is set to 
the range of 50-60%, while in the second case (sparse SN da-
tasets) the algorithm achieves its best results when the weight-
importance of the social relations, wSN, is set to the range of 30-
40%. When using these settings, the proposed algorithm pro-
vides a substantial increase in coverage, ranging from 4.1% to 
32.5%, with an average of 10.14%, while at the same time offers 
improvements regarding rating prediction quality; the MAE de-
creases by 2.24% and the RMSE by 1.84% on average. Further-
more, the algorithm was found to achieve optimal results when 
the density of the SN is relatively high, proving that SN infor-
mation is a valuable tool in RSs. 

This clearly proves that, in limited information SN CF sys-
tems, when the SN dataset is “weaker” than the CF dataset, the 
Nearest Neighbours, derived by the CF dataset, are more reliable 
recommenders than the social relations. On the contrary, when 
the SN dataset is “stronger” than the CF dataset, the social rela-
tions are proven to be more reliable recommenders than the CF 
Nearest Neighbours. 

With this information in hand, the proposed algorithm 
achieves an average MAE reduction of 2.24%, across the five 
datasets tested, ranging from 1.35% to 3.25%. Similarly, the av-
erage RMSE reductions range from 1.25% to 2.73% with an av-
erage of 1.84%. Furthermore, the experiments clearly indicate 
that the algorithm achieves its best results (in prediction cover-
age and accuracy) when the density of the SN is relatively high. 

V. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a simple, yet effective algo-
rithm that successfully combines limited CF information, con-
cerning users’ ratings on items, with limited SN information, 
concerning users’ social relations, in order to improve (1) pre-
diction accuracy and (2) prediction coverage in CF RSs, at the 
same time. The proposed algorithm requires no additional infor-
mation, such as users’ demographic information (age, gender, 
nationality, location, etc.), items’ characteristics (price, 
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category, reliability, etc.) or SN’s contextual information (tie 
strength, influence, etc.). These characteristics are both useful 
and undemanding of elusive or atypical social information, thus 
the algorithm is usable for online advertising and other types of 
real-time applications. 

The proposed algorithm has been validated through a set of 
experiments, aiming to quantify the obtained gains in prediction 
accuracy and coverage, gain insight on the effect that this com-
bination has in the rating prediction quality and also identify the 
optimal weights that the SN information should be assigned.  

In these experiments, five datasets containing both CF infor-
mation (user-item-rating), and SN information (user-user-rela-
tion) and using two types of social relations, trust (directed) and 
friendship (undirected), were used to examine the behaviour of 
the proposed algorithm in this class of datasets. The algorithm 
has proven to successfully adapt to the characteristics of the da-
taset, yielding promising results both in the case that the SN da-
taset is “weaker” than the CF dataset and in the case that the SN 
dataset is “stronger” than the CF dataset, 

By design, the proposed algorithm can be directly incorpo-
rated in a CF-based RS, when the SN information, concerning 
the users’ relations, becomes available, since (1) it does not re-
quire any additional information about the users or the items, (2) 
it requires minimal additional dataset pre-processing time, com-
puting only the partial prediction created by the SNs’ Nearest 
Neighbours, (3) it takes minimal additional storage space (only 
the user-user-relation tuples are additionally stored), (4) it is 
easy to implement, through the modification of existed CF-
based systems and (5) it can be easily combined with other al-
gorithms that have been proposed for improving rating predic-
tion accuracy and/or coverage. 

Our future work will focus on creating an unsupervised version 
of the algorithm; we envision this algorithm to be able to auto-
matically determine the optimal values assigned to the weight-
importance of the CF’s Nearest Neighbours (wCF) and the SN’s 
Nearest Neighbours (wSN), based on the values of their charac-
teristics (density, ratings per user, relations per user, etc.). Fur-
thermore, we will investigate the computation-tuning of the 
𝑠𝑖𝑚(𝑈, 𝑉)MN  parameter value, considering additional infor-
mation derived by the SNs domain (such as users’ tie strength, 
influence, common-mutual relations, contextual information, 
demographic data, etc.). Finally, we are planning to evaluate the 
aforementioned future work under additional user similarity 
metrics, such as Hamming Distance, Spearman Coefficient, 
Cosine Similarity and Euclidean Distance [2, 38, 39, 40], where 
those are proposed by the literature as more suitable for the ad-
ditional information. The above can also be utilized in broader 
applications of prediction methods using social media data [41, 
42, 43, 44]. 
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