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Abstract. Social recommendation system has become an emerging research topic due
to the booming development of online social networking services in recent years. Previous
studies mainly minimize the gap between user’s tastes and the average (or similar) tastes
of this user’s neighbors to reduce the error of rating prediction However, these methods
ignore the diversity of linked users’ tastes, and that the degrees of social influence for a
pair of linked users are asymmetric. To address this limitation of prior work, we propose
Asymmetric Social Influence Model (AsySIM), which utilizes social relations to globally
estimate the degree of influence from social neighbors for each user. We statistically
analyze the rating behavior between each user and its neighbors. Experimental results on
three real world datasets show the efficiency and effectiveness of the proposed approach.
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1. Introduction. Developing recommendation systems have been extensively studied
both in industry and academia in the past decade, due to its commercial values as well
as research challenges [23, 2]. Recommendation techniques are being used to support
many successful online services [5], including but not limited to product recommenda-
tion at Amazon.com1, movie recommendation at Flixster.com2, video recommendation at
YouTube.com3 and music recommendation at Last.fm4.

Recently, social recommendation problems have drawn a lot of attentions due to the
booming development of social networking services [6, 26, 9, 17]. Social recommendation
aims at providing recommendations by systematically integrating social information into
traditional recommendation systems. The social link between a pair of users has been re-
ported effective in improving recommendation accuracy [3, 11, 18, 29]. However, previous
preliminary work is mainly based on the assumption that any pair of linked users shall
have similar interests, and that minimizing the gap between user’s tastes and the average
(or similar) tastes of this user’s neighbors can reduce the error of rating prediction. How-
ever, these methods ignore the diversity of linked users’ tastes, and that social influence
[8, 7] between a pair of linked users may be asymmetric.

1http://www.amazon.com
2http://www.flixster.com
3http://www.youtube.com
4http://www.last.fm
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Figure 1. A simple social rating network.

Firstly, the interests of social neighbors cannot directly represent user’s interests [30].
Intuitively, users at both ends of a link may rate common items, but they may also rate
many different items. Consider the linked users u1 and u3, depicted in Figure 1, given
user u1 and u3 is a pair of linked users, these users both rated item i2, but u1 preferred
item i1 while u3 does not. Hence, a prediction of preference from u3 to i1 directly via the
preference of u1 to i1 will be a slip.

Secondly, linked users affect each other, but their influence is asymmetric. For example,
given that user u1 and user u3 are a pair of social neighbors (in Figure 1), and the opinion
of user u1 on item i2 is between neutral and good (let’s say 3.5 stars), but she has to
choose either neutral (3 stars) or good (4 stars). Probably, user u1 has chosen the rating
4 because of u1’s neighbor u3 spoke positively about item i2. For another example, give
users u1 and u2 are a pair of social neighbors, the influence from user u1 to u2 on item
i3 is different to the influence from user u2 to u1 on item i3, since user u2 prefer item i3
while u1 does not. Hereafter, for easy presentation, we refer to this type of influence as
asymmetric social influence.
In this paper, to solve the aforementioned problem, we propose the Asymmetric Social

Influence Model (AsySIM) that utilizes the social information to improve the prediction
accuracy of previous social recommendation methods. More specifically, the social links
are exploited to represent the interests patterns of social neighbors, and the social effects
are estimated based on the designed interests pattern.

The contributions of this paper are summarized as follows:

1. We consider that the influence within a pair of linked users are asymmetric. And
the degree of social influence from their neighbors are estimated by leveraging on
the asymmetric social influence.

2. The AsySIM is proposed to predict the missing ratings, via learning the patterns of
social influence. The computational complexity shows that our method is computa-
tionally efficient, and can be applied to large-scale real life datasets.



AsySIM: Modeling Asymmetric Social Influence for Rating Prediction 27

3. Experimental results on the Epinions [21] dataset, Flixster [12] dataset, and Douban
[20] datasets show that the proposed approach outperforms comparable approach in
terms of accuracy.

The remainder of this paper is organized as follows. Section 2 provides a brief review
of related work on social recommendation techniques. Section 3 describes our proposed
approach to learn the social influence for each user. Section 4 shows the settings in our
experiments. Section 5 presents the experimental results and analysis. Finally, section 6
concludes the paper.

2. Related Work. In this section, we review matrix factorization techniques, and several
social recommendation techniques based on matrix factorization.

Matrix factorization methods in recommender systems normally seek to factorize the
user-item rating matrix into two low rank user and item latent matrices, and then utilize
the factorized matrices to make further predictions [15]. Low-rank matrix approximations
based on minimizing the sum-of-squared-errors can be easily solved using Singular Value
Decomposition (SVD), and and a simple and efficient Expectation Maximization (EM)
algorithm for solving weighted low-rank approximation is proposed in [28]. Probabilistic
Matrix Factorization (PMF) proposed by Salakhutdinov et al. [24] models the predictive
error of matrix factorization as Gaussian distribution. Gradient descent algorithm is used
to find the local maximal posterior probability over user and item latent matrices with
parameters. PMF is very effective and efficient, and this method is essentially equivalent
to the Regularized SVD method. In their following work, Bayesian Probabilistic Matrix
Factorization (BPMF) [25] is proposed by using Markov Chain Monte Carlo (MCMC)
method that gets more accurate predictive results.

In recent years, researchers proposed some matrix factorization based recommendation
methods fusing social relations among users with rating data, which can help to improve
the performance of recommender systems. According to the way social information are
employed into, these techniques can be divided into two categories: regularization-based
methods and ensemble-based methods.

Regularization-based methods typically add regularization term to the loss function and
minimize it. For example, recommendation method proposed by Ma et al. [20] adds social
regularization term to constraint the loss function, which measures the difference between
the latent feature vector of a user and those of his (or her) friends. Local minimum of
the loss function is found by gradient-based method. Jamali and Ester [13] proposed a
probability model similar to the model in [20]. Adaptive social similarity [32] proposed
by Yu et al. adds the similarity of latent features to the regularization term in [20],
which constraints the loss function as well. Yao and et al. at [31] added graph Laplacian
regularization terms of social relations and items to the loss function and minimize the
loss function by low-rank approximation methods. Regularization-based methods always
minimize the difference between the latent feature vector of a user and those of his (or
her) friends and give weights to the regularization terms to tradeoff between factorization
error and regularization terms. The main shortcoming of these methods is that the weights
should be tuned manually to avoid overfitting.

In ensemble-based methods, social relations are generally embedded into the rating
prediction function, and directly exploited to approximate the real observed ratings. A
predictable rating includes the product of user and item latent factors and the bias from
social neighbors, and the bias from social neighbors needs to be weighted manually. For
examples, STE [19] linearly combines the product of user and target item latent feature
with the expectation of the product of this user’s friends and target item latent feature by
controlling a penalty parameter, and it is based on the PMF framework. PWS [30] embeds
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the patterns of personal factors and weighted social effects into the rating prediction
function. The weight of social effects is controlled using a global constant, and it needs
to be tuned via groups of experiments. Ensemble-based methods encounter the same
problem as regularization-based methods: the weight of the bias from social neighbors
should be tuned to control the approximation process, which is computationally expensive
especially on large-scale datasets.

In this paper, we consider that the weight of social influence is unique for each user
(i.e., asymmetric social influence). We propose AsySIM to predict missing ratings, via
automatically learning the weight of social influence for each user and using the sum-of-
squares of these weights to control over fitting. Moreover, we provide many additional
insights that previous work ignored.

3. Asymmetric Social Influence Modeling. In this section, we first introduce the
problem definition, notations, and preliminaries for matrix factorization. And then, we
proposed AsySIM to model the asymmetric social influence for rating prediction.

3.1. Problem definition and notations. In social rating networks, we can get two
major data sources: 1) the user-item rating matrix R which records users’ past behavior,
and 2) the binary social trust matrix T which denotes trusts among users.

Let U , I be the set of users and items, respectively, and V be the set of values users
can assign to items. Let rui denote the entry of matrix R, which stores the rating of user
u on item i. The ratings are formally defined as:

R = {(u, i, rui)|u ∈ U , i ∈ I, rui ∈ V},

where V is set of integers usually in the range of [1, 5]. Let tuv denote the value of social
trust u has on v as a real number in [0, 1], where 0 means no trust and 1 means full trust.
Therefore, the trust relations among users are formulated as:

T = {(u, v, tuv)|u, v ∈ U , u ̸= v, tuv ∈ [0, 1]},

note that T is generally asymmetric.
The task of rating prediction is as follows: given a user u ∈ U and an item i ∈ I for

which r̂ui is unknown, predict the rating for u on i using R and T .
Table 1 gives the main notations used in this paper.

3.2. Matrix Factorization (MF). Given a m× n rating matrix R describing m users’
ratings on n items. the low-rank approach builds a rank-d representation of R, decom-
posing it a user-factor matrix P ∈ Rd×m and an item-factor matrix Q ∈ Rd×n with
d ≪ min(m,n), such that R ≈ P TQ. The predicted rating for a user u and an item i is
calculated as

r̂ui = qT
i pu, (1)

where pu denotes the u-th column of P , and qi denotes the i-th column of Q.
The basic MF model can be enhanced to include user and item biases [14], e.g., the

tendency of users and items to deviate from the global rating mean. When biases are
included, Equation 1 becomes

r̂ui = µ+ b
′

u + b
′′

i + qT
i pu, (2)

where µ is the global mean rating, b
′
u and b

′′
i indicate the observed deviations of user u

and item i respectively.
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Table 1. Notations and semantics.

Notation Semantic
U , I set of users, set of items, respectively
I(u) set of items rated by user u
T set of binary social links
T (u) set of direct neighbors of user u
| · | length of a set
P latent matrix of user
Q latent matrix of item
R user-item rating matrix

R̂ predicted user-item rating matrix
R

′
tested user-item rating matrix

pu latent factors of user u
qi latent factors of item i
xu latent factors of social interests
d dimensionality of latent factors
rij the rating of user i on item j
r̂ij the predicted rating of user i on item j
µ mean of all known rui ratings
b
′
u, b

′′
i biases for user u and item i, respectively

wu the weight of social influence to user u

Typically, R is very sparse. This poses a challenge for training the model, which
is addressed by learning P,Q, b

′
u, b

′′
i from observed ratings by minimizing the objective

function

L = min
P,Q,b′u,b

′′
i

1

2

∑
rui∈R

(rui − (µ+ b
′

u + b
′′

i + qT
i pu))

2

+
λ1

2
∥P∥2 + λ2

2
∥Q∥2 + λ3

2

∑
u∈U

b
′

u

2
+

λ4

2

∑
i∈I

b
′′

i

2
,

(3)

where λ1, · · · , λ4 are tunable parameters to the regularization part of the objective func-
tion, which avoid over fitting [15].

The optimization problem in Equation 3 is minimized by implementing a stochastic
gradient descent method5. For each observed rating rij, the updating rules to learn latent
variables pu, qi are as follows:

pu ← pu + γ(eui · qi − λ1pu),

qi ← qi + γ(eui · pu − λ2qi),

b
′

u ← b
′

u + γ(eui − λ3b
′

u),

b
′′

i ← b
′′

i + γ(eui − λ4b
′′

i ),

(4)

where

eij = rij − (µ+ b
′

u + b
′′

i + qT
i · pu)

and γ is the learning rate.

5The stochastic gradient descent is chosen due to its speed and ease of implementation. An alternative
strategy is alternating least square (ALS) [4, 10]. While ALS can be parallelised (Parallel threads or
processes) [22, 27], these advantages are irrelevant in our case.
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Figure 2. Presenting social influence in user space.

3.3. Incorporating asymmetric social influence. Users in a social network influence
each other, and the behavior of a user is more easily affected by this user’s direct neighbors,
as presented in Figure 2(a). In [30], we have simply used the inner product of latent
feature vectors of users to denote the degree of social influence. As illustrated in Figure
2(b), given user u and v is a pair of linked users, and pu,pv denote their latent feature
vectors respectively, the shadow region is the degree of social influence. The advantage of
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this presentation is that users with similar (or opposite) interests tend to positively (or
negatively) affect each other.

In this paper, however, we consider that the influence from u→ v is not equivalent to
the influence from v → u. We adopt f(v, u) to denote the influence from user v → u and
it is defined as

f(v, u) = wu · pT
upv, (5)

where wu is the weight of influence for user u.
The social influence from the direct neighbors of user u can be formulated as

su =
1

|T (u)|
∑

v∈T (u)

f(v, u) =
1

|T (u)|
∑

v∈T (u)

wu · pT
upv

= pT
u

wu

|T (u)|
∑

v∈T (u)

pv,
(6)

where su denotes the influence received from direct neighbors of user u, |T (u)| is the
number of direct neighbors, and pu,pv denote the latent factors of user u, v respectively.
In realistic, wu denotes the average number of direct neighbors who affect user’s rating
behavior.

Due to a user is presented as a latent feature vector in the latent matrix of users, and
all these vectors share a common coordinate system, therefore a user can be regarded as
a point in user space. We introduce vector xu ∈ Rd×1 to denote social latent interests of
user u, and it is defined as

xu =
wu

|T (u)|
∑

v∈T (u)

pv. (7)

Hence, as shown in Figure 2(a), the latent social interests xu can be regarded as a point
which is close to pu, and the area of social influence of user u can be generally estimated
by the circle whose center is pu and radius is the distance between pu and xu.
Different to previous work on minimizing the gap between pu and xu, we regard xu as a

factor influence user’s rating behavior. Therefore, we fuse su (Equation 6) into the basic
rating function (Equation 2) and get

r̂ui = µ+ b
′

u + b
′′

i + qT
i pu + su

= µ+ b
′

u + b
′′

i + (
wu

|T (u)|
∑

v∈T (u)

pT
v + qT

i )pu,
(8)

where r̂ui is the predicted rating of user u to item i, µ is the global mean rating, bu and
bi indicate the observed deviations of user u and item i respectively, pu denotes the u-th
column of P , and qi denotes the i-th column of Q, T (u) is the direct neighbors of user u.

Therefore, we substitute Equation 8 into Equation 3, and get the objective function

L = min
P,Q,b′u,b

′′
i

∑
rui∈R

(rui − µ− b
′

u − b
′′

i − (
wu

∑
v∈T (u) p

T
v

|T (u)|
+ qT

i )pu)
2

+
λ1

2
∥P∥2 + λ2

2
∥Q∥2 + λ3

2

∑
u∈U

b
′

u

2
+

λ4

2

∑
i∈I

b
′′

i

2
+

λ5

2

∑
i∈I

wu
2,

(9)

where λ1, · · · , λ5 are tunable parameters to the regularization part of the objective func-
tion, which avoid over fitting.
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3.4. Learning algorithm. The SGD is extended to learn the proposed model. The
updating rules of Equation 9 are presented as follows:

xu ←
wu

|T (u)|
∑

v∈T (u)

pT
v ,

pu ← pu + γ(euiqi − λ1(pu + xu)),

qi ← qi + γ(euipu − λ2qi),

b
′

u ← b
′

u + γ(eui − λ3b
′

u),

b
′′

i ← b
′′

i + γ(eui − λ4b
′′

i ),

wu ← wu + γ ∗ (euixT
upu − λ5wu),

(10)

where

eij = rij − (µ+ b
′

u + b
′′

i + qT
i pu + (xT

u + qT
i )pu),

and γ is the learning rate.

Algorithm 1: Pseudo code for solving AsySIM by SGD

Input: R, user-item rating matrix; T , social trust links;
d, dimensionality of latent vectors;
λ1, λ2, λ3, λ4, λ5, γ, MaxEpoch;

1 Initialise d and P,Q, bu, bi with random values in [0, 1/d];
2 µ←

∑
rui∈R rui/|R|;

3 for epoch = 1 to MaxEpoch do
4 for each user u ∈ U do
5 xu ← wu

|T (u)|
∑

v∈T (u) pv; // Social latent interests

6 for each rating rui ∈ I(u) do
7 eui ← rui − (µ+ b

′
u + b

′′
i + qT

i pu + xT
upu);

8 pu ← pu + γ(euiqi − λ1(pu + xu));
9 qi ← qi + γ(euipu − λ2qi);

10 b
′
u ← b

′
u + γ(eui − λ3b

′
u);

11 b
′′
i ← b

′′
i + γ(eui − λ4b

′′
i );

12 wu ← wu + γ ∗ (euixT
upu − λ5wu);

13 return P,Q, b
′
u, b

′′
i , wu;

Algorithm 1 exhibits the steps for learning the proposed AsySIM model. The gradients
are learned in Line 5-12, and the update process is organized in a user-wise manner.
The advantages of user-wise are as follows: social latent interests can be learned more
efficiently in each epoch, and the weight of social influence can be steadily learned without
the distraction of other user’s.

Computational complexity. The complexity of Algorithm 1 is O(t(d|T | − d|U| +
2|U|+ |R|(15d+14))), and we summarize it as follows. Assuming the maximum epoch of
descent is t, the number of observed ratings is |R|, the number of users is |U|, the number
of social links is |T |, and the dimensionality of latent factors is d. In an epoch, the
complexity of learning social latent interests is O(d|T |− d|U|+2|U|), and the complexity
of learning the ratings is O(|R|(15d + 14)). From this complexity analysis, we can see
that the algorithm scales linearly to the scale of dataset (i.e., |R| and |T |) and the
dimensionality of latent factors d.



AsySIM: Modeling Asymmetric Social Influence for Rating Prediction 33

4. Experimental Setup. In this section, we introduce three public available real data
collections, algorithm configuration and benchmark methods.

4.1. Data collections. Epinions Dataset. Epinions6 is a consumer review site which
allows visitors read reviews about a variety of items to help them decide on a purchase.
Users need to submit their own personal opinions on topics such as products, companies,
movies, or reviews issued by other users. Users can also assign products or reviews integral
ratings from 1 to 5. Every member of Epinions maintains a trust list which presents a
network of trust relationships between users. The Epinions dataset7 we use was published
by authors of [21]. Each user has on average 13.5 expressed ratings and 9.9 neighbors.
Flixster Dataset. Flixster8 is a social networking service in which user can rate movies9.
Users can also add other users to their friend list and create a social network. Unlike
epinions, the social relations in Flixster are undirected [12]. On average each user has 8.9
friends and each users has rated 10.4 movies. However, if we ignore the many users who
have not rated any movies and only consider users with at least one rating, each user has
rated 55.5 movies on average.
Douban Dataset. Douban10 is a Chinese social website providing user rating, review
and recommendation services for movie, book and music. Users can assign 5-scale integral
ratings (from 1 to 5) to movies, books and music, and they can make friends with each
other through the emails. Douban dataset11 is crawled and shared by Ma [20]. In this
dataset, users can rate movies, books and songs in a 5-start numerical rating scale.

Table 2. General statistics of Epinions, Flixster and Douban datasets.

Statistics Epinions Flixster Douban

Users 49,290 787,213 129,490
Items 139,738 48,794 58,541
Ratings 664,824 8,196,077 16,830,839

Rating density 9.652× 10−5 2.134× 10−4 2.220× 10−3

Scale/Step size [1, 5]/1 [0.5, 5]/0.5 [1, 5]/1
Social relations 487,183 7,058,819 1,692,952
Users with rating 40,163 147,612 129,490
Users with friend 49,288 786,936 111,210

The general statistics of the Epinions, Flixster and Douban dataset are shown in Table
2.

4.2. Evaluation metrics. The Mean Absolute Error (MAE) and the Root Mean Square
Error (RMSE) metrics are adopted to evaluate recommendation performance of our pro-
posed approach and comparable benchmark methods.

The metric MAE is defined as

MAE =
1

|R′ |
∑

rij∈R′

|rij − r̂ij|, (11)

6http://www.epinions.com
7http://www.trustlet.org/wiki/Epinions_dataset/
8http://www.flixster.com
9http://www.sfu.ca/~sja25/datasets/
10http://www.douban.com
11http://dl.dropbox.com/u/17517913/Douban.zip

http://www.epinions.com
http://www.trustlet.org/wiki/Epinions_dataset/
http://www.flixster.com
http://www.sfu.ca/~sja25/datasets/
http://www.douban.com
http://dl.dropbox.com/u/17517913/Douban.zip
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where rij denotes the rating user i gave to item j in the test dataset R
′
, r̂ij denotes the

rating user i gave to item j as predicted by a method, and |R′ | denotes the number of
tested ratings. The metric RMSE is defined as

RMSE =

√√√√ 1

|R′|
∑

rij∈R′

(rij − r̂ij)2. (12)

We can see that a smaller MAE or RMSE value means a better performance.

4.3. Benchmark methods.

1. MF : The basic MF model (Briefly introduced in Equation 2) is used to observe the
improvement of social enhanced methods, the model is published in 2008.

2. BiasedMF : this is the MF model with user and item biases (Briefly introduced in
Equation 2), and published in 2009. Biased MF is widely used as a baseline in
recommender systems.

3. SR-MF [20]: Social regularization based matrix factorization explicitly utilizes the
social relationships to regulate the latent user factors, and is published in 2011.

4. ASS-MF [32]: Adaptive Social Similarity based matrix factorization is proposed
to alleviate the zero similarity problem among linked users who do not have rated
common items, and is published in 2011.

5. PWS [30]: PWS extended the MF framework via embedding a global weighted
social influence into the rating function, and the social influence among users are
symmetric. This method is publish in 2015.

6. SEM : To study how the social influence su affects user’s rating behavior and per-
formance without the interference of biases (Equation 2), we introduce Social Em-
bedding Model (SEM) by fusing su into the basic rating function (Equation 1) and
get

L = min
P,Q,wu

1

2

∑
rui∈R

(rui − (
wu

∑
v∈T (u) p

T
v

|T (u)|
+ qT

i )pu)
2

+
λ1

2
∥P∥2 + λ2

2
∥Q∥2 + λ3

2

∑
u∈U

∥wu∥2,
(13)

where λ1, λ2, λ3 are parameters which avoid overfitting, T (u) is the direct neighbors
of user u, pu denotes the u-th column of P , and qi denotes the i-th column of Q.

Parameter setting. For all the datasets, we use different training data settings (40%,
60%, and 80%) to test the algorithms (The same setting as [20]). For all the above
mentioned methods, the dimensionality d is configured as 10 and 30 (The same setting
as [16]). We set γ = 0.01, the parameters λ1, · · · , λ5 are all set to 0.01 for all algorithms
mentioned algorithms on Epinions dataset, and set γ = 0.005, the parameters λ1, · · · , λ5

are all set to 0.02 for all algorithms applied on Douban dataset and Flixster dataset.

5. Experimental Results and Analysis. In this section, we demonstrate the exper-
imental results, and then perform analysis to provide insights into rating behaviors and
social relations.

5.1. Method comparison. The predictive accuracy with respect to MAE and RMSE
is measured and listed in Table 3, 4 and 5. The best results are highlighted in bold type.

Firstly, rating prediction errors are greatly reduced when incorporating the social rela-
tions into MF, and the best prediction performance is achieved by AsySIM. We compare
BiasedMF with PWS (w = 0.01), and BiasedMF with AsySIM. It can be observed that
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Table 3. Predictive accuracy comparison on Epinions dataset.

d Training Metrics MF BiasedMF SR-MF ASS-MF PWS SEM AsySIM

10 40% MAE 1.3980 0.9466 1.3922 1.3833 1.1119 1.1079 0.8134
RMSE 1.7943 1.2567 1.7926 1.7821 1.4124 1.4182 1.0639

60% MAE 1.2634 0.9671 1.2695 1.2635 1.0222 1.0210 0.8032
RMSE 1.6507 1.2914 1.6552 1.6455 1.3093 1.3188 1.0523

80% MAE 1.1807 0.9683 1.1912 1.1803 0.9600 0.9597 0.7913
RMSE 1.5579 1.3014 1.5650 1.5486 1.2405 1.2486 1.0392

30 40% MAE 1.3838 0.8636 1.3533 1.3553 1.1035 1.0972 0.8112
RMSE 1.7751 1.1353 1.7600 1.7537 1.4000 1.4035 1.0617

60% MAE 1.2515 0.8706 1.2475 1.2422 1.0134 1.0080 0.8010
RMSE 1.6316 1.1468 1.6319 1.6240 1.2964 1.3002 1.0490

80% MAE 1.1733 0.8799 1.1753 1.1722 0.9548 0.9497 0.7882
RMSE 1.5486 1.1594 1.5486 1.5385 1.2309 1.2328 1.0344

Table 4. Predictive accuracy comparison on Flixster dataset.

d Training Metrics MF BiasedMF SR-MF ASS-MF PWS SEM AsySIM

10 40% MAE 0.6641 0.6525 0.6567 0.6587 0.6535 0.6669 0.6428
RMSE 0.8972 0.8855 0.8896 0.8926 0.8777 0.8967 0.8645

60% MAE 0.6391 0.6339 0.6364 0.6370 0.6343 0.6416 0.6269
RMSE 0.8629 0.8599 0.8613 0.8622 0.8531 0.8628 0.8442

80% MAE 0.6282 0.6238 0.6245 0.6249 0.6227 0.6286 0.6171
RMSE 0.8476 0.8459 0.8446 0.8455 0.8537 0.8457 0.8320

30 40% MAE 0.6759 0.6783 0.6753 0.6793 0.6589 0.6727 0.6428
RMSE 0.9129 0.9188 0.9120 0.9192 0.8851 0.9048 0.8601

60% MAE 0.6443 0.6476 0.6442 0.6452 0.6357 0.6439 0.6255
RMSE 0.8712 0.8790 0.8707 0.8737 0.8561 0.8671 0.8408

80% MAE 0.6256 0.6297 0.6260 0.6270 0.6204 0.6257 0.6162
RMSE 0.8464 0.8552 0.8469 0.8491 0.8370 0.8436 0.8341

Table 5. Predictive accuracy comparison on Douban dataset.

d Training Metrics MF BiasedMF SR-MF ASS-MF PWS SEM AsySIM

10 40% MAE 0.5751 0.5734 0.5767 0.5762 0.5676 0.5736 0.5673
RMSE 0.7346 0.7306 0.7382 0.7359 0.7204 0.7287 0.7181

60% MAE 0.5624 0.5605 0.5621 0.5624 0.5577 0.5613 0.5581
RMSE 0.7171 0.7139 0.7177 0.7176 0.7078 0.7125 0.7080

80% MAE 0.5552 0.5536 0.5550 0.5550 0.5511 0.5548 0.5519
RMSE 0.7068 0.7040 0.7071 0.7074 0.6994 0.7038 0.7004

30 40% MAE 0.5813 0.5774 0.5783 0.5710 0.5733 0.5751 0.5663
RMSE 0.7439 0.7353 0.7392 0.7317 0.7291 0.7303 0.7164

60% MAE 0.5652 0.5631 0.5649 0.5643 0.5602 0.5627 0.5587
RMSE 0.7222 0.7172 0.7205 0.7196 0.7127 0.7145 0.7100

80% MAE 0.5555 0.5539 0.5567 0.5561 0.5517 0.5546 0.5507
RMSE 0.7090 0.7054 0.7093 0.7086 0.7018 0.7048 0.6986

PWS is not stable, but AsySIM outperforms the compared methods in all cases. A pos-
sible reason for the unsteadiness of PWS is that larger (smaller) w makes noisy social
influence in predicted ratings. This result suggests that asymmetric social influence is
more effective than weighted social influence.

Secondly, however, the asymmetric social influence has only slight effects for the Flixster
dataset when comparing SEM with MF. The reason is that linked users in Flixster are
connected by emails and their rating behaviors seem to be independent. We also compare
BiasedMF with MF on Flixster dataset. MF outperforms BiasedMF when dimensionality
d = 30, which indicates that the biases do not work well on Flixster dataset. When the
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biases and social influence are both incorporated (e.g., PWS or AsySIM), the prediction
errors are reduced.

Lastly, comparing AsySIM with other methods on Epinions dataset, although our
method is to predict ratings by leverage the patterns of asymmetric social influence, we
surprisedly find that it also has a good effects on alleviating the problem of data sparsity
[1]. As listed in Table 2, the rating density of Epinions dataset is greatly smaller than
other two datasets, but the improvements of (SEM and AsySIM) are more significant.

5.2. Statistical data analysis. We carry out a detailed statistical analysis to help ana-
lyze some underlying assumptions and provide insights into recommendation performance.
Three observations are made with respect to corrections between user’s rating behavior
and their social neighbors. The statistical results12 are listed in Table 6.

Table 6. Results on bivariate correlation in terms of PCC and Spearman.
The measured values are all with ** (p-value < 0.01).

Pair of statistics Metrics Epinions Flixster Douban

X(1), Y (1) Pearson 0.432 0.041 0.136
Spearman 0.537 0.088 0.156

X(1), Y (2) Pearson 0.207 0.166 0.171
Spearman 0.359 0.359 0.181

X(3), Y (3) Pearson 0.083 0.066 0.053
Spearman 0.112 0.072 0.068

Number of samples 27,681 135,594 110,928

Observation 1. The rating number of a user is weakly positively correlated with the
number of this user’s social neighbors.

To investigate the connection between user’s rating behavior and their social activities,
we count the rating number of a user and this user’s social neighbors. Let X(1), Y (1)

denote the rating number and the friends number respectively, and they can be explicitly
described as follows:

X(1) = {(u, |I(u)|)|u ∈ U},
Y (1) = {(u, |T (u)|)|u ∈ U},

(14)

where | · | denotes the length of a set. Note that, users without any friend are filtered out.
Hereafter, we adopt Pearson correlation coefficient (PCC) and Spearman’s rank cor-

relation coefficient (Spearman) to measure correlation relationships, because these two
coefficients work well with linear or non-linear conditions. Note that, PCC needs linear
condition on input data while Spearman do not. A value of PCC or Spearman ranges
from −1.0 to 1.0, 0 implies no correlation, 1 (or -1) implies perfect positive (or negative)
correlation.

As Table 6 revealed, the statistical results on Epinions and Douban datasets support
Observation 1, which indicates that users who have more friends may also rate more items.
However, the correlation in Flixster dataset is relative small (PCC 0.041, and Spearman
0.88), which reveals that the rating behavior and making friends (via emails) seem to be
independent. This also poses a potential difficulty for social enhanced methods in Flixster
dataset.

12The SPSS software is used to deal with the statistical task. Details for https://www.ibm.com/

analytics/data-science/predictive-analytics/spss-statistical-software.

https://www.ibm.com/analytics/data-science/predictive-analytics/spss-statistical-software
https://www.ibm.com/analytics/data-science/predictive-analytics/spss-statistical-software
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Observation 2. The rating number of a user is weakly positively correlated with the
average rating number of this user’s social neighbors.

Let Y (2) denote the average rating number of u’s neighbors, and it is defined as

Y (2) = {(u,
∑

v∈T (u) |I(v)|
|T (u)|

)|u, v ∈ U}. (15)

Table 6 reveals that X(1) is weakly positively correlated with Y (2) on the provided
datasets. The likely explanation is that verbal persons may like to communicate with
other verbal persons in real life, and also provides an evidence for the denominator |T (u)|
of social influence (Equation 5).

Observation 3. The average rating of a user is almost not correlated with the average
rating of this user’s social neighbors.

A user with higher rating tendency may rate 5 stars on preferred items, meanwhile a
user with lower rating tendency may rate 4 stars on preferred items. To investigate the
connection of rating tendency between user and his neighbors, we use the average rating
of a user to denote this user’s rating tendency, and calculate the average rating of a user
from all this user’s ratings. For easy presentation, we use X(3), Y (3) to denote the average
rating of users and the average rating of this user’s social neighbors, respectively. They
are defined as follows:

X(3) = {(u,
∑

i∈I(u) rui

|I(u)|
)|u ∈ U , i ∈ I},

Y (3) = {(u,
∑

v∈T (u)(
∑

i∈I(v) rvi/(I(v))
|T (u)|

))|u, v ∈ U , i ∈ I}.
(16)

As listed in Table 6, the PCC and Spearman values between X(3) and Y (3) are relatively
small. This indicates that the rating tendencies of a user and this user’s neighbors (friends
linked by email, or trusted friends) are independent, and it also explains the limitation of
rating ensemble methods (e.g., STE[19]).

6. Conclusions and Future Work. In this paper, we consider that the social influence
between linked users may be asymmetric. The AsySIM model is proposed to model the
influence from social neighbors for each user based on the asymmetric social influence. In
the proposed method, the influence from social neighbors are captured by the factorization
technique, which utilizes the multiplication of the weight social influence and inner product
of their latent feature vectors. The advantage of this method is the avoidance of parameter
tuning while fusing the social relations to enhance the recommendation.

Experimental results on three real datasets show the effectiveness and efficiency of
our proposed method on minimizing the prediction errors. Three observations are made
to provide insights between user’s rating behaviors and their neighbors’. These analysis
show that social relations express a weak correlation (w.r.t., the number of ratings) among
linked users, but their rating tendencies seem to be independent. That also provides a
statistical evidence for the essential of asymmetric social influence.

In the future, we plan on extending our work on the study of incorporating item side
information.
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