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ABSTRACT

Link prediction in signed social networks is an important and chal-
lenging problem in social network analysis. To produce the most
accurate prediction results, two questions must be answered: (1)
Which unconnected node pairs are likely to be connected by a link
in future? (2) What will the signs of the new links be? These ques-
tions are challenging, and current research seldom well solves both
issues simultaneously. Additionally, neutral social relationships,
which are common in many social networks can affect the accu-
racy of link prediction. Yet neutral links are not considered in most
existing methods. Hence, in this paper, we propose a signed latent
factor (SLF) model that answers both these questions and, addi-
tionally, considers four types of relationships: positive, negative,
neutral and no relationship at all. The model links social relation-
ships of different types to the comprehensive, but opposite, effects
of positive and negative SLFs. The SLF vectors for each node are
learned by minimizing a negative log-likelihood objective function.
Experiments on four real-world signed social networks support the
efficacy of the proposed model.
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1 INTRODUCTION

Signed social networks reflect complex relationships in real-world
social sites better than unsigned social networks because connected
node pairs (i.e., social relatonships or links) can be labeled as pos-
itive, negative, or neutral [6, 21, 27, 29]. Further, any two nodes
that are not connected indicate the absence of a social relationship.
For example, in an election network, a voter may cast a positive,
negative, or neutral vote, or could choose not to vote at all [5].
Given the many pratical uses for this kind of network structure,
this paper focuses on link prediction in signed social networks.

The most important characteristic of a signed social network is
the variety of the social relationships it contains. Hence, the two
corresponding challenges that need to be emphasized when solving
the link prediction problems are:

e Q1: Which unconnected node pairs are likely to be connected
by a link in future?
o Q2: What will the signs of those new links be?

Many existing studies on signed social networks are based on
the social theories (e.g., structural balance theory [16]), which trans-
form a link prediction problem into a adjacency matrix completion
problem [16, 30]. Since many signed social networks are consistent
with the social theories, these approaches are good at accurately
predicting the signs of the new links (Q2). However, the resulting
predictions are based on an unrealistic assumption - that we already
know which nodes will be connected. Hence, approaches based on
social theories typically cannot predict which two nodes will form
a new connection (Q1). Unlike signed social networks, predicting
new links in an unsigned network is an inherent task [1, 2, 4, 8, 31].
The methods designed for unsigned social networks can also predict
the signs by converting the original network to subnetworks with
only one type of link. However, incomplete networks with only
one type of link do not contain the important topology information
that would have been available in the original networks. Therefore,
those approaches have the opposite problem - they are good at
predicting new links (Q1) but not good at predicting their signs
(Q2). Recently, some scholars have begun to more fully consider
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the emergence of new links in signed social networks [18, 19, 26].
The feature-based models mainly rely on the cycle structures [6],
especially the triad structures. In a dense network, cycles are abun-
dant, which makes training an effective prediction model relatively
easy. However, when there are not enough cycles, as with a sparse
network, performance suffers. Unfortunately, most signed social
networks are very sparse. So, although these models do address both
Q1 and Q2 simultaneously, the predictions are not very accurate.

The signed latent factor (SLF) model presented in this paper has
been designed to overcome all these challenges - predicting new
links, predicting the signs of links, and making accurate predictions
in networks of any sparsity. Consider, for example, a simple social
site where users tend to like other users that have a sense of humor
and dislike the users that are boring. In this example, "humorous"
is a positive characteristic, i.e., positive SLF. Therefore, if user v
has a sense of humor, user u is likely to give positive feedback to
user v, prompting a positive social relationship between the two.
The level of positivity is related to user u’s level of interest and v’s
composition of humour. Moreover, the effect and the amount of
the positive feedback is positively related. Similarly, the "boring"
characteristic is a negative SLF, which will have the opposite effect
on the relationships. Note, however, that although the positive and
negative SLFs in this example represent personal characteristics,
SLFs do not need to have an explicit meaning like the latent factors
in traditional models [15].

Thus, we have designed two types of SLFs to work with our
model - one positive and one negative. Each yields the opposite ef-
fect on formation of social relationships. The two types of SLFs are
mapped onto two independent SLF spaces, where each dimension
represents a SLF. Further, within each space, each node is char-
acterized by two SLF vectors, which represent the interests and
compositions, respectively. These vectors are used to capture the
directionality of the relationship. The overall approach is encapsu-
lated in a 3-step procedure specifically-designed for the SLF model.
Nonlinear factors and sociological meanings are used to produce
four different types SLF scores for a node pair, each corresponding
to the four types of social relationships considered in the model.

These four relationships are positive, negative, neutral, and no
relationship at all. Positive and negative relationships are the most
commonly considered. However, neutral social relationships can
also reflect the propensity of one node to connect with another
[3, 24, 25]. For instance, in the election network [5], we generally
believe that an active voter who has cast many neutral votes will
continue to vote that way in future rather than choose not to vote.
If considered, this information would affect the prediction results.
However, most existing approaches either ignore the neutral so-
cial relationships or consolidate them into the "no relationship”
basket. The usual consequence is that a model will underestimate
on the propensity of a node to connect to another. In contrast, the
SLF model presented in this paper makes good use of the neutral
relationships. The SLF vectors are learned by minimizing a neg-
ative log-likelihood objective function, which not only considers
the positive and negative relationships but also neutral and absent
relationships. Further, the scores assigned to neutral links have
a reasonable and sociological meaning. Null relationships, where
no relationship exists, are another important consideration - es-
pecially since most social networks, even dense ones, contain a
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Table 1: Common notations.

Notation Description

G A signed social network

Vv The set of nodes

EP The set of positive links

E" The set of negative links

En¢ The set of neutral links

Enon The set of unconnected node pairs
yout Positive outward SLF vectors

yin Positive inward SLF vectors

wout Negative outward SLF vectors

win Negative inward SLF vectors

k1 Dimensions of the positive SLF space
ko Dimensions of the negative SLF space
n Sample size of null social relationships

large number of null relationships. Optimizing null relationships
are time consuming but many of these relationships are uninforma-
tive at the process of learning the SLF vectors. Therefore, we have
incorporated a node pair sampling process into the optimization
procedure.

Our experiments involve link prediction tasks on four real-world
signed social networks. The results demonstrate the superiority of
our proposed SLF model over the state-of-the-art methods.

The rest of this paper is organized as follows. The preliminaries
are explained in Section 2. The proposed SLF model ! is presented
in Section 3. SLF’s link prediction precedure is outlined in Section
4. Section 5 details the experiments, followed by the conclusion in
Section 6.

2 PRELIMINARIES

This section begins with the problem formulation and a brief ex-
plaination of signed latent factors. Table 1 summarizes the common
notations used in the following sections.

2.1 Problem Formulation

Consider a signed social network G = (V, EP,E", E"¢), where V
is the set of users and EP, E", and E™¢ are the sets of positive,
negative, and neutral links. Unconnected node pairs are defined as
null relationships, denoted as E"°".

The link prediction problem to be addressed is to predict if the
node pairs in E"°" will be connected by a positive, negative, or
neutral link, or remain unconnected in future.

2.2 Signed Latent Factor

Formally, the latent factors in a social network are the independent
unobserved variables which can be used to describe the observed so-
cial relationships [13]. Since a signed social network inherently con-
tains social relationships that are more complex, which cannot be
well captured by traditional latent factor models, we have designed
two types of SLFs - one positive and one negative - each with the cor-
responding, but opposite, effect on a social relationship. Each node

The implementation is available at: https://github.com/WHU-SNA/SLF
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Figure 1: (a) is a political network where the red and green
solid lines represent positive and negative social relation-
ships, respectively. (b) is a simplified one-dimensional latent
factor space. Each node corresponds to two positions in the
latent factor space - interest and composition. Determining
a node pair’s relationship using a traditional model - i.e., by
the positive and negative values of the latent factor vectors -
will result in a negative prediction for node pair (v, w), which
is wrong!

is mapped onto two independent SLF spaces. Within each space,
each node is characterized by two SLF vectors. Hence, each node
is characterized by a total of four SLF vectors, two in the positive
space and two in the negative. A node’s positive outward/inward
SLF vector represents its personal interests/compositions toward
positive SLFs. Similarly, a node’s negative outward/inward SLF vec-
tor represents its personal interests/compositions toward negative
SLFs.

In traditional latent factor models [10, 15, 17, 22, 23], using the
positive and negative values of latent factor vectors is a natural way
to represent a node’s relationships toward positive and negative
SLFs - for example, a bias toward either liberal or conservative
politics. As such, if a node has an interest in the positive parts
of a latent factor, it must have a negative social relationships to
the nodes with a composition to the negative parts of that latent
factor. However, this promise is often unreasonable in the real
world. As shown in Figure 1, users u and v are liberals who trust
other liberals, but only user u distrusts the conservatives; user v is
ambivalent. A traditional latent factor model would predict user v
to be distrustful of the conservative user w. Whereas, our SLF model
is able to distinguish between the different behavior patterns of u
and v using the two different SLFs. Hence, the resulting predictions
would be more accurate. This conjecture is indeed supported by
the results of our experiments (Section 5.2).

However, as our model has two independent SLF spaces, a new
approach is needed to score each node pair against the relevant
factors. This approach is presented in the next section.
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3 THE SLF MODEL

The most important procedure in our SLF model is the method of
calculating the node pair scores.

Here, a comparison between a trditional latent factor model
and the proposed SLF model is useful. In this rudimentary example,
assume that there are two types of social relationships - i.e., in some
way related or not related. Given the node pair (u, v), a traditional
model simply uses the inner product of the outward latent factor
vector of u and the inward latent factor vector of v as the score for
whether a social relationship will form between the nodes. However,
traditional models do not contain a nonlinear factor, so their fitting
performance is limited.

Obviously, the same approach would not work with our SLF
model as we have two independent SLF spaces and must consider
four types of social relationships. Hence, we devised a 3-step pro-
cedure (see Figure 2) to calculate the four types of scores:

e Step 1. Given the node pair (u, v), we first calculate the inner
product of U9#! and U™ and call the result positive feedback
F;,. Then we calculate the inner product of W%* and W2"
and call the result negative feedback Fy,,

Step 2. Next, we quantify the effects of the positive and
negative feedbacks on the social relationship, formulated as
Fa(USHE U™y and f,(WO¥! Wi™) respectively, where f,(x) =
1+1£(E+§8€;—1) is a logistic activation function, and pg repre-
sents the effect of no feedback.

Step 3. The scores for forming a positive, negative, neutral
or null relationship are defined as F;,,(1—Fy,,), (1= F;,,)Fiy,»
F} F,, and (1 - F} )1 — F;,) respectively.

The logistic activation function in Step 2 and the meanings of
the scores in Step 3 are key.

e The activation function f;(x) constructs a nonlinear map-
ping of the positive and negative feedback and its effects on
the relationships. It also normalizes the effects to the interval
[po, 1). As the feedback associated with a sign incrementally
increases, the value of its effect initially grows slowly, then
quickly, and eventually forms an S-curve, which is reflective
of some real-world scenarios. Hence, f;(x) offers a common
criterion for measuring the effect of different types of feed-
back, and the inherent nonlinear factor has the potential to
improve the fitting capacity of the SLF model.

The formation of a social relationship can be seen as the
result of comprehensive interplays betweeen positive and
negative feedback. Hence, the score for forming a positive
social relationship reflects a sociological perspective. Specifi-
cally, if a person u very much appreciates v, and only sees a
small amount of bad in v (i.e., the likelihood F}',,(1 - F;,) is
large), we tend to believe that the social relationship between
u and v is positive. The score for forming a negative social
relationship has a similar meaning. In addition, small values
of F},, and Fy,, indicate that u is not interested in v either
way. If the value of (1 — F;},,))(1 — F,,) is large, we tend to
believe that u and v do not have a social relationship, i.e.,
they have a null relationship. Conversely, a large value of
F;} F;, indicates that u likes v in many aspects, but also
dislikes v a great deal in other respects. Notwithstanding the
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Figure 2: The 3-step procedure for calculating the four types
of node pair scores.

love-hate connotation, this type of relationship tends to be
neutral.

The formal definition of the SLF model is as follows:

Definition 1 (Signed latent factor model). Let V be the set of
nodes in a signed social network. Given the SLF vectors yout yin
WOt and Wi, the scores for node u to generate a positive, neg-
ative, neutral or null relationship to node v are f,(US**Uj™)(1 —
FalWSHTWIM), (1 = fu(USUEU) fu(WHE Wi, [ (USUCUER)
Fa(WSHWER) and (1~ fa(UZUUIM)(1 ~ fal WS W) respec-
tively.

In summary, the SLF model contains two types of SLFs, and each
node is characterized by four SLF vectors. The scores that determine
whether and which type of relationship will be formed between
two nodes are calculated through a 3-step procedure. Each type of
score has a corresponding sociological meaning.

4 LINK PREDICTION WITH THE SLF MODEL

This section explains the procedure for solving a link prediction
problem in a signed social network using the SLF model. The most
important step is learning SLF vectors from the given signed social
network.

4.1 The Link Prediction Procedure
The link prediction procedure (see Figure 3) has five steps as follows:

e Step 1. Learn the SLF vectors for each node from the given
signed social network G.

e Step 2. Concatenate the SLF vectors for u, Ulf’” , U,i", Wlf"t
and W™, to compose a node feature f, for node . That is
to say, fu = (U2, Ui, W, i)

o Step 3. Combine the node features for u and v to compose a
node pair feature f{,, ., for the node pair (u, v).

o Step 4. Use the labels and features of the node pairs to train
a classification model.

o Step 5. Use the classification model and the node pair fea-
tures to make predictions.
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The node pair feature in Step 3 could be constructed in many
different ways. Here we consider the most common four operators
(see Table 2). The impact of each operator on prediction perfor-
mance is discussed in Section 5. The classification model we chose
for Step 5 is the simple and widely used logistic regression model.

Table 2: Operators for constructing node pair features.

Definition

f(u,v) = %(fu +f‘U)
ﬁu,v) = (fu’fv)
ﬁu,v) = |fu _fvl

ﬁu,v) = |fu _fv|2

Operator

Average (Avg)
Concatenate (Con)
L1_weight (L1)
L2_weight (L2)

4.2 Learning SLF Vectors

The most important step of the procedure is Step 1: learning the
SLF vectors for each node from the signed social network. The
maximum likelihood formulation that links the SLF vectors to the
social relationships takes the form of a negative log-likelihood
objective function, defined as follows:

L=- Z(u,v)GEP log(F;i,(1 = Fyy))
- Z(u,v)EE" log((1 - F;v)F;v)
- Z(u,U)EE”e log(Fter;v)
= X, v)egron log((1 = Fi, )(1 = Fp,))
where Fif, = fo(USUIM), F;,, = fa(WO¥ Wi™). And the logistic
poexp(x)

1+po(exp(x)-1)
Equation 1 consists of four components, which correspond to the

positive, negative, neutral and null relationships. To minimize the
objective function, we use the coordinate descent method [11, 20],
where the SLF vectors of a node are updated while fixing all other
SLF vectors in each iteration. Hence, the problem becomes a convex
optimization problem, and the objective function becomes:

(1)

activation function f, is formulated as f;(x) =

Lw) = = Zyen?, ) log(Fpio,(1 = Fyyy))
- Zvean(u) lOg(FZu(l —Fou)) - ZveNgut(u) log((1 - FJU)FJU)
= Zoeny (u) 10g((1 = F5u)Fp) = Xoenre, w) 109(Fiu Fup)
= Yoenre(u) l0g(FS,Foy) = Xoenron(w) log((1 = Fip (1 = Fz)
- ZveNi’;l””(u) log((1 - F;u)(l = Fou))
)

where Ngut(u), N2, (w), N, (u) and NJ'°T*(u) denote the succes-
sors of u with positive, negative, neutral and null relationships.
Similarly, N;.Dn(u), N[ (), N['¢(u) and N['°"(u) denote the prede-
cessors of u with different social relationships.

The derivate of Equation 2 is as follows:

OLw _

()Ul?“t == ZvENfu,(u)UN;’;t(u)((l - .Fl-:v)Uzl;n) (3)
+ XoeNn,, (wuNzerw) FioUg"

AL

aU(,;"2 = = Zoen? wunrmew)(( = Fou)Ug"") @

+ rrout
+ ZveNi':l(u)UNi'L""(u) F‘uqu
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Figure 3: The SLF model based procedure for solving the link prediction problem in a signed social network. The SLF vectors
are learned first. Then, the SLF vectors for each node are concatenated as node features. Next, the node features are combined to
form node pair features. The labels and features of the node pairs are then used to train the classification model for subsequent

predictions.
L, — i
BW,E”L == ZveNgut(u)UNg‘lft(u)((l - Fuv)wzfvn) )
+ XoeN?, (wyuNnen () FuoWo"
dLw _
BT(MJI = = ZoeN2 (wuNpe(w)((1 = Fg, )WgHh) ©

— out
+ Ly eN? (wunzon(u) FouWs

Taking a single step in the coordinate ascent takes a linear
amount of time, which means this approach is not particularly scal-
able to large networks. However, to reduce the training time, we
replace N'7"(u) and N[1°™ (u) with sampled nodes from N7'07 (u)
and NJ'?™(u). There are two reasons for this: the first is that null re-
lationships account for the vast majority of a signed social network,
and therefore optimizing null relationships account for much of the
training time. Second, many null relationships involve completely
unrelated nodes, which add little useful information to the learning
process.

Algorithm 1 summarizes the optimization procedure. When up-
dating US%!, F}  is computed (d9! + n) times, where d3“? is the
outdegree of node u. Thus, the computational cost of updating U2%?
is O((d9%* +n)|k. |). When updating W, *, F;;,, is computed (di* +n)
times, where d.7 is the indegree of node . Thus the computational
cost of updating Wi is O((d!* + n)|k_|). Similarly, the computa-
tional costs of updating Uj* and Wo%! are O((di" + n)|k,|) and
O((d%"? + n)|k_|), respectively. In each iteration, the SLF vectors
of |V| nodes are updated, with a maximum T number of iterations.
Since dﬂ”t, d,i” < |V| in signed social networks, and k4, k—, n, and
T are constants, the overall computational cost of Algorithm 1 is

o(v.

5 EXPERIMENTS

In this section, we present the experiments used to evaluate the
efficacy of the proposed SLF model on link prediction. We begin by
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Algorithm 1: Optimization for learning SLF vectors

Input: the signed social network G = (V, EP, E", E"€),
dimensions of positive latent factor space ki,
dimensions of negative latent factor space k3, and
maximum iterations T.

Output: signed latent factors U°%!, U, WOo4! and Win.

Initialize US%!, UL", Wo** and W™ to random positive

values less than 1.

repeat

for u from 1to |V| do
Update UZ%! via Equation 3;
Update U™ via Equation 4;
Update W2%! via Equation 5;
Update W/" via Equation 6;
Set the negative elements of US%, U™, Wo%! and

Wim to 0.

until converge;

introducing the networks, comparative methods, and evaluation
metrics used. The experimental results follow with a parameter
sensitivity analysis to conclude the section.

5.1 Experimental Setup
5.1.1 Datasets. Four real-world signed social networks were used
in these experiments: WikiElec, WikiRfa, Slashdot and Epinions.
All four networks are collected from the SNAP repository 2, and all
four are very sparse. The descriptive statistics for each of the four
networks appear in Table 3.
o WikiElec and WikiRfa [5]: WikiElec is the voting network
for the Wikipedia administrator elections, and WikiRfa is a

Zhttp://snap.stanford.edu/data/index.html
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Table 3: Network statistics.

Datasets #mnodes #links % positive links % negative links % neutral links
WikiElec 7,194 114,040 73.6 20.3 6.1
WikiRfa 10,885 137,966 73.0 20.8 6.2
Slashdot 82,140 549,202 77.4 22.6 0
Epinions 131,828 841,372 85.3 14.7 0

more recent version of WikiElec. These two datasets contain
positive, negative, and neutral votes (links) with an average
sparsity of 31.7 and 25.3, respectively. Notably, WikiElec and
WikiRfa both contain just over 6% neutral votes - a sufficient
proportion to test the impact of considering neutral links.
Section 5.2 discusses how these neutral links have a positive
effect on the prediction results.

o Slashdot is a friendship network for the technology-related
news website [16]. It has an average sparsity of 13.4. Each
user is allowed to tag another user as a friend (positive) or
foe (negative).

e Epinions is a trust network for the consumer review site [16].
It has an average sparsity of 12.8. Its members can decide to
trust (positive) or distrust (negative) other users based on
the quality of their reviews.

5.1.2  Comparative Methods. Four state-of-the-art link prediction
methods were selected as comparisons. The descriptions follow.

e Scalable embeddings for signed networks (SIGNet) [12]. This
is a scalable feature learning framework suitable for signed
networks. Its objective function aims to carefully model the
social structures implicit in signed networks by reinforcing
the principles of social balance theory.

e Matrix factorization (MF) [10]. Matrix factorization based
model learns the low rank structures in a given network by
decomposing the adjacency matrix of a signed social network
into two low-rank matrices. Predicitons are then made by
recovering the adjacency matrix.

e Link-oriented signed network embedding (LSNE) [7]. This
method is an advancerd version of LINE [28]. It redefines
the first order and second order proximities in LINE to suit
signed social networks and learns the source and target
embedding vectors by optimizing an objective function based
on those proximities.

e Signed directed network embedding (SIDE) [14]. This is a
Skip-Gram-based model that interprets negative edges as an
indication of remoteness, and models asymmetric directions
as biases. Structural balance theory combined with a ran-
dom walk are used to generate multi-step connections for
training.

As a self-comparison, we also tested SLF model without consid-
ering neutral links, which is denoted as SLF-degraded.

5.1.3  Evaluation Metrics. The specific task we assessed was to
predict which unconnected node pairs would be connected and
the signs of those links. We randomly selected 20% of the links
in the networks and added them to the test set, and added the
remaining links to the training set. Unconnected node pairs were
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Table 4: The impact of operators on link prediction with SLF.

| Ayg Con L1 L2

WikiElec | 0.927 0.963 0785 0.786

WikiRfa | 0935 0.963 0790 0.800

AUC@P  gichdot | 0918 0.936 0779 0789
Epinions | 0.957 0.962 0.820 0.809
WikiElec | 0.882 0.941 0.790 0.809

WikiRfa | 0.889 0.942 0810 0.829

AUC@N o chdot | 0930 0.949 0854 0877
Epinions | 0.912 0.941 0.886 0.880
WikiElec | 0.930 0.968 0.795 0.805

WikiRfa | 0.940 0.970 0.809 0.824
AUC@non ) hdot | 0939 0.955 0815 0831
Epinions | 0.964 0.967 0.846 0.840
WikiElec | 0.855 0.901 0.781 0.780
wicropy | WikiRfa | 0860 0.898 0778 0781
Slashdot | 0.869 0.892 0.798 0.803
Epinions | 0.913 0.928 0.829 0.830

undersampled to balance the distribution of social relationships,
which meant null relationships accounted for around 75% of the
training set and test set. Random selection was repeated 10 times
independently; averaged results are reported.

Due to the imbalances common to signed social networks, we
used the standard metrics area under curve (AUC) [9] and micro-F1
score [12] to evaluate the prediction performance. AUC and micro-
F1 are blind to class distribution, and have been widely used to
evaluate the quality of link prediction results. A larger AUC/micro-
F1 value indicates better performance with an upper limit of 1.0,
which represents a perfect prediction result. We used AUC to eval-
uate whether a method could distingguish one type of social rela-
tionships from the others. To this end, we considered one type of
social relationships as the positive class and the remaining as the
negative class. The prediction performance for positive, negative
and null social relationships is denoted as AUC@p, AUC@n, and
AUC@non, respectively. The second metric, micro-F1, reflects the
overall performance in terms of whether a approach correctly labels
the node pairs in the test set.

5.14  Parameter settings. For a fair comparison, we set the dimen-
sions of the node representation to 64 for all comparative methods,
but all other parameters were set according to the values recom-
mended in their respective papers. The parameter settings for the
SLF model were k1 = 32, ko = 32, n = 5 and pp = 0.001.
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Table 5: Comparison between SLF and other state-of-the-art
methods on link prediction.

LF
S SIGNet MF  LSNE SIDE
(proposed)

WikiElec | 0.963 0909 0.933 0.750 0.823
WikiRfa | 0.963 0784 0922 0719 0.802

AUC@P  glchdot | 0936 0911 0865 0743 0838
Epinions | 0.962  0.899 0934 0.871 0.805
WikiElec | 0.941  0.857 0.803 0.697 0.871
WikiRfa | 0.942 0845 0797 0673 0.808

AUC@n g chdot | 0949 0854 0773 0715 0884
Epinions | 0.941 0905 0.895 0.865 0.832
WikiElec | 0.968  0.888 0.910 0.752 0.894
WikiRfa | 0.970 0769 0901 0722 0.898

AUC@non ¢ hdot | 0955 0894 0849 0760 0917
Epinions | 0.967  0.894 0.935 0.886 0.836
WikiElec | 0901 0813 0861 0.792 0.952

micropy | WikiRfa 0.898 0765 0.853 0778 0.954
Slashdot 0.892  0.822 0835 0798 0.957
Epinions | 0.928  0.846 0.903 0.862 0.914

5.1.5 Operators for node pair features. To determine which of the
four operators should be used to combine the node features then
construct node pair features, we assessed all four operators in terms
of AUC@p, AUC@n, AUC@non and micro-F1. The results are
shown in Table 4. The Con operator outperformed the other three
operaters on all the four networks. This operator is suitable for all
the comparison methods and, therefore, made the best choice as
the feature operator.

5.2 Link Prediction

Table 5 shows the results of our link prediction experiments. From
the results, we observe that:

o SLF was the most accurate method in all metrics, except for
micro-F1 where SLF’s performance was competitive. This
result supports the efficacy of the proposed SLF model.

e SLF provided much better results than MF. MF is a tradi-
tional latent factor model that represents the opposite effects
of a latent factor on social relationships according to the
positive/negative values in the latent factor vectors. These
results suggest that the signed latent factor vectors learned
by the SLF model have the potential to greatly improve per-
formance with link prediction tasks.

o SIGNet, LSNE, and SIDE learn the embedding vectors for
each node by preserving structural approximates in the em-
bedding space. SIDE was the only method to approach SLF’s
performance and had a better micro-F1 result. However,
SIDE’s overall performance was worse than SLF. These re-
sults suggest that signed latent factor vectors, which repre-
sent the relation between the nodes and the signed latent
factors, may be more appropriate for link prediction tasks.
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Table 6: The impact of neutral social relationships on link
prediction with SLF.

‘ SLF  SLF-degraded
WikiElec | 0.963 0.934
AUC S
@ \WikiRfa | 0.963 0.927
WikiElec | 0.941 0.893
AUC L
@1 \WikiRfa | 0.942 0.901
WikiElec | 0.968 0.920
AUC

@non  \iRfa | 0.970 0.922

wicropy  WikiElec | 0.901 0.879

WikiRfa | 0.898 0.863

WikiElec WikiRfa
0.95F
0.95F > ¥ e
2 oo} f’
-0~ AUCep
0.85F = Aucen J
-Q~ AUCGnon *—K * *
* 2 micro-F1 0.90 -** 1
(I] ;»IIU 2‘“ ")Il) ](IN) (I] :)1.“ 2‘” rll(] ](I]ll
Slashdot Epinions

0.95

0.95F

0.90

value

0.85

* 0.90 ;

0510 20 50 100 0510 20 50 100

Figure 4: The impact of parameter n (sample size of null so-
cial relationships) on link prediction with SLF.

o SIGNet, MF, and LSNE showed better performance on Epin-
ions than the other networks. Epinions has the largest pro-
portion of positive links, which indicates that these methods
may have difficulty predicting negative links in signed social
networks.

o LSNE was not as competitive as SIGNet or SIDE, even though
all three methods are based on learning the embeddings
in signed social networks. However, LSNE learns the em-
beddings by preserving first- and second-order proximities.
Hence, these results suggest this is not an appropriate tech-
nique for link prediction.

Table 6 reports the results of our comparison between SLF and
SLF-degraded. Slashdot and Epinions do not contain any neutral
links, so these experiments were limited to the WikiElec and WikiRfa
networks. The results show that:

o SLF outperformed SLF-degraded in all four metrics, support-
ing our conjecture that considering neutral relationships
improves link prediction performance.
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AUC@non micro-F1

Figure 5: The impact of parameters k; and kz (demensions of the positive and negative SLF spaces) on link prediction with SLF.

e Further, the AUC@non result benefits most form the neu-
tral relationships, which indicates that considering neutral
relationships improves predictions about the propensity of
a node to connect with other nodes.

5.3

The most sensitive parameters in SLF are the sample size of the
null relationships n, the initialization parameter for the logistic
activation function pg, and the dimensions of the SLF spaces k1 and
k2. We analyzed each in turn as follows.

Parameter Sensitivity

5.3.1 Impact of n. To investigate the effects of n (sample size of null
social relationships), we fixed k1 = 32, kz = 32 and py = 0.001, then
varied n in the set {0, 5, 10, 20, 50, 100}. The results are reported in
Figure 4. From these results, we find:

e Ignoring null relationships reduces the performance of the
SLF model, especially in terms of AUC@non, because too
much information is lost.

e As n increases, performance initially increases but then sta-
bilizes, making it feasible to use node pair sampling in the
optimization.

5.3.2  Impact of po. To investigate the effects of py (the effect of
no feedback on the relationship), we fixed k1 = 32, kp = 32 and
n =5, and varied pg in the set {0.001,0.01,0.1, 0.2}. The results are
reported in Table 7. Here, we find:

e The smaller the py (e.g., 0.001 and 0.01) the better SLF’s
performance, as indicated by the smoother variation in f;(x)
when py is small.
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Table 7: The impact of parameter p (the effect of no feed-
back on the relationship) on link prediction with SLF.

Po= Po= Po= Po=
0001 001 01 02
WikiElec | 0.963 0957 0935 0.937
WikiRfa | 0.963 0955 0.928 0.930
AUC@P g chdot | 0936 0926 0882 0.895
Epinions | 0.962 0.958 0952 0.954
WikiElec | 0.941 0922 0.847 0.841
WikiRfa | 0942 0923 0811 0.822

A
UC@n  qjashdot | 0949 0936 0798 0.784
Epinions | 0.941 0918 0.895 0.900
WikiElec | 0.968 0960 0922 0.922
WikiRfa | 0970 0.960 0.907 0.912
AUC@non ) hdot | 0.955 0943 0886  0.902
Epinions | 0.967 0.962 0.953 0.955
WikiElec | 0.901 0894 0.869 0.861
vicro.p; | WikiRfa | 0.898 0.889 0.857 0.850
Slashdot | 0.892 0.887 0.859 0.856
Epinions | 0.928 0923 0912 0911

e However, with a large py, the minimum values for F;}, and
F,,,, are also large, which makes it more difficult to distin-
guish null relationships from the others. Hence, performance
declines.
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5.3.3 Impact of k1 and k3. To investigate the effects of k1 and k3
(demensions of the positive and negative SLF spaces), we fixedn = 5
and pp = 0.001, and varied both k; and k3 in the set {8, 16, 24, 32, 40,
48,56, 64}. The results are reported in Figure 5, where we find:

o As kj increases, SLF’s overall performance increases initially
but then decreases. When kj is small, SLFs does not have
sufficient representation capacity but, when kj is large, SLF
has a tendency to overfit.

e Compared to k2, k1 has a greater impact on performance.
The reason for this is because signed social networks usually
have more positive links than negative ones, and the k; is
more closely related to the positive links.

6 CONCLUSION

This paper outlines a signed latent factor model, called SLF, for
solving link prediction problems in signed social networks. We
designed two types of signed latent factors. The merit of the pro-
posed model is that SLF considers four different types of social
relationships - positive, negative, neutral and no relationship at
all (i.e., null). Each type of relationship is linked to the compre-
hensive effects of positive and negative signed latent factors. The
SLF model is based on a 3-step procedure that uses signed latent
factor vectors to calculate four scores. Each score corresponds to
the four types of social relationships based on their sociological
meaning. Further, we introduced a nonlinear factor to reduce the
potential for overfitting. Most methods ignore neutral links. How-
ever, through self-comparisons of SLF, we find that considering
neutral relationships benefits performance. Further experiments
with several state-of-the-art methods on four real-world signed so-
cial networks demonstrate the advancements the SLF model makes
to link prediction problems in signed social networks.
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