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Abstract
Edge sign prediction mines sign-related implicit information based on network
topology, aiming to reveal potential relationships between users. Node status
and similarity can effectively reflect edge sign properties, providing a theoretical
basis for improving prediction effectiveness. By investigating the strong correla-
tion between these two factors and edge sign properties, a sign prediction model
is constructed. First, the Prestige ranking algorithm is utilized to assess the
social status of user nodes, while cosine similarity is concurrently employed to
represent users’social preferences; then, the two factors are integrated on the ba-
sis of the logistic regression learning model to establish the edge sign prediction
model LR-SN; finally, the stochastic gradient ascent algorithm is adopted for
optimization during model training. Experimental results on three real-world
network datasets demonstrate that, compared with existing benchmark meth-
ods, the LR-SN model achieves significantly improved sign prediction accuracy
and exhibits certain generalizability, indicating that fusing local and global in-
formation can further enhance prediction performance.

Full Text
Preamble
Social Network Edge Sign Prediction Based on Node Status and Sim-
ilarity

Lu Zhigang, Ye Meili
(College of Economics & Management, Shanghai Maritime University, Shanghai
201306, China)

Abstract: Edge sign prediction aims to mine sign-related implicit information
from network topology to reveal potential relationships between users. Node
status and similarity can effectively represent edge sign attributes, providing
a theoretical basis for improving prediction performance. By investigating the
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strong correlation between these two factors and edge sign attributes, we estab-
lish a sign prediction model. First, we use the Prestige ranking algorithm to
evaluate the social status of user nodes, while employing cosine similarity to rep-
resent users’social preferences. Then, we fuse these two components based on
a logistic regression learning model to establish the edge sign prediction model
LR-SN. Finally, we adopt a stochastic gradient ascent algorithm for optimiza-
tion during training. Experimental results on three real-world network datasets
demonstrate that compared with existing baseline methods, the LR-SN model
significantly improves sign prediction accuracy and exhibits certain generaliz-
ability, indicating that fusing local and global information can further enhance
prediction effectiveness.

Keywords: edge sign prediction; node status; node similarity; logistic regres-
sion; stochastic gradient ascent algorithm

0 Introduction
Social networks are virtual spaces where people exchange opinions and share
information, allowing users to label connected individuals as friends or enemies
and express agreement or disagreement with others’statements and viewpoints.
Therefore, social networks can be described as directed networks with positive
or negative edge signs, where positive edges represent constructive relationships
such as friendship, trust, or liking between two users, while negative edges rep-
resent destructive relationships such as hostility, suspicion, or dislike. Edge sign
prediction in social networks involves extracting network structural information
and user relationship data to predict unknown edge signs, revealing potential
relationships like friends, strangers, or enemies.

Edge sign prediction holds significant research importance in machine learning,
big data analytics, and decision-making. Investigating edge sign attributes helps
understand fundamental network structural characteristics [1] and addresses
problems such as personalized recommendation [2], public opinion analysis [3],
and anomalous user detection [4]. This paper delves into edge sign attributes
and proposes an efficient edge sign prediction model. We conduct extensive
experiments on Epinion, Slashdot, and Wikipedia datasets, demonstrating the
effectiveness of our model in sign prediction.

The main contributions are as follows:
a) We propose two quantification strategies for sign attributes, quantifying node
status and similarity respectively.
b) Based on the logistic regression learning model, we fuse node status and sim-
ilarity to establish the edge sign prediction model LR-SN, where node status
quantifies sign attribute-related features from a global perspective, and node
similarity embodies sign attributes from a local perspective.
c) To validate the effectiveness of the LR-SN model, we conduct multiple exper-
iments on Epinion, Slashdot, and Wikipedia datasets, and elaborate in detail
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on how different quantification strategies affect sign prediction accuracy.

1 Related Research
Research on social network edge signs originated from social psychology, initially
explored by Heider et al. [5] from a psychological perspective on interaction
patterns between positive and negative relationships in interpersonal commu-
nication. Subsequently, Cartwright and Harary [6] described social networks
using graph theory as directed networks with positive and negative edge signs.
With the rise of complex networks, edge sign prediction in social networks has
gradually become a research hotspot.

Current methods for edge sign prediction can be broadly divided into two cat-
egories: local feature-based methods and global feature-based methods. Local
feature-based methods utilize only neighborhood characteristics of nodes, such
as node in-degree/out-degree [7], number of common neighbors [7], and node
similarity [8-9], for edge sign prediction. Global feature-based methods expand
the scope of feature extraction, quantifying network imbalance from a global
perspective, typically employing extended structural balance theory [10], con-
textual information [11,12], node ranking [13], and other measures for sign pre-
diction. Leskovec et al. [7] formalized the sign prediction problem by extracting
two types of network structural information: node neighborhood features and
16 types of triadic relationship patterns based on sociological theories, then
trained features using logistic regression to achieve edge sign prediction. Chi-
ang et al. [10] proposed using extended structural balance theory with ordered
long cycles for edge sign prediction, demonstrating that prediction accuracy im-
proves effectively as cycle length increases from 3 to 5. This method extends
the local metric approach of Leskovec et al. Symeonidis et al. [9] defined intra-
cluster and inter-cluster similarity, then utilized recommendation algorithms
for sign prediction. Shahriari and Jalili [13] introduced ranking algorithms into
feature value computation, first ranking nodes in the network using various sort-
ing algorithms, then calculating features based on these ranking values, thereby
embodying edge sign attributes from a global perspective.

Local and global information in networks are closely related, but using only one
of them for edge sign prediction is insufficient. To address this issue, this paper
fuses local and global information by introducing node status and similarity
quantification strategies based on the logistic regression learning model, thereby
solving problems such as low prediction accuracy caused by network sparsity and
insufficient utilization of local features.
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2 Problem Formalization
We represent a social network as a directed graph denoted as 𝐺(𝑉 , 𝐸, 𝑆), where
𝑉 = {1, 2, ..., 𝑛} represents the set of user nodes in the social network, 𝐸 =
{1, 2, ..., 𝑚} represents the set of edges depicting relationships between user
nodes, and 𝑆 = {1, −1, 0} represents edge signs. For nodes 𝑖, 𝑗 ∈ 𝑉 , if (𝑖, 𝑗) ∈ 𝐸,
then 𝑠𝑖𝑗 ∈ 𝑆. When 𝑠𝑖𝑗 = 1, it represents a positive relationship indicating trust,
cooperation, friendliness, or support between nodes 𝑖 and 𝑗; when 𝑠𝑖𝑗 = −1, it
represents a negative relationship indicating distrust, hostility, dislike, or oppo-
sition between two nodes; and 𝑠𝑖𝑗 = 0 indicates that the interaction relationship
between nodes 𝑖 and 𝑗 is unknown.

Using the above notation and definitions, we define the edge sign prediction
problem in social networks as follows: Design a sign prediction framework
𝑓(𝐺, 𝑉 , 𝐸, 𝑆) that predicts edge signs in the network by extracting network
structural information combined with known user relationship data. That is,
given a social network 𝐺(𝑉 , 𝐸, 𝑆), the framework 𝑓 predicts unknown positive
or negative relationships: 𝑓(𝐺, 𝑉 , 𝐸, 𝑆) → 𝑠𝑖𝑗.

3 Node Status and Similarity Quantification
Empirical studies have found that edge sign attributes are closely related to
node status and similarity [7-9], both of which can reflect users’popularity
and social preferences in the network to some extent. Therefore, we design a
sign prediction framework 𝑓 using node status and similarity, and propose two
quantification strategies for sign attributes.

3.1 Node Status

Differences in node status within a network can be used to label edge signs [14].
Specifically, a positive edge from 𝑖 to 𝑗 indicates that 𝑖’s status is higher than
𝑗’s, while a negative edge from 𝑖 to 𝑗 indicates that 𝑖’s status is lower than 𝑗’s.
This hierarchical relationship is transitive [15]. Network topology can be used
to evaluate the social status of user nodes. In social networks, positive edge
in-degree helps elevate a node’s social status, while negative edge in-degree
reduces it. Based on this, we propose a node status quantification strategy—
Prestige—to evaluate users’social status.

Prestige [12] considers only the positive and negative edge in-degree of nodes in
the network structure. If a node receives many positive edges from other nodes,
it indicates high status and prestige in the network. Conversely, if a node
receives many negative edges, its status and reputation are low. The Prestige
value of node 𝑖 (𝑃𝑟𝑖) is calculated as follows:

𝑃𝑟𝑖 = 𝐼𝑁+
𝑖 − 𝐼𝑁−

𝑖
𝐼𝑁+

𝑖 + 𝐼𝑁−
𝑖
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where 𝐼𝑁+
𝑖 and 𝐼𝑁−

𝑖 represent the positive and negative edge in-degree of node
𝑖, respectively. A higher Prestige value indicates greater prestige and status,
making the node more easily trusted in the network. Conversely, a lower Prestige
value suggests the node is less likely to be trusted by other nodes.

3.2 Node Similarity

Users with similar preferences tend to assign similar signs to edges in social
networks [8]. Node similarity can roughly reflect users’social preferences in the
network. For nodes related to the edge sign to be predicted, we can infer the
likelihood of the source node assigning a positive or negative edge to the target
node by calculating the average similarity between the source node’s neighbors
and the target node’s neighbors. Intuitively, if user 𝑖 has high similarity with
users who have given positive edges to user 𝑗, then user 𝑖 is likely to give a
positive edge to user 𝑗. Conversely, if user 𝑖 has high similarity with users who
have given negative edges to user 𝑗, then user 𝑖 is likely to give a negative edge
to user 𝑗.

Let 𝑠𝑖𝑗 denote the edge sign from node 𝑖 to node 𝑗, and 𝑁𝑖 and 𝑁𝑗 denote the
neighbor nodes of 𝑖 and 𝑗, respectively. We use cosine similarity to calculate
similarity between user nodes, defined as follows:

𝑆𝑖𝑚(𝑖, 𝑘) =
∑𝑝∈𝐼𝑖𝑘

𝑟𝑖𝑝 ⋅ 𝑟𝑘𝑝

√∑𝑝∈𝐼𝑖𝑘
𝑟2

𝑖𝑝√∑𝑝∈𝐼𝑖𝑘
𝑟2

𝑘𝑝

Based on known social network topology information, we quantify the likelihood
of user 𝑖 giving a positive edge to user 𝑗 through node similarity:

𝑆+
𝑖𝑗 =

∑𝑘∈𝑊 + 𝑆𝑖𝑚(𝑖, 𝑘)
|𝑊 +|

where 𝑊 + = {𝑘|𝑠𝑘𝑗 = 1} represents the set of nodes that have positive edges
with node 𝑗, and |𝑊 +| denotes the set size.

Conversely, the likelihood of user 𝑖 giving a negative edge to user 𝑗 is:

𝑆−
𝑖𝑗 =

∑𝑘∈𝑊 − 𝑆𝑖𝑚(𝑖, 𝑘)
|𝑊 −|

where 𝑊 − = {𝑘|𝑠𝑘𝑗 = −1} represents the set of nodes that have negative edges
with node 𝑗.
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4 Edge Sign Prediction Models
Using node status and similarity as the foundation for model construction, we
establish edge sign prediction models based on logistic regression, with corre-
sponding quantification strategies.

4.1 Logistic Regression-Based Edge Sign Prediction (LR)

Logistic regression is a supervised statistical learning method that treats posi-
tive/negative relationship prediction in social networks as a binary classification
problem. To apply this algorithm for sign prediction, we first construct a feature
set related to edge sign attributes, then use this feature set as input to train a
classifier for positive/negative relationship prediction. The specific form is as
follows:

ℎ𝜃(𝑥) = 𝑔(𝜃𝑇 𝑥) = 1
1 + 𝑒−𝜃𝑇 𝑥

where 𝑥 = (𝑥0, 𝑥1, 𝑥2, ...) represents the feature vector extracted from the social
network, which should reflect edge sign attributes to a certain extent. 𝜃 =
(𝜃0, 𝜃1, 𝜃2, ...) represents the weight vector assigned to each feature, estimated
through maximum likelihood methods.

The probability that edge 𝑦 to be predicted is positive is:

𝑃(𝑦 = 1|𝑥; 𝜃) = ℎ𝜃(𝑥)

The probability that edge 𝑦 is negative is:

𝑃(𝑦 = 0|𝑥; 𝜃) = 1 − ℎ𝜃(𝑥)

Edge 𝑦 has two possible values: 0 or 1. When 𝑦 = 1, the predicted edge is
positive; when 𝑦 = 0, the predicted edge is negative. Generally, when 𝑃(𝑦 =
1|𝑥; 𝜃) > 0.5, the predicted edge 𝑦 is positive (value 1), and when 𝑃(𝑦 = 1|𝑥; 𝜃) <
0.5, the predicted edge 𝑦 is negative (value 0).

4.2 Node Status-Based Edge Sign Prediction Model (LR-S)

To simulate node status for edge sign prediction, we establish a node status-
based edge sign prediction model LR-S by leveraging the strong correlation
between node status and edge sign attributes. To emphasize the importance of
node status in the prediction process, we propose four node status quantifica-
tion features as the baseline. These features quantify each user node’s social
status and optimism degree from a global perspective, largely reflecting edge
sign attributes.
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The node status quantification features include 𝑅𝑒𝑝𝑖, 𝑂𝑝𝑡𝑖, 𝑅𝑒𝑝𝑗, and 𝑂𝑝𝑡𝑗, rep-
resenting the reputation value and optimism value of node 𝑖, and the reputation
value and optimism value of node 𝑗, respectively. In the feature calculation
process, we first use the node status quantification strategy—Prestige—to evalu-
ate each user node’s social status, then calculate the reputation and optimism
values of nodes related to edge sign prediction based on the obtained Prestige
values.

The reputation value and optimism value of node 𝑖 are defined as:

𝑅𝑒𝑝𝑖 =
∑𝑘∈𝐼𝑁+

𝑖
𝑃𝑟𝑘 − ∑𝑘∈𝐼𝑁−

𝑖
𝑃𝑟𝑘

|𝐼𝑁+
𝑖 | + |𝐼𝑁−

𝑖 |

𝑂𝑝𝑡𝑖 =
∑𝑘∈𝑂𝑈𝑇 +

𝑖
𝑃𝑟𝑘 − ∑𝑘∈𝑂𝑈𝑇 −

𝑖
𝑃𝑟𝑘

|𝑂𝑈𝑇 +
𝑖 | + |𝑂𝑈𝑇 −

𝑖 |

Similarly, the reputation value and optimism value of node 𝑗 are defined as:

𝑅𝑒𝑝𝑗 =
∑𝑘∈𝐼𝑁+

𝑗
𝑃𝑟𝑘 − ∑𝑘∈𝐼𝑁−

𝑗
𝑃𝑟𝑘

|𝐼𝑁+
𝑗 | + |𝐼𝑁−

𝑗 |

𝑂𝑝𝑡𝑗 =
∑𝑘∈𝑂𝑈𝑇 +

𝑗
𝑃𝑟𝑘 − ∑𝑘∈𝑂𝑈𝑇 −

𝑗
𝑃𝑟𝑘

|𝑂𝑈𝑇 +
𝑗 | + |𝑂𝑈𝑇 −

𝑗 |

where 𝑃𝑟𝑘 is the ranking score of node 𝑘, calculated using Equation (2). 𝐼𝑁+
𝑖

and 𝐼𝑁−
𝑖 represent the sets of nodes that give positive and negative edges to

node 𝑖, respectively. 𝑂𝑈𝑇 +
𝑖 and 𝑂𝑈𝑇 −

𝑖 represent the sets of nodes that receive
positive and negative edges from node 𝑖, respectively. Similar definitions apply
to node 𝑗.

A node’s reputation value reflects its popularity in the network, measuring its
acceptance within its social circle and its influence in society. Nodes with higher
reputation values have greater status and influence, making other nodes more
likely to give them positive edges. Conversely, the optimism value reflects a node’
s tendency to give positive, friendly interactive relationships to other nodes in
the network, indicating the node’s personality—“optimistic and friendly”to a
certain extent. The higher the optimism value, the more likely the node is to
give positive edges to other nodes.

The logical relationship between reputation value and optimism value is shown
in Figure 1 [Figure 1: see original paper]. The reputation value only considers
the set of nodes related to node 𝑖’s incoming edges and calculates the Prestige
values of all nodes in this set. Conversely, the optimism value only considers
the set of nodes related to node 𝑖’s outgoing edges and the Prestige values of
all nodes in this set.
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Based on the logistic regression sign prediction method, we achieve model ex-
tension by introducing four node status quantification features as the feature
set input. Thus, the LR-S model can be defined as:

𝑃(𝑦 = 1|𝑥; 𝜃) = 1
1 + 𝑒−(𝜃0+𝜃1𝑅𝑒𝑝𝑖+𝜃2𝑂𝑝𝑡𝑖+𝜃3𝑅𝑒𝑝𝑗+𝜃4𝑂𝑝𝑡𝑗)

4.3 Node Status and Similarity-Based Edge Sign Prediction Model
(LR-SN)

Although node status can quantify sign attribute-related features from a global
perspective, it still has limitations. First, when the social status difference be-
tween two users is small, prediction accuracy will be affected. Second, node
status focuses on global information in the network while neglecting local infor-
mation. Empirical studies have found that when network clustering coefficient
is high, local information can achieve higher prediction accuracy than global
information. Therefore, when establishing a node status-based edge sign pre-
diction model, we must consider not only the social status difference between
two users but also incorporate node similarity that reflects local information to
overcome its limitations in sign prediction. Thus, we propose the node status
and similarity-based edge sign prediction model LR-SN.

Compared with LR-S, this model innovatively proposes four additional node
similarity quantification features. These features quantify each user’s attributes
and preferences from a local perspective, further embodying edge sign attributes.

The node similarity quantification features include source node positive similar-
ity, source node negative similarity, destination node positive similarity, and
destination node negative similarity, defined as follows:

a) Source Node Positive Similarity 𝑆+,𝑜𝑢𝑡
𝑖𝑗 : The average similarity be-

tween node 𝑖 and nodes that give positive edges to 𝑗. The higher the
𝑆+,𝑜𝑢𝑡

𝑖𝑗 value, the greater the likelihood that the edge from node 𝑖 to node
𝑗 is positive. 𝑆+,𝑜𝑢𝑡

𝑖𝑗 is calculated as:

𝑆+,𝑜𝑢𝑡
𝑖𝑗 =

∑𝑘∈𝑊 +
𝑜𝑢𝑡

𝑆𝑖𝑚𝑜𝑢𝑡(𝑖, 𝑘)
|𝑊 +

𝑜𝑢𝑡|

where 𝑊 +
𝑜𝑢𝑡 = {𝑘|𝑠𝑘𝑗 = 1} is the set of nodes that give positive edges to node 𝑗,

and 𝑆𝑖𝑚𝑜𝑢𝑡(𝑖, 𝑘) is the similarity between node 𝑖 and node 𝑘 that gives positive
edges to 𝑗, calculated as:

𝑆𝑖𝑚𝑜𝑢𝑡(𝑖, 𝑘) =
∑𝑝∈𝐼𝑜𝑢𝑡

𝑖𝑘
𝑟𝑖𝑝 ⋅ 𝑟𝑘𝑝

√∑𝑝∈𝐼𝑜𝑢𝑡
𝑖𝑘

𝑟2
𝑖𝑝√∑𝑝∈𝐼𝑜𝑢𝑡

𝑖𝑘
𝑟2

𝑘𝑝
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where 𝑟𝑖𝑝 and 𝑟𝑘𝑝 are the edge signs from nodes 𝑖 and 𝑘 to node 𝑝, respectively,
and 𝐼𝑜𝑢𝑡

𝑖𝑘 is the set of nodes that both 𝑖 and 𝑘 point to.

b) Source Node Negative Similarity 𝑆−,𝑜𝑢𝑡
𝑖𝑗 : The average similarity be-

tween node 𝑖 and nodes that give negative edges to 𝑗. The higher the
𝑆−,𝑜𝑢𝑡

𝑖𝑗 value, the greater the probability that the edge from node 𝑖 to
node 𝑗 is negative. 𝑆−,𝑜𝑢𝑡

𝑖𝑗 is defined as:

𝑆−,𝑜𝑢𝑡
𝑖𝑗 =

∑𝑘∈𝑊 −
𝑜𝑢𝑡

𝑆𝑖𝑚𝑜𝑢𝑡(𝑖, 𝑘)
|𝑊 −

𝑜𝑢𝑡|

where 𝑊 −
𝑜𝑢𝑡 = {𝑘|𝑠𝑘𝑗 = −1} is the set of nodes that give negative edges to node

𝑗, and 𝑆𝑖𝑚𝑜𝑢𝑡(𝑖, 𝑘) is the similarity between node 𝑖 and node 𝑘, calculated by
Equation (15).

c) Destination Node Positive Similarity 𝑆+,𝑖𝑛
𝑗𝑖 : The average similarity

between node 𝑗 and nodes that receive positive edges from 𝑖. The higher
the 𝑆+,𝑖𝑛

𝑗𝑖 value, the greater the probability that node 𝑗 receives positive
edges from node 𝑖. 𝑆+,𝑖𝑛

𝑗𝑖 is defined as:

𝑆+,𝑖𝑛
𝑗𝑖 =

∑𝑘∈𝑊 +
𝑖𝑛

𝑆𝑖𝑚𝑖𝑛(𝑗, 𝑘)
|𝑊 +

𝑖𝑛|

where 𝑊 +
𝑖𝑛 = {𝑘|𝑠𝑖𝑘 = 1} is the set of nodes that receive positive edges from

node 𝑖, and 𝑆𝑖𝑚𝑖𝑛(𝑗, 𝑘) is the similarity between node 𝑗 and node 𝑘, calculated
as:

𝑆𝑖𝑚𝑖𝑛(𝑗, 𝑘) =
∑𝑝∈𝐼𝑖𝑛

𝑗𝑘
𝑟𝑝𝑗 ⋅ 𝑟𝑝𝑘

√∑𝑝∈𝐼𝑖𝑛
𝑗𝑘

𝑟2
𝑝𝑗√∑𝑝∈𝐼𝑖𝑛

𝑗𝑘
𝑟2

𝑝𝑘

where 𝑟𝑝𝑗 and 𝑟𝑝𝑘 are the edge signs from node 𝑝 to nodes 𝑗 and 𝑘, respectively,
and 𝐼 𝑖𝑛

𝑗𝑘 is the set of nodes from which both 𝑗 and 𝑘 receive edges.

d) Destination Node Negative Similarity 𝑆−,𝑖𝑛
𝑗𝑖 : The average similarity

between node 𝑗 and nodes that receive negative edges from 𝑖. The higher
the 𝑆−,𝑖𝑛

𝑗𝑖 value, the greater the probability that node 𝑗 receives negative
edges from node 𝑖. 𝑆−,𝑖𝑛

𝑗𝑖 is defined as:

𝑆−,𝑖𝑛
𝑗𝑖 =

∑𝑘∈𝑊 −
𝑖𝑛

𝑆𝑖𝑚𝑖𝑛(𝑗, 𝑘)
|𝑊 −

𝑖𝑛|

where 𝑊 −
𝑖𝑛 = {𝑘|𝑠𝑖𝑘 = −1} is the set of nodes that receive negative edges from

node 𝑖, and 𝑆𝑖𝑚𝑖𝑛(𝑗, 𝑘) is the similarity between node 𝑗 and node 𝑘, calculated
by Equation (18).
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The logical relationships among the four node similarity quantification features
are shown in Figure 2 [Figure 2: see original paper]. Based on logistic regres-
sion edge sign prediction, we establish the edge sign prediction model by fusing
node status and similarity. Node status quantification features reflect nodes’
social status and optimism degree from a global perspective, while node similar-
ity quantification features reflect node attributes and preferences from a local
perspective. By merging both as the feature set input, we achieve further model
extension. The LR-SN model is defined as:

𝑃(𝑦 = 1|𝑥; 𝜃) = 1
1 + 𝑒−(𝜃0+𝜃1𝑅𝑒𝑝𝑖+𝜃2𝑂𝑝𝑡𝑖+𝜃3𝑅𝑒𝑝𝑗+𝜃4𝑂𝑝𝑡𝑗+𝜃5𝑆+,𝑜𝑢𝑡

𝑖𝑗 +𝜃6𝑆−,𝑜𝑢𝑡
𝑖𝑗 +𝜃7𝑆+,𝑖𝑛

𝑗𝑖 +𝜃8𝑆−,𝑖𝑛
𝑗𝑖 )

4.4 Optimization Algorithm

We establish two models: the node status-based edge sign prediction model LR-
S and the node status and similarity-based edge sign prediction model LR-SN.
Node status quantifies sign attribute-related features from a global perspective,
while node similarity embodies sign attributes from a local perspective. By
merging both as the feature set input, we model the edge sign prediction problem
using the logistic regression method in Equation (6). During model training, we
use the stochastic gradient ascent algorithm for optimization. This algorithm
updates the weight vector based on only one randomly selected sample per
iteration, significantly reducing computational load and enabling faster training
compared to traditional gradient ascent.

Combining Equations (7) and (8), we obtain the cost function for a single sam-
ple:

𝐶𝑜𝑠𝑡(ℎ𝜃(𝑥), 𝑦) = −[𝑦 log(ℎ𝜃(𝑥)) + (1 − 𝑦) log(1 − ℎ𝜃(𝑥))]

The cost function estimates the error between predicted and actual values.
Given a sample, we can calculate the probability of that sample belonging to a
certain class through the cost function. Assuming each sample is independent,
the probability of the entire sample set is the product of all sample probabilities.
For convenience, we take the logarithm to obtain the cost function for the entire
sample set:

𝐽(𝜃) =
𝑚

∑
𝑖=1

[𝑦(𝑖) log(ℎ𝜃(𝑥(𝑖))) + (1 − 𝑦(𝑖)) log(1 − ℎ𝜃(𝑥(𝑖)))]

where 𝑚 is the total number of samples, 𝑦(𝑖) represents the sign of the 𝑖-th
sample, and 𝑥(𝑖) represents the feature vector of the 𝑖-th sample.

To find the 𝜃 value that maximizes the cost function, we use the stochastic
gradient ascent algorithm with the following update formula:
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𝜃𝑗 ∶= 𝜃𝑗 + 𝛼(𝑦(𝑖) − ℎ𝜃(𝑥(𝑖)))𝑥(𝑖)
𝑗

where 𝑗 is the iteration count, 𝛼 is the step size or learning rate controlling
the update magnitude. Step size selection is crucial during training: if 𝛼 is
too large, it may cause divergence or non-convergence; if 𝛼 is too small, it
increases iteration count and slows convergence. To ensure stable algorithm
progression, we reduce 𝛼 by 1

𝑗+𝑘 in each iteration, effectively solving problems
such as oscillation near the optimal value caused by fixed step sizes. The specific
steps are shown in Algorithm 1.

Algorithm 1: LR-SN 1. Input: Social network 𝐺(𝑉 , 𝐸, 𝑆) 2. Input: Training
sample set 3. while not converged do 4. Randomly select a sample (𝑥(𝑖), 𝑦(𝑖)) 5.
Update weights: 𝜃𝑗 ∶= 𝜃𝑗 + 𝛼(𝑦(𝑖) − ℎ𝜃(𝑥(𝑖)))𝑥(𝑖)

𝑗 for 𝑗 ∈ {0, 1, 2, ..., 8} 6. Update
step size: 𝛼 = 1

𝑗+𝑘 7. end while

5 Experiments
5.1 Dataset Description

We validate the effectiveness of the proposed models through experiments on
three real-world datasets (Epinion, Slashdot, Wikipedia, available for download
from the Snap website). Epinion is an online review website where people
express opinions about each other using signs like 1 and -1. Slashdot is a tech-
nology news website where users can mark others as friends or foes. Wikipedia
is a famous encyclopedia created by volunteers worldwide, where administrators
are elected through voting and users can vote for or against candidates. Table
1 presents the statistical characteristics of the three real-world datasets.

Table 1: Dataset Statistics

Dataset
Positive Edges
(%)

Negative Edges
(%)

Average Clustering
Coefficient

Epinion 78.7% 21.3% 0.22
Slashdot 85.4% 14.6% 0.06
Wikipedia 80.2% 19.8% 0.14

The statistical results in Table 1 show that the proportion of negative edges in all
three networks is below 25%, with negative edges far outnumbered by positive
edges. From psychology and sociology, people rarely express dislike or hatred
toward other users in social networks due to politeness or fear of retaliation.
Additionally, Epinion has the highest average clustering coefficient among the
three networks, indicating its nodes are most densely distributed, followed by
Wikipedia, while Slashdot has the lowest clustering coefficient.
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5.2 Experimental Setup and Evaluation Metrics

As shown in the dataset statistics, the distribution of positive and negative edges
in the three network datasets is extremely unbalanced, which may lead to low
credibility in sign prediction accuracy. Therefore, we adopt random sampling
during experiments to split datasets into training and testing sets, sequentially
selecting 10%, 30%, 50%, ⋯, 90% of the dataset for training, with the remaining
90%, 70%, 50%, ⋯, 10% for testing. To ensure reliable prediction results, we
repeat each experiment five times and report the average.

We use accuracy to evaluate the prediction algorithm’s performance on edge
sign prediction, as shown in Equation (26). Additionally, we represent prediction
results using a confusion matrix, as shown in Table 2 .

Table 2: Confusion Matrix

Real Value Positive Negative
Positive TP (True Positive) FN (False Negative)
Negative FP (False Positive) TN (True Negative)

5.3 Comparison of Edge Sign Prediction Models

To demonstrate the effectiveness of the proposed edge sign prediction models,
we compare the LR-S and LR-SN models with three baseline methods:

a) Status Method: This method is defined based on the strong correlation
between node status and edge sign attributes. It predicts signs according
to the social status difference between two users. The greater the posi-
tive status gap, the more likely the edge sign is positive; the greater the
negative status gap, the more likely the edge sign is negative.

b) Balance Method: This method is defined based on the strong correlation
between structural balance theory [5] and edge sign attributes. During sign
prediction, edge signs are inferred based on the structural balance of the
triad containing the edge to be predicted. This theory relies on intuitive
knowledge such as“a friend’s friend is my friend”and“an enemy’s friend is
my enemy”[17], determining that a triangle is structurally balanced when
it has an odd number of positive edges.

c) LR Method [7]: This method is proposed based on status theory and
structural balance theory, extracting two types of features from the net-
work. The first type includes degree features: the total out-degree 𝑑𝑜𝑢𝑡

𝑖
of node 𝑖, the positive out-degree 𝑑𝑜𝑢𝑡+

𝑖 and negative out-degree 𝑑𝑜𝑢𝑡−
𝑖

of node 𝑖, and the total in-degree 𝑑𝑖𝑛
𝑗 of node 𝑗, as well as the positive

in-degree 𝑑𝑖𝑛+
𝑗 and negative in-degree 𝑑𝑖𝑛−

𝑗 of node 𝑗. The second type
includes triad features, comprising 16 different triadic patterns where the
edge to be predicted is located. These two types of features are trained
using logistic regression to achieve sign prediction.
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We apply the above methods for sign prediction on the Epinion, Slashdot, and
Wikipedia datasets. The experimental comparison results are shown in Figure
3 [Figure 3: see original paper].

Figure 3: Comparison of Different Sign Prediction Methods

By analyzing Figures 3(a), 3(b), and 3(c), we can observe:

a) Both LR-S and LR-SN models achieve higher sign prediction accuracy
than other baseline methods, significantly outperforming Status and Bal-
ance methods, demonstrating the effectiveness of node status and similar-
ity quantification strategies. Moreover, the LR-SN model performs best in
experiments, with prediction accuracy averaging 0.73% higher than LR-S
and 3.32% higher than the LR method. This indicates that fusing local
and global information through combining node status and similarity can
effectively improve sign prediction accuracy.

b) Comparing LR-S and LR-SN models reveals that adding node similarity
quantification features that consider local information improves prediction
accuracy. For example, in the Epinion dataset, LR-SN achieves 96.31%
prediction accuracy when the training set ratio is 90%, representing a
1.29% improvement over LR-S. The improvement is less pronounced in
the other two datasets, likely because Slashdot and Wikipedia datasets
are sparser, providing less local information.

c) Comparing Status and Balance methods shows that Balance outperforms
Status in all three datasets, particularly in Epinion. This suggests that
local information-based methods are more effective for sign attribute pre-
diction than global information-based methods, especially in dense net-
works. Additionally, the LR method also achieves good prediction results
by comprehensively considering status theory and structural balance the-
ory, significantly improving accuracy over Status and Balance methods,
further validating that fusing global and local information can enhance
prediction accuracy.

Furthermore, we test the generalization ability of LR-S and LR-SN models.
Both models trained on the three datasets demonstrate good generalization
ability, as shown in Tables 3 and 4 .

Table 3: Generalization Ability of Sign Prediction Model LR-S
(Training Ratio 90%)

Trained on Epinion Slashdot Wikipedia
Epinion 95.02% 89.94% 88.63%
Slashdot 94.89% 90.12% 88.48%
Wikipedia 94.77% 89.65% 88.75%

Table 4: Generalization Ability of Sign Prediction Model LR-SN
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(Training Ratio 90%)

Trained on Epinion Slashdot Wikipedia
Epinion 96.31% 90.56% 88.96%
Slashdot 96.05% 90.81% 88.42%
Wikipedia 95.74% 90.29% 88.74%

5.4 Impact of Different Quantification Strategies on Edge Sign Pre-
diction

To further validate the impact of node status and similarity on edge sign pre-
diction models, we also use node similarity quantification features alone as the
feature set input for sign prediction with logistic regression, denoted as LR-N.
We then compare LR-S, LR-N, and LR-SN models. The comparison results are
shown in Figure 4 [Figure 4: see original paper].

Figure 4: Comparison of Different Quantification Strategies

By analyzing Figure 4, we can draw the following conclusions:

a) The LR-SN model outperforms both LR-S and LR-N models across all
three datasets. This validates on one hand that fusing local structural in-
formation and global structural information helps improve sign prediction
accuracy, and on the other hand demonstrates the effectiveness of both
node status and node similarity quantification strategies for sign predic-
tion.

b) Both LR-S and LR-N models achieve high prediction performance in the
three datasets, with LR-S performing better in Slashdot and Wikipedia
datasets, while LR-N performs better in the Epinion dataset. This may
be because among the three datasets, Epinion has the highest clustering
coefficient and is the densest, providing more effective information for
node similarity that considers local information. In contrast, Slashdot
and Wikipedia datasets are sparser, making node status that considers
global information more advantageous.

6 Conclusion
This paper explores the strong correlation between node status, similarity, and
edge sign attributes, and implements edge sign prediction in social networks
using the logistic regression method LR. We establish two models: the node
status-based edge sign prediction model LR-S and the node status and similarity-
based edge sign prediction model LR-SN. Node status quantifies sign attribute-
related features from a global perspective, while node similarity embodies sign
attributes from a local perspective. Experimental results on three real-world
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network datasets demonstrate that the proposed models significantly improve
sign prediction accuracy compared with existing baseline methods and exhibit
certain generalizability. Future research will focus on further exploring factors
influencing sign attributes and validating model performance using more real-
world network datasets.
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