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Abstract. The identification of influential nodes in social networks has signif-
icant commercial and academic value in advertising, information management,
and user behavior analysis. Previous work only studies the simple topology of
the network without considering the dynamic propagation characteristics of the
network, which does not fit the actual scene and hinders wide application. To
solve the problem, We develop a data-driven model for the identification of influ-
ential nodes in dynamic social networks. Firstly, we introduce an influence eval-
uation metric BTRank based on user interaction behavior and topic relevance
of the information. Combining BTRank, LH-index, and betweenness centrality,
we construct a multi-scale comprehensive metric system. Secondly, in order to
optimize the metric weights calculated by entropy weight method, we use sim-
ulation data to train a regression model and obtain the metric weights by Gra-
dient Descent Algorithm. Thirdly, the weights obtained from training are used
in weighted TOPSIS to sort the influence of nodes and identify influential nodes
among them. Finally, We compare our model with existing models on four real-
world networks. The experimental results have demonstrated significant improve-
ment in both accuracy and effectiveness achieved by our proposed model.
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1 Introduction

With the development of the mobile internet, the online social network plays a vital
role in information dissemination among a vast number of users. The social network
can be abstractly regarded as a network topology model composed of nodes and edges,
which can reflect the social relations among social individuals. Compared with other
nodes, influential nodes in social networks are more likely to affect the state of nearby
nodes, which makes the information spread more widely. If we identify influential nodes
quickly and accurately, it will be better for the government to achieve the guidance and
control of major public feeling’s affairs. For business, influential nodes identification
applied to precision marketing will effectively improve merchant marketing efficiency
and reduce promotional costs. Therefore, the research on influential nodes has excellent
theoretical and practical values.
c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2021
Published by Springer Nature Switzerland AG 2021. All Rights Reserved
H. Gao and X. Wang (Eds.): CollaborateCom 2021, LNICST 406, pp. 592–607, 2021.
https://doi.org/10.1007/978-3-030-92635-9_34

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-92635-9_34&domain=pdf
https://doi.org/10.1007/978-3-030-92635-9_34


Data-Driven Influential Nodes Identification in Dynamic Social Networks 593

Previous work proposes a series of models to measure the influence of nodes, which
can be summarized as network structure-based methods, topic-based methods, trans-
fer entropy-based methods, etc. [1]. Although these models provide detailed calcula-
tion methods for node influence evaluation, all of them use a single metric to measure
the influence, which cannot comprehensively and accurately measure the influence of
nodes. More recently, researchers regard identifying influential nodes in complex net-
works as a multi-attribute decision-making problem. Considering the uncertain infor-
mation fusion, text variables, and other factors, some mathematical tools such as evi-
dence theory and fuzzy set theory are also applied to the identification of influential
nodes [2]. According to the similarity between the value of each metric and the ideal
value, Liern et al. [3] propose the TOPSIS decision model. While Lu et al. [4] take
degree centrality, betweenness centrality, and structural hole as the input of the decision
model to measure the node’s propagation influence in the complex network. However,
these influential node identification models still have three main disadvantages. Firstly,
the selection of metrics for the evaluation model is unreasonable. The reason is that
they only focus on the metrics related to the network structure without considering the
dynamic propagation characteristics of the network, such as degree centrality, between-
ness centrality, closeness centrality, and other simple traditional centrality indicators.
Secondly, existing models do not maximize the integration of multiple metrics that
reflect various aspects of node characteristics. Some decision models assign the same
weight to the input metrics, which is unreasonable. Different metrics are obtained by
different algorithms, and they play different roles in the network. Other models calcu-
late the internal correlation of indicator value to obtain weights. They only consider
the relative importance of the indicators and do not consider the difference between the
calculated influence of the nodes and the actual results. Thirdly, the selection of indica-
tors for the decision model lacks theoretical support and ignores the logical derivation
process.

To address the above problems, we propose a data-driven influential nodes iden-
tification model (DINI). Firstly, we propose a topic-level influence evaluation metric
BTRank, which is used to describe the topics of information spread by users and the
frequency of interaction between users in the time interval. BTRank is an indicator
that takes the dynamic propagation characteristics of social networks into account. In
order to comprehensively measure the influence of nodes, we combine BTRank, LH-
index, and betweenness centrality to establish a comprehensive metric system, where
LH-index reflects node’s influence in the local network, and betweenness centrality
reflects node’s influence in the global network. Then, we propose a data-driven weight
optimization algorithm to assign reasonable weights to different metrics, facilitating
the integration of multiple metrics. Different from the average distribution method or
entropy weight method, the data-driven weight optimization algorithm not only con-
siders the information entropy of each metric but also adds the prior knowledge of
ground truth, which optimizes the weight and makes it more reasonable and adaptive.
Specifically, we first use the entropy weight method to obtain the initial weights and
then set the loss function between the influence results obtained by the proposed model
and the actual influence value. Finally, we use Gradient Descent Algorithm to optimize
the weight of each metric gradually. We apply the optimized weights to the weighted
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TOPSIS model to get the ranking of nodes’ influence and select the top 1% nodes as
influential nodes. The main contributions of this paper can be summarized as follows:

• We propose a topic-level influence evaluation metric BTRank, which describes the
interaction behavior among users and the topic relevance of information dissemi-
nation. BTRank is a node influence evaluation metric that takes into account the
dynamic propagation characteristics of networks.

• We establish a comprehensive metric system, which considers not only the static and
dynamic network characteristics but also the local and global network structure, to
make the quantitative analysis of social networks more accurate.

• We propose a data-driven weight optimization algorithm. After using the entropy
weight method to calculate the weight of each metric, we add the prior knowledge of
ground truth to establish the function of the difference between the estimated value
and the actual value. Gradient Descent Algorithm is used to optimize the weights to
make them more reasonable and more adaptive.

• We apply the weights obtained by the data-driven weight optimization algorithm to
weighted TOPSIS and complete the identification of influential nodes. Experiments
conducted on four real-world networks indicate that our proposed DINI model out-
performs some baselines in both accuracy and effectiveness.

The rest of the paper is organized as follows. Section 2 reviews related work. We
describe our data-driven model for identifying influential nodes in social networks in
Sect. 3. Section 4 presents details and results of the experiments. Finally, we conclude
our work and describe future research directions in Sect. 5.

2 Related Work

The measurement of nodes’ influence in social networks is mainly used to identify influ-
ential nodes in social networks. Commonly used methods for studying the influence of
nodes are network structure-based method, behavior-based method, transfer entropy-
based method, and so on [1].

In the previous study, the centrality of nodes is used to measure the influence of
nodes in complex networks [5]. Hu et al. [6] use the concept of degree centrality,
which calculates the influence of a node with the node’s out-degree. Degree central-
ity is intuitive and efficient. However, it only reflects the local structural characteristics
of nodes and ignores the global characteristics. Considering the global characteristics,
Singh et al. [7] propose betweenness centrality and closeness centrality based on a faster
algorithm. The difference between the two algorithms is that the former investigates
the number of shortest paths through the node, while the latter considers the average
length of the shortest paths from the node to other nodes. However, in the actual scene,
the scale of social networks is huge, and the computational complexity of these two
kinds of centrality is high, which are not very efficient methods to identify influential
nodes in social networks. Wang et al. [8] attach importance to those nodes that are
more central in the network, even if their degree centrality is not high. Based on such
an idea, they propose a K-shell algorithm. In the early stage, social network reflects
homogeneity. In other words, the nodes with high out-degree tend to have neighbors
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with high out-degree. With the gradual evolution of social networks, the number of
nodes keeps increasing, and some social networks begin to reflect heterogeneity [9].
Therefore, the simple method based on network topology cannot solve the problem of
identifying influential nodes in social networks.

In recent years, some scholars combine information content with network topology.
Yu et al. [10] use the sum of three factors, the quality of the user’s tweets, the frequency
of user’s tweets being forwarded, and the similarity of interests between users, as the
social influence of the user. Sun et al. [11] combine the amount of information in users’
text content, users’ emotions, and fans’ behaviors to measure user’s influence. Some
scholars obtain user’s influence by studying the behavior of users spreading informa-
tion. The greedy algorithm proposed by Ren et al. [12] solves the problem of influence
transmission in the network and makes the information of users as the initial nodes
spread most widely in the network. Zheng et al. [13] consider that users who log on
social media frequently and the number of whose neighbor nodes is increasing should
have a stronger influence. In actual social media, the user’s influence is related to the
topics of information [14,15]. The EIRank algorithm proposed by Bo et al. [16] intro-
duces the topic factor into the measurement of node’s influence. EIRank analyzes the
information spread by users, summarizes the topics that users are interested in, and finds
out the relation between the topics. This relation is combined with the static network
structure to obtain the influence of nodes.

The above methods define and measure the influence of nodes in social networks
from different perspectives. However, social networks in the real world are more com-
plex than experimental settings, including network topology, user attributes, user behav-
ior, topics of interactive information, and so on. The process of information dissemina-
tion among nodes is affected by the above factors. Therefore, in order to make the
model more applicable to real-world social networks, it is necessary to combine the
network topology and social network propagation elements effectively. Based on this
key point, we establish a comprehensive metric system that includes not only static and
dynamic network characteristics but also local and global network structure. Moreover,
the influential nodes in social networks can be identified more accurately through a
more reasonable weight allocation method.

3 Data-Driven Model for Influential Nodes Identification in Social
Networks

Considering the dynamic propagation characteristics of real-world social networks, we
establish a data-driven influential nodes identification model (DINI), which mainly con-
tains two modules: multi-scale comprehensive metric system and data-driven metric
weight optimization, as shown in Fig. 1.

Firstly, we propose an indicator BTRank to describe the influence of nodes at the
topic level based on three elements: the topics of blogs posted by users, the structure of
social networks, and the interaction behavior among users. Then, we combine BTRank
with LH-index and betweenness centrality, which are based on local and global network
structure, respectively, to form a comprehensive multi-scale metric system. In the metric
weight optimization module, we use the entropy weight method to get the initial weight
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of each metric and then use the data-driven way to optimize the metric weights. Finally,
the metric weights are used in the weighted TOPSIS model to obtain the node influence
ranking.
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Fig. 1. The framework of our data-driven influential nodes identification model in dynamic social
networks

3.1 Multi-scale Comprehensive Metric System

In order to deal with the inaccurate quantification of nodes’ influence in previous mod-
els, we establish a multi-scale metric system, as shown in Fig. 1(a). The metric system
consists of three metrics. The specific description of each metric is as follows:

(1) Topic-level Influence Measurement Based on User Behavior
In social networks, users are influenced by the content of information from the

source users, and users also influence the spread of information from the source users.
Then, We can calculate the influence of the users through mining the behavioral char-
acteristics of users. The dissemination of information between users is mainly affected
by two factors. The first factor is the user’s interest in this information, which varies
with users and information. Therefore, it is necessary to model the user’s topics and
the content of information spread among users. LDA is used to obtain the topic distri-
bution vectors of users and information [17]. According to the distribution vectors, the
probability of the user responding to other users will be calculated. The second factor
is the interaction level between users. If user v often forwards blogs published by user
u, it indicates that the interaction level between user u and user v is high, and user v is
likely to continue forwarding blogs published by user u in the future. These two factors
are critical in calculating topic-level influence based on user behavior. The influence of
user u is denoted by BR(u).

Given a social network G = (V,E), where V represents the set of users and E
represents the edges of nodes due to their interaction behavior. The topic-level influence
measurement algorithm based on user behavior (BTRank) is divided into three modules:



Data-Driven Influential Nodes Identification in Dynamic Social Networks 597

Based on topic mining technology, the influence propagation coefficient p(u, v)
related to topics is calculated. Firstly, the content of blogs published by users is col-
lected, and the unsupervised LDA model is used to obtain the topic distribution vec-
tors of users and blogs. Each user has a topic distribution vector denoted by −→pu =
(p1u, p2u, . . . , pz

u), where pi
u denotes the interest level of user u in the ith topic. Informa-

tion is propagated through the edge, which also has a topic distribution vector denoted
by −→puv = (p1uv, p2uv, . . . , pz

uv), where pk
uv represents the kth topic’s proportion of the

information propagated through user u to user v. Finally, the similarity measurement
method is used to calculate the influence propagation coefficient p(u, v) related to top-
ics among users.

Based on the temporal information of users publishing or forwarding blogs, the
influence propagation coefficient p(u, v)

′
related to behavior is calculated. We use a

statistical method to calculate the probability of users publishing or forwarding blogs in
each period. Users publish and forward blogs with obvious periodicity. A day is divided
into 24 disjoint time intervals, pu(ti) represents the probability of user u publishing
blogs in the ith time interval, p̃v(tj) represents the probability of user v forwarding
blogs in the jth time interval. Then, the cumulative probability method is used to obtain
influence propagation coefficient p(u, v)

′
related to behavior.

The influence propagation coefficient p(u, v|−→puv) is calculated using formula (1).
Based on the influence propagation coefficient p(u, v|−→puv), the PageRank algorithm is
used to measure the influence of each user.

p(u, v|−→puv) =
z

∑

i=1

pi
vpi

uv +
23
∑

i=1

pu(ti)
24
∑

j=i+1

p̃v(tj) (1)

In the PageRank algorithm, the propagation range of a user’s information depends
on the number of times the information is forwarded by other users. If user v forwards
the information of user u, it can be seen as a voting process of user v to user u. User v
will contribute its influence to user u with the probability of p(u, v|−→puv). The influence
of u is the accumulation of several users’ influence, which is an iterative process. In
each iteration, user u’s influence is calculated using formula (2).

BR(u) = (1 − λ) + λ
∑

v∈N(u)

p(u, v|−→puv) · BR(v) (2)

where N(u) represents the set of user u’s neighbor users, p(u, v|−→puv) is the probability
of user v responding to user u, BR(u) is the influence of user u. λ is the damping
coefficient used to ensure the convergence of the calculation results, which is generally
0.85.

After calculating the influence propagation coefficient p(u, v|−→puv) by combining the
two influence propagation coefficients, we further measure the influence of users using
the PageRank algorithm. We show the BTRank algorithm in Algorithm 1.

(2) Influence Measurement Based on Local Network Structure
For each node in the network, the influence of the node can be measured by calcu-

lating the influence of its neighbor nodes. The higher the influence of its neighbor nodes
are, the higher the influence of the node is [18].
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Algorithm 1. Influence Measurement Based on User Behavior and Topics
Input: Social network G(V, E), −→pu, −→puv , pu(ti), p̃v(tj), damping coefficient λ
Output: User k’s influence: BR(k), k = 1, 2, . . . , n
1: for (u, v) ∈ E do
2: Compute coefficient p (u, v) related to topics
3: Compute coefficient p (u, v)′ related to behavior
4: Compute influence propagation coefficient p (u, v|−→puv) using formula (1)
5: end for
6: repeat
7: for k ∈ V do
8: BR(k) = (1 − λ) + λ

∑

v∈N(k) p (k, v|−→pkv) · BR(v)
9: end for
10: until Convergence
11: return BR(k)

LH(i) = h(i) +
∑

v∈N(i)

h(v) (3)

where h(i) is the H-index of node i, that is, node i has at most h neighbors whose
degree exceeds h. N(i) is the set of node i’s neighbor nodes.
(3) Influence Measurement Based on Global Network Structure

Betweenness centrality can be used to mine the nodes that play a key role in the
transmission of information. The betweenness centrality of node i is denoted by BC(i),
which is calculated as follows:

BC(i) =
n

∑

p�=i�=q

gpq(i)
gpq

(4)

where gpq represents the number of shortest paths from node p to node q. gpq(i) is the
number of paths passing through node i among the gpq shortest paths.

Using the above three indicators, the metric system includes not only static and
dynamic network characteristics but also local and global network structure, which
makes the quantitative analysis of social networks more accurate.

3.2 Data-Driven Weight Optimization Algorithm

Most of the existing comprehensive evaluation models use uniform distribution or an
entropy weight method to assign weight to each metric. Uniform distribution ignores the
differences among indicators, which is not in line with the actual situation. The entropy
weight method uses the information entropy of indicators to determine the weight [19],
ignoring the prior knowledge of ground truth. Therefore, we propose a data-driven met-
ric weight optimization algorithm, as shown in Fig. 1(b). Based on the weights obtained
by the entropy weight method, we add the prior knowledge of ground truth to optimize
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the metric weights. The influence of nodes can be evaluated more accurately with the
weighted TOPSIS algorithm. The specific steps are as follows:

The three metrics are combined to generate metric matrix D(xn×3). After normal-
ization, the normalized metric matrix D1 = (aij) is obtained.

aij =
xij

√

∑n
i=1 x2

ij

, j = 1, 2, 3 (5)

The entropy weight method is used to get the initial metric weights. In general, if
the information entropy of a metric is small, which means that the value of the met-
ric changes greatly, provides more information, and plays an important role in a com-
prehensive evaluation. Then, the weight of the corresponding metric is large. On the
contrary, it indicates that the metric value does not change much, provides little infor-
mation, and plays a small role in the comprehensive evaluation. Then, the weight of the
corresponding indicator is small.

Calculate the weight pij = aij√∑n
i=1 aij

of the ith user under the jth indicator. The

entropy value ej = −pij ·lnpij

ln(n) of the jth indicator is obtained with the weight pij . Then
the entropy weight of the jth metric is calculated:

wj =
1 − ej

∑3
j=1 1 − ej

(6)

After using the entropy method to obtain the initial weights, we add the prior knowl-
edge of ground truth to optimize the initial weights. The optimization variable is the
weights of the three indicators, which are represented by w1, w2 and w3 in turn. The
optimization goal is to calculate the difference between ground truth Tgt and nodes’
influence Tcal obtained by the proposed model. We use the L2 distance to measure the
difference. The optimization problem is defined as follows:

min
w1,w2,w3

L(w1, w2, w3) = ‖Tgt − Tcal‖2

s.t.

{

0 < w1, w2, w3 < 1
w1 + w2 + w3 = 1

(7)

We choose the commonly used adaptive learning rate RMSprop algorithm that is
one of the gradient descent algorithms [20] to solve the optimization problem. The
simulation results of independent cascade model based on the influence propagation
coefficient p (u, v|−→puv) are used to form ground truth. Along the gradient direction of
the loss function, each metric is updated as follows:

wt+1
i = wt

i − η√
St + φ

· ∂L

∂wt
i

, i = 1, 2 (8)

St = βSt−1 + (1 − β)
[

∂L

∂wt

]2

(9)

where St is the sum of the current and past square gradients, the learning rate η is 0.001,
the floating-point φ is 10−7, and the weight β is 0.9.
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In Algorithm 2, we show the method to optimize each indicator’s weight. After
traversing all the ground truth and updating the weight, the results are the optimized
metric weights. The metric weights optimized in this way learn the prior knowledge of
ground truth and can be used for comprehensive evaluation more reasonably. The data-
driven metric weight optimization algorithm proposed here is a metric weight optimiza-
tion method that is not only applicable to node influence evaluation models but can also
be extended to other comprehensive evaluation models with multiple metrics.

Algorithm 2. Metric Weight Optimization
Input: Influence metric LH(k), BC(k), BR(k), k = 1, 2, . . . , n, threshold ε, ground truth Tgt

Output: Metric weights w1, w2, w3

1: for k = 1 to n do
2: Generate metric matrix D (xk×3) = (LH(k), BC(k), BR(k))
3: end for
4: Normalize D to D1 using formula (5)
5: Generate entropy weight vector W = (w1, w2, w3) using formula (6)
6: Compute Tcal by weighted TOPSIS
7: t = 1
8: while

∣

∣Lt+1 − Lt
∣

∣ ≥ ε do
9: L (w1, w2, w3) = ‖Tgt − Tcal‖2

10: Update W by RMSprop algorithm
11: t = t + 1
12: end while
13: return w1, w2, w3

3.3 Influential Nodes Identification Based on Data-Driven Weighted TOPSIS

In order to integrate the above three dimensions of metrics for measuring nodes’ influ-
ence, we use a weighted TOPSIS algorithmwith the metric weights obtained in Sect. 3.2
to rank nodes.

Weighted TOPSIS follows the following steps to measure nodes’ influence [21].
Multiply the normalized metric matrix D1 with the weight vector to get the

weighted metric matrix D2 = (bij):

bij = wj · aij , i = 1, 2, . . . , n; j = 1, 2, 3 (10)

When we establish positive ideal solution A+ and negative ideal solution A−, the
Euclidean distance Si between node i’s value and the two ideal solutions are calculated

respectively. Thus, the proximity Ki =
S−
i

S−
i +S+

i

to the ideal solution is obtained. Node

i with a large Ki value means that it is significant, and the information it posts is more
widely spread in the network. Conversely, the influence is small.

Complexity analysis: Using three metrics to measure the influence of n nodes in the
network takes O(nnθ + nE + n2t(ε1)), where nθ denotes the maximum degree of the
node, E is the number of edges, t(ε1) is the number of iterations, and the number of
iterations is related to the threshold ε1 for convergence. It takes O(nlog(n)) to rank all
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nodes in descending order. Combining the three metrics using weighted TOPSIS needs
O(nt(ε2)). Where ε2 is the threshold for convergence. Therefore, the worst-case time
complexity of our algorithm is O(nE).

4 Experiments and Analysis

4.1 Experimental Setup

Datasets: We compare the proposed DINI model with other models on four real-
world social networks, including Email network, Facebook network, Enron network,
and Gowalla network, where nodes denote users and edges denote interactions between
users. Several basic statistics are listed in Table 1. The table contains information about
the number of nodes, the number of edges, and the average degree.

Table 1. Statistics of four real-world networks.

Network Email Facebook Enron Gowalla

|V | 1005 3483 36692 137873

|E| 16706 65536 183831 661800

Average degree 33.25 37.63 10.02 9.61

Ground Truth:We use the independent cascade model based on the influence propaga-
tion coefficient p (u, v|−→puv) mentioned in Sect. 3.1 (ICIM) to simulate the information
transmission process in social networks [22]. Each node activates its neighbors with
probability p(u, v|−→puv). The final result is expressed as F (u), representing the total
number of nodes that end up in the active state at the end of the propagation process
starting from node u.

Evaluation Metric: The influence of nodes is sorted, and the top 1% nodes are selected
as influential nodes. We use Spearman’s rank correlation coefficient [23] to measure the
accuracy of influential nodes identification. Spearman’s rank correlation coefficient is
defined as follows:

ρ = 1 − 6
∑N

i=1 d2i
N(N2 − 1)

(11)

where ρ is the rank correlation coefficient, di is the difference between the rankings of
the same node obtained by the model and ground truth, and N is the number of influen-
tial nodes. The more accurate the influential nodes are identified, the larger Spearman’s
rank correlation coefficient ρ is.

Settings: There is a constant parameter ε in Algorithm 2, which is the threshold for
convergence. We set ε = 0.002 for Email, ε = 0.005 for Facebook, ε = 0.135 for
Enron, ε = 0.215 for Gowalla. Experiments were conducted on a machine with an Intel
Core CPU i7-9700 at 3GHz and 32 GB memory.
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4.2 Performance Comparison

To identify influential nodes in social networks, we sort the influence results of nodes
calculated by our proposed DINI model and select the top 1% nodes as influential nodes.
Five typical methods are chosen to be baselines. We compare DINI with baselines,
including Entropy-based ranking measure (ERM) [24], WVoteRank [25], New Eviden-
tial Centrality (NEC) [2], NLPCA [26] and TOPSIS [4]. These methods are compre-
hensive evaluation models, which make full use of the network structure and the infor-
mation transmitted between users to measure the influence of users. The experiments
are conducted on real-world social networks mentioned in Sect. 4.1 to demonstrate the
rationality of weight distribution and the effectiveness of our proposed DINI model.

Influential Nodes Identification Performance. We use Spearman’s rank correlation
coefficient [23] to measure the accuracy of influential nodes identification by different
models. Spearman’s rank correlation coefficient ρ is the correlation between the model
results and the simulation results, which is higher when the identification of influen-
tial nodes is more accurate. Figure 2 shows that ρ changes with the mean value α of
the influence propagation coefficient p (u, v|−→puv), where (a) - (d) shows the results of

Fig. 2. Correlation between the ranking of influential nodes identified by the influence simulation
model and the rankings of the corresponding nodes obtained by our proposed DINI model and
other models in (a) Email, (b) Facebook, (c) Enron, (d) Gowalla
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various models on four datasets correspondingly. With the increase of α, the overall
accuracy of the influential nodes identified by different models trends to increase.

As can be seen from Fig. 2, the model proposed in this paper outperforms other
models generally. The most apparent superiority is in (a), when α = 0.3, where shows
a 5% improvement over the second-place method NEC. Although in rare cases, such
as α = 0.05 or α = 0.25 in (b), The accuracy of our model is 2% lower than that of
NLPCA, we still have a far leading efficiency advantage, which is described in Sect. 4.2
in detail. The reason for these cases is that when the value of α is small, the information
spreads slowly in the network, and the nodes in the critical position of the network can
make the information spread more widely, which makes the model based on the network
structure identify influential nodes more effectively. Besides, our proposed model has
inherent scalability that is not available in other methods, proving by the consistent
advantage across four different data sets. In summary, our model can identify influential
nodes more accurately in different data sets and link the propagation characteristics of
information with the node’s attributes, which can better measure the node’s influence.

Comparison on the Activation Capability of Influential Nodes. In general, if a node
is considered as an influential node, it should be able to activate more nodes in the inde-
pendent cascade model based on the influence propagation coefficient p (u, v|−→puv) [22].
Therefore, the top 1% of nodes proposed by each algorithm are selected as the initial

Fig. 3. Average activation capability of influential nodes
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Fig. 4. Frequency of nodes with the same ranking

set of nodes for the independent cascade model based on the influence propagation
coefficient. When α = 0.2, we plot the relationship between propagation time and the
average number of activated nodes, and the result is shown in Fig. 3.

As can be seen from Fig. 3, the influential nodes identified by the DINI model pro-
posed in this paper activate the highest average number of nodes after the propaga-
tion process reaches a stable state. Obviously, in four different networks, the influential
nodes identified by our proposed model have the best information dissemination and
activation ability, showing higher accuracy than other models.

Comparison on the Distinction of Different Models. If the number of nodes with the
same ranking is small, it proves that the model has good discrimination in measuring
the influence of nodes. When α = 0.2, Fig. 4 shows the number of nodes with the same
ranking in the four networks. As can be seen from Fig. 4, the results of the DINI model
proposed in this paper have the least number of nodes with the same ranking, while
other models have at most 800 nodes with the same ranking. In particular, ERM and
NEC have the largest number of nodes with the same ranking. The reason is that each
node in a high-density network has a high probability of being in a critical position
in the network, which causes ERM and NEC methods based on the network structure
to be ineffective in ranking nodes. From this perspective, it can be concluded that our
proposed DINI model can measure the influence of nodes more effectively.



Data-Driven Influential Nodes Identification in Dynamic Social Networks 605

Comparison on the Running Time of Different Models. The running time of models
is a common index to measure the performance of models. When α = 0.2, Fig. 5 depicts
the running time required to select the influential nodes using six different models on
four different networks. It is obvious that the running time of our DINI model is almost
the same as that of the WVoteRank, and it is more efficient than NEC and NLPCA. For
small networks, such as Email and Facebook, it takes no more than 10 s for our model
to complete the identification of influential nodes. For Gowalla network with 137873
nodes and 661800 edges, its running time can also be controlled within 200 s. Though
our model is slightly less efficient compared with ERM and WVoteRank, our model
shows superiority over them in the accuracy of identifying influential nodes. Therefore,
our model has a high time efficiency on the whole.

Fig. 5. Running time of six different models

5 Conclusion and Future Work

In this paper, we propose a data-driven model for influential nodes identification in
dynamic social networks. To make the measurement of nodes’ influence reflect the
nodes’ real situation in the social network, we mainly focus on three aspects, includ-
ing the quantitative indicators, the metric evaluation system, and experiment settings.
Firstly, we propose a topic-level indicator BTRank to quantify the influence based on
user interaction behavior and topics of the information. Combining BTRank, which
reflects the dynamic propagation characteristics of the network, with LH-index and
betweenness centrality, which reflect the static topology of the network, we establish
a multi-scale integrated evaluation metric system. Secondly, We introduce a weight
optimization algorithm that computes a set of weights containing prior knowledge and
apply the weights to weighted TOPSIS to identify influential nodes. Finally, to simulate
the actual propagation process of information in social networks, we use an indepen-
dent cascade model based on the influence propagation coefficient p (u, v|−→puv) in our
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experiments. We do experiments on four real-world social networks and compare the
proposed DINI model with five existing advanced models: Entropy-based ranking mea-
sure, WVoteRank, New Evidential Centrality, NLPCA, and TOPSIS. Besides, we also
compare the effect of weighted TOPSIS and TOPSIS in terms of balancing metrics.
The experimental results verify that our model can achieve better performance on both
accuracy and effectiveness. In future research, we will make use of spatial and temporal
characteristics of information dissemination in social networks to identify influential
nodes.
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