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Social networks are everywhere and research aiming at
analysing and understanding these structures is growing
year by year as its outcomes enable us to understand dif-
ferent social phenomena including social structures evo-
lution, communities, spread over networks, and dynamics
of changes in networks. This huge interest in the anal-
ysis of large-scale social networks resulted in a lot of
new approaches, methods, and techniques but with every
advancement in this area, we uncover new challenges and
new levels of complexity in the network universe that are
far from being explored and addressed. The increasing com-
plexity of tasks to be performed in terms of network analysis
together with the volume, variety of social data about people
and their interactions, and velocity with which this data is
generated in the online world pose new requirements and
challenges on researchers. One of them is: how to build
accurate methods that would be able to cope with this vast
amount of data. This issue is a result of an attempt to address
these emerging challenges.

One of the goals of this special issue is to identify the areas
where social network analysis can be applied and generate
knowledge not accessible through other types of analysis. We
also aimed at showing that analysis of large-scale, real-world
social networks underpinned by fundamental research is the
direction to takewhen it comes to the future of complex social
network analysis. We emphasize that in the world of net-
work science fundamental research and application-driven
research are equally important and they need to go together
to generate significant academic, societal, and commercial
impact.

The variety of papers published in this special issue
shows that there is a long list of topics that have not yet
been comprehensively researched. These papers also show
the future challenges and trends in analysis and applications
of complex social networks. The articles in this issue cover
topics starting fromvery practical and application-based ones
such as (i) case study on evolution of collaborative systems,
(ii) community detection and analysis, (iii) link dynamics,
(iv) spreading processes including modelling behaviour of
rumour maker and influence maximization problem, and (v)
frangibility in social consensus system but it also presents
some research more fundamental in its nature including
optimisation of structural network properties andmeasuring
complexity of networks.

Published papers show that although all of the presented
topics have been researched for many years now, there is still
space and need for new contributions. Challenges change
their nature as we face vast amounts of heterogeneous data
that are continuously generated. Network dynamics, commu-
nities, spread analysis, consensus formation, network com-
plexity, and structural properties are topics that are trending
in research community all over the world. Those are very
hard problems to address because of their complexity orig-
inating from two sources (i) system, variety of connections,
attributes of nodes and connections, nontrivial structure and
dynamics of a system, and (ii) process, evolution driven by
variety of factors including external ones that are very hard
to capture, spreading over complex structure of multiple
processes, or needed process adaptation connected with
evolving structure. Thus, there is a continuous need to create
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cross-disciplinary teams that would work on those challenges
having a holistic view of the problem. So our work does not
stop here, and we aim at continuing to bring together people
from different fields to work on the topics covered within this
special issue.
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Transactions involving virtual currencies are becoming increasingly common, including those in online games. In response,
predicting the market price of a virtual currency is an important task for all involved, but it has not yet attracted much attention
from researchers. This paper presents user opinions from online forums in a massive multiplayer online game (MMOG) setting
widely used around the world. We propose a method for predicting the next-day rise and fall of the currency used in an MMOG
environment. Based on analysis of online forum users’ opinions, we predict daily fluctuations in the price of a currency used in an
MMOG setting. Focusing specifically on the World of Warcraft game, one of the most widely used MMOGs, we demonstrate the
feasibility of predicting the fluctuation in value of virtual currencies used in this game community.

1. Introduction

Individuals can engage in countless interactions over the
Internet owing to advancements in network technologies and
unprecedented computing power. The massive multiplayer
online game (MMOG) environment is becoming popular
with an increasing number of users. In this MMOG envi-
ronment, many users carry out economic activities with a
variety of purposes [1, 2]. In the World of Warcraft (WoW)
MMOG, users engage in transactions using a particular
virtual currency called Gold. In Second Life—another well-
known virtual world—a virtual currency called Linden dol-
lars is used in transactions related to user-created items, such
as houses and clothes [1].

The virtual economies based on these virtual currencies
enable users to engage more fully in MMOGs, sometimes
even achieving real economic value [3, 4]. Transactions
between virtual currencies and real currencies have been
gradually increasing [1, 3, 4]. Most MMOG-related virtual
currencies are exchanged with real currencies on eBay or

with crypto-currencies such as Bitcoin [1, 5]. As the number
of users engaging in such transactions increases, the market
size is expected to grow [5]. Many researchers have inves-
tigated the MMOG environment and related situations [1–
7]. However, most of these researchers have focused on the
transaction environment rather than on the currency value
[1].

Real financial transactions have, of course, been exten-
sively studied. Research on techniques for predicting the
stock price, for example, dates to the commencement of stock
trading [8]. More recently, stock market trends have been
predicted using machine learning techniques, such as neural
networks and support vector machines [9–13]. Data used for
training somepredictionmodels have been based onfinancial
news [11, 12]. Several previous studies focused on the analysis
of stock markets using web-based data [9, 10]. However, few
researchers have attempted to valuate virtual currencies and
predict their future values.

Numerous transactions involving virtual currencies
occur between online game users, forming a large market
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[1, 3, 4]. Thus, the ability to predict the next-day rise and fall
of virtual currencies in conjunction with cash transactions
has been considered important. The ability to predict the
market prices of virtual currencies would help transaction
agents engage in reasonable transactions and assist game
developers in managing virtual environments as well as
identifying and solving issues in virtual economies [1].

Virtual currencies for MMOGs exist in economic sys-
tems where an enormous amount of bidding competition
is allowed, which is not the case for real currencies [14].
All economic agents are fully informed, to the extent that
there is no information asymmetry [1, 14]. Suppliers and
consumers of virtual currencies act primarily as rational
profit maximizers. Fewer variables exist for moderating the
value fluctuations of virtual currencies than is the case
with real currencies; hence, it is possible to observe value
fluctuations easily.

MMOG environments are sources of “Big Data” and thus
are suitable for the study ofmany subjects. In the gamePardus
[15], data acquisitionmakes it feasible to study social theories
in large-scale virtual-world populations [16–22]. Various
approaches to analyzing the structure and dynamic evolution
of social networks in virtual worlds have been developed
and have yielded significant findings [23, 24]. Related studies
based on these findings have been conducted from a variety
of perspectives [25–30].

Based on the above-mentioned studies, we have devel-
oped amethod for predicting daily fluctuations in the value of
a currency used in an MMOG environment via user opinion
analysis. In this study, we demonstrated the application of
this method for predicting daily fluctuations of the virtual
currency used in theWoWgame, theMMOGwith the largest
active user base.

The work by Kim et al. [1] parallels our research in terms
of the objective; however, their predictions were based on
trading data from only a small number of users who pur-
chased virtual currencies in cash, which limits the quantity
of available data. This makes it difficult to check the data on
all daily transactions; therefore, the set price is not reliable.
Tokens sold in WoW can earn in-game currency if sold by
the developer via a qualified path; thus, experiments can
be conducted based on more obvious data and using all
transactions.

Furthermore, in the technical aspects, existing studies
conducted sentiment analysis in a simple form, but the
contribution of our study lies mainly in the application
of our novel text mining approach based on a custom-
built lexicon. That is, to extract a meaningful feature of a
document or a time point (containing documents posted in
it), we first build a set of keywords, or a lexicon, defining a
particular concept or notion, which we call the process of
concept building. Afterwards, we measure how strongly such
a concept is manifested in a given document or a time point,
by counting those keywords (and possibly other relevant
keywords) occurring in it. Building a custom concept and
its lexicon plays a crucial role in analyzing a domain-specific
document corpus, and, in our paper, we aim at revealing the
signals from textual data that can lead to price prediction. For
example, if we use an off-the-shelf sentiment analysis method

that uses standard lexicon for positive and negative keywords,
then there would be many domain-specific keywords not
captured by the method, that is, false negatives.

Instead, we build our own lexicons closely related to the
price of a virtual currency in the game of WoW. In this game,
users buy tokens with cash at a fixed price (for example, 20US
dollars in the North America (NA) region or 20 Euro in the
Europe (EU) region) and sell them to other users in exchange
for the virtual currency referred to as Gold. The token/Gold
exchange rate changes according to the demand and supply,
as shown in Figure 1.

In general, acquiring Gold in the game environment
requires an extended period of time and effort, but such
time and effort can be reduced if tokens are bought in cash
and then sold to another user for Gold. Tokens that are
bought with Gold are generally used to buy time available
for using the virtual world. Such tokens have two advantages.
First, tokens prevent the virtual currency from being illegally
transacted in cash. Second, the value of tokens can be traced
continuously. We aim to predict the next-day rise and fall of
the token/Gold exchange rate (also referred to as the token
price) based on user opinion data analyzed on consecutive
days. The proposed method can predict fluctuations in the
value of virtual currency in the MMOG environment and
can be applied to the selling/buying of virtual currency,
allowing developers to determine the numerical values and
probabilities of multiple effects that would otherwise be
difficult to identify.

2. Proposed Approach

As shown in Figure 2, the proposed approach is characterized
as follows. The data extracted include users’ opinions con-
cerning theMMOGenvironment and the prices of the virtual
currency used in the transactions. User opinions are sorted
with respect to their scores of our custom-built concept
and then the causation between the user opinion and the
virtual currency price is determined by conducting a causality
analysis. Based on the user opinions scored afterward and the
machine learning model, we predict the rise and fall of the
virtual currency price in the next day.

3. Data Crawling

Initially, data required to generate the prediction model is
crawled.We gathered data from officialWoW forums. People
use these Internet forums to upload postings and exchange
opinions regarding particular topics of common interest [1,
31–35]. Therefore, such online forums are good sources of
information to gauge the daily reactions of many users to
certain MMOGs. Communities or forums are widely used
in MMOGs for information exchange [31]. According to
a previous study [1], WoW links its forums to economic
activities among users, which we found to be relevant to
predicting the fluctuations in the current number of virtual-
world users. Topics and relevant replies posted by users
on general discussion boards in official WoW forums were
crawled. We also crawled the time when each comment
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Figure 1: Token/Gold exchange rate example (from http://wowtoken.info).

Data crawling Data re�nement and prediction model

Topic modeling Concept buildingOnline forum data

World of Warcraft
token value

Daily market value fluctuation 
predicting system

Figure 2: Overview of the proposed approach.

and reply to it were posted, the number of replies to each
comment, and the number of views. Replies quoting previous
comments and replies were crawled, excluding overlapping
sentences. Each HTML page was crawled using Python regex
to parse HTML tags and extract the number of topics, the
number of replies, the dates on which the topics and replies
were posted, and the URL of each topic from the general
discussion boards. Based on the URLs of extracted topics
and content, the replies to them were also extracted. The
data were saved in json format, which was in turn converted
to other formats (e.g., csv and xlsx) for different purposes.
We collected data over a period of 460 days (April 23, 2015
to July 25, 2016). Within this period, the total number of
topics collected was 166,651 (140,831 in the NA region and
25,820 in the EU region) and that of user replies was 2,931,748
(2,587,001 in theNA region and 344,747 in the EU region).We
collected data in a manner that complied with the stipulated

terms and conditions of use of the forums.The collected data
did not include any personal information.

WoW players use real currencies (e.g., USD and
EUR) to purchase tokens and sell them for the virtual
currency—Gold—in the auction house within the gaming
environment. Tokens have only been in use for a short time;
moreover, websites and tools continue to trace and show the
value of the tokens. We employed one of these sites to crawl
the daily closing price of the token.The use of such data does
not violate WoW’s Terms of Use agreement or include users’
personal or identifying information.

4. Analysis of User Opinion Data

Our goal is to build lexicons of concepts, that is, meaningful
keywords for predicting the price of the currency used in
WoW from the crawled data. To this end, we initially ran

http://wowtoken.info
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topic modeling using the entire user comments to extract
the representative keywords, the subset of which will then
be used for building our initial lexicons. Afterwards, we
retrieved relevant keywords to these initial keywords that
we selected based on the similarity measure via a kernel
density estimation technique. The main idea behind the
kernel density estimation is to compute the similarity score of
a given word to each keyword in our lexicon using a Gaussian
kernel function in a word embedding space and take the
average value of these similarity scores.Those highly relevant
keywords would have high similarity values computed in this
manner. For more details, refer to the subsequent section.

4.1. Data Preprocessing. To remove noise or unnecessary
information, we applied several preprocessing strategies for
all user comments. First, we removed the URL string, stop
words such as auxiliary verbs, prepositions, and special
characters. Then, we tokenized the strings into words and
lemmatized each word. In addition, we used only words with
a frequency higher than 𝑓min, to exclude words used very
sparsely. In this study, we set 𝑓min as 3.

4.2. Concept Building. Next, we built a lexicon representing a
concept for our own purpose. The lexicon-based document
analysis plays an important role in document analysis in
various fields, such as economics, politics, and social sciences.

Our main goal is to find significantly relevant concepts
existing in the entire document corpus by analyzing user
comments. For example, a document in the WoW forum
can be composed of concepts such as an item, a raid, and
game contents. These concepts can be explained by those
words corresponding to their lexicons, respectively. Hereby,
we can quantitatively score how relevant a document is to
each concept by analyzing how strongly the signal of the
concept appears in it.

The lexicon building of a concept comprises two steps:
(1) generation of a candidate word set that is potentially
relevant to the concept and (2) manual refinement of it to
finalize the lexicon. To extract candidate words for each
concept, we constructed topicmodelingwith user comments.
Topic modeling will be discussed later. Once representative
keywords are generated for each topic in thismanner, we used
a union set of keywords from each topic as our candidate
word set for concepts.Then, based on the prior knowledge of
the features of virtual world [36–38] targeted by the authors
who had a major related to game and the developers in the
game companies making games in the MMOG genre, we
selected words from candidate words and categorized them
as some suitable lexicon for our desired concepts; each word
is allowed to be assigned to multiple concepts. Thus, we can
collect words that can explain the corresponding concept.
Table 1 shows examples of these lexicons generated by this
process.

4.3. Topic Modeling for Initial Lexicon Building. The topic
modeling approach we used to extract representative key-
words from a document corpus is nonnegative matrix fac-
torization (NMF) [39], where the nonnegative constraint

Table 1: Concept building example created and used in this study.

Concepts Keywords

General Game, like, people, time, player, blizzard, play,
think, server, . . .

Patch Legion, new, game, change, going, spec, patch,
expansion, . . .

Raid Get, gear, raid, dungeon, time, heroic, group,
guild, . . .

Movie Movie, Warcraft, legion, time, see, story, good,
well, . . .

Leveling Player, level, quest, character, new, ability,
reward, . . .

PVP (player
versus player)

Click, gladiator, game, time, gear, pvp, play,
damage, . . .

Gear Get, cloak, glove, gear, belt, robe, damage,
gauntlet, . . .

gives the interpretability on the resulting weights from factor
matrices as the relevance score of a word or a document to
each topic.

In detail, given a term-document matrix 𝐴 ∈ R𝑚×𝑛,
where 𝑚 and 𝑛 represent the size of the vocabulary and
the number of documents, respectively, we normalized each
column of this matrix to have a unit L2-norm. Given this
matrix, NMF approximately factorizes it into two matrices𝑊 ∈ R𝑚×𝑑 and𝐻 ∈ R𝑛×𝑑, where 𝑑 represents the number of
topics, that is,

min
𝑊,𝐻

𝐴 −𝑊𝐻𝑇𝐹 , where 𝑊 ≥ 0, 𝐻 ≥ 0. (1)

In this equation, the subscript 𝐹 indicates the Frobenius
norm, for example, ‖𝐴‖𝐹 = (∑𝑚𝑖=1∑𝑛𝑗=1 |𝑎𝑖𝑗|2)1/2 where 𝐴 ∈
R𝑚×𝑛. NMF has nonnegative constraints, 𝑊 ≥ 0, 𝐻 ≥0, as shown in (1), which makes the element in 𝑊 and𝐻 nonnegative, thus maintaining the interpretability. The
columns in the resulting matrix, 𝑊, correspond to different
topics, and the keywords correspond to the indices of the 𝑘
largest value in each column function as the representative
keywords of the topic.

In our analysis, we constructed a term-document matrix,𝐴, from 140,831 threads in the US and 25,820 threads in
the EU collected from the WoW forum. Each article has
content and date features, such that we can calculate the
scores per day by summing up the frequency of each word
in sentences or articles generated in the corresponding day.
In topic modeling, we set the number of topics, 𝑑, as 10. We
also set the number of representative keywords for each topic,𝑘, as 30.
4.4. Lexicon Expansion of Concepts and Relevance Score Cal-
culation. In this subsection, we will describe details of how
to expand concept keywords using kernel density estimation
and to calculate the relevance scores with these concept
keywords. Owing to the lack of expression resulting from the
limited number of keywords a person could manage and the
difficulty in determining the relevance to a concept in a user’s
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mind, we utilized kernel density estimation (KDE), a statisti-
cal metric to estimate the probability density function, which
can be smoothened usingmultiple kernels, to inferwhat other
words’ concepts are. In other words, we selected some key-
words for each concept, but the problem is that the number of
keywords for each concept is relatively small compared to the
number of the total vocabulary. To overcome this problem,we
trained word embedding vector representations for all words
using Word2Vec [40], which can provide semantically and
syntactically meaningful vector representations. Afterwards,
we calculated all distances between concept keywords and
otherwords.Then,we computed the conditional probabilities
or distributions for all words given each concept by utilizing
KDE.

In particular, we adopted a Gaussian kernel adopts as
follows [41]. For concept 𝑐, the conditional probability can
be calculated by the distance function, 𝑑, which represents
the distance between embedding vectors of words and vectors
of word set in each concept, and the kernel, 𝐾, which
ensures proper balance between the given word and others.
The conditional probability of the embedding vector of the
keyword, 𝑧, for a concept, 𝑐𝑖, that contains the embedding
vector of concept keywords, 𝑥𝑗 ∈ 𝑐𝑖, can be computed as
follows:

𝑝 (𝑧 | 𝑐 = 𝑐𝑖) = 1
# (𝑥 ∈ 𝑐𝑖) ∑𝑥𝑗∈𝑐𝑖𝐾(𝑑 (𝑥𝑗, 𝑧)) . (2)

Here, we used Euclidean distance and Gaussian kernel and
these equations are as follows.

𝑑 (𝑥, 𝑦) = 𝑥 − 𝑦2 = √ 𝑛∑
𝑖=1

(𝑥𝑖 − 𝑦𝑖)2

𝐾 (𝑑) = exp(−𝑑2𝛾 ) , where 𝛾 = 2𝜎2
(3)

and we set the parameter, 𝛾, as 1.
The conditional probability can also be considered as the

relevance score to each class.Therefore, the score of the given
sentence, 𝑠, for concept, 𝑐𝑖, is defined as

score𝑖 (𝑠) = ∑
𝑤𝑡∈𝑠

𝑝 (𝑤𝑡 | 𝑐 = 𝑐𝑖) . (4)

The range of the score is [0,∞) because the score of the
sentence sums up all the scores of the words in the sentence,
and all the probabilities are nonnegative. In practice, the
sentence is not very long, and the score of each word is less
than 1; therefore, the score of the sentence is not very large.

After scoring all the comments, we calculated scores for
each day by summing up the articles generated in that day.
Thus, we can obtain the scores for each day. Through this
analysis, we found that the scores were rising in August 2015
and July 2016when a new expansion pack andpatch to change
virtual world greatly was announced. Figure 3 shows the line
graph of each score in each concept, as presented in Table 1 in
some periods.

5. Causality Analysis

A Granger causality test [42] was conducted to assess the
relation between standardized token prices and scores of
each concept. The Granger causality test is based on the
assumption that if variable 𝑋 causes 𝑌, then changes in 𝑋
will consistently occur before changes in 𝑌 [1, 9]. We did not
seek to test for actual causation but rather whether the time
series of scores of each concept contained some predictive
information regarding token prices.

Our time series for the selling price of tokens, denoted𝑆𝑡, reflects daily changes in the price of tokens. We tested
whether the time series of the collected data can predict
changes in the token price by comparing the variance
explained by two linear models. The first model uses only 𝑛
lagged values of 𝑆𝑡 (i.e., 𝑆𝑡−1, . . . , 𝑆𝑡−𝑛) for prediction, while the
second model uses 𝑛 lagged values of both 𝑆𝑡 and the time
series of scores of each concept, denoted by 𝑋𝑡−1, . . . , 𝑋𝑡−𝑛.
We conducted the Granger causality test according to the
models described in

𝑆𝑡 = 𝛼 + 𝑛∑
𝑖=1

𝛽𝑖𝑆𝑡−𝑖 + 𝜖𝑡
𝑆𝑡 = 𝛼 + 𝑛∑

𝑖=1

𝛽𝑖𝑆𝑡−𝑖 + 𝑛∑
𝑖=1

𝛾𝑖𝑋𝑡−𝑖 + 𝜖𝑡.
(5)

Based on the results of the Granger causality tests, we
rejected the null hypothesis that the time series of scores
of each concept does not predict token prices—that is,𝛽 ̸= 0—with a high level of confidence. By analyzing their
relevance, we extracted the concepts with the highest Granger
causality relations (𝑝 value < 0.05).

6. Configuration of the Prediction Model

Using the collected data and the analyzed and rated comment
data, we built machine learning models for predicting the
fluctuation in the WoW token price using gradient boosting
trees, random forest, and support vector machines (SVM),
which are widely used in binary classification problems,
used to investigate sensitivity to different machine learning
algorithms.We used R packages called xgboost and cforest for
the implementation in gradient boosting and random forest.
The implementation of SVM was based on libSVM [43] with
the radial basis function (RBF) kernel. Using LibSVM, the
learning data was cross-validated to search for optimum
parameters for the RBF kernel. We created a setup to apply
machine learning to data spanning over a period of 460 days.

As the first step, we standardized the data to improve its
applicability to the learning model. The 𝑧-score, 𝑍E𝑡

= (E −𝑥(E))/𝜎(E), where 𝑥(E) and 𝜎(E) represent the mean and the
standard deviation for every date, respectively, of data for the
previous 12 days (𝑡 = 12) was used. An example of applicable
input data is shown in Table 2. As for the input nodes, based
on the input data provided in Table 2, 10 input data points
were represented as serial vectors to allocate neurons based
on the cumulative number of days spent on learning; that is,
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Table 2: Example of a machine learning data set.

Data class Date
KDE-based concept scoring data Formal data

concept Number of topics Sum of replies Sum of views
General PVP Raid Patch Movie Leveling Gear

Crawled and
analyzed data May 1, 2016 𝐴 𝐵 𝐶 𝐷 𝐸 𝐹 𝐺 𝑉 𝑊 𝑋
Input learning data May 1, 2016 𝑍𝐴𝑡 𝑍𝐵𝑡 𝑍𝐶𝑡 𝑍𝐷𝑡 𝑍𝐸𝑡 𝑍𝐹𝑡 𝑍𝐺𝑡 𝑍𝑉𝑡 𝑍𝑊𝑡 𝑍𝑋𝑡
Table 3: Statistical significance (𝑝 values) of bivariate Granger causality test between WoW token price (NA Region) and concepts of forum
opinions.

Time lag WoW token price
General PVP Raid Patch Movie Leveling Gear Number of topics Number of replies

1 day 0.0116 0.0032 0.0089 0.0074 0.0052 0.0073 0.0034 0.0016 0.0018
2 days 0.0286 0.0059 0.0138 0.0243 0.0144 0.0131 0.0049 0.0073 0.0169
3 days 0.0181 0.0035 0.0081 0.0091 0.0177 0.0075 0.0156 0.0163 0.0252
4 days 0.0494 0.0088 0.0163 0.0315 0.0174 0.0161 0.0332 0.0246 0.0391
5 days 0.0886 0.0138 0.0603 0.0363 0.0657 0.0346 0.0221 0.0286 0.0683
6 days 0.1245 0.0476 0.0813 0.121 0.1109 0.0676 0.0061 0.0341 0.1244
7 days 0.2668 0.1325 0.2188 0.3087 0.2317 0.2106 0.0322 0.0665 0.4006

Table 4: Statistical significance (𝑝 values) of bivariate Granger causality test between WoW token price (EU Region) and concepts of forum
opinions.

Time Lag WoW token price
General PVP Raid Patch Movie Leveling Gear Number of topics Number of replies

1 day 0.4323 0.1714 0.4791 0.1193 0.1806 0.3695 0.1352 0.0026 0.2684
2 days 0.5641 0.2162 0.5267 0.1496 0.2411 0.4839 0.1117 0.0031 0.1178
3 days 0.1518 0.0499 0.1643 0.0647 0.0812 0.1301 0.0515 0.0107 0.1542
4 days 0.0924 0.011 0.1257 0.0148 0.0214 0.0722 0.0132 0.0255 0.2404
5 days 0.1384 0.0176 0.2236 0.0303 0.0524 0.1185 0.0067 0.0221 0.2501
6 days 0.2431 0.0427 0.3235 0.061 0.0896 0.2303 0.0114 0.0143 0.2077
7 days 0.2766 0.0391 0.2266 0.0337 0.114 0.2278 0.0062 0.0076 0.1791

20, 30, 50, and 700 neurons were allocated to cumulative 2, 3,
5, and 7 days.

7. Experimental Results

7.1. Results of Granger Causality Test. The Granger causality
test was conducted on the Bitcoin transaction count and the
price for time lag of 1 to 7 days. The time lag was omitted
because it produced less significant results after 8 days. Tables
3 and 4 list the test results.

From the results, it was observed that in the NA region,
most user opinions had an influence when the time lag
was small and user opinions related to gear and PVP had
causation when the time lag became larger. In the EU region,
it was observed that user opinions related to gear, PVP,
and patches had causation. This process was only used for
verification. The entire data set was used to build the actual
learning model for prediction.

7.2. Prediction Results. We built and applied the machine
learning model based on the gathered and scoring data to

predict the daily fluctuation of the WoW token price. From
April 23, 2015, to July 25, 2016, tests are conducted with 10-
fold cross validation.The accuracy rate,Matthews correlation
coefficient (MCC), and 𝐹-measure were used to evaluate the
performance of the proposed model.

Table 5 presents the prediction results. The most accurate
prediction model for the WoW token price in the NA region
(accuracy rate = 82.55%) is based on the gradient boosting
and previous seven days’ learning data. The most accurate
prediction model for the WoW token price in the EU region
(accuracy rate = 81.52%) is based on the gradient boosting
and the previous twelve days’ learning data. Table 5 presents
the results relative to the different machine learning models
and learning data structures. Cumulative learning data for
seven days or longer resulted in negligible difference, and
cumulative learning data for less than five days proved
insufficient for learning and compromised the prediction
accuracy.

8. Discussion and Conclusion

In this paper, we presented a method for predicting the
value fluctuation of the virtual currency in an MMOG, a
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Table 5: Experimental results of predicted WoW token prices fluctuation.

Learning method Gradient boosting Random forest Support vector machine
Region Learning days Accuracy (%) 𝐹1-score MCC Accuracy (%) 𝐹1-score MCC Accuracy (%) 𝐹1-score MCC

North America
region

3 days 75.65% 0.7576 0.5731 69.13% 0.6984 0.4799 64.13% 0.6432 0.3445
5 days 79.56% 0.7955 0.5921 76.08% 0.7784 0.5704 74.48% 0.7539 0.318
7 days 82.55% 0.8255 0.6372 78.26% 0.793 0.5768 76.95% 0.7765 0.3106
12 days 80.65% 0.8045 0.6009 78.69% 0.7858 0.579 78.69% 0.7996 0.3773

Europe region

3 days 69.56% 0.6957 0.3917 71.52% 0.7138 0.4375 75.43% 0.7966 −0.0219
5 days 71.73% 0.7174 0.4346 73.91% 0.7367 0.4907 70.65% 0.6225 0.2742
7 days 77.17% 0.7718 0.5429 77.39% 0.77 0.5723 71.3% 0.6346 0.2989
12 days 81.52% 0.815 0.6322 77.6% 0.7791 0.5779 73.91% 0.6656 0.3416

subject that had previously been minimally investigated. Our
results demonstrated that the value fluctuation of the virtual
currency in theWoWMMOGenvironment can be predicted.
This paper demonstrated that the proposed method could be
applied to virtual currency selling/buying.

The results of refined user data were used in the predic-
tions, which revealed that users’ opinions could be effectively
used in currency value fluctuation predictions. Granger
causality test results showed that users’ opinions affect the
token value, regardless of the region of the world.

The proposed method provides developers with market
price trends and enables them to determine the numerical
values and probabilities of multiple effects that would oth-
erwise be difficult to identify. These include users’ economic
activities in MMOG environments and the relevance of
currency value fluctuations, which are conducive to adjusting
the overall balance in the MMOG and thus improving the
environment. Validated currency value fluctuation predic-
tions would enable users to pursue profits, in a narrower
sense, and to perceive the overall flows of a given virtual
currency in a broader sense.

The proposed prediction system could be improved by
taking the following aspects into consideration. First, a more
sophisticated user characterization could yield more reveal-
ing findings. For example, a considerable number of reasons
exist for users playing games [44], and these reasons are
likely to be relevant to their transaction activities. An analysis
of user motives and their relation to transaction activities
could improve the understanding of economic activities
in MMOG settings. In addition, data on factors, such as
changes in the gaming environment, virtual currency system
updates, and user comments, including chats, are worth
analyzing to thoroughly understand the MMOG setting and
increase prediction accuracy. Furthermore, if a sufficiently
long time period of data could be gathered, multivariate
time series analysis will ensure competitive results. Our plan
is to enhance our prediction system in future research to
incorporate these considerations with improved reliability
and efficiency of the proposed method.
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Community detection has become an increasingly popular tool for analyzing and researching complex networks. Many methods
have been proposed for accurate community detection, and one of them is spectral clustering. Most spectral clustering algorithms
have been implemented on artificial networks, and accuracy of the community detection is still unsatisfactory.Therefore, this paper
proposes an agglomerative spectral clustering method with conductance and edge weights. In this method, the most similar nodes
are agglomerated based on eigenvector space and edge weights. In addition, the conductance is used to identify densely connected
clusters while agglomerating. The proposed method shows improved performance in related works and proves to be efficient for
real life complex networks from experiments.

1. Introduction

In recent years, community detection in a network has
become one of the main topics of fields, such as biology,
computer science, physics, and applied mathematics [1–3].
In a network, 𝐺(𝑉, 𝐸), where 𝑉 is a set of nodes and 𝐸 is
the edges (relation) between the nodes, a community is a
group of nodes with tightly connected edges with each other
and the nodes of community show similar characteristics.
For example, in social network, people in a community show
similar interest to a trend in a community, for example,
buying the same products in online marketing. In a biology
network, proteins in a community show similar specific
functions, and, in the World Wide Web, sites clustered
together show the same topic in their web page. Scientists
in many fields made significant contributions to detecting
communities by a number of differentmethods, such as graph
partitioning [4, 5], hierarchical clustering [6, 7], and spectral
clustering [8, 9].

In graph partitioning, a network is divided into clusters
in such a way that the number of edges connecting the
clusters is minimum, that is, the edges of a cluster are denser

inside than outside (also referred as conductance [10]). In
addition, the number of lowest sized clusters needs to be
specified. Girvan and Newman [3] introduced a popular
graph partitioning algorithm. Girvan and Newman [3] use
modularity (also referred as conductance) to cluster com-
munities but the method is slower than other community
detection algorithms [11, 12]. Later, Djidjev [13] proposed a
computationally faster version of the algorithm. However,
the definition of conductance is not always definite, and
the definition can be false in some cases [5]. Therefore,
graph partitioning still needs further inference. A number of
methods have been proposed to solve this problem. One of
the famous methods is introduced by Newman [5]. They use
spectral clustering algorithm with modularity maximization,
in which the modularity function is implemented for only
possible clusters of network and the result proved that
spectral clustering with conductance can efficiently cluster
communities.

Hierarchical clustering is used for complex networks
because they often have a hierarchical structure [14]. Hier-
archical clustering consists of a division [15] and agglom-
eration stage [16, 17]. In the division stage, a network is
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deemed to be one cluster in the beginning and the network
is then divided into clusters in each iteration, where the
most dissimilar nodes are separated. In the agglomeration
stage, similar nodes are agglomerated together until the
termination criteria are met or the clusters agglomerate into
a single community. However, hierarchical clustering needs
a well-defined similarity function and the clustering can be
inaccurate if all nodes are similar to each other.

However, the problem of similar nodes and similarity
function can be solved by projecting the nodes into high
dimensional feature space using spectral clustering because
the projected eigenvectors significantly distinguish the sim-
ilar nodes into more distanced positions in feature space.
The reason for using eigenvector space instead of using
original point is that the properties of original clustering
are made more distinct by the eigenvector space. In spec-
tral clustering, original points are transformed into a set
of points in eigenvector space and clustering is done by
analyzing eigenvector space. One technique for clustering
eigenvector space is to use 𝑘-means algorithm [18] where
similar nodes are clustered together. However, traditional
spectral clustering has a problem with model selection which
depends on heuristics. The problem can be solved using
weighted kernel spectral clustering (KSC) with primal and
dual representations [19–21]. KSC [21] focuses on the prin-
ciple that projections of similar nodes are clustered together
in eigenvector space. In another work of KSC, an agglom-
eration technique is introduced to the KSC which is called
agglomerative hierarchical kernel spectral clustering (AH-
KSC) [22]. AH-KSC uses eigenvector space to find distance
between nodes and it agglomerates close distanced nodes.
Themain purpose of AH-KSC is to get hierarchical clustering
but accuracy of AH-KSC does not improve significantly from
KSC because AH-KSC allows indirectly connected nodes to
be agglomerated together and also there are no termination
criteria for satisfied community. The problems of KSC and
AH-KSC are choosing eigenvector, improving accuracy of
detected communities, and using only data generated by hand
which usually do not show same characteristics as real life
networks.

The above-mentioned methods focus on decreasing the
computation time or improving the accuracy of community
detection. Methods for improving the computational time
have been well studied and it can be solved by advances
in technology and techniques [23–25], such as parallel
computing and GPU programming. Improving the accuracy
of community detection has been challenging task because
networks are usually structured with great complexity with
millions of nodes and edges. Hence, this paper proposes an
agglomerative spectral clustering method with conductance
and edge weights to improve the accuracy of community
detection. The characteristics of the proposed method are
well suited for accurate community detection in complex
networks because the eigenvector space from spectral clus-
tering provides well distinct points that are used for the
similarity function in agglomeration. The conductance is
used for the sensitive termination criteria of agglomeration
and the edge weight is a major factor for evaluating a more
accurate similarity. In addition, performance of the proposed

method was compared with that of AH-KSC and KSC using
real life social network data with a ground-truth, which
are the LiveJournal and Orkut network. This method can
help improve the community detection performance from
previous works [21, 22].

The remainder of this paper is as follows: Section 2
introduces the problem statement and background, which
helps understand the proposed method. The core algorithm
of the proposed method is explained in Section 3. The
experiment is outlined in Section 4 and Section 5 reports the
conclusions.

2. Fundamental Concepts

2.1. Problem Statement. In KSC, the data are divided into
training, validating, and test sets. In the training stage, the
eigenvector space of the training data is signed, which is
used for clustering the nodes in a network. The sign of the
eigenvector points in the same cluster is identical. In the
validating stage, model selection is performed to identify the
clustering parameters. The eigenvector space of the test data
is used to evaluate the clusters obtained from the training
data using the hamming distance function.The problemwith
the KSC is that clustering depends on encoding/decoding
eigenvectors space. The encoded values are all signed in
KSC [21] and distinction between the two elements of the
eigenvector is only “1” or “0” so that similar eigenvector
points become noisy. For example, if in eigenvector space,𝑒(𝑙)1 = 0.001 and 𝑒(𝑙)2 = −0.001, the two values can be
binarized as “1” and “0,” respectively. Although, 𝑒(𝑙)1 and 𝑒(𝑙)2
are projected in similar feature space, the results of encoding
show a different outcome. This problem can be solved by
agglomerative hierarchical KSC (AH-KSC). In AH-KSC [22],
instead of signing eigenvector space, the space is used as the
data points to obtain the distance between nodes in a network
and close distanced nodes are agglomerated together until
there are only 𝑘 clusters or less.

KSC and AH-KSC still have certain disadvantages. Both
methods calculate the kernel matrix Ω by counting the
number of edges connecting the common neighbors between
two nodes, 𝑖 ∧ 𝑗: Ω𝑖𝑗 = ∑𝑘,𝑙∈𝑁𝑖𝑗 𝐴𝑘𝑙, where 𝑁𝑖𝑗 is a
set of common neighbors of 𝑖 ∧ 𝑗, 𝑘 and 𝑙 are common
neighbors, and𝐴𝑘𝑙 is adjacencymatrix of the graph.However,
the common neighbors between nodes can cause indirectly
connected nodes to be clustered together so that the nodes
in different clusters can be clustered. To solve this prob-
lem, the adjacency matrix is used as a kernel matrix so
agglomerated nodes can be connected directly. In addition,
KSC and AH-KSC use only the first 𝑘 − 1 eigenvectors
for encoding/decoding but the remaining eigenvectors can
still provide correlated information for clustering. To take
this into consideration, in this study, all eigenvector space
was used to evaluate the similarity between nodes. Further-
more, in AH-KSC, there were no termination criteria for
agglomerating clusters. Therefore, the conductance was used
as termination criterion during the agglomeration of satisfied
clusters.
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2.2. Background. In general, KSC is described by a primal-
dual formulation. Given a network,𝐺(𝑉, 𝐸), where𝑉 denotes
the vertices and 𝐸 the edges, and the training data 𝑉tr ={𝑥tr}𝑁tr𝑖=1, the primal problem [21] is

min
𝑤𝑙 ,𝑒𝑙,𝑏𝑙

12
𝑘−1∑
𝑙=1

𝑤(𝑙)𝑡𝑤(𝑙) − 12
𝑘−1∑
𝑙=1

𝛾𝑙𝑒(𝑙)𝑇𝐷−1Ω 𝑒𝑙

subject 𝑒(𝑙) = Φ𝑤(𝑙) + 𝑏𝑙1𝑁tr , 𝑙 = 1, . . . , 𝑘 − 1,
(1)

where 𝑒(𝑙) = [𝑒(𝑙)1 , . . . , 𝑒(𝑙)𝑁tr] is the projection, which is the
mapped points of training data in feature space with respect
to the direction,𝑤(𝑙), 𝑙 indicates the number of score variables,
which is needed to encode the 𝑘 clusters, 𝐷−1Ω is the inverse
matrix of the degree matrix of the kernel matrix, Ω, Φ is the𝑁tr × 𝑑ℎ feature matrix, where Φ = [𝜑(𝑥1)𝑇; . . . ; 𝜑(𝑥𝑁tr)𝑇],𝛾𝑙 is the regularization constant, and 1𝑁tr is the 𝑁tr × 𝑁tr
matrix of ones.The primal form of the data point is expressed
as

𝑒(𝑙)𝑖 = 𝑤(𝑙)𝑇𝜑 (𝑥𝑖) + 𝑏𝑙, 𝑖 = 1, . . . , 𝑁tr, (2)

where 𝜑 : 𝑅𝑛 → 𝑅𝑑ℎ is the map to high dimensional feature
space, where 𝑛 is the number of nodes in graph, 𝐺, 𝑑ℎ is
the number of eigenvectors, and 𝑏𝑙 is the bias term. The dual
problem related to the primal problem is

𝐷−1Ω𝑀𝐷Ω𝛼𝑙 = 𝜆𝑙𝛼(𝑙), (3)

whereΩ is the kernelmatrix with 𝑖𝑗th entry,Ω𝑖𝑗 = 𝐾(𝑥𝑖, 𝑥𝑗) =𝜑(𝑥𝑖)𝑇𝜑(𝑥𝑖); 𝐷Ω is the diagonal matrix of Ω with elements
of 𝑑𝑖𝑖 = ∑𝑗Ω𝑖𝑗; 𝑀𝐷 is a centering matrix defined as
𝑀𝐷 = 𝐼𝑁tr − (1/1𝑇𝑁tr𝐷−1Ω 1𝑁tr)(1𝑁tr1𝑇𝑁tr𝐷−1Ω ), where 𝐼𝑁tr is the𝑁tr × 𝑁tr identity matrix; 𝛼(𝑙) is the dual variable; and the
kernel function 𝐾 is the similarity function of the graph.
The parameters, such as the number of community 𝑘, are
estimated using the training data, 𝑉tr, and validating data,𝑉va. In addition, all the nodes are clustered in the training
and validating stage. The eigenvector space is used to find
unique code-word for all clusters 𝐴𝑝, 𝑝 = 1, . . . , 𝑘. The
codebook, 𝐶 = {𝑐𝑝}𝑘𝑝=1, can be obtained from rows of
the binarized eigenvector matrix. Finally, the eigenvector
space of the test data, 𝑉te, is decoded using the hamming
distance [21] and the clustered result is evaluated. Therefore,
eigenvector space is used to derive the similarity among
nodes, which will be explained in detail in the following
section.

3. Proposed Community Detection Algorithm

This section presents details of agglomerative spectral clus-
tering with the conductivity method. The eigenvector space
is used to find the similarity among nodes and agglomerate
the most similar nodes to make a new combined node in a
network graph.Thenew combined node is added to the graph
after agglomeration and the changed graph is iterated until
the termination criteria are satisfied.

To agglomerate two nodes, a similarity function is modi-
fied from the correlation distance function among the nodes
as follows:

(𝑖, 𝑗) = CorDis = 1 − 𝑝 = 1 − ∑𝑁𝑛=1 (𝑥𝑖𝑛 ∗ 𝑥𝑗𝑛) − (1/𝑁)∑𝑁𝑛=1 𝑥𝑖𝑛∑𝑁𝑛=1 𝑥𝑗𝑛
√∑𝑁𝑛=1 (𝑥𝑖𝑛)2 − (1/𝑛) (∑𝑁𝑛=1 𝑥𝑖𝑛)2√∑𝑁𝑛=1 (𝑥𝑗𝑛)2 − (1/𝑛) (∑𝑁𝑛=1 𝑥𝑗𝑛)2

, (4)

where (𝑖, 𝑗) is the similarity between nodes i and j in the
range of [0,2] with 0 being perfect similarity and 2 being
perfect dissimilarity. 𝑥𝑖𝑛 is the value of the eigenvector, 𝑒(𝑛)𝑖 ,
in eigenvector space, 𝑖th row, and 𝑛th column.

The eigenvector space is not enough to fully express
the similarity among agglomerated nodes because the nodes
connected to each other are projected into a similar place
in feature space and it is very difficult to distinguish similar
projections. On the other hand, these similar projections can
be distinguished using the disparity of the edge connections
between the nodes. Agglomerated nodes can have more
than one connecting edge with each other. Therefore, more
tightly connected nodes havemore similarity. For example, in
Figure 1, similar nodes are combined in the 1st iteration and
node 𝑛6 has two connections to the agglomerated node of n4

and n5 and has one connection to the agglomerated node of𝑛7 and 𝑛8, so that 𝑛6 is more likely to agglomerate with n5 and
n4. In the 2nd iteration, new agglomerated nodes are used to
find new eigenvector space and agglomerate similar nodes.
In doing so, the number of edges in the graph is unchanged
and some nodes have more than one edge between them.
As mentioned in the example of node n6, the edges between
two nodes are used as a mean to give a similarity score
between nodes to improve the accuracy of the algorithm.
On the other hand, the number of edges between nodes can
be varied too much and the value of the similarity function
in (4) is too different. Therefore, the similarity function will
be overemphasized on a number of edges; that is, disregard
the eigenvector space score. In the present study, a sigmoid
function is used to normalize the edge values to solve the
above-mentioned problem.
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Figure 1: Example of agglomerating nodes.

Equation (4) is modified, as expressed in

(𝑖, 𝑗)

=
(1 − ((∑𝑁𝑛=1 (𝑥𝑖𝑛 ∗ 𝑥𝑗𝑛) − (1/𝑁)∑𝑁𝑛=1 𝑥𝑖𝑛∑𝑁𝑛=1 𝑥𝑗𝑛) /√∑𝑁𝑛=1 (𝑥𝑖𝑛)2 − (1/𝑛) (∑𝑁𝑛=1 𝑥𝑖𝑛)2√∑𝑁𝑛=1 (𝑥𝑗𝑛)2 − (1/𝑛) (∑𝑁𝑛=1 𝑥𝑗𝑛)2))

0.5/ (1 + 𝑒((−5/𝐸max)∗𝐸(𝑖,𝑗))) ,
(5)

where 𝐸max is the maximum number of edges and 𝐸(𝑖, 𝑗) is
the number of edges between nodes 𝑖 ∧ 𝑗. The vertical value
of the sigmoid graph is deemed to be the edge similarity
score and starts from 0.5 to 1 while the horizontal value,
which is the number of edges, ranges from 0 to themaximum
number of edges. Equation (5) is used to find themost similar
node of node 𝑖 from the other nodes in graph 𝐺. At the first
iteration, the first node becomes a candidate and if there is a
more similar node than the candidate, the candidate is then
replaced with it. The process continues until the similarity of
all nodes is evaluated. Thus, the most similar node to node 𝑖
is determined by

𝑛𝑖ms = min
𝑘
(𝑖, 𝑘) , (6)

where 𝑘 ∈ 𝑁, 𝑁 is all the nodes in graph 𝐺, and 𝑛𝑖ms is the
most similar node of node 𝑖.

Furthermore, to obtain a more accurate clustering result,
this study considers the definition of a good community,

which is “density of the edge connection should be higher
inside than outside” [10].The similar nodes are agglomerated
together in every iteration and the agglomerated nodes
become a clustered community after a few iterations. If the
cluster is connected tightly inside and sparsely connected to
outside, there is no need for further agglomeration because
the cluster is sufficiently satisfied to be a good community
and agglomeration for this community is terminated. In
addition, two communities are agglomerated when they are
tightly connected to each other. For example, in Figure 1(c),
where the inside edges are straight lines and the outside
edges are dotted lines, the graph is clustered into three
agglomerated communities, such as 𝐶1, 𝐶2, and 𝐶3. In the
case of community 𝐶1, it has three inside edges and two
outside edges connected to both 𝐶2 and 𝐶3 so that 𝐶1 has
a denser connection inside than outside. Consequently, no
further agglomeration is needed. To consider the ratio of the
inside and outside edges into (5), the two possible cases are
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divided when node 𝑗 is a candidate as the most similar node
for node 𝑖:

(1) 𝑁𝑖 < 𝑁𝑗
(2) 𝑁𝑖 > 𝑁𝑗

where𝑁𝑖 is the number of nodes inside node 𝑖 and𝑁𝑗 is the
number of nodes inside node 𝑗.

In the first case, the number of inside edges of node 𝑖
is at most equal to the number of outside edges connecting
to node 𝑗. However in the next case, the number of inside
edges of node 𝑖 is more than the number of outside edges
connecting to node 𝑗. Therefore, to agglomerate only tightly
connected nodes together, (5) can be modified using the
inside and outside edges:

𝑛𝑖ms = min
𝑘
(𝑖, 𝑘) → {𝐸𝑖 < 𝐸𝑖𝑗 ∗ 𝜇,𝑁𝑖 < 𝑁𝑗𝐸𝑗 < 𝐸𝑖𝑗 ∗ 𝜇,𝑁𝑖 > 𝑁𝑗} , (7)

where 𝐸𝑖 is the inside edges of node 𝑖, 𝐸𝑗 is the inside edges
of node 𝑗, 𝐸𝑖𝑗 is the edges connecting node 𝑖 ∧ 𝑗, and 𝜇 is the
community density parameter.

After finding the similarity between nodes using (7),
agglomeration of the most similar nodes starts. In every
iteration, the most similar node for each node was found and
if the most similar node of 𝑛𝑖 is 𝑛𝑗, the opposite is not definite
for 𝑛𝑗. Therefore, only the case in which both nodes choose
each other is agglomerated as the most similar node. Thus,
the agglomerated node 𝑛ag is

𝑛ag = 𝑛𝑖𝑛𝑗 → {𝑛𝑖ms = 𝑗
𝑛𝑗ms = 𝑖} , (8)

where 𝑘 ∈ 𝑁 and𝑁 is all the nodes in graph 𝐺.
The termination condition is met when all agglomerated

nodes are connected more tightly inside than outside as seen
in Pseudocode 1.

4. Experiment

This section presents the results of the proposed method
and compares the data with that of conventional community
detection works [21, 22] by varying the value of parameters.
LiveJournal and Orkut are used for evaluation as the ground-
truth social network. LiveJournal is a blogging and social
networking site that has been around since 1999. LiveJournal
data has 4 million nodes and 35 million edges. The Live-
Journal ground-truth data has 287,512 communities. In order
to show the change of detected community by varying the
density parameter for different networks, we also use Orkut
network because the density difference of two networks
can clearly emphasize the importance of choosing optimal
density parameter.Orkut is a free online social networkwhere
users form friendship with each other. Orkut data has 3
million nodes and 117 million edges.TheOrkut ground-truth
data has 6,288,363 communities. The network is massive and
complex, which makes more difficult clustering task. The
dataset is available at https://snap.stanford.edu/data/.

Input: Graph 𝐺, Nodes 𝑉, Edges 𝐸, density
parameter 𝜇
Output: Hierarchically clustered communities(1) Find the eigenvectors 𝛼𝑙 =[𝛼(𝑙)1 , . . . , 𝛼(𝑙)𝑁tr ] of𝐷−1Ω𝑀𝐷Ω(2) Find the similarities of each node i and j

using eigenvectors with Eq. (5)(3) Compute the most similar node i using
Eq. (7)(4) Agglomerate the node i and j if the two
nodes chose each other as the most
similar node(5) Re-initialize the graph with the
agglomerated nodes and start the next
iteration(6) Agglomerate the nodes into hierarchical
clusters when the iteration is finished

Pseudocode 1

The evaluation is done using the measurement metrics,
such as precision (𝑃), recall (𝑅), and 𝐹-score.

𝑃 = 𝑇𝑝𝑇𝑝 + 𝐹𝑝 , (9)

where 𝑇𝑝 is the number of nodes that are correctly clustered
and 𝐹𝑝 is the number of nodes that are falsely clustered.

𝑅 = 𝑇𝑝𝑇𝑝 + 𝐹𝑛 , (10)

where 𝐹𝑛 is the number of nodes that are supposed to be
clustered but failed to do so.

𝐹score = 2 ∗ 𝑃 ∗ 𝑅𝑃 + 𝑅 , (11)

where 𝐹score is the harmonic mean of precision and recall.
The results of clustering are shown by varying the value

of 𝜇, which is the community density parameter in Figure 2,
where there are 3 communities. The right side community is
the smallest with 61 nodes, the middle community has 109
nodes, and the left side community is the largest community
with 331 communities. An optimal value was evaluated from
the training data by a trial-and-error method. Beginning
with 𝜇 = 1, as shown in Figure 2(a), each community is
clustered into small sized clusters internally. The clustering
performance is improved by increasing the value of 𝜇 up
to 𝜇 = 3. The middle and right side communities are
clustered successfully but the largest community on the left
side failed to cluster because the left side community is
very complex with many edges. In this case, the clustering
performance can be improved by relaxing 𝜇. The three
communities are successfully clustered when 𝜇 = 4, as shown
in Figure 2(c). If the value of 𝜇 continues to increase, the
clustering performance becomes worse than 𝜇 = 4 because
the clustering criteria are too relaxed as 𝜇 increases. With 𝜇 =

https://snap.stanford.edu/data/
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(c) 𝜇 = 4
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(e) 𝜇 = 7

Figure 2: Varying the results of the density parameter 𝜇 to obtain the optimal value.

5, the left side community is clustered into 4 communities, as
shown in Figure 2(d), and when the value of 𝜇 reaches 7, the
left side community is separated into smaller communities,
as shown in Figure 2(e).

Figure 3 shows comparison by varying values of density
parameter 𝜇 of Orkut network. Unlike LiveJournal network,
Orkut is a more densely clustered network where the ratio
of node and edges of LiveJournal is 1 : 8.6 whereas Orkut is
1 : 38.1. Therefore, the density parameter of Orkut requires
being more strict compared to LiveJournal because the
clusters are all densely clusteredwith each other. If the density
parameter is not strict, it will allow the densely clustered
nodes to be agglomerated together. First column of Figure 3
shows the ground-truth community which is colored in
yellow and the following columns are detected networks
by varying density parameters ranging from 0.1 to 4. As
shown in the first row of Figure 3, the detected community
with density parameter 0.1 shows well desired result but
the accuracy has sharply dropped when we increased the
density parameter because the detected community’s size has

continuously increased. The second row of Figure 3 shows
different characteristics compared to the first row where the
seed node has agglomerated into different cluster due to the
relaxed density parameter.The third row network has similar
characteristics to the second row network which shows
that relaxed density parameter could lead to less densely
clustered community. Fourth row network has similar results
to the first row which shows that if we allow relaxed density
parameter, the network will continue to expand.The optimal
result of community detection has been obtained with 0.1 in
Orkut network while the optimal value is 4 in LiveJournal
network. Therefore, the experiment result shows that the
density parameter is closely related to density of the network
where the denser network requires stricter density parameter.
It means that when evaluating the optimal value of density
parameter, the density of the network should be considered.

Figure 4 shows the results of an analysis of the agglomer-
ation process of the proposed method with 𝜇 = 4 and AH-
KSC as the number of iterations increase. Figure 4(a) shows
the early stage agglomeration result of middle community
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Figure 3: Comparison by varying density parameters on Orkut network.
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(b) Middle cluster halfway result
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(c) AH-KSC method result
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(d) Middle cluster early result
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(e) Middle cluster halfway result

1937967

547590
1953312977046

867566
46454

46340

367562
226374

578515 350777

2821219
353546

3723901298220

839123

446626
830428

369487 21528701930588
865042 369430368612 348645347499

2257729

700570
480565

830910

749144

348839

1915579

1921843
707769

347928

193754583778
2498495

1921398
919975

149684

2174079
1959839

728523466957

349176834739
350087

349509
127952700985

226702

296082

1883982349074
337929

683365
608477116298

728599

424606

967935

18839991930860
969471

833496

1867785

8064862568937

866836

2164103

1915048
806382

2821041

2568898
2568876

1961896
2568885

2206383

3474872411838
2821237

1915049806466
3771432684603

2691438
204106119391422568913

1974004

2624671

2664372

2568903
2596049
2568915

1937557369388

21557952568926
2568917

25689072164102
88156

2684644967442
2568892

2266888
86716419511323679662568895

2684571256888941058

72856726845387285492568919
69534526294922568941728583

372508352382352823806501

2568869

975385

2758790

2568925

2441153
349711

869161

2164094 2568936

1902498

367229350407
26336141946733

347368

729780

454096 2730269
77995230697772568873 19292771949828

368521

368814368049348320 2899529
2266811

1948721350454
350303

835799

2504992 3069785806689
728517 300314022693052206391806384

347573
806547

3069787
2160570453913 526275

3069781 3069760

967944

370642728541 641645

371142
149617

2037147

247155

8341911927286
80148

867445

1940756
806506

695443245239446922 20246762630493194697
834058

36706746277
367422

866844
295702
357619347633

1913475353681

2314177

10941
350340

226808

1915878
801903

697535835961957123
348431

695397 30635436887369574
226920

797865 901020

648159 361256577274

420386

3527501954771

342895

368794832181
5772751908108

2150922
71780

353447

698926
1929805

2568884
83724
695704866810 347603

2174407
697295
1910956

370128
368736
793687

350133

617618695654

2438849
1916792

2710857

784004
2305396 353282

480345189625794780
369921477696

147061

367388698914
727917

2174837
2247234 83684698913

348258
2174473

95031

771463
456859

727922

349968

1037407
10909

777196

347211
475867

697520

377661

1929140

349683986764

370626

837964968494
366628
351573

21881248574583534
699703

775025
2174340

2886476
2995740

352224

967848

1915088

94807

25688682524148
563626

376677

346867370514

1942228
1949269

1867789
1937665

2205710

25704171942141

2009330

371308348472
20310303495943069767

1941756
1946504

2865827 2200468349517
35324573371520093291949007

3667512154219
349585

806364
1948481 18809901937296352978

699079
364847

1885100
2684597351280 578522

1874568350116

2568900

1883166
776589

1884045

2206381
2154232

19624221962235

2164336

728585

1957581

2681959

867255
372360

1937799

2568896

349484
224752

353217
3679281915849

728522

2684588
1953847

23304

1948019
336318 83341219568742684618

3505482684642
351590

367687

8195
728516695472

2352234369469909485
351154

970044263317195311
970220

370874

969826

926394
2655654

2671767

182396
1883406

2953795

347199

2159233

1635578

1883995

2887917

21902072570520

1931806

2468261

2151401

453819 95257

1898695

24535322468756

347441

2153515

2986851

2671772
970223

2581808
970280969814

41085

970123

969786
3509682671776

970182 970311
1968227

969773970172
967544969799969790

352529

348045
970477

2671745

2671706
9697772671725

970619

2655508

2632477

970246
969791

970170

17263721909241

2627886
2167209

2167550
1930314
453835

867756

705277

806358
1965576370411364807

351406
350542

1899299
867862

2337498

2683105 19092671915102 724582
3702842159180 347252

2291509
806545 1937955454083184625

1909345806474 30697762435272867601
2627791806408

8123 2684521

370438
3019969

2899547
32769

80645886997921832341951893
369314

(f) Proposed method result

Figure 4: Analysis of agglomeration process. (a, b, c) AH-KSC method. (d, e, f) Proposed method.

(at the 17th iteration). The early stage of AH-KSC was
successfully clustering colored in red but in the halfway stage
(at 26th iteration), the middle community was agglomerated
together with some nodes that were included in the left side
community, even though there were no direct connections
to the nodes. In the late stage of agglomeration process
(at the 30th iteration), the middle community was clus-
tered with the right side community even though the right
side community was the satisfied community, as shown in
Figure 4(c). Figure 4(d) is the early stage of the proposed
method. Like AH-KSC, the agglomeration process of the
middle community is well clustered (at the 23rd iteration). In
the halfway stage of agglomeration (at the 26th iteration), the
middle community was clustered successfully because only
directly connected nodes are agglomerated according to (5),
where the number of edges between the nodes is added to the
similarity function. At the late stage (at the 39th iteration),
the right side community is clustered accurately because the
ratio of the inner and outer edge connection is applied to
(7) so that the smallest community on the right side has
stopped agglomerating. Figure 4(f) shows the final result of
the algorithm.

This study compared the accuracy of detection of the
proposed method with AH-KSC and KSC using the ground-
truth LiveJournal network. To show the comparison conve-
niently, only four parts of the network are used because the
network is too large, that is, more than 4 million nodes. As
shown in Figure 5, there are four subnetworks with different
structures.The 1st network has 292 nodes and 1858 edges, and
ground-truth community, to which the seed node belongs,
has 24 nodes. The second network has 356 nodes and 33616
edges with a ground-truth community of 52 nodes. The third
network has 652 nodes and 63044 edges, and the ground-
truth community has 22 nodes. The last network has 119
nodes and 866 edges with a ground-truth community of 15
nodes. The 2nd and 3rd networks are so complex that it is
difficult to detect communities while the 1st and 4th networks
are well structured, that is, average in difficulty. In Figure 5,
the light yellow colored node groups in the first column

Table 1: Overall accuracy of community detection for the proposed
method, AH-KSC, and KSC.

Proposed method AH-KSC KSC
Precision 0.64 0.57 0.55
Recall 0.95 0.70 0.82𝐹-score 0.75 0.61 0.62

are the ground-truth community, the green colored node
groups in the second column are the detected community
from the proposed method, and the red colored node groups
are the result of detected community from AH-KSC and
KSC, respectively. From the observation of the experiment,
AH-KSC agglomerates the neighbor nodes successfully in
the early stages of agglomeration, as mentioned above, but
it failed to terminate the agglomeration, as shown in the first
and last networks in Figure 4 due to the lack of termination
criteria. In addition,when the networks are too complex, such
as the 2nd and 3rd networks, clustering is not done efficiently.
KSC also produces similar results to AH-KSC but it clusters
better than AH-KSC for the case in which the network is well
organized, aswith the 4th network.AH-KSCprovides a better
result than KSC when the network is very complex, such as
the 2nd and 3rd network.

Table 1 shows overall accuracy of community detection
using LiveJournal ground-truth network with respect to
the precision, recall, and 𝐹-score for the proposed method,
AH-KSC, and KSC. For AH-KSC, the average precision,
recall, and 𝐹-score were 0.57, 0.7, and 0.61, respectively. For
KSC, the average precision, recall, and 𝐹-score were 0.55,
0.82, and 0.62, respectively. For the proposed method, the
average precision, recall, and 𝐹-score were 0.64, 0.95, and
0.75, respectively. The overall precision of AH-KSC and KSC
were similar with a 2 percent difference but KSC has higher
performance in the overall recall with more than 12 percent,
whichmeans the KSC detectedmore true positive nodes than
AH-KSC from the network.The average𝐹-score for AH-KSC
and KSC is similar with only a 1% difference. The proposed
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Ground-Truth result Proposed method result AH-KSC method KSC method

Figure 5: Example of detected community comparison.

method outperformed AH-KSC and KSC in all evaluation
metrics. In average precision, the proposedmethod improved
7 to 9% compared to AH-KSC and KSC. In the average recall,
the proposedmethodhad the highest improvementwith 25 to
13%.The average𝐹-score of the proposedmethod is improved
by 14%.

5. Conclusion

This paper introduced an agglomerative spectral clustering
with conductance and edge weight for detecting communi-
ties. The proposed method projects the original points into
eigenvector feature space in the first stage. In the second

stage, the eigenvector space and the number of edges between
nodes are used to evaluate the similarity between nodes.
Each node finds candidate for the most similar nodes. The
third stage finds the conductance between the node and
its candidate. If only the conductance improves, the nodes
are agglomerated. The three-stage process is iterated until
the network requires no further agglomeration. The time
complexity of the proposed method is increased compared
to AH-KSC because we check the conductance of each
agglomerated node but it is necessary for more accurate
detection. From the analysis of the experiment, the proposed
method outperformed the AH-KSC and KSC using a real life
network, LiveJournal.
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The two contributions of this method can be summarized
as follows. One is the improvement accuracy compared to
related works. The other is that the proposed method is
feasible for practical situations because the performance of
the method is well suited to real life social networks. On
the other hand, the eigenvector space is calculated in every
iteration so that the computation time is slower than that
of KSC. Our future work will focus on improving the time
complexity with a method such as parallel computing.
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2Department of Computational Intelligence, ENGINE-The European Centre for Data Science, Wrocław University of
Science and Technology, Wybrzeże Wyspiańskiego 27, 50-370 Wrocław, Poland
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One of the most popular methods of estimating the complexity of networks is to measure the entropy of network invariants, such
as adjacency matrices or degree sequences. Unfortunately, entropy and all entropy-based information-theoretic measures have
several vulnerabilities. These measures neither are independent of a particular representation of the network nor can capture the
properties of the generative process, which produces the network. Instead, we advocate the use of the algorithmic entropy as the
basis for complexity definition for networks. Algorithmic entropy (also known as Kolmogorov complexity or 𝐾-complexity for
short) evaluates the complexity of the description required for a lossless recreation of the network. This measure is not affected by
a particular choice of network features and it does not depend on the method of network representation. We perform experiments
on Shannon entropy and 𝐾-complexity for gradually evolving networks. The results of these experiments point to 𝐾-complexity
as the more robust and reliable measure of network complexity. The original contribution of the paper includes the introduction
of several new entropy-deceiving networks and the empirical comparison of entropy and𝐾-complexity as fundamental quantities
for constructing complexity measures for networks.

1. Introduction

Networks are becoming increasingly more important in con-
temporary information science due to the fact that they pro-
vide a holistic model for representing many real-world phe-
nomena. The abundance of data on interactions within com-
plex systems allows network science to describe, model, sim-
ulate, and predict behaviors and states of such complex sys-
tems. It is thus important to characterize networks in terms
of their complexity, in order to adjust analytical methods to
particular networks. The measure of network complexity is
essential for numerous applications. For instance, the level
of network complexity can determine the course of various
processes happeningwithin the network, such as information
diffusion, failure propagation, actions related to control, or
resilience preservation. Network complexity has been suc-
cessfully used to investigate the structure of software libraries
[1], to compute the properties of chemical structures [2],

to assess the quality of business processes [3–5], and to
provide general characterizations of networks [6, 7].

Complex networks are ubiquitous in many areas of
science, such as mathematics, biology, chemistry, systems
engineering, physics, sociology, and computer science, to
name a few. Yet the very notion of network complexity
lacks a strict and agreed-upon definition. In general, a
network is considered “complex” if it exhibits many fea-
tures such as small diameter, high clustering coefficient,
anticorrelation of node degrees, presence of network motifs,
and modularity structures [8]. These features are common
in real-world networks, but they rarely appear in artificial
random networks. Finding a good metric with which one
can estimate the complexity of a network is not a trivial
task. A good complexity measure should not depend solely
on the number of vertices and edges, but it must take into
consideration topological characteristics of the network. In
addition, complexity is not synonymous with randomness
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or unexpectedness. As has been pointed out [8], within
the spectrum of possible networks, from the most ordered
(cliques, paths, and stars) to the most disordered (random
networks), complex networks occupy the very center of
this spectrum. Finally, a good complexity measure should
not depend on a particular network representation and
should yield consistent results for various representations
of the same network (adjacency matrix, Laplacian matrix,
and degree sequence). Unfortunately, as current research
suggests, finding a good complexity measure applicable to a
wide variety of networks is very challenging [9–11].

Among many possible measures which can be used to
define the complexity of networks, the entropy of various
network invariants has been by far the most popular choice.
Network invariants considered for defining entropy-based
complexity measures include number of vertices, number of
neighbors, number of neighbors at a given distance [12], dis-
tance between vertices [13], energy of network matrices such
as Randić matrix [14] or Laplacian matrix [15], and degree
sequences. There are multiple definitions of entropies, usu-
ally broadly categorized into three families: thermodynamic
entropies, statistical entropies, and information-theoretic
entropies. In the field of computer science, information-
theoretic measures are the most prevalent, and they include
Shannon entropy [16], Kolmogorov-Sinai entropy [17], and
Rényi entropy [18]. These entropies are based on the concept
of the information content of a system and they mea-
sure the amount of information required to transmit the
description of an object. The underlying assumption of
using information-theoretic definitions of entropy is that
uncertainty (as measured by entropy) is a nondecreasing
function of the amount of available information. In other
words, systems in which little information is available are
characterized by low entropy and therefore are considered
to be “simple.” The first idea to use entropy to quantify the
complexity of networks comes fromMowshowitz [19].

Despite the ubiquitousness of general-purpose entropy
definitions, many researchers have developed specialized
entropy definitions aimed at describing the structure of
networks [10]. Notable examples of such definitions include
the proposal by Ji et al. to measure the unexpectedness of a
particular network by comparing it to the number of possible
network configurations available for a given set of parameters
[20]. This concept is clearly inspired by algorithmic entropy,
which defines the complexity of a system not in terms of its
information content, but in terms of its generative process.
A different approach to measure the entropy of networks has
been introduced by Dehmer under the form of information
functional [21]. Information functional can be also used to
quantify network entropy in terms of 𝑘-neighborhoods of
vertices [12, 13] or independent sets of vertices [22]. Yet
another approach to network entropy has been proposed by
Körner, who advocates the use of stable sets of vertices as the
basis to compute network entropy [23]. Several comprehen-
sive surveys of network entropy applications are also available
[9, 11].

Within the realm of information science, the complexity
of a system is most often associated with the number of

possible interactions between elements of the system. Com-
plex systems evolve over time, they are sensitive to even
minor perturbations at the initial steps of development and
often involve nontrivial relationships between constituent
elements. Systems exhibiting high degree of interconnect-
edness in their structure and/or behavior are commonly
thought to be difficult to describe and predict, and, as a
consequence, such systems are considered to be “complex.”
Another possible interpretation of the term “complex” relates
to the size of the system. In the case of networks, one might
consider to use the number of vertices and edges to estimate
the complexity of a network. However, the size of the network
is not a good indicator of its complexity, because networks
which have well-defined structures and behaviors are, in
general, computationally simple.

In this work, we do not introduce a new complex-
ity measure or propose new informational functional and
network invariants, on which an entropy-based complexity
measure could be defined. Rather, we follow the observations
formulated in [24] andwe present the criticism of the entropy
as the guiding principle of complexity measure construc-
tion. Thus, we do not use any specific formal definition
of complexity, but we provide additional arguments why
entropy may be easily deceived when trying to evaluate
the complexity of a network. Our main hypothesis is that
algorithmic entropy, also known as Kolmogorov complexity,
is superior to traditional Shannon entropy due to the fact
that algorithmic entropy is more robust, less dependent on
the network representation, and better aligned with intuitive
human understanding of complexity.

The organization of the paper is the following. In Sec-
tion 2, we introduce basic definitions related to entropy and
we formulate arguments against the use of entropy as the
complexity measure of networks. Section 2.3 presents several
examples of entropy-deceiving networks, which provide both
motivation and anecdotal evidence for our hypothesis. In
Section 3, we introduce Kolmogorov complexity andwe show
how this measure can be applied to networks, despite its
high computational cost. The results of the experimental
comparison of entropy and Kolmogorov complexity are
presented in Section 4.The paper concludes in Section 5 with
a brief summary and future work agenda.

2. Entropy as the Measure of
Network Complexity

2.1. Basic Definitions. Let us introduce basic definitions and
notation used throughout the remainder of this paper. A
network is an ordered pair𝐺 = ⟨𝑉, 𝐸⟩, where𝑉 = {V1, . . . , V𝑁}
is the set of vertices and 𝐸 = {(V𝑖, V𝑗) ∈ 𝑉 × 𝑉} is the set
of edges. The degree 𝑑(V𝑖) of the vertex V𝑖 is the number of
vertices adjacent to it, 𝑑(V𝑖) = |{V𝑗 : (V𝑖, V𝑗) ∈ 𝐸}|. A given
network can be represented inmany ways, for instance, using
an adjacency matrix defined as

𝐴𝑁×𝑁 [𝑖, 𝑗] = {{{
1 if (V𝑖, V𝑗) ∈ 𝐸
0 otherwise. (1)
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An alternative to the adjacency matrix is the Laplacian
matrix of the network defined as

𝐿𝑁×𝑁 [𝑖, 𝑗] =
{{{{{{{

𝑑 (V𝑖) if 𝑖 = 𝑗
−1 if 𝑖 ̸= 𝑗, (V𝑖, V𝑗) ∈ 𝐸
0 otherwise.

(2)

Other popular representations of networks include the
degree list defined as 𝐷 = ⟨𝑑(V1), 𝑑(V2), . . . , 𝑑(V𝑛)⟩ and the
degree distribution defined as

𝑃 (𝑑𝑖) = 𝑝 (𝑑 (V𝑗) = 𝑑𝑖) =
{V𝑗 ∈ 𝑉 : 𝑑 (V𝑗) = 𝑑𝑖}𝑁 . (3)

Although there are numerous different definitions of
entropy, in this work we are focusing on the definition
most commonly used in information sciences, the Shan-
non entropy [16]. This measure represents the amount of
information required to provide the statistical description of
the network. Given any discrete random variable 𝑋 with 𝑛
possible outcomes, the Shannon entropy𝐻(𝑋) of the variable𝑋 is defined as the function of the probability 𝑝 of all
outcomes of𝑋:

𝐻(𝑋) = − 𝑛∑
𝑖=1

𝑝 (𝑥𝑖) log𝑏 𝑝 (𝑥𝑖) . (4)

Depending on the selected base of the logarithm, the
entropy is expressed in bits (𝑏 = 2), nats (𝑏 = 𝑒), or dits (𝑏 =10) (bits are also known as Shannon, and dits are also known
as Hartley). The above definition applies to discrete random
variables; for random variables with continuous probability
distributions differential entropy is used, usually along with
the limiting density of discrete points. Given a variable𝑋with𝑛 possible discrete outcomes such that in the limit 𝑛 → ∞
the density of 𝑋 approaches the invariant measure 𝑚(𝑥), the
continuous entropy is given by

lim
𝑛→∞

𝐻(𝑋) = −∫𝑝 (𝑥) 𝑝 (𝑥)𝑚 (𝑥) 𝑑𝑥. (5)

In thiswork, we are interested inmeasuring the entropy of
various network invariants. These invariants can be regarded
as discrete random variables with the number of possible
outcomes bound by the size of the available alphabet, either
binary (in the case of adjacency matrices) or decimal (in
the case of other invariants). Consider the 3-regular graph
presented in Figure 1. This graph can be described using the
following adjacency matrix:

𝐴10×10 =

[[[[[[[[[[[[[[[[[[[[[[
[

0 0 1 0 1 0 0 0 1 0
0 0 0 0 1 0 0 1 1 0
1 0 0 1 0 1 0 0 0 0
0 0 1 0 0 1 1 0 0 0
1 1 0 0 0 0 0 0 0 1
0 0 1 1 0 0 0 1 0 0
0 0 0 1 0 0 0 1 0 1
0 1 0 0 0 1 1 0 0 0
1 1 0 0 0 0 0 0 0 1
0 0 0 0 1 0 1 0 1 0

]]]]]]]]]]]]]]]]]]]]]]
]

. (6)
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Figure 1: Three-regular graph with 10 vertices.

This matrix, in turn, can be flattened to a vector (either
row-wise or column-wise), and this vector can be treated
as a random variable with two possible outcomes, 0 and 1.
Counting the number of occurrences of these outcomes, we
arrive at the random variable 𝑋 = {𝑥0 = 0.7, 𝑥1 = 0.3} and
its entropy 𝐻(𝑋) = 0.88. Alternatively, this graph can be
described using the degree list 𝐷 = ⟨3, 3, 3, 3, 3, 3, 3, 3, 3, 3⟩
which can be treated as the random variable with the entropy𝐻(𝐷) = 0. Yet another possible random variable that can be
derived from this graph is the degree distribution𝑃𝐷 = {𝑑0 =0, 𝑑1 = 0, 𝑑2 = 0, 𝑑3 = 1} with the entropy 𝐻(𝑃𝐷) = 0.
In summary, any network invariant can be used to extract a
random variable and compute its entropy.

Thus, in the remainder of the paper, whenever mention-
ing entropy, we will refer to the entropy of a discrete random
variable. In general, the higher the randomness, the greater
the entropy. The value of entropy is maximal for a random
variable with the uniform distribution and the minimum
value of entropy is attained by a constant random variable.
This kind of entropy will be further explored in this paper in
order to reveal its weaknesses.

As an alternative to Shannon entropy, we advocate the use
of Kolmogorov complexity. We postpone the discussion of
Kolmogorov complexity to Section 3, where we provide both
its definition and the method to approximate this incom-
putable measure. For the sake of brevity, in the remainder of
this paper, we will use the term “entropy” to refer to Shannon
entropy and the term “𝐾-complexity” to refer to Kolmogorov
complexity.

2.2. Why Is Entropy a Bad Measure of Network Complexity.
Zenil et al. [24] argue that entropy is not appropriate to
measure the true complexity of a network and they present
several examples of networks which should not qualify as
complex (using the colloquial understanding of the term),
yet which attain maximum entropy of various network
invariants. We follow the line of argumentation of Zenil
et al., and we present more examples of entropy-deceiving
networks. Our main aim is to show that it is relatively easy
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Figure 2: Block network composed of eight of the same 3-node
blocks.

to construct a network which achieves high values of entropy
of various network invariants. Examples presented in this
section outline the main problem with using entropy as
the basis for complexity measure construction: namely, that
entropy is not aligned with intuitive human understanding of
complexity. Statistical randomness, as measured by entropy,
does not imply complexity in a useful, operational way.

The main reason why entropy and other entropy-related
information-theoretic measures fail to correctly describe the
complexity of a network is the fact that these measures are
not independent of the network representation. As amatter of
fact, this remark applies equally to all computablemeasures of
network complexity. It is quite easy to present examples of two
equivalent lossless descriptions of the same network having
very different entropy values, aswewill show in Section 2.3. In
this paper, we experiment with four different representations
of networks: adjacency matrices, Laplacian matrices, degree
lists, and degree distributions. We show empirically that the
choice of a particular representation of the network strongly
influences the resulting entropy estimation.

Another property which makes entropy a questionable
measure of network complexity is the fact that entropy cannot
be applied to several network features at the same time, but it
operates on a single feature, for example, degree and between-
ness. In theory, one could devise a function which would
be a composition of individual features, but high complexity
of the composition does not imply high complexity of all
its components and vice versa. This requirement to select a
particular feature and compute its probability distribution
disqualifies entropy as a universal and independent measure
of complexity.

In addition, an often forgotten aspect of entropy is the
fact that measuring entropy requires making an arbitrary
choice regarding the aggregation level of the variable, for
which entropy is computed. Consider the network presented
in Figure 2. At the first glance, this network seems to be fairly
random. The density of the network is 0.35 and its entropy
computed over adjacency matrix is 0.92 bits. However, this

network has been generated using a very simple procedure.
We begin with the initial matrix:

𝑀3×3 = [[
[
0 1 0
1 0 1
0 0 1

]]
]
. (7)

Next, we create 64 copies of this matrix, and each of
these copies is randomly transposed. Finally, we bind all
these matrices together to form a square matrix𝑀24×24 and
we use it as the adjacency matrix to create the network.
So, if we were to coalesce the adjacency matrix into 3 × 3
blocks, the entropy of the adjacency matrix would be 0,
since all constituent blocks are the same. It would mean that
the network is actually deterministic and its complexity is
minimal. On the other hand, it should be noted that this
shortcoming of entropy can be circumvented by using the
entropy rate (𝑛-gram entropy) instead, because entropy rate
calculates the entropy for all possible levels of granularity of
a variable. Given a random variable 𝑋 = ⟨𝑥1, 𝑥2, . . . , 𝑥𝑛⟩,
let 𝑝(𝑥𝑖, 𝑥𝑖+1, . . . , 𝑥𝑖+𝑙) denote the joint probability over 𝑙
consecutive values of𝑋. Entropy rate𝐻𝑙(𝑋) of a sequence of𝑙 consecutive values of𝑋 is defined as

𝐻𝑙 (𝑋)
= − ∑
𝑥1∈𝑋

⋅ ⋅ ⋅ ∑
𝑥𝑙∈𝑋

𝑝 (𝑥1, . . . , 𝑥𝑙) log2 𝑝 (𝑥1, . . . , 𝑥𝑙) . (8)

Entropy rate of the variable 𝑋 is simply the limit of the
above estimation for 𝑙 → ∞.

2.3. Entropy-Deceiving Networks. In this section, we present
four different examples of entropy-deceiving networks, sim-
ilar to the idea coined in [24]. Each of these networks has
a simple generative procedure and should not (intuitively)
be treated as complex. However, if the entropy was used to
construct a complexity measure, these networks would have
been qualified as complex.The examples given in this section
disregard any specific definition of complexity; their aim is
to outline main shortcomings of entropy as the basis for any
complexity measure construction.

2.3.1. Degree Sequence Network. Degree sequence network
is an example of a network which has an interesting prop-
erty: there are exactly two vertices for each degree value1, 2, . . . , 𝑁/2;𝑁 = |𝑉|.

The procedure to generate degree sequence network is
very simple. First, we create a linked list of all𝑁 vertices, for
which 𝑑(V1) = 𝑑(V𝑁) = 1 and ∀𝑖 ̸= 1, 𝑖 ̸= 𝑁, 𝑑(V𝑖) = 2. It is
a circle without one edge (V1, V𝑁). Next, starting with vertex
V3, we follow a simple rule:

for 𝑖 = 3 to 𝑁/2 do
for 𝑗 = 1 to (𝑖 − 2) do
add edge(V𝑖, V𝑁/2+𝑗)

end for
end for
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Figure 3: Degree sequence network.

The resulting network is presented in Figure 3. It is
very regular, with a uniform distribution of vertex degrees,
due to its straightforward generation procedure. However,
if one would examine the entropy of the degree sequence,
this entropy would be maximal for a given number 𝑁 of
vertices, suggesting far greater randomness of such network.
This example shows that entropy of the degree sequence (and
the entropy of the degree distribution) can be verymisleading
when trying to evaluate the true complexity of a network.

2.3.2. Copeland-Erdös Network. The Copeland-Erdös net-
work is a network which seems to be completely random,
despite the fact that the procedure of its generation is
deterministic. The Copeland-Erdös constant is a constant
which is produced by concatenating “0” with the sequence
of consecutive prime numbers [25]. When prime numbers
are expressed in base 10, the Copeland-Erdös constant is
a normal number; that is, its infinite sequence of digits is
uniformly distributed (the normality of the Copeland-Erdös
constant in bases other than 10 is not proven).This fact allows
us to devise the following simple generative procedure for a
network. Given the number of vertices 𝑁, take the first 𝑁2
digits of the Copeland-Erdös constant and represent them as
the matrix of the size𝑁×𝑁. Next, binarize each value in the
matrix using the function 𝑓(𝑥) = 𝑥div5 (integer division)
and use it as the adjacency matrix to create a network.
Since each digit in the matrix is approximately equally likely,
the resulting binary matrix will have approximately the
same number of 0’s and 1’s. An example of the Copeland-
Erdös network is presented in Figure 4. The entropy of
the adjacency matrix is maximal for a given number of 𝑁
vertices; furthermore, the network may seem to be random
and complex, but its generative procedure, as we can see, is
very simple.

Degree
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15

16
17
18

Figure 4: Copeland-Erdös network.

Figure 5: 2-Clique network.

2.3.3. 2-Clique Network. 2-Clique network is an artificial
example of a network in which the entropy of the adjacency
matrix is maximal. The procedure to generate this network
is as follows. We begin with two connected vertices labeled
red and blue. We add red and blue vertices alternatingly,
each time connecting the newly added vertex with all other
vertices of the same color. As a result, two cliques appear (see
Figure 5). Since there are asmany red vertices as there are blue
vertices, the adjacency matrix contains the same number of
0’s and 1’s (not considering the 1 representing the bridge edge
between cliques). So, entropy of the adjacency matrix is close
to maximal, although the structure of the network is trivial.

2.3.4. Ouroboros Network. Ouroboros (Ouroboros is an
ancient symbol of a serpent eating its own tail, appearing
first in Egyptian iconography and then gaining notoriety in
later magical traditions) network is another example of an
entropy-deceiving network. The procedure to generate this
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network is very simple: for a given number𝑁 of vertices, we
create two closed rings, each consisting of 𝑁/2 vertices, and
we connect corresponding vertices of the two rings. Finally,
we break a single edge in one ring and we put a single vertex
at the end of the broken edge. The result of this procedure
can be seen in Figure 6. Interestingly, even though almost all
vertices in this network have equal degree of 3, each vertex has
different betweenness. Thus, the entropy of the betweenness
sequence is maximal, suggesting a very complex pattern of
communication pathways though the network. Obviously,
this network is very simple from the communication point
of view and should not be considered complex.

3. 𝐾-Complexity as the Measure of
Network Complexity

We strongly believe that Kolmogorov complexity (𝐾-
complexity) is a much more reliable and robust basis for
constructing the complexity measure for compound objects,
such as networks. Although inherently incomputable,𝐾-complexity can be easily approximated to a degree
which allows for the practical use of 𝐾-complexity in
real-world applications, for instance, in machine learning
[26, 27], computer network management [28], and general
computation theory (proving lower bounds of various Turing
machines, combinatorics, formal languages, and inductive
inference) [29].

Let us now introduce the formal framework for 𝐾-
complexity and its approximation. Note that entropy is
defined for any random variable, whereas 𝐾-complexity is
defined for strings of characters only. 𝐾-complexity 𝐾𝑇(𝑠) of
a string 𝑠 is formally defined as

𝐾𝑇 (𝑠) = min {|𝑃| , 𝑇 (𝑃) = 𝑠} , (9)

where 𝑃 is a program which produces the string 𝑠 when run
on a universal Turing machine 𝑇 and |𝑃| is the length of the
program𝑃, that is, the number of bits required to represent𝑃.
Unfortunately, 𝐾-complexity is incomputable [30], or more
precisely, it is upper semicomputable (only the upper bound
of the value of 𝐾-complexity can be computed for a given
string 𝑠). One way for approximating the true value of 𝐾𝑇(𝑠)
is to use the notion of algorithmic probability introduced
by Solomonoff and Levin [31, 32]. Algorithmic probability𝑝𝑎(𝑠) of a string 𝑠 is defined as the expected probability that a
random program𝑃 running on a universal Turingmachine𝑇
with the binary alphabet produces the string 𝑠 upon halting:

𝑝𝑎 (𝑠) = ∑
𝑃:𝑇(𝑃)=𝑠

1
2|𝑃| . (10)

Of course there are 2|𝑃| possible programs of the length|𝑃|, and the summation is performed over all possible pro-
gramswithout limiting their length,whichmakes algorithmic
probability 𝑝𝑎(𝑠) a semimeasure which itself is incomputable.
Nevertheless, algorithmic probability can be used to calculate𝐾-complexity using the Coding Theorem [31] which states

that algorithmic probability approximates 𝐾-complexity up
to a constant 𝑐:

−log2 𝑝𝑎 (𝑠) − 𝐾𝑇 (𝑠) ≤ 𝑐. (11)

The consequence of the Coding Theorem is that it
associates the frequency of occurrence of the string 𝑠 with
its complexity. In other words, if a particular string 𝑠 can
be generated by many different programs, it is considered
“simple.” On the other hand, if a very specific program is
required to produce the given string 𝑠, this string can be
regarded as “complex.” The Coding Theorem also implies
that 𝐾-complexity of a string 𝑠 can be approximated from its
frequency using the formula:

𝐾𝑇 (𝑠) ≈ −log2 𝑝𝑎 (𝑠) . (12)

This formula has inspired the Algorithmic Nature Lab
group (https://www.algorithmicnaturelab.org) to develop the
CTM (Coding Theorem Method), a method to approximate𝐾-complexity by counting output frequencies of small Turing
machines. Clearly, algorithmic probability of the string 𝑠
cannot be computed exactly, because the formula for algo-
rithmic probability requires finding all possible programs
that produce the string 𝑠. Nonetheless, for a limited subset
of Turing machines it is possible to count the number of
machines that produce the given string 𝑠, and this is the trick
behind the CTM. In broad terms, the CTM for a string 𝑠
consists in computing the following function:

CTM (𝑠) = 𝐷 (𝑛,𝑚, 𝑠)
= |{𝑇 ∈ T (𝑛,𝑚) : 𝑇 (𝑃) = 𝑠}|
|{𝑇 ∈ T (𝑛,𝑚) : 𝑇 (𝑃) : halts}| ,

(13)

where T(𝑛,𝑚) is the space of all universal Turing machines
with 𝑛 states and 𝑚 symbols. Function 𝐷(𝑛,𝑚, 𝑠) computes
the ratio of all halting machines with 𝑛 states and𝑚 symbols
which produce the string 𝑠 and its value is determined with
the help of known values of the famous Busy Beaver function
[33]. The Algorithmic Nature Lab group has gathered statis-
tics on almost 5 million short strings (maximum length is
12 characters) produced by Turing machines with alphabets
ranging from 2 to 9 symbols, and based on these statistics
the CTM can approximate the algorithmic probability of a
given string. Detailed description of the CTM can be found
in [34]. Since the function 𝐷(𝑛,𝑚, 𝑠) is an approximation of
the true algorithmic probability 𝑝𝑎(𝑠), it can also be used to
approximate𝐾-complexity of the string 𝑠.

The CTM can be applied only to short strings consisting
of 12 characters or less. For larger strings and matrices, the
BDM (Block Decomposition Method) should be used. The
BDMrequires the decomposition of the string 𝑠 into (possibly
overlapping) blocks {𝑏1, 𝑏2, . . . , 𝑏𝑘}. Given a long string 𝑠, the
BDM computes its algorithmic probability as

BDM (𝑠) = 𝑘∑
𝑖=1

CTM (𝑏𝑖) + log2 𝑏𝑖 , (14)

where CTM(𝑏𝑖) is the algorithmic complexity of the block 𝑏𝑖
and |𝑏𝑖| denotes the number of times the block 𝑏𝑖 appears in 𝑠.
Detailed description of the BDM can be found in [35].

https://algorithmicnature.org/
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Figure 6: Ouroboros network.

Obviously, any representation of a nontrivial network
requires far more than 12 characters. Consider once again the
3-regular graph presented in Figure 1. The Laplacian matrix
representation of this graph is the following:

𝐿10×10

=

[[[[[[[[[[[[[[[[[[[[[[[[[
[

3 0 −1 0 −1 0 0 0 −1 0
0 3 0 0 −1 0 0 −1 −1 0
−1 0 3 −1 0 −1 0 0 0 0
0 0 −1 3 0 −1 −1 0 0 0
−1 −1 0 0 3 0 0 0 0 −1
0 0 −1 −1 0 3 0 −1 0 0
0 0 0 −1 0 0 3 −1 0 −1
0 −1 0 0 0 −1 −1 3 0 0
−1 −1 0 0 0 0 0 0 3 −1
0 0 0 0 −1 0 −1 0 −1 3

]]]]]]]]]]]]]]]]]]]]]]]]]
]

. (15)

If we treat each row of the Laplacian matrix as a separate
block, the string representation of the Laplacian matrix
becomes 𝑠 = {𝑏1 = 3010100010, 𝑏2 = 0300100110, . . . , 𝑏10 =0000101013} (for the sake of simplicity, we have replaced
the symbol “−1” with the symbol “1”). This input can be
fed into the BDM, producing the final estimation of the
algorithmic probability (and, consequently, the estimation
of the 𝐾-complexity) of the string representation of the
Laplacian matrix. In our experiments, whenever reporting
the values of 𝐾-complexity of the string 𝑠, we actually report
the value of BDM(𝑠) as the approximation of the true 𝐾-
complexity.

4. Experiments

4.1. Gradual Change of Networks. As we have stated before,
the aim of this research is not to propose a new complexity
measure for networks, but to compare the usefulness and
robustness of entropy versus𝐾-complexity as the underlying
foundations for complexity measures. Let us recall what
properties are expected from a good and reliable complex-
ity measure for networks. Firstly, the measure should not
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depend on the particular network representation but should
yield more or less consistent results for all possible lossless
representations of a network. Secondly, the measure should
not equate complexitywith randomness.Thirdly, themeasure
should take into consideration topological properties of a net-
work and not be limited to simple counting of the number of
vertices and edges. Of course, statistical properties of a given
network will vary significantly between different network
invariants, but at the base level of network representation
the quantity used to define the complexity measure should
fulfill the above requirements. The main question that we are
aiming to answer in this study is whether there are qualitative
differences between entropy and𝐾-complexity with regard to
the above-mentioned requirements when measuring various
types of networks.

In order to answer this question we have to measure
how a change in the underlying network structure affects the
observed values of entropy and𝐾-complexity. To this end, we
have devised two scenarios. In the first scenario, the network
gradually transforms from the perfectly ordered state to a
completely random state. The second transformation brings
the network from the perfectly ordered state to a state which
can be understood as semiordered, albeit in a different way.
The following sections present both scenarios in detail.

4.1.1. From Watts-Strogatz Small-World Model to Erdös-Rényi
Random Network Model. A small-world network model
introduced byWatts and Strogatz [36] is based on the process,
which transforms a fully ordered network with no random
edge rewiring into a random network. According to the
small-world model, vertices of the network are placed on a
regular 𝑘-dimensional grid and each vertex is connected to
exactly𝑚 of its nearest neighbors, producing a regular lattice
of vertices with equal degrees. Then, with a small probability𝑝, each edge is randomly rewired. If 𝑝 = 0, no rewiring
occurs and the network is fully ordered. All vertices have the
same degree, the same betweenness, and the entropy of the
adjacencymatrix depends only on the density of edges.When𝑝 ≥ 0, edge rewiring is applied to edges and this process
distorts the degree distribution of vertices.

On the other end of the network spectrum is the
Erdös-Rényi random network model [37], in which there is
no inherent pattern of connectivity between vertices. The
random network emerges by selecting all possible pairs
of vertices and creating, for each pair, an edge with the
probability 𝑝. Alternatively, one can generate all possible
networks consisting of 𝑛 vertices and 𝑚 edges and then
randomly pick one of these networks.The construction of the
random network implies the highest degree of randomness,
and there is no otherway of describing a particular instance of
such network other than by explicitly providing its adjacency
matrix or the Laplacian matrix.

In our first experiment, we observe the behavior of
entropy and𝐾-complexity being applied to gradually chang-
ing networks. We begin with a regular small-world network
generated for 𝑝 = 0. Next, we iteratively increase the value
of 𝑝 by 0.01 in each step, until 𝑝 = 1. We retain the
network between iterations, so conceptually it is one network

undergoing the transition. Also, we only consider rewiring
of edges which have not been rewired during preceding
iterations, so every edge is rewired at most once. For 𝑝 =0, the network forms a regular lattice of vertices, and for𝑝 = 1 the network is fully random with all edges rewired.
While randomly rewiring edges, we do not impose any
preference on the selection of the target vertex of the edge
being currently rewired; that is, each vertex has a uniform
probability of being selected as the target vertex of rewiring.

4.1.2. From Watts-Strogatz Small-World Model to Barabási-
Albert Preferential Attachment Model. Another popular
model of artificial network generation has been introduced
by Barabási and Albert [38]. This network model is based
on the phenomenon of preferential attachment, according to
which vertices appear consecutively in the network and tend
to join existing vertices with a strong preference for high
degree vertices. The probability of selecting vertex V𝑖 as the
target of a newly created edge is proportional to V𝑖’s degree𝑑(V𝑖). Scale-free networks have many interesting properties
[39, 40], but from our point of view the most interesting
aspect of scale-free networks is the fact that they represent
a particular type of semiorder. The behavior of low-degree
vertices is chaotic and random, and individual vertices are
difficult to distinguish, but the structure of high-degree
vertices (so-called hubs) imposes a well-defined topology
on the network. High-degree vertices serve as bridges
which facilitate communication between remote parts of the
network, and their degrees are highly predictable. In other
words, although a vast majority of vertices behave randomly,
the order appears as soon as high-degree vertices emerge in
the network.

In our second experiment, we start from a small-world
network and we increment the edge rewiring probability𝑝 in each step. This time, however, we do not select the
new target vertex randomly, but we use the preferential
attachment principle. In the early steps, this process is still
random as the differences in vertex degrees are relatively
small, but at a certain point the scale-free structure emerges
and as more rewiring occurs (for 𝑝 → 1), the network starts
organizing around a subset of high-degree hubs.The intuition
is that a good measure of network complexity should be able
to distinguish between the initial phase of increasing the
randomness of the network and the second phase where the
semiorder appears.

4.2. Results and Discussion. We experiment only on arti-
ficially generated networks, using three popular network
models: Erdös-Rényi randomnetworkmodel,Watts-Strogatz
small-world network model, and Barabási-Albert scale-free
network model. We have purposefully left out empirical
networks from consideration, due to a possible bias which
might have been introduced. Unfortunately, for empirical
networks, we do not have a good method of approximating
the algorithmic probability of a network. All we could do
is to compare empirical distributions of network properties
(such as degree, betweenness, and local clustering coefficient)
with distributions from known generative models. In our
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previouswork [41], we have shown that this approach can lead
to severe approximation errors as distributions of network
properties strongly depend on values of model parameters
(such as edge rewiring probability in the small-world model,
or power-law coefficient in the scale-free model). Without a
universal method of estimating the algorithmic probability
of empirical networks, it is pointless to compare entropy
and 𝐾-complexity of such networks since no baseline can
be established and the results would not yield themselves to
interpretation.

In our experiments we have used the acssR package [42]
which implements the CodingTheoremMethod [34, 43] and
the Block Decomposition Method [35].

Let us now present the results of the first experiment.
In this experiment, the edge rewiring probability 𝑝 changes
from 0 to 1 by 0.01 in each iteration. In each iteration, we
generate 50 instances of the network consisting of 𝑁 =100 vertices, and for each generated network instance, we
compute the following measures:

(i) Entropy and𝐾-complexity of the adjacency matrix
(ii) Entropy and𝐾-complexity of the Laplacian matrix
(iii) Entropy and𝐾-complexity of the degree list
(iv) Entropy and𝐾-complexity of the degree distribution

We repeat the experiments described in Section 4.1 for
each of the 50 networks, performing the gradual change
of each of these networks, and for each value of the edge
rewiring probability 𝑝 we average the results over all 50
networks. Since entropy and 𝐾-complexity are expressed in
different units, we normalize bothmeasures to allow for side-
by-side comparison. The normalization procedure works as
follows. For a given string of characters 𝑠 with the length𝑙 = |𝑠|, we generate two strings. The first string 𝑠min consists
of 𝑙 repeated 0’s and it represents the least complex string of
the length 𝑙. The second string 𝑠max is a concatenation of 𝑙
uniformly selected digits and it represents the most complex
string of the length 𝑙. Each value of entropy and𝐾-complexity
is normalized with respect to minimum and maximum value
of entropy and 𝐾-complexity possible for a string of equal
length. This allows us not only to compare entropy and 𝐾-
complexity between different representations of networks,
but also to compare entropy to 𝐾-complexity directly. The
results of our experiments are presented in Figure 7.

We observe that traditional entropy of the adjacency
matrix remains constant. This is obvious, the rewiring of
edges does not change the density of the network (the
number of edges in the original small-world network and
the final random network or scale-free network is exactly
the same), so entropy of the adjacency matrix is the same
for each value of the edge rewiring probability 𝑝. On the
other hand, 𝐾-complexity of the adjacency matrix slowly
increases. It should be noted that the change of𝐾-complexity
is small when analyzed in absolute values. Nevertheless, 𝐾-
complexity consistently increases as networks diverge from
the order of the small-world model toward the chaos of
randomnetworkmodel. A very similar result can be observed
for networks represented using Laplacian matrices. Again,
entropy fails to signal any change in network’s complexity

because the density of networks remains constant throughout
the transition, and the very slight change of entropy for 𝑝 ∈⟨0, 0.25⟩ is caused by the change of the degree list which
forms the main diagonal of the Laplacian matrix. The result
for the degree list is more surprising. 𝐾-complexity of the
degree list slightly increases as networks lose their ordering
but remains close to 0.4. At the same time, entropy increases
quickly as the edge rewiring probability 𝑝 approaches 1.
The pattern of entropy growth is very similar for both the
transition to random network and the transition to scale-free
network, with the latter characterized counterintuitively by
larger entropy. In addition, the absolute value of entropy for
the degree list is several times larger than for the remaining
network representations (the adjacencymatrix and the Lapla-
cian matrix). Finally, both entropy and𝐾-complexity behave
similarly for networks described using degree distributions.
We note that both measures correctly identify the decrease
of apparent complexity as networks approach the scale-
free model (when semiorder emerges) and signal increasing
complexity as networks becomemore andmore random. It is
tempting to conclude from the results of the last experiment
that the degree distribution is the best representation when
network complexity is concerned. However, one should not
forget that the degree distribution and the degree list are
not lossless representations of networks, so the algorithmic
complexity of degree distribution only estimates how difficult
it is to recreate that distribution and not the entire network.

Given the requirements formulated at the beginning of
this section and the results of the experimental evaluation,
we conclude that𝐾-complexity is a more feasible measure for
constructing intuitive complexity definitions. 𝐾-complexity
captures small topological changes in the evolving networks,
where entropy cannot detect these changes due to the fact
that network density remains constant. Also, 𝐾-complexity
produces less variance in absolute values across different
network representations, and entropy returns drastically
different estimates depending on the particular network
representation.

5. Conclusions

Entropy has been commonly used as the basis for modeling
the complexity of networks. In this paper, we show why
entropy may be a wrong choice for measuring network
complexity. Entropy equates complexity with randomness
and requires preselecting the network feature of interest. As
we have shown, it is relatively easy to construct a simple
network which maximizes entropy of the adjacency matrix,
the degree sequence, or the betweenness distribution. On
the other hand, 𝐾-complexity equates the complexity with
the length of the computational description of the network.
This measure is much harder to deceive and it provides a
more robust and reliable description of the network. When
networks gradually transform from the highly ordered to
highly disordered states, 𝐾-complexity captures this transi-
tion, at least with respect to adjacencymatrices and Laplacian
matrices.
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Figure 7: Entropy and𝐾-complexity of (a) adjacency matrix, (b) Laplacian matrix, (c) degree list, and (d) degree distribution under gradual
transition fromWatts-Strogatz model to Erdös-Rényi and Barabási-Albert models.

In this paper, we have used traditional methods to
describe a network: the adjacency matrix, the Laplacian
matrix, the degree list, and the degree distribution. We have
limited the scope of experiments to three most popular
generative network models: random networks, small-world
networks, and scale-free networks. However, it is possible to
describe networks more succinctly, using universal network
generators. In the near future, we plan to present a new
method of computing algorithmic complexity of networks

without having to estimate 𝐾-complexity, but rather fol-
lowing the minimum description length principle. Also,
extending the experiments to the realmof empirical networks
could prove to be informative and interesting.We also intend
to investigate network representations based on various
energies (Randić energy, Laplacian energy, and adjacency
matrix energy) and to research the relationships between
network energy and 𝐾-complexity.
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Influence maximization problem aims to identify the most influential individuals so as to help in developing effective viral
marketing strategies over social networks. Previous studies mainly focus on designing efficient algorithms or heuristics on a static
social network.As amatter of fact, real-world social networks keep evolving over time and a recalculation upon the changednetwork
inevitably leads to a long running time. In this paper, we propose an incremental approach, IncInf, which can efficiently locate the
top-𝐾 influential individuals in evolving social networks based on previous information instead of calculation from scratch. In
particular, IncInf quantitatively analyzes the influence spread changes of nodes by localizing the impact of topology evolution to
only local regions, and a pruning strategy is further proposed to narrow the search space into nodes experiencing major increases
or with high degrees. To evaluate the efficiency and effectiveness, we carried out extensive experiments on real-world dynamic
social networks: Facebook, NetHEPT, and Flickr. Experimental results demonstrate that, compared with the state-of-the-art static
algorithm, IncInf achieves remarkable speedup in execution time while maintaining matching performance in terms of influence
spread.

1. Introduction

The increasing popularity of online social network has pro-
moted the diffusion of information, opinions, adoption of
new products, and so forth and provided great opportunities
for intelligent viral marketing. To benefit best from the
word-of-mouth effect, influence maximization (IM) is one
fundamental and important problem that aims to identify a
small set of influential individuals so as to develop effective
viral marketing strategies to maximize the influence over
a given social network [1]. As a matter of fact, real-world
social networks keep evolving over time. For example, in
Facebook, new people might join, while old ones might
withdraw, and people might make new friends with each
other. Moreover, real-world social networks are evolving in a
rather surprising speed; it is reported that asmuch as 1million
new accounts are created in Twitter every day [2]. Such
massive evolution of network topology, on the contrary, may

lead to a significant transformation of the network structure,
thus raising a natural need of efficient reidentification.

Existing researches and solutions on influence maxi-
mization focus mainly on developing effective and efficient
algorithms on a given static social network. Although one
could possibly run any of the static influence maximization
methods, such as [3–6], to find the new top-𝐾 influential
individuals when the network is updated, this approach
has some inherent drawbacks that cannot be neglected:
(1) the running time of a specific static method can be
extremely long and unacceptable, especially on large-scale
social networks, and (2) whenever the network topology is
changed, we need to recalculate the influence spreads for all
the nodes, which leads to very high costs. Can we quickly
and efficiently identify the influential nodes in evolving social
networks? Can we incrementally update the influential nodes
based on previously known information instead of frequently
recalculating from scratch?
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Unfortunately, the rapidly and unpredictably changing
topology of a dynamic social network poses several chal-
lenges in the reidentification of influential users, which we
list as follows. On one hand, the interconnections between
edges in real-world social graphs are rather complicated;
as a result, even one small change in topology may affect
the influence spreads of a large number of nodes, not to
mention themassive changes in large-scale social networks. It
is very difficult to efficiently compute the changes of influence
spreads for all the nodes after the evolution. On the other
hand, since there are a great number of nodes in large-scale
social networks, how to effectively limit the range of potential
influential nodes and reduce the amount of calculation to the
maximum is a very challenging problem.

To well address these challenges, we investigate the
dynamic characteristics exhibited during the evolution of
real-world social networks.Through tests on three real-world
dataset traces, Facebook, NetHEPT, and Flickr, we observe
that, first, the growth of social network is mainly based on
the preferential attachment principle [7]; that is, the new-
coming edges prefer to attach to nodes with higher degree,
which naturally leads to the “rich-get-richer” phenomena;
and, second, the top-𝐾 influential nodes are mainly selected
from those high-degree nodes. Inspired by such observations,
we know that the influence changes of some nodes will have
no impact on the top-𝐾 selection and thus can be pruned
to reduce the amount of calculation. Motivated by this, we
propose IncInf, an incremental method to identify the top-
𝐾 influential nodes in evolving social networks instead of
recalculating from scratch, thus significantly improving the
efficiency and scalability to handle extraordinarily large-scale
networks. To sum up, the main contributions of IncInf are as
follows.

First, we design an efficient approach to quantitatively
analyze the influence spread changes from network topology
evolution by adopting the idea of localization. A tunable
parameter is provided for tradeoff between efficiency and
effectiveness.

Second, we propose a pruning strategy that could effec-
tively narrow the search space into nodes only experiencing
major increases or with high degrees based on the changes of
influence spread and the previous top-𝐾 information.

Third, we conduct extensive experiments on three
dynamic real-world social networks. Compared with the
state-of-the-art static algorithm, IncInf achieves remarkable
speedup in execution time while providing matching influ-
ence spread. Moreover, IncInf provides better scalability to
scale up to extraordinarily large-scale networks.

A preliminary version of this paper appears in [8], where
we presented the basic idea of IncInf algorithm. In this paper,
we make the following additional contributions. First, we
add corresponding experiments to compare IncInf with IMM
[9] in terms of influence spread and running time. Second,
we test the effect of our pruning strategy to demonstrate its
effectiveness. Third, we add a new experiment to evaluate
the sensitivity of the localization parameter 𝜃 and pruning
threshold 𝜂 in terms of influence spread and running time.

The remainder of this paper is organized as follows. In
Section 2, we show the related work. Section 3 presents

related preliminaries and problemdefinition. Section 4 shows
the structural evolution characteristics of dynamic social
networks that we observe from three datasets: Facebook,
NetHEPT, and Flickr. Section 5 details the design of our
incremental algorithm IncInf. The performance of IncInf is
evaluated by comprehensive experiments in Section 6. We
conclude the paper in Section 7.

2. Related Work

Influence maximization on static networks has attracted a
great deal of attention. The hill-climbing greedy algorithm
proposed by Chen et al. suffers from low efficiency, andmany
efficient algorithms have been proposed recently to address
this problem. Leskovec et al. [5] exploit the submodularity of
influence spread function and develop an optimized greedy
algorithm,CELF,which ismuch faster than basic greedy algo-
rithm. Chen et al. [3] propose MixGreedy, which computes
the influence spread for each seed set in one single simulation
and incorporates the CELF optimization. MIA [4] uses local
arborescence structures of each node to approximate the
influence spread, thereby gaining efficiency by restricting
computations and updates only to the local regions. However,
MIA only considers static networks, while in this paper
we specifically design an incremental algorithm for evolv-
ing social networks. Recently, Wang et al. [10] propose a
Community Greedy Algorithm (CGA) that took community
property into account. Goyal et al. propose CELF++ [11],
which further exploits the property of submodularity of
the spread function to avoid unnecessary recomputations of
marginal gains and considerably improves the efficiency of
CELF algorithm. IRIE [12] is also a heuristic proposed by
Jung et al., which incorporates influence ranking algorithm
with influence estimation method to achieve scalability. Liu
et al. [13] design a new framework to accelerate the influence
maximization by leveraging the parallel processing capabil-
ity of GPU. Chen et al. [14] develop a community-based
framework to tackle the influence maximization problem
with an emphasis on the efficiency issue. Tang et al. [9]
design a martingale approach that tries to find the top-𝐾
nodes in near-linear time. And, in [15], Wang proposes a
method to obtain each node’smarginal contribution byOwen
value and deploys it in online terrorist network analysis. Lu
et al. study the complexity of the influence maximization
problem in deterministic linear threshold model in [16]. In
[17], Lu et al. show how to efficiently estimate the influence
spread for influencemaximization under the linear threshold
model. In [18], Nguyen and Zheng focus on the budgeted
influence maximization (BIM) problem that aims to select
seed nodes at a total cost no more than the fixed budget.
Han et al. [19] study the influencemaximization in timeliness
networks and design a novel algorithm that incorporates
time delay for timeliness and opportunistic selection for
acceptance ratio. Liu et al. [20] propose the time-constrained
influence maximization problem and develop a set of parallel
algorithms for achievingmore time savings. Pei et al. [21] take
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advantage of the concept of subcritical path and propose CI-
TM, a collective influence algorithm of optimal percolation
for second-order transitions.

The influence maximization problem on dynamic social
networks still remains largely unexplored to date. Habiba et
al. [22] and Michalski et al. [23] propose a dynamic social
network model that is different from ours. In their proposal,
the network keeps evolving during the process of influence
propagation, and their goal is to find the top-𝐾 influential
nodes over such a dynamic network. When compared to [22,
23], our work is based on snapshot graph model and our goal
is to incrementally identify top-𝐾 influential nodes based
on the topology changes of two adjacent snapshots. Chen et
al. [24] extend the IC model to incorporate the time delay
aspect of influence diffusion among individuals in social
networks and consider time-critical influence maximization,
in which one wants to maximize influence spread within a
given deadline. Meanwhile, in [25], the authors consider a
continuous time formulation of the influence maximization
problem in which information or influence can spread at
different rates across different edges. Aggarwal et al. [26]
try to discover influential nodes in dynamic social networks
and they design a stochastic approach to determine the
information flow authorities with the use of a globally
forward approach and a locally backward approach. Their
influencemodel and target are different from ours. Zhuang et
al. [27] argue that the evolution of online social network could
not be fully observed and design a probing strategy so that
the actual influence diffusion process can be best uncovered
with the probing nodes. Tong et al. [28] mainly focus on the
fact that the diffusion processes in real-world dynamic social
networks have many aspects of uncertainness and propose a
method that selects seed users in an adaptive manner.

3. Preliminaries and Problem Statement

In this section, we illustrate the definition of social network
and the influence diffusionmodel that wewill use throughout
the paper and then give the problem definition of influence
maximization in evolving networks.

3.1. Preliminaries on Influence Maximization

Social Network. A social network is formally defined as
a directed graph 𝐺 = (𝑉, 𝐸, 𝑃), where node set 𝑉 =
{V1, V2, . . . , V𝑛} denotes entities in the social network. Each
node can be either active or inactive and will switch from
being inactive to being active if it is influenced by other nodes.
Edge set 𝐸 ⊂ 𝑉 × 𝑉 is a set of directed edges representing
the relationship between different users. Take Twitter as an
example.Adirected edge (V𝑖, V𝑗)will be established fromnode
V𝑖 to V𝑗 if V𝑖 is followed by V𝑗, which indicates that V𝑗 may
be influenced by V𝑖. 𝑃 denotes the influence probability of
edges; each edge (V𝑖, V𝑗) ∈ 𝐸 is associated with an influence
probability 𝑝(V𝑖, V𝑗) defined by function 𝑝 : 𝐸 → [0, 1]. If
(V𝑖, V𝑗) ∉ 𝐸, then 𝑝(V𝑖, V𝑗) = 0.

(1) Initialize 𝑆 = 0
(2) for 𝑖 = 1 to 𝐾 do
(3) Select V = argmaxV𝑖∈(𝑉\𝑆)(𝜎(𝑆 ∪ V𝑖) − 𝜎(𝑆))
(4) 𝑆 = 𝑆 ∪ {V}
(5) end for

Algorithm 1: Basic greedy algorithm.

Independent Cascade (IC) Model. IC model is a popular
diffusion model that has been well studied in [3, 6, 10, 29].
Given an initial set 𝑆, the diffusion process of ICmodel works
as follows. At step 0, only nodes in 𝑆 are active, while other
nodes stay in the inactive state. At step 𝑡, for each node V𝑖 that
has just switched from being inactive to being active, it has a
single chance to activate each currently inactive neighbor V𝑗
and succeeds with a probability 𝑝(V𝑖, V𝑗). If V𝑖 succeeds, V𝑗 will
become active at step 𝑡 + 1. If V𝑗 has multiple newly activated
neighbors, their attempts in activating V𝑗 are sequenced in an
arbitrary order. Such a process runs until nomore activations
are possible [29]. We use 𝜎(𝑆) to denote the influence spread
of the initial set 𝑆, which is defined as the expected number
of active nodes at the end of influence propagation.

Basic Greedy Algorithm. Domingos and Richardson [1, 30]
first introduced the influencemaximization problemon static
networks in 2001. In [29], Kempe et al. propose a basic hill-
climbing greedy algorithm as shown in Algorithm 1. The
proposed greedy algorithm works in 𝐾 iterations, starting
with an empty set 𝑆 (line (1)). In each iteration, a node V𝑖
that brings the maximummarginal influence spread 𝜎𝑆(V𝑖) =
𝜎(𝑆 ∪ V𝑖) − 𝜎(𝑆) is selected to be included in 𝑆 (lines (3) and
(4)). The process ends when the size of 𝑆 reaches𝐾 (line (2)).
However, this algorithm has a serious efficiency drawback
due to the compute-intensive influence spread calculation.
Several recent studies [3–6, 10, 12, 31–35] aimed at addressing
this efficiency issue.

3.2. Formal Definition of IM Problem in Evolving Networks.
This paper distinguishes itself from previous works by con-
sidering the dynamic nature of online social networks. As a
matter of fact, the real-world social networks are not wholly
static but keep evolving gradually over time. The evolution
of large social networks has raised new sets of questions;
among them one interesting yet challenging problem is how
to quickly identify the top-𝐾 influential users when the
topology of the network is changed.

To solve such a problem, we define an evolving network
𝜁 = (𝐺0, 𝐺1, . . . , 𝐺𝑡) as a sequence of network snapshots
evolving over time, where 𝐺𝑡 = (𝑉𝑡, 𝐸𝑡, 𝑃𝑡) is the network
snapshot at time 𝑡. Δ𝐺𝑡 = (Δ𝑉𝑡, Δ𝐸𝑡, Δ𝑃𝑡) denotes the
structural change of network graph 𝐺𝑡. Obviously, we have
𝐺𝑡+1 = 𝐺𝑡 ∪Δ𝐺𝑡. And the influence maximization problem is
defined as follows:
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Figure 1: Number of nodes and edges per month of the Facebook dataset.

Given. One has the social network 𝐺𝑡 at time 𝑡, the top-𝐾
influential nodes 𝑆𝑡 in𝐺𝑡, and the structural evolution Δ𝐺𝑡 of
graph 𝐺𝑡.

Objective. The aim is to identify the influential nodes 𝑆𝑡+1 ⊂
𝑉𝑡+1 of size 𝐾 in 𝐺𝑡+1 at time 𝑡 + 1, such that the influence
spread 𝜎(𝑆𝑡+1) is maximized at the end of influence diffusion.

4. Observations of Social Network Evolution

In this section, we study some patterns of social network
evolution. The numbers of nodes and edges are firstly inves-
tigated in Section 4.1 to examine the growth of users and
interconnections over time. Then, we look into the degree
distribution of nodes and the preferential attachment rule for
new edges in Section 4.2. We further examine the relation
between the influence and the degree of node in Section 4.3.
We study three network traces, namely, Facebook, NetHEPT,
and Flickr, whose detailed description can be found in
Section 6. Here we only show the results on Facebook, since
the evolution trends on the other datasets are qualitatively
similar and thus were omitted.

4.1. How Fast Does the Network Evolve? Nodes and edges
are the basic elements of the social network topology. In
this subsection, we use the numbers of nodes and edges
to examine the growth of users and interconnections over
time. Figure 1 illustrates the numbers of nodes and edges
over the entire trace period on the Facebook dataset; we take
a snapshot per month. From Figure 1, we observe a linear
increase in the number of nodes, which indicates a steady
number of new users who joined the network per month.
Meanwhile, in terms of edges, the number goes up almost
exponentially. The number of edges after 14 months is 25.6x
of that in the initial graph while the number rises to 112.9x
after 28 months. Such rapid growth of nodes and edges raises
a natural need to efficiently find the most influential nodes
after the topology evolution.

4.2. What Is the Pattern of Network Topology Evolution?
Understanding the pattern of the network topology evolu-
tion is of primary importance to design efficient influence

maximization algorithms for evolving social networks. In this
subsection, we further investigate the degree distribution of
nodes and the preferential attachment rule [7, 36, 37] for
new coming edges. Figure 2(a) shows the degree distribution
of the Facebook final graph in log-log scale. As expected,
it mainly follows the well-known power-law distribution. A
large percent of the users have only a small number of links
with other users, while there exist some “hub” nodes with
extremely large number of connections. This is consistent
with the real-world networks.

We also study the preferential attachment rule or, in other
words, the “rich-get-richer” rule [38], which postulates that
when a new node joins the network, it creates a number of
edges, where the destination node of each edge is chosen
proportional to the destination’s degree.This means that new
edges are more likely to connect to nodes with high degree
than ones with low degree. This is reasonable in reality;
Lady Gaga gains 30,000 new followers on average every day
[39], which can never image for any common individual.
The results on the Facebook dataset are demonstrated in
Figure 2(b), where 𝑥-axis is the degree of different nodes
and 𝑦-axis is the average number of new edges attached to
nodes of different degree. Note that both 𝑥-axis and 𝑦-axis
are in log scale. From Figure 2(b), we can see that the degree
of users in Facebook is linearly correlated with the number
of new links created. This suggests that high-degree nodes
get super preferential treatment. Consequently, the influence
spread change should be considerably great for the influential
nodes, while there may be only small or even no change for
ordinary people.

4.3. What Is the Relation between Influence and Degree?
Examining the relation between the influence and the degree
of node can help us understand the effect of degree changing
on the influence spread of nodes. For this reason, we run the
staticMixGreedy algorithm [3] on the final graph and identify
the top-50 influential nodes. The results on the Facebook
dataset are illustrated in Figure 3, where 𝑥-axis is the rank
of degrees of different nodes (we only show the top 150).
Obviously, all the selected influential nodes have a large
degree. In particular, among the 50 nodes, 48 nodes rank in
top 100 of the whole 61,096 nodes in terms of degree, and the
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Figure 2: Degree distribution and preferential attachment on Facebook.
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Figure 3: The relation between the influence spread and the degree in Facebook.

other two nodes rank 102 and 111, respectively. Meanwhile, on
theNetHEPT andFlickr datasets, the top-50 influential nodes
are selected from the top 1.79% and 0.84% nodes in degree,
respectively. This demonstrates that the top-𝐾 influential
nodes are mainly selected from those with large degrees.
However, it is worth noting that the top-𝐾 influential nodes
in influence maximization are usually not the top-𝐾 nodes
ranking in degree, since the influence spreads of different
nodes may overlap with each other.

5. IncInf Design

In this section, we present the detailed design of IncInf, an
incremental approach to solve the influence maximization
problem on dynamic social networks.Themain idea of IncInf
is to take full use of the valuable information that is inherent
in the network structural evolution and previous influential
nodes so as to substantially narrow the search space of influ-
ential nodes. In this way, IncInf can significantly reduce the
computation complexity and improve the efficiency. Figure 4
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Figure 4: IncInf design.

briefly illustrates the general idea of IncInf in dynamic social
networks. The top-𝐾 influential nodes 𝑆𝑡+1 of 𝐺𝑡+1 at time
𝑡 + 1 are incrementally identified based on the previous
influential nodes 𝑆𝑡 at time 𝑡 and the structural change Δ𝐺𝑡
from 𝐺𝑡 to 𝐺𝑡+1. In particular, we design an efficient method
to quantitatively analyze the impact of different structural
changes on the influence spread of nodes by adopting the
idea of localization (Section 5.2) and propose a pruning
strategy to reduce the number of potential influential nodes
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(Section 5.3). We first describe six types of basic operation of
topology evolution in dynamic networks in Section 5.1.

5.1. Basic Operations of Topology Evolution. The evolu-
tion of social network, when reflected into its underlying
graph, can be summarized into six categories, which are
inserting or removing a node, introducing or deleting an
edge, and increasing or decreasing the influence proba-
bility of an edge. We denote the six types of topology
change as 𝑎𝑑𝑑𝑁𝑜𝑑𝑒, 𝑟𝑒𝑚𝑜V𝑒𝑁𝑜𝑑𝑒, 𝑎𝑑𝑑𝐸𝑑𝑔𝑒, 𝑟𝑒𝑚𝑜V𝑒𝐸𝑑𝑔𝑒,
𝑎𝑑𝑑𝑊𝑒𝑖𝑔ℎ𝑡, and 𝑑𝑒𝑐𝑊𝑒𝑖𝑔ℎ𝑡. The detailed descriptions and
their effects on influence spread are shown in Table 1.

It should be noted that only after the 𝑎𝑑𝑑𝑁𝑜𝑑𝑒 oper-
ation can node 𝑢 establish links (a𝑑𝑑𝐸𝑑𝑔𝑒) or sever links
(𝑟𝑒𝑚𝑜V𝑒𝐸𝑑𝑔𝑒) with other nodes, and node 𝑢 can only be
removed when all its associated edges are deleted. Moreover,
the weight operation can be equivalently decomposed into
two edge operations. For example, 𝑎𝑑𝑑𝑊𝑒𝑖𝑔ℎ𝑡 (𝑢, V, Δ𝑤) can
be divided into 𝑟𝑒𝑚𝑜V𝑒𝐸𝑑𝑔𝑒 (𝑢, V) and 𝑎𝑑𝑑𝐸𝑑𝑔𝑒 (𝑢, V, 𝑤 +
Δ𝑤), supposing that the previous weight of edge (𝑢, V) is 𝑤.

5.2. Influence Spread Changes. As discussed above, whenever
an edge (𝑢, V) is introduced into or removed from the social
network, the influence spread of all the nodes that can
reach node 𝑢 may be changed. However, as a matter of fact,
the real-world social networks exhibit small-world network
characteristics and the connections between nodes are highly
complicated. As a result, even one small change in topology,
such as an edge addition or removal, may affect the influence
spread of a large number of nodes, thus introducing massive
recalculations. In order to reduce the amount of computation,
we design an approach to efficiently calculate the changes on
the influence spread of nodes, which adopts the localization
idea [4] and tries to restrict the influence spread to the local
regions of nodes.

The main idea of localization is to use the local region of
each node to approximate its overall influence spread. In par-
ticular, we use the maximum influence path to approximate
the influence spread from node 𝑢 to V. Here the maximum
influence path MIP (𝑢, V, 𝐺) from node 𝑢 to V in graph 𝐺 is
defined as the path with the maximum influence probability
among all the paths from node 𝑢 to V and can be formally
described as follows:

MIP (𝑢, V, 𝐺) = arg max
𝑝∈𝑃(𝑢,V,𝐺)

{prob (𝑝)} , (1)

where prob (𝑝) denotes the propagation probability of path 𝑝
and 𝑃(𝑢, V, 𝐺) denotes all the paths from node 𝑢 to V in graph
𝐺. For a given path 𝑝 = {𝑢1, 𝑢2, . . . , 𝑢𝑚}, the propagation
probability of path 𝑝 is defined as follows:

prob (𝑝) =
𝑚−1

∏
𝑖=1

𝑝 (𝑢𝑖, 𝑢𝑖+1) . (2)

Moreover, an influence threshold 𝜃 is set to tradeoff between
accuracy and efficiency. During the propagation process, we
only consider paths whose influence probability is larger than
𝜃 while ignoring those with probability smaller than 𝜃. By

doing this, the influence is effectively restricted to the local
region of each node.

Similarly, in our proposal, we localize the impact of
topology changes on influence spread into local regions and
thus reduce the amount of computation. Among six types
of topology change, 𝑎𝑑𝑑𝑁𝑜𝑑𝑒 (or 𝑟𝑒𝑚𝑜V𝑒𝑁𝑜𝑑𝑒) is the most
straightforward, since it simply sets the influence spread of
the node to 1 (or 0); 𝑎𝑑𝑑𝑊𝑒𝑖𝑔ℎ𝑡 and 𝑑𝑒𝑐𝑊𝑒𝑖𝑔ℎ𝑡 as well
as 𝑟𝑒𝑚𝑜V𝑒𝐸𝑑𝑔𝑒 are methodologically similar to 𝑎𝑑𝑑𝐸𝑑𝑔𝑒.
Consequently, in the following, we take 𝑎𝑑𝑑𝐸𝑑𝑔𝑒 as an
example to show which nodes’ influence spreads need to be
updated and how to determine those changes when a new
edge is added to the graph.

Consider the case when a new edge 𝑒 = (𝑢, V, 𝑤)
is introduced between two existing nodes 𝑢 and V. We
denote the graphs before and after such a topology change
as 𝐺𝑡 and 𝐺𝑡 , and the current seed set is 𝑆. The detailed
algorithm is described in Algorithm 2. According to the
principle of localization [4], if the propagation probability
𝑤 is smaller than the specified threshold 𝜃 or not bigger
than the probability of MIP (𝑢, V, 𝐺𝑡), edge 𝑒 can be simply
neglected and there is no need to update any node’s influence
spread (lines (1)–(3)). Otherwise, the newly added edge 𝑒
would become MIP (𝑢, V, 𝐺𝑡). As a result, each node 𝑖 whose
maximum influence path to 𝑢 has an influence probability
larger than 𝜃 is likely to experience a rise in terms of influence
spread (line (4)) because node 𝑖 may influence more nodes
through the new edge 𝑒. So, we then check the probability of
the maximum influence path from 𝑖 to V and its successors
in 𝐺𝑡 and 𝐺𝑡 . Based on the two probabilities, we divide the
problem into two small cases.

The first case is when the probability of maximum influ-
ence path from 𝑖 to 𝑗 in 𝐺𝑡 is smaller than 𝜃, while that in 𝐺𝑡
is larger than 𝜃 (lines (5)-(6)). Here 𝑗 denotes the node whose
probability of MIP (V, 𝑗, 𝐺𝑡) is larger than 𝜃. In such a case,
node 𝑖 builds a new path to 𝑗 through the new edge 𝑒, which
increases the influence spread of 𝑖 by prob (MIP (𝑖, 𝑗, 𝐺𝑡)) ×
(1 − prob (𝑗, 𝑆)) (line (7)). Here prob (𝑗, 𝑆) is the probability
of the fact that node 𝑗 is influenced by the current seed set 𝑆,
which is defined as follows:

prob (𝑗, 𝑆)

=
{{
{{
{

1, if 𝑗 ∈ 𝑆
1 − ∏
𝑤∈𝑛(𝑗)

1 − prob (𝑤, 𝑆) ⋅ 𝑝 (𝑤, 𝑗) , if 𝑗 ∉ 𝑆.
(3)

Here 𝑛(𝑗) denotes the in-neighbour set of 𝑗.
The second case is when the probability of maximum

influence path from 𝑖 to 𝑗 is larger than 𝜃 in both 𝐺𝑡 and 𝐺𝑡
(lines (9)–(11)). In this case, the influence increase of node 𝑖 is
(prob (MIP (𝑖, 𝑗, 𝐺𝑡))−prob (MIP (𝑖, 𝑗, 𝐺𝑡)) )×(1−prob (𝑗, 𝑆)).

We treat the network dynamics from𝐺𝑡 to𝐺𝑡+1 as a finite
change stream 𝑐1, 𝑐2, . . . , 𝑐𝑖, . . ., where each change 𝑐𝑖 is one of
the six topology changes we described previously. When all
the changes in the change stream are processed, we can obtain
the influence spread change for all the nodes. Next, we will



Complexity 7

Table 1: Details of six types of basic operation.

Operation Description Impact on influence spread

𝑎𝑑𝑑𝑁𝑜𝑑𝑒(𝑢) Add a new node 𝑢 to the current
network The influence spread of 𝑢 is set to 1

𝑟𝑒𝑚𝑜V𝑒𝑁𝑜𝑑𝑒(𝑢) Delete an existing node 𝑢 from the
network The influence spread of 𝑢 is set to 0

𝑎𝑑𝑑𝐸𝑑𝑔𝑒(𝑢, V, 𝑤) Introduce a new edge (𝑢, V) with
𝑝(𝑢, V) = 𝑤

The influence spread of all the nodes that can
reach 𝑢may be increased

𝑟𝑒𝑚𝑜V𝑒𝐸𝑑𝑔𝑒(𝑢, V) Remove an existing edge (𝑢, V) from
the network

The influence spread of all the nodes that can
reach 𝑢may be decreased

𝑎𝑑𝑑𝑊𝑒𝑖𝑔ℎ𝑡(𝑢, V, Δ𝑤) Increase 𝑝(𝑢, V) by Δ𝑤 The influence spread of all the nodes that can
reach 𝑢may be increased

𝑑𝑒𝑐𝑊𝑒𝑖𝑔ℎ𝑡(𝑢, V, Δ𝑤) Reduce 𝑝(𝑢, V) by Δ𝑤 The influence spread of all the nodes that can
reach 𝑢may be decreased

Input: a new edge 𝑒 = (𝑢, V, 𝑤), graph 𝐺𝑡.
Output:The influence spread changes of nodes in 𝐺𝑡 .
(1) if 𝑤 < 𝜃 or 𝑤 ≤ prob (MIP (𝑢, V, 𝐺𝑡)) then
(2) return;
(3) end if
(4) for each node 𝑖 with prob (MIP (𝑖, 𝑢, 𝐺𝑡)) > 𝜃 do
(5) for each node 𝑗 with prob (MIP (V, 𝑗, 𝐺𝑡)) > 𝜃 do
(6) if prob (MIP (𝑖, 𝑗, 𝐺𝑡)) < 𝜃 and prob (MIP (𝑖, 𝑗, 𝐺𝑡 )) > 𝜃 then
(7) 𝑑𝑒𝑙𝑡𝑎𝐼𝑛𝑓[𝑖]+ = prob (MIP (𝑖, 𝑗, 𝐺𝑡)) × (1 − prob (𝑗, 𝑆))
(8) end if
(9) if prob (MIP (𝑖, 𝑗, 𝐺𝑡)) > 𝜃 and prob (MIP (𝑖, 𝑗, 𝐺𝑡 )) > 𝜃 then
(10) 𝑑𝑒𝑙𝑡𝑎𝐼𝑛𝑓[𝑖]+ = (prob (MIP (𝑖, 𝑗, 𝐺𝑡)) − prob (MIP (𝑖, 𝑗, 𝐺𝑡))) × (1 − prob (𝑗, 𝑆))
(11) end if
(12) end for
(13) end for

Algorithm 2: Edge addition.

show how to effectively find the top-𝐾 influential nodes in
the new graph 𝐺𝑡+1 based on these influence spread changes
and the previous influential nodes information.

5.3. Potential Top-𝐾 Influential Users Identification. Inspired
by the observations of Section 4, we design a pruning strategy
to reduce the search space of potential influential nodes in
this subsection. It is assumed that we only know which are
the top-𝐾 influential nodes in graph 𝐺𝑡, but their detailed
influence spreads are beyond our knowledge. The reasons
are mainly twofold. First, several influence maximization
algorithms, such as DegreeDiscount [3], do not calculate the
influence spread information to identify influential users so
that such information is unavailable. Second, even though
this information is ready, storing it will cost asmuch as𝑂(𝑛𝐾)
memory space, where 𝑛 is the number of nodes in 𝐺𝑡. Since
real-world social networks are typically of large scale, this
will introduce serious storage overhead and directly affect the
scalability.

From the preferential attachment rule, we know that
the influence spread changes of those high-degree nodes

should be much greater than the ordinary nodes. Moreover,
according to the power-law distribution, such high-degree
nodes only account for a small part of the whole nodes.
Consequently, we can pick out nodes only experiencingmajor
increases or with high degrees because these nodes are of
great potential to become the top-𝐾 influential nodes in𝐺𝑡+1.
Then we only calculate the actual influence spreads for these
selected nodes while ignoring the others. In this way, a large
percent of nodes are pruned and the search space is largely
narrow. It should be noted that a smart pruning strategy is of
key importance, since a poor selection might either affect the
efficiency or reduce the accuracy in terms of influence spread.
We describe the details of our pruning strategy as follows:

(1) In the 𝑖th iteration, if the influence spread of the
previous influential node 𝑆𝑡𝑖 increases in 𝐺𝑡+1, the
chosen nodes are those with a larger influence spread
change than 𝑑𝑒𝑙𝑡𝑎𝐼𝑛𝑓[𝑆𝑡𝑖].
In most cases, the influential nodes will attract a
great number of new nodes and establish new links.
Thus, their influence spreads will increase drasti-
cally. In such a case, it is impossible for the nodes
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Input: 𝐺𝑡, 𝑆𝑡, and 𝐺𝑡+1.
Output: the top-𝐾 influential nodes 𝑆𝑡+1 in 𝐺𝑡+1.
(1) Initialize 𝑆𝑡+1 = 0;
(2) for 𝑖 = 1 to 𝐾 do
(3) for each topology change 𝑐𝑗 from 𝐺𝑡 to 𝐺𝑡+1 do
(4) calculate the influence spread change 𝑑𝑒𝑙𝑡𝑎𝐼𝑛𝑓[⋅];
(5) end for
(6) select a set of potential nodes as 𝑝𝑛 according to pruning strategy;
(7) for each node V𝑙 ∈ 𝑝𝑛 do
(8) calculate the marginal influence spread 𝜎𝑆𝑡+1 (V𝑗);
(9) end for
(10) select Vmax = argmaxV𝑗∈𝑝𝑛(𝜎𝑆𝑡+1 (V𝑗));
(11) 𝑆 = 𝑆 ∪ Vmax;
(12) end for

Algorithm 3: IncInf.

whose influence spread changes are smaller than
the influential nodes to become the most influential
nodes in 𝐺𝑡+1. Therefore, when the influence spread
of the previous influential nodes increases, we only
select those whose influence spread changes are larger
than the influential nodes in 𝐺𝑡. According to the
preferential attachment rule, such a pruning method
can greatly narrow the search space and reduce the
amount of computation.

(2) In the 𝑖th iteration, if the influence spread of the
previous influential node 𝑆𝑡𝑖 decreases in𝐺𝑡+1, in addi-
tion to qualification 1, the nodes are further selected
to hold a sufficiently large degree or experience a
sufficiently great increase. In order to formally define
“large degree” and “great increase,” here we set a
threshold 𝜂 for tradeoff between running time and
influence spread. Here the nodes with sufficiently
large degrees (or great increase) are defined as the
set of nodes V𝑗 whose degree (or degree increase
ratio) is among the top 𝜂 percent of all nodes in
𝐺𝑡+1. The degree increase ratio of V𝑗 is defined as
degree𝑡+1𝑗 /degree𝑡𝑗, where degree𝑡𝑗 denotes the degree
of node V𝑗 in graph 𝐺𝑡. Experimental results in
Section 6 will demonstrate that 5% may stand as a
good tradeoff between running time and influence
spread.

It should be noted that although the case where
the influence spread of a previous influential node
decreases during the evolution rarely happens, we
consider it here for completeness. In this case, except
for qualification 1, we further select nodes because the
number of nodes satisfying qualification 1 is relatively
large, which leads to mass computation. Meanwhile,
in reality, a node with small degree has only very low
probability to become an influential node. In order
to select only the most potential nodes, we refine
the requirement and additionally select the nodes
with large degree and large increase. Consequently,

the search space is strictly circumscribed and the
computational complexity is greatly reduced.

After the potential nodes are selected, we calculate the
actual influence spread of these nodes in 𝐺𝑡+1 and select the
one with the maximum influence spread in each iteration.
Algorithm 3 outlines the design of our proposed algorithm
IncInf. IncInf iterates for𝐾 round (line (2)) and in each round
selects one node, providing themaximummarginal influence
spread. Lines (3)–(5) calculate the influence spread change
of each node caused by the topology evolution. Nodes with
great potential to become top-𝐾 influential are selected (line
(6)) and their influence spreads are computed in 𝐺𝑡+1 (lines
(7)–(9)). And then the node providing the maximal marginal
gainwill be selected and added to the set 𝑆𝑡+1 (lines (10)-(11)).

6. Experiments

In this section, we present the experimental results of our
algorithm on identifying top-𝐾 influential nodes in dynamic
social networks. We examine two metrics, running time and
influence spread, for evaluating the effectiveness as well as the
execution efficiency of different algorithms.The experimental
results are detailed in Sections 6.2, 6.3, and 6.4.

6.1. Experimental Setup. We choose three real-world social
networks: Facebook social network, NetHEPT citation net-
work, and Flickr social network (Table 2 summarizes the
statistical information of the datasets):

(i) Facebook: this dataset is the friendship relationship
network among New Orleans regional network on
Facebook, spanning from September 2006 to January
2009 [40]. There are more than 60K users connected
together by as much as 1.5M links in the social
network. 41.4% of these edges contain no time infor-
mation and are thus discarded. In our experiments,
the nodes and links from September 2006 to April
2007 are used as the first snapshot and then network
snapshots are recorded every 3 months
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Table 2: Summary information of the real-world social networks.

Datasets Nodes Edges
Initial number Final number Growth Initial number Final number Growth

Facebook 12,364 61,096 394% 73,912 905,665 1125%
NetHEPT 5,802 29,555 409% 57,765 352,807 511%
Flickr 1,620,392 2,570,535 58.6% 17,034,807 33,140,018 94.5%

(ii) NetHEPT: this is an academic citation network [41]
extracted from “HighEnergy Physics-Theory” section
of the arXiv over the period from 1992 to 2003 and
covers the citations within a dataset of 28K papers
with 352K edges. In our experiments, the citation
links of the first three years (i.e., from 1992 to 1994)
are considered as the basic graph and the network
snapshots are recorded once a year

(iii) Flickr: this dataset [42] contains the user-to-user links
crawled from the Flickr social network daily over
the period from 2 November 2006 to 3 December
2006 and again from 3 February 2007 to 18 May
2007, representing a total of 104 days of growth.There
are totally 2.5M Flickr users and 33M links. During
this period of observation, over 9.7 million new links
are formed and over 950,000 new users joined the
network. In our experiments, we use the network
before 2 November 2006 as the basic graph and
another five snapshots are recorded on 3 December,
3 February, 3 March, 3 April, and 18 May

We compare our algorithm with five static algorithms:
MixGreedy, ESMCE, MIA, IMM, and Random. MixGreedy is
an improved greedy algorithm on the IC model proposed by
Chen et al. in [3]. ESMCE is a power-law exponent supervised
estimation approach designed by Liu et al. in [6]. MIA is
a heuristic that uses local arborescence structures of each
node to approximate the influence propagation [4]. IMM is
an algorithm designed by Tang et al. based on themartingales
estimation techniques and is able to run in near-linear time
[9]. Random is a basic heuristic that randomly selects 𝐾
nodes from the whole datasets.

The propagation probability of the IC model is selected
randomly from 0.1, 0.01, and 0.001 for each network snap-
shot. The parameters of the evaluated algorithms are set as
suggested by their authors. For IMM, the parameters 𝜀 and
𝜄 are set to 0.5 and 1, respectively, in the experiments. For
the setting of 𝜃 in MIA, as stated in Section 6.4, the knee
point of the influence spread curve can serve as a good tuning
point of 𝜃 for tradeoff between efficiency and effectiveness.
For example, the knee points of influence spread curves of
Facebook andNetHEPT are 1/180 and 1/200, respectively.The
value of 𝜃 for a particular dataset in the experiment is selected
according to the knee point to get the best tradeoff. For
ESMCE, the confidence level is set to 95% and the maximal
Monte Carlo error threshold is set to 5%. For IncInf, the value
of 𝜃 is set similar to that of MIA, that is, the knee point of the
influence spread curve, while the value of 𝜂 is set to 5% as
suggested in Section 6.4 for tradeoff between running time
and influence spread.

6.2. Efficiency Study. In this subsection, the efficiency of our
proposed algorithm is studied and compared with corre-
sponding static algorithms, MixGreedy and MIA, through
experiments on the Facebook, NetHEPT, and Flickr datasets.
The experiments are conducted on a PC with Intel Core i7
920 CPU @2.67GHz and 6GB RAM. The running times of
four algorithms are measured by selecting 50 seeds from the
whole dataset.

The time costs of different algorithms are illustrated in
Figure 5, wherewe record the total time cost for each snapshot
of the three datasets. Since incremental and static algorithms
have the same time cost in the initial snapshot, they are
omitted in the figure. The experimental results show that the
time costs of our algorithm on each snapshot are obviously
less than those of static algorithms. Obviously, MixGreedy
takes the longest time among four kinds of influence maxi-
mization algorithms. It takes MixGreedy more than as much
as 6 hours to identify the top-50 influential nodes on the
final NetHEPT dataset, while the time is even longer on the
larger dataset Facebook. Moreover, MixGreedy is not feasible
to run on the largest dataset Flickr due to the unbearably
long running time. ESMCE, benefiting from its sampling
estimation method, runs much faster than MixGreedy, but
it still takes as much as 3511 seconds on average to run on
the five snapshots of Flickr. Compared with two greedy algo-
rithms, the heuristicMIA and themartingales approach IMM
perform much better. It only takes MIA 23.8 seconds (IMM
8.2 seconds, resp.) to run on the final Facebook graph. When
running on the Flickr dataset with as much as 2.5M nodes
and 33M edges, however, the speedup of IMA is still far from
being satisfactory, since it still needs more than 45minutes to
finish. Comparatively, IMM performs better than MIA and it
takes IMM nearly 10 minutes to locate the influential nodes.
Meanwhile our proposed algorithm, IncInf, outperforms all
the static algorithms in terms of efficiency. In particular,
IncInf is almost four orders of magnitude faster than the
MixGreedy algorithm on the Facebook dataset. Compared
with the MIA heuristic, the speedup of IncInf is 8.41x and
6.94x on the Facebook and NetHEPT datasets, respectively.
What is more, when applied on the largest dataset Flickr,
IncInf can achieve as much as 20.65x speedup on average.
The efficiency of IncInf is only slightly better than IMM on
our small dataset NetHEPT, but it performs considerably
better than IMMon Flickr dataset: the running time of IncInf
is only 40% on average of IMM on each snapshot. This
is because IncInf only computes the incremental influence
spread changes and adaptively identifies the influential nodes
based on the previous influential nodes and the current influ-
ence spread changes.The experimental results clearly validate
the efficiency advantage of our incremental algorithm IncInf.
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Figure 5: The time costs of different algorithms on three real-world datasets.

We can also observe that the running time of IncInf is not
monotone like other algorithms as the time evolves. This is
because the running time of IncInf is closely related to the
topology change between two graph snapshots. An evident
change in topology will usually lead to a relatively long
running time and vice versa. Without doubt, Random runs
the fast among all the algorithms. However, as we will show
in Section 6.3, its accuracy is much worse and unacceptable
when developing real-world viral marketing strategies.

We also test the effect of our pruning strategy. Here we
take the Facebook dataset as an example; the results on other
datasets are similar and thus are omitted. Different from
other experiments, we recorded the Facebook graph from
September 2006 to October 2007 (14 months) as snapshot 𝐴
in this experiment. After that, we take snapshots everymonth
as snapshot 𝐵. We use IncInf to find the top-𝐾 influential
nodes in snapshot 𝐵 based on ones in snapshot 𝐴. The result
is shown in Figure 7. 𝑥-axis is the time interval between
snapshots 𝐴 and 𝐵, and 𝑦-axis is the ratio of the number of
nodes after pruning to the total number of nodes in snapshot
𝐵.Theminimumandmaximumpruning ratios are 3.90% and
5.86%, respectively, with a mean ratio of 4.72% on all the 14
time intervals between snapshots𝐴 and 𝐵.This demonstrates
that our pruning strategy can effectively limit the search space
into a small percent of nodes. We can also see in Figure 7
that, with the increase of time interval, the ratio, although not
monotone, generally becomes larger. This is mainly because
a longer time interval means a larger amount of topology
changes, and basically it will be possible for more nodes to
become influential nodes.

6.3. Effectiveness Study. In this subsection, we study the
influence spread of the top-𝐾 influential nodes selected by
our algorithm as well as other static algorithms.The influence
spreads of different algorithms are measured as the number
of nodes that are influenced by the top-50 influential nodes

selected.Obviously, the higher the influence spread, the better
the effectiveness. We have not tested the performance of
MixGreedy on the Flickr dataset as the running time is
excessively long.

Figure 6 shows the experimental results. MixGreedy
outperforms all the other algorithms in terms of influence
spread. However, the efficiency issue limits its application
to large-scale dataset such as Flickr. The performances of
ESMCE,MIA, IMM, and IncInf almost matchMixGreedy on
the Facebook dataset, while on NetHEPT the gaps become
larger but remain acceptable (only 3.4%, 4.7%, 4.5%, and
5.1% lower than MixGreedy on average). When applied to
the Flickr dataset, ESMCE performs the best, since ESMCE
strictly controls the error threshold by iterative sampling.
The influence spread of MIA almost matches IMM on the
three datasets and is slightly lower than ESMCE. Compared
with MIA, IncInf shows very close performance and is
only 2.87% lower on average of all five snapshots, which
demonstrates the effectiveness of our proposal. Random, as
the baseline heuristic, clearly performs the worst on all the
graphs. Actually, the influence spread of Random is only
15.6%, 12.1%, and 10.9% of those of IncInf on Facebook,
NetHEPT, and Flickr, respectively.

We shall note that the reason IncInf has slightly lower
influence spread is mainly twofold. First, IncInf restricts the
influence into local regions to speed up the computation of
influence spread changes, which will affect the effectiveness.
Second, a pruning strategy is designed to narrow down the
search space based on the influence spread changes and
previous top-𝐾 information. Despite slight loss in effective-
ness, IncInf gains remarkable improvement in efficiency, as
mentioned before.

6.4. Tuning of Parameters 𝜃 and 𝜂. First, we study how
effectively the localization parameter 𝜃 of IncInf represents a
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Figure 7: The effect of pruning strategy on the Facebook dataset.

tradeoff between efficiency and effectiveness. We run IncInf
with different values of 𝜃 on the final Facebook andNetHEPT
graphs.The running time and influence spread are measured
based on seed size 𝐾 = 50.

The experimental results are shown in Figure 8. Note that
𝑥-axis represents the reciprocal of 𝜃. We observe that 𝜃 acts
as a tradeoff between efficiency and effectiveness: with the
decrease of 𝜃, IncInf andMIA achieve better influence spread.
However, this is gained at the cost of longer running time,
that is, poor efficiency. For example, when we reduce 𝜃 from
1/200 to 1/500 on the Facebook dataset, the influence spread
of IncInf increases by 15.4%, while the running time is 1.12x
longer. Moreover, we can observe that the influence spread
of IncInf almost matches that of MIA in all values of 𝜃. For
example, IncInf is only 1.87% lower than MIA in influence
spread when 𝜃 is set to 1/200 in the NetHEPT dataset. But

IncInf shows overwhelming advantages in terms of running
time. When 𝜃 is set to 1/500 in Facebook, IncInf needs only
5 seconds to identify the top-50 influential nodes, while it
takes MIA more than 150 seconds to finish the same work.
More importantly, with the decrease of 𝜃, the influence spread
increases sharply at the beginning but the increase is no
longer that significant after 𝜃 is lowered to a certain level. On
the contrary, the running time is almost linear to 1/𝜃. This
suggests that the knee point of the influence spread curve can
serve as a good tuning point of 𝜃, where we could obtain the
best gain from both influence spread and running time.

Then, wewill evaluate the sensitivity of pruning threshold
𝜂 in terms of influence spread and running time. The results
are illustrated in Figure 9. From Figure 9, we can see that,
with the increase of 𝜂, the running time increases gently at
the beginning and then turns into a sharp boost. For example,
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whenwe increase 𝜂 from 1% to 5%, the running time of IncInf
on the Facebook dataset only increases from 2.13 s to 8.47 s,
while it dramatically increases from 8.47 s to 87.35 when 𝜂 is
tuned from 5% to 10%.This phenomenon is closely related to
the power-law distribution of degree in social network; when
𝜂 is set to a large number, a relatively large number of potential
nodes would be selected.

In terms of influence spread, with the increase of 𝜂, more
nodes are selected as potential nodes, which will guarantee
better influence spread. Different from the running time,

the influence spread grows rather rapidly at the beginning
and then gradually slows down. The influence spread on the
Facebook dataset is 7854when 𝜂 is set to 1% and rapidly grows
to 13967 when the maximum error threshold is 5%. After
that, the growth trend slows down and the influence spread
is about 15091 as 𝜂 increases to 10%. The reason to explain
such phenomenon is that the top-𝐾 influential nodes are
mainly selected from high-degree nodes. Therefore, when 𝜂
becomes larger, althoughmore nodes would be selected, their
contribution to influence spread is relatively small; thus the
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growth trend slows down. Based on the above observation,
here we suggest that 5%may stand as a good tradeoff between
running time and influence spread.

6.5. Discussions. Experimental results demonstrate that our
proposed IncInf algorithm significantly reduces the execu-
tion time of state-of-the-art static influence maximization
algorithm while maintaining satisfying accuracy in terms of
influence spread.Although IncInf performs better, it has a few
limitations for further improvement.

First, IncInf directly depends on previous information of
top-𝐾 influential nodes for effective pruning, while some-
times such information is incomplete or even unavailable.We
plan to study this problem later. Second, IncInf is designed
for the IC model, which may somehow limit its application.
But we believe that our idea of incremental computation for
influence maximization could be properly extended to other
influence diffusion models.

7. Conclusion and Future Work

In this paper, we consider the influence maximization prob-
lem in evolving social networks and propose an incremental
algorithm, IncInf, to efficiently identify top-𝐾 influential
nodes in dynamic social networks. Taking advantage of the
structural evolution of networks and previous information
on individual nodes, IncInf substantially reduces the search
space and adaptively selects influential nodes in an incre-
mental way. Extensive experiments demonstrate that IncInf
significantly reduces the execution time of state-of-the-art
static influence maximization algorithm while maintaining
satisfying accuracy in terms of influence spread.

There are several future directions for this research.
First, IncInf has large potential to fit into modern parallel
computing framework. This is because IncInf restricts the
computation of influence spread changes into local regions,
which could ease the partition of social graph for parallel
computation.Moreover, the proposed pruning strategy could
be effectively performed in parallel. Second, our current
IncInf algorithm is derived from the basic IC model. We
believe that the conception of incremental computation for
influence maximization could be properly extended to other
influence diffusion models, such as another classic LTmodel.
Third, although there have been a few researches [43] about
how to measure the propagation probability, this problem
is not well addressed yet, especially for large-scale dynamic
social networks.
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We study a unique network dataset including periodic surveys and electronic logs of dyadic contacts via smartphones. The
participants were a sample of freshmen entering university in the Fall 2011. Their opinions on a variety of political and social
issues and lists of activities on campus were regularly recorded at the beginning and end of each semester for the first three years of
study. We identify a behavioral network defined by call and text data, and a cognitive network based on friendship nominations in
ego-network surveys. Both networks are limited to study participants. Since a wide range of attributes on each node were collected
in self-reports, we refer to these networks as attribute-rich networks. We study whether student preferences for certain attributes of
friends can predict formation and dissolution of edges in both networks.We introduce amethod for computing student preferences
for different attributes which we use to predict link formation and dissolution. We then rank these attributes according to their
importance for making predictions. We find that personal preferences, in particular political views, and preferences for common
activities help predict link formation and dissolution in both the behavioral and cognitive networks.

1. Introduction

Akey observation in the sociological literature is that persons
have a preference to connect to others with similar attributes
as themselves [1]. This propensity is usually referred to
as “homophily.” Homophily can be based on a taste for
similarity in values, beliefs, and attitudes. This is usually
referred to as “value homophily.” Homophily can also be
based on a preference for similarity based on fixed or elective
sociodemographic characteristics that define social groups
(e.g., gender, age, race, and social class); this is usually referred
to as “status homophily” [2]. Classic work in the social
network analysis tradition sees homophily as a key tie for-
mation mechanism [3]. Other things being equal, we should
expect that new connections between previously discon-
nected persons should more likely to emerge among those
who share common attributes [1].

While in some circumstances homophily operates as a
direct tie formation mechanism, in some cases ties between
similar alters may form not because people have a preference
for people with similar attributes [4], but because people with
similar demographics or opinions end up participating in a
common “focus” of activity such as groups or associations
(such as a sports league or a cultural club) or common leisure
activities (playing games and exercising) [5, 6]. Thus, shared
contexts or activities act as an additional tie formationmech-
anism, generating new connection among seemingly similar
alters. Recent work examining the influence of shared con-
texts on tie formation processes confirms the impression that
ties between similar alters are likely to be generated via this
pathway [7–9].

Because either preferences for similar attributes or the
sharing of common-activity foci create nonrandom depen-
dencies between node characteristics and the likelihood of
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tie formation and temporal persistence of social ties, both
value and status homophily as well as shared contexts are key
mechanisms implicated in explaining the temporal dynamics
of social networks [3].

Most previous work in social network analysis focuses on
the mechanisms that generate new ties between previously
disconnected nodes [1]. More recent work starting with [10]
has focused on the phenomenon of tie decay, which is the
disappearance of an edge at a future point in time between
two nodes that were previously connected [3]. Although
empirical work on tie decay continues to be relatively scarce,
recent work has focused primarily on how structural features
of both the node (e.g., degree) and the edge (e.g., weight
and triadic embeddedness) matter for decay [11–13]. This
is primarily due to the fact that the usual data brought to
bear to study decay processes in recent work (mostly based
on networks constructed from interactions mediated via
telecommunication technologies) is very thin on actual node
attributes. Therefore very little is known as to how detailed
node features such as attitudes, values, and leisure activities
and shared contexts (but see [14, 15]) influence tie decay
processes. Given the fact that some of these works hints at
the fact that shared attributes serve to delay the tie decay
process [10], it is likely that both status and value homophily
as well as shared activities and foci may function as decay
delaying mechanisms, protecting ties from dissolution over
time [3, 14].

To advance the study of the role of personal preferences
on the dynamics governing the temporal evolution of social
ties, we leverage a unique social science dataset, NetSense
[16], which is a dataset of about 200 students collected
at the University of Notre Dame. The NetSense dataset is
unique because, in contrast to other social network datasets,
it is rich in attribute information: we know about every
student’s sociodemographic background, interests, opinions
on social and political issues, and the activities in which every
student participates at multiple time points. We refer to this
information as attributes of the students. Calls and messages
exchanged between students are also recorded. In addition
to this, students declare periodically who their top twenty
contacts are. NetSense data thus allows us to focus both on
tie formation and tie decay processes defined over multiple
(cognitive and behavioral) networks.

Using this information, we are able to identify two differ-
ent social networks among the students: one is the behavioral
network built from the call and message records in which
students are the nodes and edges exist if a pair of students
call or message each other.The other is the cognitive network
built from the top twenty contacts reported by students in the
periodic ego-network questionnaire. An edge between a pair
of students exists if a student lists the other as a top contact in
the surveys. Given the large amount of information that we
have at our disposal about each student, we refer to both of
these as attribute-rich networks.These networks are dynamic
in nature, edges are created and dropped as persons add
or subtract top contacts from the cognitive network and as
communication volumes change over time in the behavioral
network.

In previous work using the same dataset, we examined
how both value and status homophily as well as preferences
for common activities affect the formation of ties. Consistent
with sociological theories of homophily, we found that,
indeed, students with similar attributes are more likely to
form ties with one another. In this previous work, we used an
aggregated count of the number of common preferences as
the main predictor. One question that remains unanswered,
therefore, is whether there is heterogeneity across attributes
in terms of their importance in producing the homophily
effect on tie formation. For instance, it is possible that political
views of the other personmaynotmattermuchwhen it comes
to forming friendship, but the shared activities in which
the other person takes part might matter more. A different
hypothesis is that the political views of the other person are
of paramount importance, but only in the case of behavioral
ties based on communication volume.

Any ranking of which features matter more needs to be
donewhile taking into account the fact that different personal
preferences matter more or less for different people. That is,
we need to take into account the fact that people may value
different attributes more or less when making or breaking
ties with other people, especially with regard to alternative
values of the attribute. For instance, at each point in time,
people have different values for an attribute; for example,
the values a student can have for the attribute “political
orientation” are conservative, moderate, and liberal. People
may have varying degrees of preferences for or against each
of those values. We look at the following scenarios as the
main motivation for our study: a person who is liberal may
have a strong preference for liberals, but he may not have
any preference for or against moderates and conservatives.
While on the other hand, another liberal may have a strong
preference against conservatives and a moderate preference
against moderates. Our previous approach to understanding
the role of homophily [17] captures neither of these scenarios.
The simplifying assumptionwas that all liberals have the same
preference for or against conservatives and moderates. The
preference for or against an attribute value can be guessed
from the neighborhood of a person in the network. A person
having a strong preference for an attribute value would have
higher than average number of friends with this attribute
value, while a person with a preference against would have
lower than average number of friends with this particular
attribute value.

Our proposed method, which we call the Personal Pref-
erence Method, takes these heterogeneous preferences into
account and uses them to predict the formation and disso-
lution of edges. We look at the distribution of an attribute
value in a person’s neighborhood and compare it with the
distribution of the attribute value in the entire network and
use this difference to measure the preference the person
has for or against the particular attribute value. We further
use these preferences combined with a machine learning
approach to predict formation or dissolution of edges.

Our paper advances over previous work by extending
the Personal Preference Method to the task of predicting link
dissolution. While prediction of edge formation has been
studied well enough, prediction of edge dissolution has not
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received as much attention [10]. Predicting dissolution of
edges is harder than predicting formation of edges since
formation of edges is a more structured process than decay
[3].We find significant differences in the number of attributes
values over which nodes in edges which actually form agree,
as compared to nodes in edges which do not ever form,
with nodes forming edges agreeing across a wider range
of attribute values a lot more than nodes which do not.
However, differences between edges which dissolve and edges
which persist are not very obvious [17]. With the help of
our preference based method, we are able to improve the
performance of prediction for link dissolution significantly
from the performance values mentioned in [17].

2. Material and Methods

2.1. The NetSense Data. TheNetSense data used in this study
consists of university students’ reports listing their personal
traits, interests, views and opinions on various social and
political issues, and background at the beginning of every
school semester from the Fall 2011 to the Spring of 2013 [16].
At the beginning and end of each semester students are asked
to fill out surveys where they list their friends. The data also
consists of a record of the calls and texts exchanged between
students participating in the study. We identify the evolving
social networks among students out of this data.

Call and Text Messaging Data. We use the NetSense call and
texts exchanged by students from August 2011 to May 2013.
Each communication record consists of an entry for each call
or text message, with the date, time, sender and receiver, and
duration or length of the communication.

Friendship Surveys. Each student can list up to 20 friends at
the beginning of the semester. The friends are either survey
participants, students on the campus not in the survey, or
family and friends outside the campus. We find that typically
only two to three out of the 20 friends are survey participants.
We form the network only out of the friendships which are
between study participants.

Node Attributes. Students participating in the NetSense study
filled out a survey at the beginning of each semester. Survey
questions were about the students family background, major
pursued in Notre Dame University, activities on campus,
their views on different social issues, and their political
inclinations. All attributes havemultiple possible values out of
which a student selects one. For example, students can select
if their political views are conservative ormoderate or liberal.
For each student we selected the following attributes from the
NetSense data:

Student background

(i) Concentration of study/major
(ii) Family income
(iii) Race/ethnic identification (e.g., Black/White)
(iv) Religious affiliation (e.g., Catholic/Protestant)

Social and political views

(i) General political orientation (e.g., liberal/
conservative)

(ii) Opinion about legality of abortion
(iii) Opinion about marijuana legalization
(iv) Opinion about homosexuality and the legaliza-

tion of gay marriage
(v) Views on racial equality and affirmative action

Habits and Lifestyle

(i) Drinking habits
(ii) Time spent weekly on activities like studying,

partying, socializing, volunteering, campaign-
ing for social causes, and exercising

Coevolving Networks in NetSense. From the NetSense data,
we are able to identify and create two social networks among
students. The first is the behavioral network, where an edge
connects two students if calls are made or text messages are
exchanged between themover the given semester.The second
is the cognitive network, where an edge exists if one student
lists the other as a top contact in the current survey. These
two social networks evolve every semester, so we have four
snapshots for both of the networks. The snapshots cover the
following semesters: Fall 2011 semester ranging from August
2011 to December 2011, Spring 2012 semester lasting from
January 2012 to May 2012, Fall 2012 semesters ranging from
August 2012 to December 2012, and Spring 2013 semester
lasting from January 2013 to May 2013. Since very few calls
were made during the summer of 2012, we do not create a
network for the summer semesters.

2.2. RelatedWork. Link prediction is awell-studied topic.The
standard techniques for link prediction have beenmentioned
in [18, 19]. Most of the experiments are on collaboration net-
works between researchers. However, none of the networks
in these papers are as rich in node attributes as NetSense.
We study how homophily in terms of node attributes affects
link prediction in [17]. While we were able to get reasonable
results, the innovative Personal Preference Method proposed
in this paper improves the quality of link prediction in
NetSense.

Link dissolution is a less well-studied topic. Link dissolu-
tion in humanmobility networks has been studied in [20] and
link persistence prediction has been studied on phone calling
data in [12]. However, the networks studied are not attribute-
rich. Several methods for analyzing the effect of different
network properties like reciprocity of links, assortativity on
formation, and dissolution of links have been discussed in
[21]. However, in contrast to the networks used in the study,
the NetSense networks we study are much richer in node
attributes. We also want to study the overall effect of all the
node attributes that is why we use the machine learning
methods described below. We experimented with a maxi-
mum likelihood approach to predict links as mentioned in
[22]; however, we found that machine learning methods give
much better performance.We also experimentedwith several
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Figure 1: Views on politics, the average preference of nodes with a particular attribute value for all values of the attribute.

statisticalmethods and found thatmachine learningmethods
give us the best predictions.We studied link dissolution in the
NetSense networks in [17]; however, the results were not very
encouraging. With our new Personal Preference Method, we
are able to make significant improvements over the previous
effort. In addition, in [17], the experiments were performed
exclusively on the behavioral network; in this paper, we
extend the enhanced approaches to dynamics of decay in the
cognitive network.

2.3. ACase for the Personal PreferenceMethod. In ourwork in
[17], we made the (reasonable) assumption, grounded in the
sociological literature, that people prefer to form friendships
with people who are exactly like them and we performed link
prediction based on this assumption. In this section, we look
at the limitations of this assumption. In the previous paper,
our link prediction algorithm had assumed that a liberal
would prefer liberals the most, followed first by moderates,
and then by conservatives. Now, the distance between the
preference values of moderates and liberals with each other
and betweenmoderates and conservatives was assumed to be
equal. Also, we assumed that all liberals would have the same
preferences. Preliminary analyses on theNetSense data reveal
that this was probably too simplistic of an assumption. To
illustrate dynamics of the links between people with different
attribute values, in Figures 1–3, we visualize changes in the
strength of connection between them. Attributes values are
linked by the preferences between nodes possessing them. A
value greater than 1 means a higher than average preference,

a value less than 1 signifies a lower than average preference,
and a value around 1 means an average preference. A blue
line stands for a significant increase in the preference from
the previous semester, a red line means a decrease in the
preference, and a black line means no significant change
in the preference. From these three figures, we observe
the average preferences held by all the nodes possessing a
particular attribute value, for all the values of this attribute.
Although we find consistently that while people often have
a strong preference for other people with the same attribute
value as theirs, the preference for people with other attribute
values does not necessarily follow a predetermined order. For
example, in Figure 1, one would expect that liberals would
have a higher preference for moderates than conservatives,
but this is not always what we observe. Also, the changing
preference values over the semesters make us reconsider
our previous assumption that all the persons possessing a
particular value for an attribute have the same preferences.
This leads us to propose a method where we can account for
every person’s preferences and use them to make predictions
as to which attributes are more important for social network
evolution.

2.4. Methodology. We want to find out how well node
preferences for different attributes predict the formation and
dissolution of edges in both the cognitive and behavioral
networks. We also want to know which attributes play the
most important role in the formation and dissolution of
edges. We first introduce a technique where we measure the
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Figure 2: Views on gay marriage legalization, the average preference of nodes with a particular value for all values of the attribute.
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Figure 3: Parental income, the average preference of nodes with a
particular value for all values of the attribute. Unlike others, parental
income data was collected only once by the first survey.

preference of every node for every attribute value, based on
the neighborhood of the node. We then propose a method
to convert these preferences of a pair of nodes into features,
which are used to predict the formation or dissolution of
edges using machine learning.We then consider the different
machine learning techniques used to make these predictions.
Finally, we elaborate on how we obtain the relative impor-
tance of every attribute in the process of making predictions.

2.4.1. Link Formation Prediction. Link formation prediction
can be seen as a classification problem where we predict

whether an edge which connects a pair of nodes but still
has not been formed will form in the future or not [23]. We
use machine learning techniques to predict the formation of
edges. Features for this prediction task are the preferences of
the two nodes to be connected by the edge for each other’s
values of each of the attributes alongwith a network topology-
based feature. We describe the Personal Preference Method,
which creates these features, in Section 2.2. The network
topology-based feature we use is the number of common
neighbors between edge endpoints, or, in other words, the
number of neighbors shared by those two nodes.

Classification Task and the Training and Test Datasets. New
edges are predicted by machine learning models that learn
from the way new edges were created in the past. To perform
link formation prediction,we need three successive snapshots
of the network, say, net1, net2, and net3. We predict which
nodes will be joined by an edge in net3. So, yet to be formed
edges in net2 are the test set. Out of these edges, the ones
which are formed in net3 are true positive, and oneswhich are
not formed in net3 are true negative examples. The machine
learning model has to be trained on the past, so we use the
first two networks to train the model. The unformed edges
in net1 are the training set. Out of these, the ones which are
created in net2 are positive examples while the ones which do
not form in the net2 are negative examples.

Unbalanced Classification. The link formation prediction
classification task is an unbalanced one. With 𝑛 nodes and 𝑒
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edges in the network, there are ((𝑛2 − 1)/2) − 𝑒 possible edges
which usually ismany timesmore than the new edges formed.
We observe that most nodes tend to link to other nodes when
they are separated by no more than three hops. So, in our
dataset, we consider only the edgeswhose nodes are separated
by at the most three hops. However, still there are 50 times
more negative examples than the positive ones.Withmachine
learning algorithms, we have observed that we often need to
compromise either on accuracy or on recall. Recall measures
the percentage of new edges that were predicted to be as
such, while accuracymeasures the fraction of the predictions,
regardless of whether they were positive or negative, that
were accurate. The goal of our classification task is to select
a prediction model that gives us the best balance between
accuracy and recall. We choose a model which identifies as
many new edges as possible, while, at the same time, not
classifying too many negative edges as positive. We use the
ROC curve with a weight assigned to recall being five times
larger than that assigned to accuracy and choose the best
model accordingly.

2.4.2. Link Dissolution Prediction. Link dissolution predic-
tion too can be seen as a classification problem, where we
predict whether an edge will dissolve or not. In [17], we found
that predicting dissolution did not yield very good results.
We know that a decrease in communication is a strong signal
of declining friendship as shown in [24]. Yet, the cognitive
edges are binary; they either exist or do not exist and the
change comes once a semester. In contrast, the behavioral
edges have weights, so, considering these facts, there are
cognitive edges that may be under the process of dissolution,
but this may not necessarily be reflected in the current
friendship survey. To capture the process of dissolution,
we define dissolving communication edges as those which
reduce their communication in the succeeding semester to a
third of their existing communication volume. Moreover, the
cognitive edges whose corresponding communication edge is
dissolving are also classified as dissolving. For clarity, an edge
that gets dissolved in the current semester is also considered
dissolving (this is by definition, for communication edges, but
not necessarily for cognitive edges). With this definition, we
redefine the classification task to predict dissolving edges and
not only edges to be dissolved. To measure the weight of a
communication edge, we aggregate the number of calls and
text messages, assigning the weight 10 to each call and weight
1 to each message corresponding to the typical ratio of the
number ofmessages to the number of calls in our data.Weuse
machine learning techniques to predict the dissolving edges.
The features used for prediction here are the same as those
used for link formation prediction.

Test andTraining Sets.Weperform link dissolution prediction
using machine learning models that learn from edges that
have been dissolving in the past. The classification task is
very similar to that of link formation prediction. For the
classification task, we have three successive networks, net1,
net2, and net3. We want to predict which the edges existing in
net2 will be dissolving in net3. From the nodes and network

structure in net2, we predict which edges would be dissolving
in net3. The machine learning model learns from the edges
existing in net1 and dissolving in net2. So, edges in net1 form
the training set. Edges which are dissolving in net2 are true
positive, while edges which are not dissolving in the net2 are
true negative examples. Similarly, for edges in net2 that form
the test set, edges which are dissolving in net3 are positive
examples, and edges which are not are negative examples.

2.4.3. Machine Learning Techniques Used. We use the stan-
dard Support Vector Machines (SVM), Linear Regression,
and k-Nearest Neighbors (k-NN), Random Forests, and
Naive Bayes classifiers as classification algorithms for all
the classification tasks. They are the most commonly used
classifiers in several link prediction works such as [18, 19, 23].

2.4.4. Validation Set. The validation set is used to fine-
tune parameters of the machine learning algorithms. These
parameters differ from algorithm to algorithm. In Linear
Regression, we need to select the best threshold; with SVM
and also with Linear Regression, we need to decide whether
to use higher order features; with k-NN, we need to select
the best value of “k”; and, with Random Forests, we need to
select the best number of trees. The validation set contains
randomly selected 20% of the training set.

2.4.5. Computing Node Preferences. We compute preference
of a node for every possible value of every attribute a node
can have. The preference a node has for a particular attribute
value is computed based on how different the percentage of
the node’s friends having the particular attribute value is from
the percentage of all the nodes having that particular attribute
value in the entire network. This percentage of friends being
lower than that percentage for the entire network indicates
a negative node bias towards that particular attribute value,
while opposite relation of these percentages indicates a
preference for this attribute value. These percentages being
equal indicates node’s neutral attitude towards that particular
attribute value. We use the statistical Z-Score [25] to measure
how far from average is the number of friends with the said
attribute for the given node. Z-Score is expressed in the
standard deviation units. We normalized the Z-Score values
into the range of [0, 1] using the Z-Score tables [25].

The Personal Preference Method to Compute Node Preferences

Input. The input is a set, Attrset, of attributes, with each
attribute, 𝑎, in the set having a set of possible values, 𝑎.V𝑎𝑙𝑢𝑒𝑠,
that a node could have. Every node has a value for all the
attributes. Each node 𝑛 in the network has a set of neighbors.

Output. For every node 𝑛 in the network, for each value V of
each attribute, a preference value, n.Preference(V), between 0
and 1 is returned, with 1 denoting a strong positive preference,
0 denoting a strong negative preference, and a value of 0.5
indicating no preference.
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Step 1 (calculating the distribution of each attribute value in
the network).

For each attribute a from Attrset,

for each value of attribute 𝑎V ∈ a.values, find the
percentage of nodes with the value V. We refer
to this value as 𝑎.V.𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒.

Step 2 (calculating the preferences for each node).

For each node 𝑛 in the network,

for each attribute a from Attrset,
for each value v of the attribute a from
𝑎.V𝑎𝑙𝑢𝑒𝑠,
(1) calculate the Z-Score:
𝑍-Score = (𝑥−𝜇)/𝜎, as defined in [25].
𝑥 is the actual number of friends of 𝑛
with the particular attribute value.
𝜇 is the expected number of friends
with the particular attribute value in
the network, which is 𝑛.𝑛𝑜𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠×
𝑎.V.𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒, where 𝑎.V.𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒
is obtained in Step 1 and n.noNeighbors
is the total number of neighbors 𝑛 has.
𝜎 is the standard deviation.

(2) Convert the Z-Score to a normalized
range between 0 and 1 using the Z-Score
table, and assign it to 𝑛.𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(V).

2.4.6. Building the Features for Classification. For themachine
learning task, our feature set is computed from the preference
scores of the nodes of the edge for every attribute. We define
two methods here: one where preferences of both nodes
matter, so we multiply the preference of one node by that of
another for that particular attribute. We call this method the
Equal PreferenceMethod. Anothermethod considers only the
lower of the preference values of the two nodes. We want to
find out if this simpler approach results in good predictions.
We call this method theMinimum Preference Method.

Method for Converting Node Preferences to Edge Attributes

Input. Edge 𝑒 with nodes 𝑛1 and 𝑛2. For a node 𝑛, the
preference for a value V𝑎𝑙 of each attribute a is denoted by
𝑛.𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝑎.Va𝑙).

Output. For each of the attributes, an agreement value
between 𝑛1 and 𝑛2 is calculated. For the edge 𝑒, agreement
on an attribute 𝑎 is denoted by 𝑒.𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡(𝑎).

Method.

For each attribute 𝑎,

𝑛1’s value for 𝑎 is denoted by 𝑎.V𝑎𝑙1; 𝑛2’s value
for 𝑎 is referred to as 𝑎.V𝑎𝑙2.
Equal Preference Method is as follows:

Table 1: Link formation prediction results for the behavioral
network.

Semester Semester 3 Semester 4

Linear Regression Accuracy 97.5 97.8
Recall 79.5 92.8

SVM Accuracy 96.6 96.5
Recall 89.9 92.8

k-NN Accuracy 96.5 97.8
Recall 92.8 88.1

Random Forests Accuracy 98.5 98.0
Recall 38.8 58.1

𝑒.𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡(𝑎) = 𝑛1.𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝑎.V𝑎𝑙2) ⋅
𝑛2.𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝑎.V𝑎𝑙1).
Minimum Preference Method is as follows:
𝑒.𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡(𝑎) = 𝑀𝑖𝑛(𝑛1.𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝑎.V𝑎𝑙2),
𝑛2.𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝑎.V𝑎𝑙1)).

We use these feature values for classification of edges.

2.4.7. Estimation of Attribute Importance. We estimate the
relative importance of every attribute that leads to formation
and dissolution of edges in both the networks. We look at
the coefficients of every attribute in the function returned
by the Linear Regression classifier and use them to estimate
the relative importance of each attribute. A higher coefficient
is associated with higher importance in classification. The
values of the coefficients cannot be interpreted literally, since
several dependencies exist among the features. However, the
coefficients are still a fair indicator of how important each
attribute is, and the ranking of these weights still gives us a
fair idea of the relative importance of each attribute.

3. Results and Discussion

3.1. Link Formation Prediction Results. We measure link
prediction performance using accuracy and recall. Recall
measures the fraction of the created edges that were predicted
as such while accuracy measures the fraction of predictions
that were correct. We find that the accuracy and recall rates
for link formation prediction have significantly improved
over our earlier approach presented in [17]. This clearly
demonstrates the benefit of using the node preferences for
attribute values.

Linear Regression, SVM, and k-NN classifiers yield the
best results, with high accuracy and high recall. Random
Forests and Naive Bayes classifiers performed poorly. In
[17], the best recall and accuracy achieved were 76% each,
while here both were above 97%. Table 1 lists the results for
the behavioral network, which is the same network we had
used in [17]. We omitted results for Naive Bayes classifier
due to its poor performance; we report results only for the
Equal Preference Method, since Minimum Preference Method
performed slightly lower. Table 2 shows the results for the
cognitive network, which we did not analyze in [17]. We
make predictions for formation of links in the third and the
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(a) ROC curve for behavioral network
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(b) ROC curve for cognitive network

Figure 4: The plot of the ROC curve for prediction of edge formation in both the behavioral and cognitive networks for different thresholds
of edge weight in the second semester (the curves for other semesters are similar). The curve shows that the models fit the data well, but
that the higher the recall, the higher the false positive rate. The prediction in behavioral network performs a little better than it does in the
cognitive network.

Table 2: Link prediction results for the cognitive network.

Semester Semester 3 Semester 4

Linear Regression Accuracy 74.6 90
Recall 100 100

SVM Accuracy 92.8 77.8
Recall 83.6 93.3

k-NN Accuracy 94.5 90.0
Recall 88.9 94.5

Random Forests Accuracy 94.5 89.9
Recall 58.1 50.4

fourth semester.The recall rates for the cognitive network are
significantly higher than those for the behavioral network,
possibly because of a smaller network size and a stronger
tendency among nodes to adhere to their preferences while
forming cognitive friends, as opposed to forming edges in
the behavioral network. We also present the ROC curves in
Figures 4(a) and 4(b).

In [17], we had used Singular Value Decomposition
(SVD) for feature extraction. While this had enabled us to
get an increase in the recall value then, using SVD with our
Personal Preference Method here did not make any difference.
We had also used additional features for classification like the
“number of attributes on which the nodes of an edge agree”
but using this feature did not make a difference in the results
of our classification.

3.2. Link Dissolution Prediction. To assess the performance
of link dissolution prediction, we measure the precision

Table 3: Link dissolution prediction results for the behavioral and
cognitive networks using Linear Regression.

Semester Precision Recall Accuracy
Semester 3 80.6 92.5 83.1
Semester 4 82.4 90.1 84.2
Cognitive network
Semesters 3 and 4 81.2 80.1 75.2

along with accuracy and recall, since this classification task
is balanced, unlike link formation prediction. Precision is
defined as the fraction of edges predicted to be dissolving
by the classifier that are actually dissolving. Interestingly, the
performance of the prediction of to be dissolved edges was
very similar.We found that the accuracy, recall, and precision
rates for prediction of edge to be dissolved have significantly
improved over our earlier method presented in [17]. We are
able to predict a significantly larger fraction of to be dissolved
edges than in the past. This demonstrates the benefit of using
the node preferences.

We also benefit from using edges which do not dissolve
but whose nodes reduce the communication volume between
them significantly. Linear Regression gives us the best results,
with high accuracy, recall, and precision. SVM too yields
good results, but not as good as Linear Regression. Random
Forests and k-NN tend to yield pretty low recall results. We
do not report the results for Naive Bayes, k-NN, and Random
Forests classifier, since their accuracy rates were much lower
than for the remaining methods. Table 3 lists results for
both the behavioral and cognitive networks. We combine the
results of two semesters for the cognitive network since there
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Table 4: Weights of different attributes.

Semester Link prediction Link dissolution
Behavioral Cognitive Behavioral Cognitive

Political views 1 0.6 0.78 0.22
Parental income 0.95 0.58 0.26 0.27
Drinking habits 0.22 0.05 0.13 0.08
Views on abortion 0.35 0.02 0.12 0.15
Views on gay marriage legalization 0.75 1 0.25 0.67
Views on homosexuality 0.2 0.55 1 0.28
Views on marijuana legalization 0.16 0.25 0.44 0.12
Major 0.38 0.18 0.21 0.26
Race 0.42 0.17 0.12 0.21
Religion 0.33 0.15 0.09 0.11
Number Common neighbors 0.84 0.35 0.13 0.07
Time spent on volunteering 0.8 0.35 0.14 0.48
Time spent on exercising 0.76 0.15 0.02 0.54
Time spent on studying 0.69 0.33 0.21 0.49
Time spent on partying 0.35 0.42 0.55 0.11
Time spent on university clubs 0.49 0.23 0.26 0.92
Time spent on socializing 0.71 0.12 0.57 1
Time spent on camping 0.69 0.43 0.01 0.35

Table 5: Ranks of different attributes.

Semester Link prediction Link dissolution
Behavioral Cognitive Behavioral Cognitive

Political views 1 2 2 11
Parental income 2 3 6 8
Drinking habits 16 17 13 17
Views on abortion 14 18 15 13
Views on gay marriage legalization 6 1 8 3
Views on homosexuality 17 4 1 9
Views on marijuana legalization 18 10 5 14
Major 12 12 10 10
Race 11 13 14 12
Religion 15 14 15 16
Number Common neighbors 3 7 12 18
Time spent on volunteering 4 8 11 6
Time spent on exercising 5 16 17 4
Time spent on studying 9 9 9 5
Time spent on partying 13 6 4 15
Time spent on university clubs 10 11 7 2
Time spent on socializing 7 15 3 1
Time spent on camping 8 5 18 7

are very few edges which dissolve in the fourth semester. We
report results from the Equal Preference Method.

3.3. Relative Importance of Attributes. We look at the coeffi-
cients of all attributes returned by Linear Regression. Table 4
lists the normalized relative weights of all the attributes, while
Table 5 lists the rank of every attribute in the classification.
A higher relative weight implies higher importance during
classification. We present these rankings for the predictions

for the fourth semester for both edge formation and disso-
lution prediction for both the networks. We observe that the
coefficient weights are highly correlated for both semesters
for the behavioral network, so the results shown here are just
from the predictions made for semester 4.

We find that political views ranks high when it comes
to formation of friendships in both networks and it ranks
high in dissolution of edges in the behavioral network as
well. Parental income, number of common neighbors, and
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Figure 5: Comparison of top ranking attributes for link formation and dissolution of behavioral and cognitive edges. The four categories
of edge dynamics, going from left to right and from top to bottom, are behavioral link formation, cognitive link formation, behavioral link
dissolution, and cognitive link dissolution. The five highest ranking attributes for each category are shown in different colors. Interestingly,
dissolution of cognitive edges has its attributes highest ranked among all categories. Only political views are shared by three categories, while
parental income is common for link formation, and time socializing and marijuana legalization are common for link dissolution, while time
exercising is shared diagonally and views on homosexuality are common along antidiagonal. Of the 13 distinct attributes listed, seven are
unique for one category: common neighbors, time volunteering, gay marriage legalization, time camping, time parting, time in clubs, and
time studying. More than half of listed attributes, seven, are some form of time spent together but, interestingly, different forms of spending
time together have impact on different link categories of formation or dissolution.

time spent on common activities such as volunteering and
exercising seem to rank higher in the formation of edges
than in the dissolution of edges. Common activities such as
partying and camping appear to matter more for dissolution
than they do for link formation. Drinking habits, views on
abortion, college major, race, and religion seem to rank low
in all the networks, for both formation and dissolution. Views
on the legality of gaymarriage ranks higher in formation than
in dissolution especially in the cognitive network for which
it is the first and third most important feature, respectively.
Views on moral propriety of homosexuality, time spent in
clubs, and socializing seem to rank higher in dissolution than
in formation of edges.

Comparing Figure 5 with Table 5, we can observe that
six attributes: parental income, gay marriage legalization,
political views, time volunteering, time in clubs, and time
studying are among top 11 attributes for all four categories
of edge dynamics. These attributes have highest influence
on link formation and dissolution of both cognitive and
behavioral edges. Among them, political views attribute is
the most potent, being the first for behavioral link formation,
the second for cognitive link formation and behavioral link
dissolution, and 11 for cognitive edge dissolution. Collectively
some form of spending time together is also very important;
time socializing is ranked high for link dissolution; it is the
first for cognitive and the third for behavioral link dissolution,
while time volunteering is ranked fourth for behavioral link
prediction with time camping and time parting ranked fifth
and sixth for formation of cognitive links.

4. Long-Term Changes in the Network

We define strong edges as those whose nodes agree on more
than 𝑡

𝑠
fraction of their attributes, and the remaining edges

are called weak. Then, we check if generally the strong edges
have a higher chance of survival than the weak edges do and
how the difference depends on the threshold 𝑡

𝑠
used to define

strong edges. Experimentally, we found that 𝑡
𝑠
= 0.75 is the

best value for separating strong edges from the week ones.
With this threshold, 80% of strong edges survive in semester
1, compared to 44% of weak ones. In semester 2, the survival
rates are 63% for strong and 55% for weak edges, while, in
the third semester, these rates are 75% for strong versus 78%
for weak edges, a slight reverse in the trend. At the same
time, the average fraction of strong versusweak edges changes
slightly from 17% to 14% to 21% and finally to 20% over the
four semesters. These semester-to-semester changes are not
consistent because there are weak edges being created and
dissolved in the network all the time. However, if only the
edges which are at least one semester old are considered, then
the clear trend is uncovered showing a steady increase of
fraction of strong edges. This fraction grows from 17% in the
second semester to 21% in the third and to 26% in the fourth
semester. So over time, some tendency emerges to stabilize
and increase homophily of the surviving edges.

5. Conclusions

Using the user’s preferences for different attribute values
we are able to make high quality predictions of formation
and dissolution of edges. We have shown that this method
is able to increase the performance of predictions in the
NetSense networks in comparison to other strategies used
in the past. We believe this method would be useful for
making predictions in other attribute-rich networks and
demonstrates how preferences of nodes can be harnessed
to predict formation and dissolution of edges and thus
contribute to our understanding of behavioral dynamics in
social systems [3]. We also identified the relative importance
of all the attributes in the formation and dissolution of edges.
We found different attributes being top ranked for formation
and dissolution of edges, suggesting that different factors
might be responsible for formation and dissolution of ties



Complexity 11

between people.We also found attributes occasionally having
different rankings for predictions in behavioral and cognitive
networks, suggesting that different factors play a role in the
formation and dissolution of social ties based on subjective
importance versus those based on behavioral frequency.

In all, the results are consistent with and provide impor-
tant extensions of sociological approaches that see value
homophily as a form of “cultural matching” and an impor-
tant mechanism in both the formation of new social ties
[15, 26] and dissolution of existing ones. Value homophily
mechanism (e.g., views on homosexuality and gay marriage)
seems particularly important when it comes to predicting
the formation of new links in the cognitive network (based
on subjective prominence) and when predicting behavioral
dissolution of links.

This is particularly salient in the fact that political views
emerged as the only factor that modulates both link for-
mation and dissolution in the two networks (see Figure 5).
This is in line with recent work [27] on the increasing
salience of politics and the link between political views and
lifestyles as an amplification mechanism (via homophily and
social influence) driving patterns of social and geograph-
ical segregation in contemporary societies [28]. The fact
that self-placement in the liberal-conservative continuum
emerged as a preponderant predictor even when considering
other attitudes and values associated with political orien-
tation (e.g., views on abortion, marijuana legalization, and
homosexuality) seems to indicate that persons are sorting
into homogeneous group based on their self-identification
as “conservative” or “liberal.” This seems consistent with
political views serving as marker of social identity [29] and
not just as a factor impacting values and attitudes.

In addition, the preponderant role of common activities
in generating link dissolution in the cognitive network (see
Figure 5) lends support to Feld’s theory of social foci [5] as an
important complement to the value homophily mechanism
in patterning tie decay in social networks [10]. Essentially,
this means that once students stop having a set of common
activities bringing them together for interaction, they decline
in terms of subjective prominence as a “top contact.” Note
that in this respect, the mechanisms that produce new
cognitive links are of a different nature than those that
account for their decay (see upper right box of Figure 5) [3].

Finally, the relative lack of importance of group-level
identifications (“status homophily”) in modulating the tem-
poral evolution of social ties in this network (e.g., common
identities based on gender, race, and religion) is consistent
with the view that most of the matching observed along
these lines is modulated via either cultural matching or
common-activity mechanisms [15, 30]. In all, the results
reported here provide important sociological advances in our
understanding of the role of cultural processes in generating
patterns of connectivity and segregation in human social
networks.
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To study the social consensus system under the spread of negative emotions, the nonlinear emergence model of frangibility of
social consensus system is established based on Multiagent method, and effects of emotions spread frequency, opinion leaders,
and shielding behavior of government on the frangibility of social consensus system are revealed. The simulation results show that
the low-frequency negative emotions spread is better than the high-frequency one for reducing the frangibility of social consensus
system. Low-frequency negative emotions spreadwill lead to the group polarization, while high frequencywill lead to the collapse of
system.The joining of opinion leaders who are with negative emotions can promote the frangibility of social consensus system, and
collapse speed of social consensus system tends to increase with the influence of opinion leaders. Shielding behavior of government
cannot effectively block the spread of negative emotions. On the contrary, it will enhance the frangibility of social consensus system.

1. Introduction

With the social transformation and the popularity of Internet,
people’s lives extend onto the Internet from reality gradually.
So, the interpersonal relationship networks show complex
characteristics of interaction between online and offline.
With the fast spread of information on Internet, a complex
social consensus system forms. This complex system is not
only affected by the individual emotions within the group but
also affected by the interference of external events. Through
many times’ diffusion of negative emotions, imbalance of
groupmemory [1] tends to emerge.Then, collective behaviors
on network frequently happen, which may result in many
new collective behaviors in reality [2] and eventually lead to
fragility of social system. The famous examples include Arab
Spring [3] and Occupy Wall Street [4].

The original research of system frangibility began in the
study of natural disaster system in late 1960s [5], and it
refers to the changes of the system’s structures and functions
coursed by the sensitivity of the disturbance and lacking

of resistance. Most early studies focused on the natural
disasters [6], climate changes [7], ecosystem [8], groundwater
system [9], and other natural sciences. With the rise of
complexity science, studies about the frangibility of social
system emerged gradually, like urban system, information
system, economic system, and so on [10]. In particular,
the frangibility of complex networks has attracted scholars’
attention widely [11], examples include the frangibility of e-
mail networks [12] and Internet [13] and transport networks
and infrastructure networks [14].

Generally, for the studying of system frangibility, there are
two kinds of methods. One is the evaluation index system [5,
15], and the other one is mathematical model which develops
with the rise of the studies in complex network frangibility
[16]. All kinds of comprehensive research methods based on
these two methods are fully discussed and applied, such as
AHP, entropy method, principal component analysis, Gray
Cluster Analysis, fuzzy comprehensive evaluation method,
and function method. Though the above research methods
have pushed the studies of system frangibility to a new level,
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most of the studies consider the system as a static systemwith
little consideration of the complex structure of the system and
seldom consider the coupling interaction between consensus
diffusion and the frangibility of social system in the Internet
age.

Because the social consensus system is not only a
dynamic system with high frequency of update but also an
interactive system between virtual world and real world,
during the spread of consensus, we could not only take
emotions spread as the cause (or effect) of frangibility but
also take frangibility as the cause (or effect) of emotions
spread. So, the above traditionalmethods could not reveal the
inherent mechanisms of the frangibility evolution from the
microlevel. In recent years, scientific computing (including
modeling and simulation) has become the third paradigm of
scientific research after scientific experiments and theoretical
derivation [17]. The Multiagent System [18–21] (MAS) plays
an indispensable and important role in complex system
study because of its complex features such as dynamic high-
dimensional, coupling feedback and the overall emergence
[22]. Some recent studies show that MAS is becoming an
importantmethod in the research of social system frangibility
[23, 24].

According to the above analysis, we proposed a Multi-
agent simulation model for frangibility evolution in social
consensus system. This model consists of two mechanisms
which describe the processes of information spread: emotion
diffusion mechanism and emotion influence mechanism.
Emotion diffusionmechanism is used to describe the process
of group information dissemination in the hot event, and
the emotion influence mechanism presents the evolutional
process of the internal viewpoints in the group after the infor-
mation dissemination. We simulate many times occurrences
of the negative events in social consensus system by repeating
the above two processes serially and explore the influences
on frangibility evolution from three factors: event frequency,
intervention of opinion leaders, and government shielding
behavior. Because many studies show that the interpersonal
relationship networks have Free-Scale characteristics [25],
we use BA Networks [25] as the topology structure of
information spread network of social consensus system in
this paper.

Compared with previous studies, this paper has the
following differences: at first, most of the previous studies
consider the system as a static system or only consider the
impact of one node failure on the system frangibility [6–
10, 12]. In this paper, we will study the frangibility of dynamic
systems under repeated negative emotion diffusion. Secondly,
most of the previous simulation studies focus on the cascade
failure process of network nodes [23, 24], but the diffusion
mechanism and the influence mechanism of node failures
are not distinguished. In this paper, the two mechanisms are,
respectively, corresponding to two kinds of process, emotion
diffusion and emotion influence (postdiffusion evolution),
which is muchmore fitting the actual characteristics of social
consensus system.Thirdly, most of the simulations in the past
discussed focus on the frangibility of social system caused
by emergent events but paid little attention to the emergent
events caused by frangibility of social system. In this paper,

the interactive phase-disturbing process of the two factors is
fully considered and analyzed with specific cases.

The paper is structured as follows. In the next section, we
will present the networks model and the Multiagent model
for frangibility evolution in social consensus system.Then,we
will take “1.25 Incident in Egypt” [3] as an example to analyze
the simulation results in Section 3 which we only consider the
influences of spread frequency at first and, then, introduce the
opinion leaders and shielding behavior of government into
the system gradually. Finally, we will draw the conclusions
with a brief discussion in the last section.

2. The Model

Studies have shown that either in real society or on Internet,
interpersonal relationship networks exhibit the characteristic
of Free-Scale [25]. Considering that the social consensus
transmits through interpersonal relationship networks, we
adopt BA Networks proposed by Barabási and Albert as
the information spread network in social consensus system
[25]. Assuming that the network has only 𝑚0 nodes in the
beginning, a new node with a connection degree 𝑚 (𝑚 <
𝑚0) is added at each time step, and the new node connects
to 𝑚 different nodes already existing in the network. The
probability that new node connects with the existing node 𝑖
is

𝑃𝑖 =
𝑘𝑗
∑𝑁𝑗=1 𝑘𝑗
, (1)

where𝑁 is the total number of nodes and 𝑘𝑖 is the degree of
the node 𝑖. After 𝑡 time steps, a scale-free network with𝑚0 +𝑡
nodes and𝑚𝑡 edges will be generated.

The above information spread network is also the emo-
tion diffusion network of the consensus system, each node
equipped with an Agent who represents the individual in net-
works. Because each person has a recognition or evaluation
on the status of society and these recognitions or evaluations
are usually shown as emotions, we regard the individual 𝑖’s
emotion to the society as 𝑥𝑖(𝑡) at time 𝑡. Usually, the value
of 𝑥𝑖(𝑡) can be discrete [26] (𝑥𝑖(𝑡) = ±1) or continuous
[27, 28] (−1 ≤ 𝑥𝑖(𝑡) ≤ 1, 𝑥𝑖(𝑡) ∈ 𝑅) in the study of con-
sensus dynamics. Since continuous value is more suitable for
reflecting the change process of individual emotions, we will
take a continuous value for 𝑥𝑖(𝑡) in this paper.

In fact, in any society, all kinds of events are happening
all the time. Some events attract more people’s attention
because of their specificity or sensitivity. And so the events
change to hot events whose information spread very fast
on the Internet. Because most of the hot events are full of
“positive energy” or “negative energy,” the process of infor-
mation spread is also the process of emotion spread in the
interpersonal relationship network. Usually, the information
spread process of hot events contains two key subprocesses:
the first subprocess is emotion diffusion. The core issue of
this subprocess is whether the people who access the hot
events are affected by it orwill spread the information to other
people. The second subprocess is emotion influence. That
is, the process after the first subprocess (emotion diffusion)
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tends to be stable. People who have accessed the hot events
change their emotions by discussion in this subprocess.
We will propose the model of two subprocesses which are
corresponding to the emotion diffusion mechanism and
emotion influence mechanism in the following.

2.1. Emotion Diffusion Mechanism. All social consensus is
generated from the social hot events and exposed by few
people who we called sponsors of emotion spread, and they
get an initial emotion whose value is 𝑥0 (−1 ≤ 𝑥0 ≤ 1).
The sponsor 𝑗 will pass the event information and negative
emotions to his neighbor 𝑖 through the interpersonal relation-
ship network. Now, the neighbor 𝑖 should face two problems.

One is the accepting degree of emotions passed by the
sponsor. The accepting degree is usually determined by 𝑖’s
conformity (acceptability) 𝛼𝑖 and the sponsor’s impact 𝛽𝑗
[27]. The lager the individual conformity and the sponsor’s
impact are, the greater the individual accepting degree will
be [2]. According to the literatures [2, 27], we assume that
the emotion impact degree of the sponsor 𝑗 to neighbor 𝑖 is
proportional to 𝑥0, 𝛼𝑖, and 𝛽𝑗. Therefore, at time 𝑡 + 1, the
emotion of neighbor 𝑖 can be described as

𝑥𝑖 (𝑡 + 1) = 𝑥𝑖 (𝑡) + 𝛼𝑖𝛽𝑗𝑥0, (2)

where 𝛼𝑖 ∼ 𝑈(0, 1), 𝛽𝑗 ∼ 𝑈(0, 1).
Another problem is whether the individual wants to

transfer the emotions to others who do not access the hot
event yet. In fact, whether the individual will continue to
transfer the information depends on the degree of event
influence and importance [29]. According to the literature
[29, 30], we assume that the probability that individual
continues to spread the negative emotions is

𝑃 = 1
1 + 𝑒−𝛼𝑖𝛽𝑗|𝑥0|

, (3)

where |𝑥0| is the initial emotion generated by the hot event,
which represents the importance of the event. 𝛼𝑖𝛽𝑗 represents
the influence of the negative emotions on individual.

Emotion diffusionmechanism shows that the individual’s
emotion will be affected by events in varying degrees. And
probability that individuals spread the negative emotion
increases with the influence of events. The most important
characteristic of emotion diffusion process is the emotion
spread and dissemination on the network, which is a scale
expansion process of the individuals who contact hot events.

2.2. Emotion Influence Mechanism. Events information and
emotions quickly spread by the emotion diffusion mech-
anism in Section 2.1 after a social hot event occurs. In
general, the duration of the process is short, and the longer
process is the continual interactions and discussion among
the individuals after the information diffusion. Individual’s
emotion will be influenced by neighbor groups and so evolve
dynamically in the process of exchange and discussion and
even tend to group polarization [27].

In fact, there are two main factors that determine an
individual’s emotion during the process of emotion influence.

One is individual influence scope, and we use the proportion
of individual degree of the total degree to measure this
influence; for example, if individual 𝑗 is one of individual
𝑖’s neighbors, the influence of individual 𝑗 on individual 𝑖
is determined by the ratio of 𝑑𝑗/𝑑𝑖𝑡, where 𝑑𝑗 is 𝑗’s degree
and 𝑑𝑖𝑡 is the total degrees of all 𝑖’s neighbors. The other
one is the differences of emotion. Because individuals always
like to talk with individuals standing on the same camp but
ignore the different views [28], if the emotions 𝑥𝑖 and 𝑥𝑗 differ
by more than a fixed parameter 𝜀, nothing happens because
the two Agents think too differently to interact [31]. So the
larger the differences in individual emotion, the smaller the
mutual influence, and the converse is also true. Consistent
with [31], we use 𝑒−|𝑥𝑖−𝑥𝑗| that represents the influence of
emotion differences. Based on the above analysis, we define
the influence of neighbor’s emotion as

𝐼𝑁𝑖 =
1
𝑛𝑖 − 1

𝑛𝑖

∑
𝑖=1

𝑑𝑗
𝑑𝑖𝑡
𝑒−|𝑥𝑖−𝑥𝑗|𝑥𝑗, (4)

where 𝑥𝑗 is the emotion of individual 𝑗 and 𝑛𝑖 is the neighbor
number of 𝑖. 𝑑𝑗/𝑑𝑖𝑡 is the ratio of individual degree of total
degree and its value determines the influence of 𝑗 on 𝑖.

According to the theory of social comparison [29], when
𝐼𝑖 > 0, influence of neighbor’s emotion tends to be positive.
Then, under this situation, it is possible for individual to tend
to change emotion to positive, and the bigger 𝐼𝑖, the bigger
the emotion changing probability. On the contrary, when 𝐼𝑖 <
0, the influence of neighbor’s emotion tends to be negative.
Now, individual maybe tends to change the emotion to
negative, and the smaller 𝐼𝑖, the bigger the emotion changing
probability. So, we present the following conversion rules of
emotion as [27].

For individual 𝑖, when 𝐼𝑖 > 0, add a small positive 𝜀 (𝜀 > 0)
on its emotion according to the probability 𝑃1 = 1/(1 + 𝑒

−𝐼):

𝑥𝑖 (𝑡 + 1) = 𝑥𝑖 (𝑡) + 𝜀. (5)

On the contrary, when 𝐼𝑖 < 0, subtract a small positive
𝜀 (𝜀 > 0) on its emotion according to the probability 𝑃2 =
1/(1 + 𝑒𝐼):

𝑥𝑖 (𝑡 + 1) = 𝑥𝑖 (𝑡) − 𝜀. (6)

Over a period of time, hot events maybe arise several
times, so the above process of emotion diffusion and influ-
encewill repeat continuously. Obviously, the average emotion
of all individuals in system is one key factor which can
represent the overall state of the social consensus system.
Therefore, we define the parameter of system frangibility as

𝑟 = 1
𝑁

𝑁

∑
𝑖=1

𝑥𝑖 (𝑡) . (7)

Obviously, the social consensus system tends to be stable
when 𝑟 → 1 and tends to be vulnerable when 𝑟 → −1.

The detailed simulation algorithm is as follows.

Step 1. Generate BA Network with 𝑁 nodes as the informa-
tion spread network, every node represents one Agent, and
initialize the parameters 𝛼𝑖, 𝛽𝑗, and 𝜀.
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Figure 1: Evolution of social consensus system with low negative event frequency.

Step 2. Select one node randomly as the negative emotion
sponsor every time interval, and initialize 𝑥0 between −1 and
0 as the initial value of the negative emotion.

Step 3. Update the value of emotion through emotion diffu-
sion mechanism introduced in Section 2.1.

Step 4. Update the value of emotion through emotional
influence mechanism introduced in Section 2.2.

Step 5. Repeat Steps 3 and 4 until the system tends to be
stable.

The standard of system stability is that the emotions of
individuals do not change anymore at the last 500 steps.
When the system reaches stability, the simulation will termi-
nate. It is important to note that the system frangibility is an
important factor that affects the system evolution, and it will
determine where the system terminates during the evolution
sometimes [32, 33]. In this paper, the system frangibility is
comprehensively determined by negative event frequency,
opinion leaders, and government shielding.Wewill reveal the
complex dynamics in the next section.

3. Simulation Results and Analysis

Based on the simulation model established in Section 2, we
generate a scale-free network where 𝑁 = 100. Each node
is equipped with an Agent to represent an individual in the
social consensus system. We take the initial state parameters
of Agent are 𝛼𝑖 ∼ 𝑈(0, 1), 𝛽𝑗 ∼ 𝑈(0, 1), 𝑥0 ∼ 𝑈(−1, 0), and
𝜀 = 0.01, and the initial emotion distribution of Agent follows
a uniform distribution from −1 to 1. It is worth emphasizing
that different values of 𝜀 may influence the evolutionary
process of system. High values of 𝜀 significantly accelerate
the convergence process, and small 𝜀 will take more time

to achieve stability. The results of simulation are the average
value of 30 experiments. We experiment for 𝑁 = 200, 300,
and 500, respectively, and get similar results except for the
computation time.

3.1. Influence of Negative Event Frequency. Each negative
event is associated with the spread of negative emotions.
Firstly, we simulate the influence on social consensus system
under the different frequencies of negative emotions spread
(Figures 1 and 2). As we can see from Figures 1 and 2,
individuals with positive emotions play an active role in the
emotion influence process when the frequency of negative
events is low (once every 50 simulation times). Although
it has experienced the influence of negative emotions many
times, frangibility in social consensus was still maintained
at a certain level (Figure 1(a)). At this time, the group is
divided into two extremes, the positive emotion group and
the negative emotion group, and group polarization emerged
(Figure 1(b)). With the increase of negative events frequency
(once every 20 simulation times), system lost the support
of the positive emotion group. Finally, social consensus
system collapses completely (Figure 2). It is observed that
the spread of high-frequency negative emotion can enhance
the frangibility in social consensus than low-frequency
one.

From 2010 to 2011, many countries in the Middle East
have launched a series of large-scale collective behaviors
called “Arab Spring” [3]. Among these collective behaviors,
“1.25 Incident in Egypt” [3] is the most famous one for
its large-scale, long-lasting, complete, and clear evolution
process. So, we will take “1.25 Incident in Egypt” as an
example to analyze the simulation results and reveal how the
spread of negative emotions influences vulnerability of social
consensus system as follows.

In fact, “Egypt 1.25 incident” is not an accident caused
by extreme behavior but a breakout of the people’s negative
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Figure 2: Evolution of social consensus system with low negative event frequency.

emotions under the accumulation of negative events. Before
the “Twitter Revolution” in Tunisian and the “Saı̈d Incident”
[3], the Egyptian government has widespread problems of
autocracy and corruption, negative events break out every
now and then, and persons who live in the bottom society
have been depressed for a long time. But, at this point,
the diffusion frequency of negative emotions is relatively
low, it has not infected the emotions of middle-class peo-
ple completely, and negative emotions are not enough to
make this part of people give up the positive support to
the Egyptian government. Therefore, the social consensus
system was still in part stable state at this time (Figure 1).
However, after a long time of dictatorial regime of Mubarak,
unemployment rate increased, police violence and official
corruption occurred frequently, and negative events often
happened, situation of society was turbulent, and negative
emotions even began to spread in the middle-class people.
After the Tunisian “Twitter Revolution” and “Säıd Incident,”
large-scale negative emotions caused by the “fuse” incident
spread at a higher frequency and the social consensus system
collapsed completely (Figure 2). The negative social events
in Egypt from low frequency to high frequency have been
going on for a long time, with the increase of frequency
of negative events, frequency of negative emotions spread
speeded up, and people used Twitter, Facebook, and other
online community tools to spread the negative emotions
spontaneously, which increase the vulnerability in social
consensus system gradually and lead to the collapse of the
system in the end.

3.2. Influence of Opinion Leaders. The negative event fre-
quency impact on evolution of the frangibility in social con-
sensus system is important, while a special type of individuals
in the group usually tends to be ignored, that is, opinion
leaders who usually emerge sometimes during the evolution
of social consensus system. Though few researchers begin to

care about the issue in recent years, they do not consider the
new situation and new features of the Internet [29, 34]. Here,
according to the important role in evolution of Internet group
emotion, we take the factor of opinion leaders into account.
Wewill focus effort on how the opinion leaders impact on the
frangibility in social consensus system as follows.

We randomly select one node as opinion leader of social
consensus system in consensus information spread network
at first. And, considering the stubbornness of opinion leader,
we make its emotion always −1 [35]. By increasing the
influence parameter of opinion leader 𝛽, we get the same
conclusions as drawn in literature [29, 34–36]. That is to
say, the appearance of opinion leaders with negative emotion
promotes the emergence of consensus and strengthens the
frangibility of social consensus system (Figure 3).

As we can see from Figure 3(a), though public consensus
system is impacted by the negative emotions constantly, the
system still can maintain a certain frangibility level before
the opinion leaders appearance. With the emergence of
opinion leader with negative emotions, the balance of public
consensus system is broken. Under the influence of opinion
leader, the consensus system evolves rapidly and tends to
be more vulnerable, which eventually steps into a system
crash. Figure 3(b) shows that, with the influence of opinion
leader increasing, the speed of frangibility of social consensus
system tends to speed up.

Then, we will analyze the effects of opinion leaders in
“Egypt 1.25 Incident.” As opinion leaders, social activist
Mashahed who is a well-known journalist that publishes
images, pictures, and other information constantly through
the video site, which causes more and more participants to
join in the protest team. These opinion leaders have played
a key role in the development of “Egypt 1.25 Incident.”
Before the opinion leaders appeared, the social consensus
system had been affected by the negative emotions of the
“Twitter Revolution” and “Säıd Incident,” but the middle
class do not completely go backward to toiler group, and
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Figure 3: Influence of opinion leaders on the frangibility in social consensus system.

the vulnerability of social consensus system still maintained
a certain level (Figure 3(a)). With more and more opinion
leaders such as the influential social activists and well-known
journalists publicizing and disseminating information about
the processions and rallies actively, the procession and protest
team become bigger and bigger. Negative emotions spread to
an unprecedented situation and finally the wavering middle
class and even some upper-class also are pulled into the
protest team. With the rapid development of the Internet
and new media, popular websites and blogs have gradu-
ally developed into influential public opinion leaders. Their
influence is determined by their authority and the number
of their fans. The greater the influence is, the stronger the
ability that the system evolves toward its own views will be
(Figure 3(b)). The opinion leaders in “Egypt 1.25 Incident”
are important influential members of the community, and
their behavior leads Egyptian social consensus system to
collapse.

3.3. Influence of Government’s Shielding Behavior. In order
to prevent the spread of negative emotions, the government
might take technical measures like cutting Internet to shield
the spread of information. So, we take the experiments on
how the shielding behavior will influence the consensus
system’s frangibility as follows.We start the simulation system
at first, and, then, when the simulation time reaches 1000,
we randomly remove 50 nodes to simulate the government’s
behavior of shielding Internet. Figure 4 shows the results of
several simulation experiments. We can see that though the
government has taken the shielding behaviors (after simu-
lation experiments reach 1000), they still undergo failure to
prevent the social consensus system to tend to be vulnerable.
On the contrary, they make frangibility of social consensus
system increased dramatically, and government’s behavior
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Figure 4: Evolution of the frangibility in social consensus system
under government shielding behavior.

makes opposite effects. In fact, the government’s informa-
tion shielding behavior is a significant negative consensus
event on itself, and at the same time it may lead to rapid
spread of negative emotions among individuals, which will
speed up the collapse of social consensus system in the
end.

Finally, we analyze the effects of government’s shielding
behavior in the “Egypt 1.25 Incident.” More than half of
the people in Egypt are Internet users. Most of them have
registered at Twitter, Facebook, and other online community
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tools. At the early time of the “Egypt 1.25 incident,” people
spread the negative emotions of the government through
these online community tools, telephones, or other commu-
nication tools which provided a communication platform
for the breakout of “Egypt 1.25 incident.” In order to curb
this phenomenon and control the spread of negative emo-
tions, the Egyptian government blocks and interrupts the
Internet and even telephone communication for a long time.
However, people have a deep-rooted negative impression
to the Egyptian government, and these measures not only
fail to control consensus but also exacerbate the people’s
confrontation emotions to government. People consider the
government’s blocking behavior itself as a serious negative
event and continue to spread information through Internet,
mouth to mouth, and so on. Combining with the guidance of
opinion leaders, negative emotions spread among the people
and increase the vulnerability of social consensus system
(Figure 4).

4. Conclusions and Discussions

Social consensus system is a complex system which is
formed by the diffusion and spread of consensus through
complex network of interpersonal relationships. Like the
most complex systems [6–14], social consensus system also
has the characteristic of frangibility. When the average value
of the individual emotions in the system is negative, the
system becomes vulnerable. Different from precious studies
which adopt the methods of the evaluation index system
[5, 15] or mathematical model [16], this paper studies the
evolutionary mechanism of frangibility in social consensus
system based on Multiagent method. The simulation results
show that high-frequency diffusion of negative emotion can
enhance the frangibility of social consensus system com-
pared to low-frequency one. The spread of high-frequency
negative emotion even leads to system collapse and large-
scale collective behaviors. In order to reduce the risk of
social consensus effectively, government should avoid neg-
ative incidents by improving public service awareness and
preventing public relations crisis, and improving the level of
emergency management, and the positive propagandas and
consensus guidance also should be strengthened at the same
time. In addition, opinion leaders play an important role in
the evolution of social consensus frangibility. The negative
emotions propagated by opinion leaders may spread widely
and fast, shielding behavior could not inhibit the spread of
negative emotions; on the contrary, it will strengthen the
frangibility of consensus system. So, the government should
guide the opinion leaders correctly, for example, payingmore
attentions to deal with the negative events exposed by opinion
leaders in time so as to prevent the rapid spread of negative
emotions. Another suggestion is that the government can
develop a government image management system based
on the network data technology to realize the effective
monitoring and earlywarning of the network consensus, so as
to eliminate the negative impact of events andmaintain social
stability.

As the social consensus system is a typical self-organized
emerging system which has the micro-macro effects, the

characteristics of Multiagent System determine that it is not
only a powerful tool to explore the micromechanism of
complex systems but also an important method to study
the micro-macro effects [37], which is very suitable to study
the evolution of complex system [17]. Simulation results
show that Multiagent simulation model proposed in this
paper can reveal the evolution mechanism and provide a
new perspective for the research of the frangibility in social
system. Many further studies may be developed as the
following aspects: (1) building a network model based on the
actual data through the analysis of social network. Analyzing
the impacts of network structure, individual characteristics,
and negative events on the frangibility in social consensus
system. (2) Studying the evolution of frangibility in social
consensus system in the process of negative emotion interac-
tion between online and offline; (3) using big data technology
for analysis of negative emotion diffusion in social consensus
system based on typical cases.
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Laws of rumor makers’ behaviors are the root of curbing rumor and effective way to block rumor occurrence. Therefore, based
on system dynamics model, this paper proposed the rumors behavior evolution model of rumor makers, aimed at discovering the
laws of rumor makers’ behaviors to achieve rumors blocking. First, by refining the driving factors in disinformation behavior, we
constructed causal diagram of disinformation behavior evolution; secondly, by means of causal diagram, we constructed stock-
flow diagram for quantitative analysis; finally, simulation experiment was carried out by using Vensim Personal Learning Edition
software (Vensim PLE). The results showed that negative attitude is a major factor in the occurrence of disinformation behavior;
personal factors are more pronounced than the factors of social and government on the impact of disinformation propensity score.

1. Introduction

As a kind of information, rumors can not only disturb
people’s daily life but also destroy economic development and
social stability, and it must be strictly guarded and controlled.
In addition to the spreaders which add fuel to the fire of
rumors, there are lots of rumor makers who promote the
spreading of rumors. Therefore, the study on behavior rules
of rumor makers, which curbs the rumors at the root causes,
becomes a hot spot for blocking the rumors.

At present, most of the research on behavior rules of
rumor makers was conducted by means of statistical tools.
Through a large number of historical data, they obtain
the statistical characteristics of behavior rules and make a
macroprediction of human behavior. Miritello [1] combs
literature on statistics of human behavior in information
dissemination and finds that the research method based on
statistics of historical data is one of the effective methods
to study the law of human behavior. Ma and others [2]
confirmed that the tails of RT distributions exhibit power
law behavior. Therefore, through collecting and analyzing
broadcast data sent by 140 Twitter users, Salathé [3] and
others based on the theory of psychology conclude that

the emotions from friends and social awareness are highly
correlated with individual information production behavior;
that is, the emotions from neighbors have an important
impact on information manufacturing behavior. Based on
hierarchical temporal memory, Li [4] and others construct a
cognitive model of rumors makers. They simulate the cogni-
tive process of rumors in heterogeneous groups with different
knowledge and personal experience and conclude that the
manufacturing of rumor is driven by social cognitive factors.
Moreover, system dynamics are a powerful tool for studying
causality and can be used to analyze driving factors. Based
on a system dynamics approach and the net anthropogenic N
input (NANI) concept, a NANI-SD model [5] was developed
to simulate the relationship between NANI and its drivers.
Then, the system dynamics model developed in this study
identified key factors influencing regional anthropogenic N
input.Therefore, in order to discover rumormaker’s behavior
law, we will find behavioral driving factors of rumor maker
and construct dynamics mode of disinformation behavior.
It is an important method in the field of net rumors. This
paper combs the related literature in the field of network
rumor and excavates the behavioral drivers of rumor maker.
Based on system dynamics theory, this paper puts forward
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Table 1: Rumor-driven factors.

Factor categories Included factors
Personal factors (PF) Event attention (EA), personal discernment (PD), negative mentality (NM)
Social factors (SF) Group polarization (GP), social trust (ST), mass discussion frequency (DF)
Governmental factors (GF) Governmental regulation (GR), political activity (PA), dissemination efforts (DE)

the disinformation behavior evolution model of the rumor
maker. The rumor maker’s behavior evolution is a dynamic
process influenced by many factors. This paper analyzes
these factors from the personal factors, the social factors,
and the governmental factors. In this paper, we use rumor
tendency (RT) as a quantitative index to reflect the impact
on information contacts. The higher the RT is, the higher
the probability that the information contacts become rumor
makers will be. And, the lower the RT is, the less likely
that the information contacts become rumor makers will
be.

2. Related Work

In the field of rumors driver, many scholars have con-
ducted research and achieved a series of results; most of
the research focused on the field of human psychology
[6]. As early as 1945, American personality psychologists
Allport and Postman suggested that any human demand
can provide rumor for power [7]. Later, Difonzo and Bordia
[8] considered that rumor transmission is motivated by
three broad psychological motivations: fact-finding, relation-
ship enhancement, and self-enhancement. Rumor is closely
entwined with a host of social and organizational phe-
nomena, including social cognition, attitude formation and
maintenance, prejudice and stereotyping, group dynamics,
interpersonal and intergroup relations, social influence, and
organizational trust and communication. Through experi-
ments, Ajzen and Fisbbein [9] confirmed the conclusion that
behavioral intentions correlated significantly with behavior.
During emergency events, individuals are exposed to large
quantities of informationwithout being aware of their validity
or risk of misinformation, but users are usually swift to
correct them, thus making the social media “self-regulating”
[10]. Insofar as somepeople’s behavior is controlled by custom
and convention, it is a product of society, of the individual’s
interpretation of his role, and so, indirectly, of collective
action [11].

The impact of the social environment on RT is also
crucial. Through analytic derivation and simulations, Shaw
andothers [12] found that gossip destroys clustering inweakly
clustered networks and increases cliquishness in networks
with already high clustering. Hu and others [13] suggested
that lower interpersonal influence of weak ties increases the
isolation of social groups; thus, collectivism is unfavorable
to the spread of participation across whole network, and
they also demonstrated the importance of national culture
on collective action. On the basis of previous studies, this
paperwill be discuss rumors-driven factors divided into three
categories, as shown in Table 1.

3. System Dynamics Simulation Model of
Rumor Behavior Evolution

In the micronetworks (WeChat, microblogging, etc.), all
individuals must become information producers but not
necessarily rumor makers. Social, psychological, personal,
and other internal and external environmental factors could
lead to the transformation of the information maker to the
rumor maker; the impact of different factors is different.
Therefore, mining driving factors and studying the extent of
its impact, we could grasp the evolution laws of rumors, to
achieve rumors blocking.

System dynamics are a useful tool for studying the causal
relationship between factors. By analyzing the causal rela-
tionship between factors in the dynamic process of behavior
evolution, the causal relationship diagram is constructed
and the system dynamics modeling is implemented. Causal
relationship diagram is a one-way complex network diagram
composed of the influencing factors and the causal relation-
ship among these factors, where the factor represents the
node of the network; if there is a causal relationship between
any two factors, there is a one-way edge between the two
points that points to the result node by the cause node. If
the result node changes in the same direction as the reason
node, there is a positive causal chain between the two nodes.
Otherwise it is called negative causal chain. When the causal
chain is the same at the beginning and end, it forms a causal
loop. At the same time, the polarity of the causal loop is
determined by the number of positive and negative causal
relationships in the loop.

3.1. Causal Analysis of the Disinformation Behavior Drivers.
In the micronetworks, the behavior-driven factors of rumor
makers are mainly composed by the personal factors, the
social factors, and the governmental factors.

3.1.1. Personal Factors. The personal factors are determined
by the heterogeneity of the individual in the network [3],
which refers to the specific attributes of the individual,
including the event attention, the personal discernment, and
the negative mentality.

Event attention depends on age, occupation, education,
the region’s network coverage, and other inherent attributes of
the individual. The personal discernment refers to the infor-
mation judgment ability, the information processing ability,
and the ability to overcome position bias for individual, and
these abilities are restricted to individual learning, cognition,
and experience. Negative mentality refers to the influence
of network rumor psychological causes. Therefore, personal
discernment and negative mentality are the direct factors of
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RT, while event attention is indirectly affected by personal
discernment.

The causality diagram of personal factors is shown in
Figure 1.

3.1.2. Social Factors. Social factors refer to influencing fac-
tors from the surrounding groups, organizations, or media,
including the group polarization, the social trust, and the
mass discussion frequency.

Group polarization means that biased ideas of individual
will produce more extreme negative effects when receiving
the opinion of the group. Mass discussion frequency refers
to the proportion of communication behavior between indi-
vidual nodes, which will directly affect the influence scope
and influence degree of group polarization. Social trust refers
to the score of social trust, and low trust between members
of the community easily leads to a crisis of confidence. In
social factors, the social trust and the group polarization have
a direct influence on RT.

Social factors causal diagram is shown in Figure 2.

3.1.3. Governmental Factors (GF). Governmental factors
refer to the impact of government taking regulatory actions,
including the governmental regulation, the political activity,
and the dissemination efforts.

As a regulator of networks, the government is a balancing
mechanism for disinformation behavior. Government reg-
ulation refers to the government’s enforcement of existing
laws and regulations, as well as the emergency mechanism
for future events. Political activity refers to the degree of
expression and participation in political affairs. Dissemina-
tion efforts refer to the objective expression of the opinions
and the subjective acceptance of the audience. Political
activity and dissemination efforts are the two-major gov-
ernment index. The high RT promotes the political activity,
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−
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Figure 3: The governmental factors causal diagram.
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Figure 4:The disinformation behavior drivers causal-loop diagram.

strengthens the dissemination efforts, and thus reduces the
RT. Finally, the balance of RT will be realized.

Figure 3 shows the governmental factor causality dia-
gram.

3.1.4. Causal-Loop Diagram of the Disinformation Behavior
Drivers. Figure 4 shows the causal-loop diagram of the
disinformation behavior drivers. There are two positive-
feedback loops and two negative-feedback loops.

(1) “RT” → “group polarization” → “personal discern-
ment”→ “RT” (positive-feedback loop 1)

(2) “RT”→ “group polarization”→ “negative mentality”
→ “RT” (positive-feedback loop 2)

Two positive-feedback loops indicate that RT is directly
driven by two factors: the personal discernment and the
negative mentality. Considering personal factors, the group
polarization is indirect to the RT. Through the group polar-
ization, RT also could weaken the personal discernment and
contribute to negative mentality.

(3) “RT”→ “political activity”→ “dissemination efforts”
→ “RT” (negative-feedback loop 1)

(4) “RT”→ “governmental regulation”→ “RT” (negative-
feedback loop 2)

As immature control techniques and unsound laws and
regulations, the government often takes ex post measures
of the management of network rumors. Only when rumors



4 Complexity

Rumor tendency

Group polarization

Event attention

Social distrust

Governmental regulation

Government transparency

Government credibility

Government index

Negative mentality

Personal discernment

Personal effects

Government reporting frequency

Social effects

Policy frequency

Educational level

Government enforcement

Governmental effects

Mass discussion frequency

⟨Time⟩

⟨Time⟩

Figure 5: Flow-stock diagram of the disinformation behavior drivers.

endanger economic security and social stability will the
government come forward to dispel rumors and strengthen
supervision. The governmental regulation is not enough,
and the RT will increase. In the society with high RT,
strengthening the governmental regulation is helpful to
safeguard government image and improve the credibility of
the government, thus blocking the upward spiral of RT. The
negative-feedback loop between the RT and the governmen-
tal regulation constitutes an important balance relationship.
Therefore, government influence is a balance mechanism of
disinformation behavior.

3.2. Flow-Stock Diagram of the Disinformation Behavior
Drivers. The flow-stock diagram is another effective tool
for system dynamics modeling. The causality diagram could
qualitatively reflect the feedback structure of the system,
that is, the causal relationship among the driving factors.
Giving the variable dynamic accumulation, the flow-stock
diagram is quantitative analysis of the system. In the stock-
flow diagram, the stock in the feedback system represents
the accumulation of the stock. The flow is represented by
the change in stock over time, and the difference between
the inflow and outflows produces the stock. In this paper,
the RT is defined as the stock of disinformation behavior
evolution model, and it is used to characterize the rumor
state. Simultaneously, personal effects, social effects, and
governmental effects are defined as the flow; these factors
work together to influence the RT. The flow-stock diagram
of the disinformation behavior drivers is shown in Figure 5.

3.2.1. Variable Formulas of the Disinformation
Behavior Drivers

(1) Personal discernment = event attention (time) ∗
educational level

(2) Personal effects = 1/{(1 − negative mentality) ∗ per-
sonal discernment}

(3) Government transparency = government reporting
frequency (time)

(4) Government credibility = 𝑎 ∗ government index +
𝑏 ∗ government transparency

(5) Governmental regulation = policy frequency (time) +
government enforcement

(6) Governmental effects = 𝑐 ∗ government credibility +
𝑑 ∗ governmental regulation

(7) Group polarization = mass discussion frequency
(time)/(1 − negative mentality)

(8) Social effects = social distrust ∗ group polarization
(9) Rumor tendency = integer (𝛼 ∗ social effects +
𝛽 ∗ personal effects − 𝜃 ∗ governmental effects)

20 experts and sociologists which from the field of net
rumors graded the importance of each factor, and we got
the following conclusions. The weights of government index
and government transparency are 0.3 and 0.7, respectively.
And, government credibility and governmental regulation
are obtained by the expert scoring method as, respectively,
0.7 and 0.3. The weight of social effects, personal effects, and
governmental effects are 0.164, 0.583, and 0.253.

4. Simulation and Analysis of Model

4.1. Simulation of Disinformation Behavior Evolution Model.
Based on the public opinion case statistics of China public
sentiment network, this paper defines and initializes the
model variables by means of table functions and expert
scoring method.The event attention, the government report-
ing frequency, and the mass discussion frequency indicate,
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Figure 6: Table function representation of each variable (event attention shown in (a); government reporting frequency shown in (b); policy
frequency shown in (c); mass discussion shown in (d)).

Table 2: Table function of event attention.

Time (hour) 0 7 12 24 48 72 100
Event attention frequency 0.01 0.25 0.9 0.85 0.65 0.25 0.05

Table 3: Table function of government reporting frequency.

Time (hour) 0 5 10 20 30 40 50 60 70 80 90 100
Government reporting frequency 12 30 89 100 57 73 69 20 0 6 3 6

respectively, the attention of the individual, the government,
and the society to the hot issues (Figure 6).With the dynamic
evolution, these variables often show irregular distribution.
Therefore, this paper uses the table function method to
express the above variables, as shown in Tables 2–5.

In the model, the government index, the government
enforcement, the educational level, the negative mentality,
and the social distrust are all constants. According to the
expert scoring method and optimization of the simulation
results, these constants’ initial values are 80, 75, 45, 0.5,

and 25, respectively, while the experimental results are more
intuitive.

4.2. Analysis of Model Simulation Results

4.2.1. Rationality Analysis. According to the setting of the
model parameters and the establishment of the variable
formula, the simulation diagram of the RT is obtained. As
can be seen from Figure 7, we know that the RT is to change
dynamically over time. In the early stage of disinformation
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Table 4: Table function of policy frequency.

Time (hour) 0 24 48 60 72 100
Policy frequency 12 30 89 100 57 73

Table 5: Table function of mass discussion frequency.

Time (hour) 0 10 20 30 40 50 60 70 80 90 100
Mass discussion frequency 0.157 0.997 0.57 0.312 0.194 0.045 0.134 0.054 0.06 0.017 0.01
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Figure 7: The rumor tendency graphs.

behavior, the RT will increase significantly. When reaching
the peak, it begins to decrease slowly and finally returns to
the initial state.

Because of the parametric hypothesis, the simulation
results could not be completely consistent with the actual
results. However, in the early stage of disinformation behav-
ior, people will question or even contradict it. At this point,
the RT is negative. With the increasing attention to the
incident, RT is rising rapidly. When the rumors have finished
disinformation, their attention to the incident will slowly
reduce. And ultimately, they lose interest and unsubscribe it.
It is concluded that the disinformation behavior evolution
model is reasonable and could be used to simulate the
disinformation behavior.

4.2.2. Sensitivity Analysis. Sensitivity analysis is that we could
observe the changes of amount of dependent variable by
changing the specific variables. And we could analyze the
effect of variables on the dependent variable. By, respectively,
changing the government index, the government enforce-
ment, the educational level, the negative mentality, and the
social distrust, we could observe the change of the RT and
find out the main cause of disinformation behavior.

4.2.3. Personal Factors. In personal factors, the educational
level (curve 2) and the negative mentality (curve 3) were
increased by 30%. The change of the RT is shown in
Figure 8(a). The influence of negative mentality on RT
significantly is higher than the education level; that is, an
information contact with negative mentality is more likely

to become a rumor maker. And, the Indian psychologist
Beside has also raised the fact that the unrest is one of the
motivations of rumors [7]. At the same time, when raising
the educational level, RT tends to increase.This indicates that
the higher the educational level, the higher the possibility of
rumors. Figure 8(b) shows the effect of personal factors on
the personal effects. (Curve 1 shows the initial state dynamic
changes of disinformation tendency and is used to compare
the changes in each factor.)

4.2.4. Social Factors. In social factors, this paper observes
the impact of social factors on the RT, by increasing the
initial state of social distrust (curve 2) by 30%, as shown
in Figure 9(a). The influence of social distrust on the RT is
more significant; that is, social distrust will promote rumors.
However, the social trust and the social distrust are reverse-
changed. Therefore, improving social trust can effectively
control the rumors. Figure 9(b) shows the impact of social
distrust on the social effects. From curve 2, we can see that the
effect of social distrust on the rumor has a significant impact
in the initial period. At this point, misleading information
from the social environment and surrounding friends can
directly affect behavioral choices of information contactors.
And the contactor is most likely to become a rumor maker in
the early stages.

4.2.5. Governmental Factors. In government factor, this
paper reduces government enforcement (curve 2) and gov-
ernment index (curve 3) by 30%, as shown in Figure 10(a).
Government is a balancing act of rumors and should have
commensurate influence and control. However, the enforce-
ment and government index on the role of RT are not
significant. At present, the real-name operations cannot be
covered in the whole network, and human beings whose the
real identity is not informed are prone to crime. That is to
say, the anonymity of the networking and rumors of sudden
and other characteristics lead to more complex network
environment. The government often takes action after the
rumor broke out, which causes government supervision and
management on the network is difficult to achieve, especially
for the disinformation behavior. Due to the “hysteresis” of the
punishments, the deterrent effect of the government on the
rumors is ignored. In Figure 10(b), with the same magnitude
of decline, the enforcement for government impact is more
significant. At the same time, unlike personal factors and
social factors, the impact of government has effects through-
out the whole rumor behavior evolution process.
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4.2.6. Comprehensive Factor Analysis. In Figure 11(a), we
combine the various factors of three models. Under the same
amplitude changes, the influence of negative mentality on
the RT is the most significant. Changes in negative mentality
are most sensitive to rumors. And negative mentality is the
main motivation in promoting the disinformation behavior.
As shown in Figure 11(b), the effect of personal effects on
RT is the most significant, followed by social effects. The
government effects have only a subtle effect on the rumor
tendency. Therefore, personal factors are the key factors of
disinformation behavior.

5. Conclusions

Network rumors endanger national security and social stabil-
ity. The traditional network rumor propagation model aims
to achieve blocking and governance of rumors. Their object
is existing and destructive network rumors. However, by the
system dynamics, this paper puts forward disinformation
behavior evolution model of the rumor maker. This mode
solves network rumors from the origin and provides a basis
for monitoring and early warning of network rumors. The
model is simulated from three aspects, individual, society,
and government, and draws the following conclusions.

The influence of personal factors on RT is the most
significant. Negative mentality is the main cause of dis-
information behavior. The more the negative mentality of
information contacts, the greater the possibility of disin-
formation behavior. Therefore, improving people’s better
life index and reducing social instability are conducive to
reducing the negativementality of themasses and controlling
rumors. For the government, the key to reducing the RT is
the government’s control efforts and measures introduced
efficiency. Strengthen the rumor punishment mechanism;
improve the emergency response to emergencies. Through
the “micro” platform, E-government could achieve network

guidance, mass interaction, and so forth and, then, could
standardize the network environment.
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The goal of this study was to reveal the mechanism of the Chinese industry-university-research collaborative innovation (IURCI)
and interactions between the elements in the system and find issues that exist in the collaborative innovation process. Based
on the theoretical perspective of innovation and complexity science, we summarized the elements of the IURCI as innovation
capability, research and development (R&D) configuration, and knowledge transfer and established a theoretical model to describe
the evolution of the IURCI system.We used simulation technology to determine the interactions among variables and the evolution
trend of the system. The results showed that the R&D configuration can promote the evolution of innovation capability and
knowledge transfer and that innovation capacity is the current dominant factor in the evolution of the Chinese IURCI system and is
highly positively correlated with R&D configuration.The evolutionary trend of knowledge transfer was gentler, and its contribution
to the evolution of the Chinese IURCI system was less than that of R&D configuration. When innovation, R&D configuration, and
knowledge transfer are relatively balanced, the collaborative innovation system can achieve high speed and stable evolution.

1. Introduction

Innovation is an important stimulator of economic develop-
ment and is also a key element in the global competitiveness
of the country. As the world’s second largest economy, China
has made great progress along the road of independent
innovation, research, and development investment, and the
number of academic achievements and patents has been
ranked at the top in the world. But in spite of this progress,
there is a disconnection between the economy and technol-
ogy in the process of innovation in China. On the one hand,
the Global Competitiveness Report developed by the World
Economic Forum according to the Global Competitiveness
Index (GCI) showed that China’s technological readiness for
innovation (ranked at #88) has seriously hampered the coun-
try’s competitiveness ranking, indicating that the innovation
capability of core technology in Chinese enterprises is still
relatively backward, failing to form an innovation-driven
development model, and many industry’s core technologies

with significantly shorter cycles of innovation are still heavily
dependent on foreign countries. On the other hand, the
conversion rate of technological achievements has been low
for a long time in Chinese universities and research institu-
tions; therefore, higher education training is lagging behind
(ranked #62). Universities and research institutions cannot
effectively meet the knowledge requirements for innovation,
which is also an important factor that has led to delays
in the Chinese innovation system. The Organization for
Economic Co-operation and Development’s China Innovation
Policy Research Report pointed out that coordination and
integration in China’s innovation system is not perfect, and
the synergy between constituent subjects in the system is low.
Compared with developed countries, Chinese enterprises
not only lack the R&D capabilities of core technology, but
also the effects of knowledge accumulation are relatively
poor. Enterprises tend to be more cost-oriented and lack
the motivation to carry out and use public research achieve-
ments. Meanwhile, enterprises, universities, and research
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institutes rarely share innovation resources, most types of
technology transfer are carried out under the guidance
of government, and universities and research institutions
do not take the initiative to understand the technology
needs of industry. These problems have seriously hampered
knowledge spillover in the Chinese innovation system and
have become an obstacle that China must overcome to
build an innovation-driven country through independent
innovation.

An effective measure to solve the above problem is
to establish a practical and effective Chinese coopera-
tive research innovation system, thus contributing to the
rapid transformation of public scientific and technologi-
cal achievements of Chinese enterprises and universities
as well as research institutions, and to promote scientific
research in Chinese universities and institutes that feeds
the demand for industrial innovation, thus allowing tech-
nological development and industrial development to move
forward together. Research on the evolution of the Chinese
industry-university-research (IUR) collaborative innovation
(IURCI) system can help identify the interactions between
the elements of Chinese IURCI systems and, through iden-
tifying problems in the process of collaborative innovation,
can help Chinese enterprises and universities as well as
research institutions emerge from the knowledge dilemma
of collaborative innovation. This study therefore has the-
oretical and practical value for enhancing collaborative
innovation efficiency and promoting IURCI development in
China.

In contrast to the past static perspective, we established
an evolutionary logistics/dynamics equation to describe the
research collaborative innovation system in China, using
relevant methods from game theory to solve it. On this basis,
we collected indices and data that have influenced Chinese
IURCI from 2005 to 2014, simulated the evolution mor-
phology of related variables by MATLAB software, analyzed
the interactions between elements and dynamic evolution,
and demonstrated in detail the evolution mechanism of
the research innovation system in China. In this study,
while revealing the essence of Chinese IURCI, we have
tried to establish a new research framework and explain 2
issues: first, there are different degrees of interaction among
variables in the Chinese IURCI system, with different levels
of contribution to the evolution of a collaborative innovation
system and, second, when the default initial value of evo-
lution changes, an evolutionary trend develops among the
variables.

In Section 2 of this paper, we describe our analysis of the
constituent elements of the IURCI system and the synergy
principle. On this basis, in Section 3, we describe how we
established an IURCI system evolution model with a focus
on innovation capacity, R&D configuration, and knowledge
transfer, and conducted derivation and analysis. In Section 4,
we conducted a simulation using actual data of relevant
parameters and analyzed the results. Finally, in the conclu-
sion, we discuss the innovation and contribution of research
achievements and propose the main direction for future
research.

2. Theory

IURCI refers to enterprises, universities, and research insti-
tutes, 3 main users of innovation to expand their resources
and capabilities, which jointly develop technology innovation
activities under the support of government, science and
technology intermediary service agencies, financial institu-
tions, and other relevant organizations [1, 2]. In the process
of IURCI, enterprises, universities, and research institutes
convert science and technology into practical, productive
forces for the purpose of innovation, based on a clear division
of functions, through complex nonlinear interactions. This
realizes mutual benefits between enterprises and universities
as well as research institutes and produces a synergistic
innovation impact that each factor cannot achieve alone [3].
Canhoto et al. [4] believe that the essence of collaboration is
the complementary use of resources and capabilities between
competitive enterprises and universities as well as research
institutions. The advantages of enterprises include the rapid
commercialization of technology, relatively adequate inno-
vation funding, suitable production and test equipment and
sites, andmarket information andmarketing experience, and
their needs for innovation are in basic principles of knowl-
edge and in scientific as well as technical human resources
[5–7].The advantages of universities and research institutions
are theoretical research, professionals, scientific equipment,
knowledge and technical information, and research methods
and experience, and their needs for innovation are resource
support and practical information [8–10]. The needs of
enterprises for innovation in knowledge resources and the
needs of universities and research institutions for spreading
of scientific knowledge and practice demand constitute the
IURCI system based on a retrieval mechanism and allocation
rule for noncompetitive interests [11–13].

Improving collaborative innovation system performance
is a strategic goal, and, from the 1980s up to the present, there
have been theories such as the innovation systems theory
[14–16], triple helix [17–20], and open innovation theory [21–
24] which have discussed the elements and principles of an
IURCI system at different levels [25, 26]. The innovation
system theory is that, in the process of collaborative inno-
vation and research, knowledge reformation is the key to
enhance collaborative innovation performance [27–29]. This
reformation mainly relies on the resource investment level
and the specificity of the R&D configuration and on knowl-
edge accessibility as well as access of universities and research
institutions to enterprises. In fact, since technological innova-
tion has become the key to business competition, more and
more enterprises have started to pursue the development of
industrial common technology or cutting-edge technologies.
This development, on the one hand, stems from the enhanced
ability of an R&D configuration to promote an innovation
system, and, on the other hand, it results from knowledge
flowing from the innovation platform of enterprises as they
cooperate with universities and research institutions, that is,
knowledge transfer within the IURCI system [30, 31]. Using
resource dependence theory and knowledge management
theory, the microperspective analysis of the Triple Helix
Model found that the nature of evolution of the IURCI system
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involves nonlinear interactions among knowledge transfer,
R&D configuration, and innovation capability [32–34]. Fur-
ther, the open innovation theory [35, 36], which looked at the
aspects of fitness and openness between subjects, confirmed
that R&D resource configuration is the basic premise for
IURCI system evolution, and knowledge transfer is, within
the constraints of transaction cost law, in the common
interests of companies and universities well as research
institutions. We therefore believe that the evolution of the
IURCI system depends on innovation, R&D configuration,
and knowledge transfer, and the interactions among the 3 not
only surpass the general innovation paradigm of evolution
in previous evolutionary economics but also represent the
core element to decide and change collaborative innovation
system performance.

IURCI is a complex social system, and the interac-
tions among those constituent elements are the premise to
enhance collaborative innovation performance. Innovation,
R&D configuration, and knowledge transfer become the key
to determine the evolution of a collaborative innovation
system and determine its performance. Therefore, to analyze
the IURCImechanism, we use the theory as well asmethod of
Synthetics [37], which illustrates the interactions among ele-
ments in complex system and establish the logistic equation
which analyzes and explains the interactions among innova-
tion capacity, R&D configuration, and knowledge transfer.
We need to demonstrate precisely and comprehensively
the interactions among the 3 elements in the collaborative
innovation process, innovation, R&D configuration, and
knowledge transfer, thus revealing the nature of IURCI.

3. Model

3.1. Model Establishment

3.1.1. Logistic Evolution Equation of Innovation Capacity.
Faced with the fact of tight resources, in order to improve
innovation performance, universities and industry are bound
to demand cooperation. Knowledge transfer and flow in
the IURCI system eventually lead to improved innovation
capabilities in the system. Meanwhile, the IURCI system,
in order to achieve higher innovation performance, will
continue to increase efforts to improve R&D configuration,
which to some extent will promote innovation capacity, and
thereby the evolution equation of innovation capacity is
written as follows:

𝑑𝑛1𝑑𝑡 = 𝛼1𝑛1 + 𝛽1𝑛1𝑛3 + 𝛾1𝑛2. (1)

In formula (1), 𝛼1 represents the influence of coefficient
of innovation 𝑛1 itself and 𝛽1𝑛3 stands for the influence
factor of R&D configuration on innovation capacity, namely,
the impact of increasing allocation of R&D configuration
on innovation capacity. Under normal circumstances 𝛽1 >0, 𝛾1 is the influence factor of knowledge transfer and
represents the interaction between knowledge transfer and
R&D configuration.

3.1.2. Logistic Evolution Equation of R&D Configuration.
Improved innovation capacity of the IURCI system will
appeal to the willingness of businesses, universities, and
research institutes to improve R&D configuration; therefore,
innovative ability 𝑛1 is also an influencing factor of R&D
configurations 𝑛2. Meanwhile, in the process of knowledge
transfer in the IURCI system, enterprises will continuously
increase resources investment in R&D in order to continu-
ously create and achieve high-value heterogeneity knowledge,
and we can thereby establish the evolution equation of R&D
configuration as follows:

𝑑𝑛2𝑑𝑡 = −𝛼2𝑛2 + 𝛽2𝑛1𝑛2 + 𝛾2𝑛3. (2)

In formula (2), −𝛼2 represents the influence coefficient of
the R&D configuration itself. 𝛽2𝑛1 represents the influence
coefficient of innovation capability on R&D configuration.
Because there is positive feedback between R&D configura-
tion 𝑛2 and innovation capability 𝑛1, the coefficient 𝛽2 is also
positive. Finally, 𝛾2 represents the impact size of knowledge
transfer on R&D configuration.

3.1.3. Logistic Evolution Equation of Knowledge Transfer.
Knowledge transfer between enterprises and universities as
well as research institutions can have an impact on the
innovation capacity in the IURCI system. Meanwhile, as the
R&D configuration increases, the needs of the IURCI system
for innovation and new knowledge continuously increase,
thereby facilitating improvement in the knowledge transfer
capability of the IURCI system.This demonstrated that there
is a positive correlation between the 2 variables, knowledge
transfer andR&D configuration, and therebywe can establish
the evolution equation of knowledge transfer; thus,

𝑑𝑛3𝑑𝑡 = 𝛼3𝑛3 + 𝛽3𝑛2. (3)

In formula (3), 𝛼3 represents the influence coefficient of
knowledge transfer itself and 𝛽3 represents the impact degree
of R&D configuration 𝑛2 on knowledge transfer capacity.

Using innovation capacity, R&D configuration, and
knowledge transfer of IUR as the 3 variables and using
a simultaneous logistics evolution equation, we obtained a
dynamic evolution model as follows:

𝑑𝑛1𝑑𝑡 = 𝛼1𝑛1 + 𝛽1𝑛1𝑛3 + 𝛾1𝑛2,
𝑑𝑛2𝑑𝑡 = −𝛼2𝑛2 + 𝛽2𝑛1𝑛2 + 𝛾2𝑛3,
𝑑𝑛3𝑑𝑡 = 𝛼3𝑛3 + 𝛽3𝑛2.

(4)

In formula (4), 𝑛1, 𝑛2, 𝑛3 are constants, and the definitions of𝛼, 𝛽, 𝛾 are as follows.
𝛼 = 𝑖√∏𝑝𝑖=1𝛼𝑖 (𝑖 = 1, 2, 3, . . . , 𝑝) is an adjustment param-

eter of the state variable 𝑛1, corresponding to an innovation
capability index, wherein 𝛼𝑖 is the resulting parameter after
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conversion of each index in the evaluation system, wherein𝛼𝑖 is the resulting parameter after conversion of each index in
innovation capacity evaluation system.

𝛽 = 𝑖√∏𝑝𝑖=1𝛽𝑖 (𝑖 = 1, 2, 3, . . . , 𝑝) is an adjustment
parameter of the state variable 𝑛2, corresponding to the R&D
configuration index, wherein 𝛽𝑖 is the resulting parameter
after conversion of each index in R&D configuration evalu-
ation system.

𝛾 = 𝑖√∏𝑝𝑖=1𝛾𝑖 (𝑖 = 1, 2, 3, . . . , 𝑝) is an adjustment parame-
ter of the state variable 𝑛3, corresponding to the knowledge
transfer index, wherein 𝛾𝑖 is the resulting parameter after
conversion of each index in knowledge transfer evaluation
system.

3.2. Model Analysis

3.2.1. Linearization. According to Krasovskii’s method [38],
we used a gradient vector matrix in the operation system
to solve the stable solution of evolution model, wherein the
systematic coefficient matrix was solved using the Taylor
Formula [39]. After performingTaylor, omitting higher-order
terms of a second and higher order, we then obtained the
linearized coefficient matrix𝑀 (Jacobian matrix) as follows:

𝑀 = ∇𝐹 =
[[[[[[[[[[[
[

𝜕𝑓1 (𝑋)
𝜕𝑥1 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ 𝜕𝑓1 (𝑋)

𝜕𝑥𝑛𝜕𝑓2 (𝑋)
𝜕𝑥1 d ⋅ ⋅ ⋅ ...
... ... ...

𝜕𝑓𝑛 (𝑋)
𝜕𝑥1 ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ 𝜕𝑓𝑛 (𝑋)

𝜕𝑥𝑛

]]]]]]]]]]]
]

. (5)

Thus, according to Krasovskii’s method, we rewrite for-
mula (4) in the form of a matrix multiplication �̇� = 𝑀 ⋅ 𝑋
and obtain the following:

[[[[
[

�̇�1...
�̇�𝑛

]]]]
]

=
[[[[[[[
[

𝜕𝑓1 (𝑋)
𝜕𝑥1 ⋅ ⋅ ⋅ 𝜕𝑓1 (𝑋)

𝜕𝑥𝑛... d
...

𝜕𝑓𝑛 (𝑋)
𝜕𝑥1 ⋅ ⋅ ⋅ 𝜕𝑓𝑛 (𝑋)

𝜕𝑥𝑛

]]]]]]]
]

[[[[
[

𝑥1...
𝑥𝑛

]]]]
]
. (6)

Formula (6) represents the initial state of the IURCI
system with 0 input. We can use linear system theory to
obtain the time domain expression of state variable 𝑋, that
is, the solution of system variable 𝑋 after linearization of the
evolution equation.

For evolution equations, we solved using the Laplace
transformation [40], and formula (4) was converted to the
following:

𝑠𝑋 (𝑠) − 𝑋0 = 𝑀 ⋅ 𝑋 (𝑠) ,
(𝑠𝐼 − 𝑀)𝑋 (𝑠) = 𝑋0. (7)

Laplace transformation of𝑋 is obtained as follows:

𝑋(𝑠) = (𝑠𝐼 −𝑀)−1𝑋0. (8)

Thus we obtained an expression of the time domain of 𝑋
as follows:

𝑋 = 𝐿−1 ((𝑠𝐼 − 𝑀)−1𝑋0) . (9)

In formula (9), 𝑠 is a pull complex symbol, 𝑋0 represents
the initial state of the matrix, 𝑋(𝑠) is the pull transformation
of 𝑋(𝑡), (𝑠𝐼 − 𝑀)−1 represents the inverse matrix of matrix(𝑠𝐼 − 𝑀), and 𝐿−1 is the anti-Laplace transformation.

3.2.2. Stable Solution. According to the linearization results,
formula (4) is solved to obtain the Jacobian matrix as follows:

𝐽 =
[[[[[[[[
[

𝜕𝑓1𝜕𝑛1
𝜕𝑓1𝜕𝑛2

𝜕𝑓1𝜕𝑛3𝜕𝑓2𝜕𝑛1
𝜕𝑓2𝜕𝑛2

𝜕𝑓2𝜕𝑛3𝜕𝑓3𝜕𝑛1
𝜕𝑓3𝜕𝑛2

𝜕𝑓3𝜕𝑛3

]]]]]]]]
]

= [[
[

𝛼1 + 𝛽1𝑛3 𝛾1 𝛽1𝑛1
𝛽2𝑛2 −𝛼2 + 𝛽2𝑛1 𝛾2
0 𝛽3 𝛼3

]]
]

(10)

to obtain

|𝐽| =


𝛼1 + 𝛽1𝑛3 𝛾1 𝛽1𝑛1
𝛽2𝑛2 −𝛼2 + 𝛽2𝑛1 𝛾2
0 𝛽3 𝛼3


. (11)

Meanwhile, according to the result of formula (11) of Jacobian
matrix, we set 𝑑𝑛1/𝑑𝑡 = 0; 𝑑𝑛2/𝑑𝑡 = 0; 𝑑𝑛3/𝑑𝑡 = 0, and
formula (12) was obtained as follows:

𝛼1𝑛1 + 𝛽1𝑛1𝑛3 + 𝛾1𝑛2 = 0,
−𝛼2𝑛2 + 𝛽2𝑛1𝑛2 + 𝛾2𝑛3 = 0,

𝛼3𝑛3 + 𝛽3𝑛2 = 0.
(12)

According to this equation, we use Routh-Hurwitz stability
criterion [41] and the stable solution of complex system to
solve formula (12), so that a partial equilibrium point can be
obtained as follows:

𝐴 (0, 0, 0)
𝐵(𝛼2𝛼3 + 𝛽3𝛾2𝛼3𝛽2 , 𝛼1𝛼2𝛼23 + 𝛼1𝛼3𝛽2𝛾2𝛼23𝛽2𝛾1 − 𝛼2𝛼3𝛽1𝛽3 − 𝛽1𝛽23𝛾2 ,

𝛼1𝛼2𝛼3𝛽3 + 𝛼1𝛽2𝛽3𝛾2𝛼2𝛼3𝛽1𝛽3 + 𝛽1𝛽23𝛾2 − 𝛼23𝛽2𝛾1) .
(13)

Bringing the equilibrium points 𝐴 and 𝐵, respectively,
into the Jacobian matrix, and judging equilibrium according
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to the trace and matrix determinant symbols of the Jacobian
matrix, we obtained the following:

tr (𝐽) = 𝛼3 + 𝛽2𝑛1 + 𝛽1𝑛1 − 𝛼1 − 𝛼2. (14)

For equilibrium point 𝐴,
tr (𝐽) = 𝛼3 − 𝛼1 − 𝛼2,

|𝐽| =


𝛼1 𝛾1 0
0 −𝛼2 𝛾2
0 𝛽3 𝛼3


.

(15)

For equilibrium point 𝐵,

tr (𝐽) = 𝛼3 + 𝛼1 + 𝛽3𝛾2𝛼3 + 𝛼1𝛼2𝛼3𝛽1𝛽3 + 𝛼1𝛽1𝛽2𝛽3𝛾2𝛼2𝛼3𝛽1𝛽3 + 𝛽1𝛽23𝛾2 − 𝛼23𝛽2𝛾1

|𝐽| =


2𝛼1𝛼2𝛼3𝛽1𝛽3 + 𝛼1𝛽1𝛽2𝛽3𝛾2 + 𝛼1𝛽1𝛽23𝛾2 − 𝛼1𝛼23𝛽2𝛾1𝛼2𝛼3𝛽1𝛽3 + 𝛽1𝛽23𝛾2 − 𝛼23𝛽2𝛾1 𝛾1 𝛼2𝛼3𝛽1 + 𝛽1𝛽3𝛾2𝛼3𝛽2𝛼1𝛼2𝛼23𝛽2 + 𝛼1𝛼3𝛽22𝛾2𝛼23𝛽2𝛾1 − 𝛼2𝛼3𝛽1𝛽3 − 𝛽1𝛽23𝛾2
𝛽3𝛾2𝛼3 𝛾2

0 𝛽3 𝛼3


.

(16)

Each point value of point 𝐴 is 0, representing the initial
steady state; thus initial state 𝑛01 is substituted into expressions
for 𝑛1. It can be understood that since the initial value is set
to 0, the system has been in a steady state, and the value
is always 0. Since there are nonlinear interactions among
the 3 variables, innovation capability, R&D configuration,
and knowledge transfer in IURCI systems, these caused a
new stable state 𝐵 in the system. A systematic state change
from 𝐴 to 𝐵 represents the evolution of the IURCI system.
Interactions among the variables and evolution law will
determine the outcome of system evolution.

4. Simulation

4.1. Parameter Value. To find existing insufficiency in the
Chinese IURCI system, we set specific values of parameters,
calculated the coefficient and Jacobian matrix of the model,
simulated it using MATLAB, and drew an evolution chart
of the 3 variables in the IURCI system. In contrast to
a previous capability evaluation in the IURCI system, we
measured values of the original control parameters 𝛼, 𝛽, and𝛾 of innovation capacity, R&D configuration, and knowledge
transfer through establishment of an index system. Because
innovation capacity represents the presence of IURCI system
evolution, we considered relevant content such as innovation
effects and innovation gains in the index selection. R&D
configuration represents a resource configuration in the
IURCI system, so index selection involved funding, per-
sonnel, institutional settings, and other aspects. Knowledge
transfer represents knowledge flow between enterprises and
universities as well as research institutions in IURCI systems,
so indicator selectionwas based on the state of cooperation as
the core. We learned from the studies of [18, 26, 31] and other
scholars to improve our procedures and ultimately arrived at
the indicators shown in Table 1.

In Table 1, each index value was obtained from the China
Statistical Yearbook, theChina Statistical Yearbook On Science
and Technology, theChina S & T Paper Statistics and Analysis,

the China Industry Economy Statistical Yearbook, Statistics
Yearbook On Science And Technology Activities of Industrial
Enterprise, the Annual Report of Regional Innovation Capa-
bility of China, the NERI INDEX of Marketization of China’s
Provinces Report, and the SME Technology Innovation Fund.
Related public data from 2005 to 2014 were taken from
the statistical yearbooks (2015, 2016 information was not
disclosed) to give the final parameter values through data
standardization.

According to the solvingmethod [37] of𝛼,𝛽, 𝛾 in formula
(4), we bring in the data of 2005–2014 fromTable 1 and get the
parameter values in Table 2.

Table 2 shows the parameter values of the evolution
model, and the values of 𝛼1, 𝛽1, 𝛾1 were calculated from the
specific data in the index systems shown in Table 1. In order to
obtain the final parameter values of the evolutionary model,
we averaged values for 2005–2014 and obtained Table 3.

We substituted values for the 9 parameters into the
Jacobian matrix, calculated the determinant and trace of the
matrix corresponding to the Jacobian matrix, and analyzed
steady-state values of𝐴 and𝐵 by judging the determinant and
trace symbols.

4.2. Tests and Analysis. Using the Jacobian matrix as the
coefficient matrix of the equation, the initial state matrix
of the differential equation is [𝑛01, 𝑛02, 𝑛03], wherein 𝑛01, 𝑛02, 𝑛03
represent the initial values of the 3 variables, innovation, R&D
configuration, and knowledge transfer, respectively. Point 𝐴
represents the initial state, and the initial state of the system
is 0, such that 𝑁0 = [0, 0, 0]; therefore, substituting this into
the expression, we obtained the solution for the expression of
innovation capacity of 0, that is, 𝑛01, 𝑛02, 𝑛03 = [0, 0, 0], and the
output response curve is 0, which indicates the initial state
(Figure 1).

In all the figures (Figures 1–8), the 𝑥-axis represents
the input of three elements, whereas the 𝑦-axis represents
evolution performance. For different values of the initial
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Table 1: Index system of Chinese industry-university-research collaborative innovation system evolution.

Variable Indicators

Innovation capacity

Growth in the number of patent applications (%)
Enterprise market share (%)
Ratio of new products to total enterprise products (%)
Success rate of innovation projects (%)
New product sales margins (%)

R&D configuration

Amount of money enterprises invest in product development (ten thousand RMB)
Enterprises’ business loan growth (%)
Growth of R&D funds of universities and research institutes from corporate (%)
Total number of R&D institutions of enterprises (set)
The proportion of investment growth in R&D personnel (%)

Knowledge transfer

Productivity of high quality achievements (%)
Number of high level articles of partner universities (piece)
Number of staff entering into enterprises from universities (person)
Number of patents enterprises purchased every year (set)
Number of universities in industry-university-research cooperation (set)

Table 2: Parameter value of Chinese industry-university-research
collaborative innovation system evolution from 2005 to 2014.

Year 𝛼1 𝛽1 𝛾1
2005 0.0256 0.7732 0.8422
2006 0.0385 0.7985 0.8974
2007 0.0418 0.8279 0.9361
2008 0.0477 0.8741 0.9713
2009 0.0512 0.9278 1.0284
2010 0.0536 0.9516 1.2947
2011 0.0744 1.0479 1.5820
2012 0.0892 1.2346 1.8046
2013 0.0986 1.8512 1.9239
2014 0.1032 2.2017 2.1158

Table 3: Parameter value of evolution model.

Variable 𝛼 𝛽 𝛾
𝑛1 0.0624 1.1489 1.3396
𝑛2 0.1475 1.5267 1.9464
𝑛3 0.4587 1.2982 1.3983

conditions, the resulting response curves are different, rep-
resenting the new steady state. Substituting the relevant data
values into the Jacobian matrix, we used MATLAB software
to simulate the evolution curves of the 3 variables 𝑛1, 𝑛2, 𝑛3.
When the initial values of 𝑛1, 𝑛2, 𝑛3 are different, the output
of the system response curve is as shown in Figures 2–8:

Figure 2 illustrates that, at a high setting of innovation in
the Chinese IURCI system, collaborative innovation system
variables show a rapidly increasing trend in a short period.
Among them, the simulation curve of innovation capacity
appears as a slowly rising trend after the first drop; we believe
the reason for this phenomenon is that, in the real situation
of limited resources, the original basis for the innovation
capacity of the Chinese IURCI system needs to quickly adjust
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Figure 1: Steady state of industry-university-research collaborative
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Figure 2: Evolution curve of variables when the initial state set as[1, 0, 0].
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Figure 3: Evolution curve of variables when the initial state set as[0, 1, 0].
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Figure 4: Evolution curve of variables when the initial state set as[0, 0, 1].
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Figure 5: Evolution curve of variables when the initial state set as[0, 1, 1].
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Figure 6: Evolution curve of variables when the initial state set as[1, 1, 0].
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Figure 7: Evolution curve of variables when the initial state set as[1, 0, 1].
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to market demand and devote effort towards knowledge
transfer activities, resulting in the short-term declining trend
of innovation capacity due to output of resources. In the
long term, due to the fact that the knowledge base of the
IURCI system has been stabilized, a complementary relation-
ship between innovation capacity and R&D configuration is
produced, resulting in a faster innovation capability upgrade.
This indicates that since the Chinese IURCI system lags
behind that of developed countries, the ability to innovate and
the evolution of a collaborative innovation systemwill help to
improve targeting of the R&D configuration for businesses,
universities, and research institutes and can also enhance
promotion of knowledge transfer capability. But, fundamen-
tally, the Chinese IURCI system more likely depends on the
innovation capacity for breakthrough innovations and on
comprehensively promoting the industrialization of acquired
knowledge. In order to foster and enhance the innovative
capability, the Chinese IURCI system not only needs to more
efficiently allocate limited resources, by means of knowledge
transfer, but also should provide enterprises with the high-
value heterogeneity knowledge created by universities and
research institutions, form a sustained and stable directional
flow of knowledge, establish a good feedback path, form
complementary advantages, and establish risk sharing, result-
ing in mutual benefit and a win-win coinnovation situation.
Meanwhile, long-term interactions between universities and
research institutions and enterprises also contribute to the
mutual fit of collaborative innovation between variables; thus
knowledge of different attributes can interact to achieve an
optimal combination of knowledge resources, achieve knowl-
edge innovation and added value, and ultimately produce the
desired collaborative innovation effect, which will enhance
the overall competitive advantages of university and industry.

Figure 3 shows that when the systemic R&D config-
uration is set as 1, that is, if the Chinese IURCI has a
more comprehensive and adequate R&D configuration, each
variable in the same period has increased significantly, and
the evolution speed of innovation capacity is closer to that
of the R&D configuration; then the evolution speed of
knowledge transfer is relatively slow, being increased only
from 0 to about 5.2. Meanwhile, we compared Figures 2 and
3 and found that the evolution curve of knowledge transfer
has always been lower than that of innovation capacity
and R&D configuration; this phenomenon reveals the fact
that, in the evolution process of the Chinese IURCI system,
the contribution of knowledge transfer to the evolution of
innovative capacity is low, which explains why the influence
degree of knowledge transfer on Chinese IURCI system
evolution is significantly low. Thus companies can under-
stand that, in the current external environment and policy
context, too much dependence on knowledge transfer from
universities and research institutions may not achieve the
best collaborative innovation strategy. Therefore, under the
current circumstances, the Chinese IURCI system mainly
considers knowledge transfer as an assistance mode for col-
laborative innovation and new knowledge access and focuses
on enhancing their own innovation capacity and the rea-
sonability of the R&D configuration. Further, as the Chinese
IURCI system continues to evolve, universities and research

institutions have clearer requirements for the distribution of
benefits, and, coupled with a gradual improvement of the
intellectual property system, this could lead to a longer cycle
of knowledge transfer between enterprises, universities, and
research institutions. At this time, collaborative innovation
and research will be more inclined to be aided by innovation
capability improvement, so that the focus on knowledge
transfer is declining. It can be seen that, in the Chinese IURCI
system, enhancing the innovation capacity is more important
and knowledge transfer has not played its due role, which
shows that the Chinese IURCI system has issues around
weak knowledge transfer, inadequate trust and cooperation
mechanisms between enterprises and universities as well as
research institutions, and insufficient knowledge acquisition
by enterprises from universities and research institutions.

Figure 4 illustrates, in the context of a lack of innovation
capacity and incomplete R&D configuration, that if the Chi-
nese IURCI system was to have more prominent knowledge
transfer ability, then knowledge transfer can to some extent
contribute to the evolution of collaborative innovation. From
Figures 3 and 4, it can be seen that whether we set the
R&D configuration as 1 and the knowledge transfer as 0,
or the knowledge transfer as 1 and the R&D configuration
as 0, as long as these 2 variables have an initial value,
they will encourage the innovation capacity in the Chinese
IURCI system to improve rapidly. It means that, in this
context, innovation capacity is highly correlated with R&D
configuration and knowledge transfer in the Chinese IURCI
system. Enhancing knowledge transfer capability can help
businesses more efficiently and in a more targeted way
obtain knowledge that universities and research institutions
create and promulgate, which can enhance the speed of
knowledge commercialization and help IURCI to achieve
high performance, thus strengthening theChinese IURunion
by maintaining internal synergies between knowledge supply
and knowledge application.This has a positive impact on pro-
moting collaborative innovation activities and enhancing the
confidence of IUR cooperation. At the same time, compared
to Figures 2 and 3, it can be seen that, although more promi-
nent knowledge transfer can speed up innovation capacity,
the enhancing effectiveness is still lower than that of R&D
configuration. The reason may be that knowledge transfer
from universities and research institutions is the main way
to promote Chinese IURCI system evolution, since the basis
of innovation and scientific and technical human capital on
the part of enterprises are poor, knowledge input and support
of the collaborative innovation system are totally dependent
on knowledge transfer from the universities and research
institutions side. However, due to the nature of knowledge
transfer, there is a certain lag, so, in the absence of appropriate
R&D configuration support, the promotion of innovation
capability from universities and research institutions is not
obvious, so the Chinese IURCI requires a longer cooperation
period.

Figure 5 shows that when R&D configuration and knowl-
edge transfer are more prominent in the Chinese IURCI
system, the increase in innovation capacity is more obvious
than the results of Figures 2, 3, and 4. This demonstrates
that R&D configuration and knowledge transfer coaffect
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the evolution of innovation capacity in the Chinese IURCI
system; that is, there are significant positive feedback effects
among the 3 variables, which mutually promote each other.
It means that, at such time, as the Chinese IURCI system
has some input resources and knowledge transfer capability,
these factors will be beneficial to rapidly increasing the
collaborative innovation knowledge level and innovation
capacity, thus improving collaborative innovation perfor-
mance. We believe that the reasons for this may be twofold:
on the one hand, more effective knowledge transfer between
corporations and universities as well as research institutions
promotes knowledge industrialization, so the innovation
capability of enterprises quickly upgrades in the process of
repeated practice and constant learning, which to a certain
extent promotes IURCI performance. On the other hand,
rational and targeted R&D configuration allows universities
and research institutions, under the premise of having a
stable knowledge base, to reduce the time delay of knowledge
transfer in the process of collaborative innovation and put
part of their resources into the process of promotion of
knowledge transfer capacity, thereby achieving a mutual
fit with R&D configuration. It should be noted that, in
the initial stage of simulation, namely, the early period
of Chinese IURCI practice, favorable Chinese government
policies and attention to IURCI could promote the speed
of knowledge industrialization. But knowledge transfer from
universities and research institutions is subject to adverse
factors in the cooperation run-in period and may produce
a situation of no improvement. With the in-depth evolution
of the IURCI system, cooperation between businesses and
universities and research institutions can mature, so that
universities and research institutions have clearer ideas about
industry needs and more accurately provide the necessary
knowledge to enterprises for knowledge industrialization.
Universities and research institutions will also benefit from
collaborative innovation as they better understand industry
technology needs and market demand, allowing them to
optimize their knowledge structure, thus enhancing the
IURCI performance.

Figure 6 illustrates that, in the evolution process of
IURCI that relies on innovation capacity and R&D con-
figuration, continuously increasing R&D configuration will
make evolution of innovation capacity significantly faster.
At the same time, compared to Figure 5, it can be found
that, in the evolution of the Chinese IURCI system, if
R&D configuration has an initial value, to enhance the
IURCI performance, enterprises must operate on the basis of
continuously developing their R&D configuration, obtaining
as much as possible valuable heterogeneity knowledge from
universities and research institutions, and universities and
research institutions also need to enhance their abilities to
transfer knowledge and fit the production needs of industry
in order to obtain more significant innovation performance.
In addition, this case also shows that although there may
be differences in their abilities to innovate, for those enter-
prises that lack the ability to innovate, the input of external
resources and the gain of valuable knowledge by way of
knowledge transfer may change the current disadvantage and
help them achieve rapid growth.

Figures 5 and 6 both show that the innovation capacity
and R&D configuration of the Chinese IURCI system can
in a short period of time produce significant synergies and
promote each other, indicating that China’s current IURCI
development still requires a lot of resources investment as the
primary means to enhance innovation capability. But when
R&D configuration is high, the result of innovation capacity
evolution [38] is lower than that when knowledge transfer
is relatively high, which gives high values of innovation
evolution [42]. On the one hand, this indicates that, in
the current process of IURCI in China, the universities
and research institutions side creates and sends high-value
heterogeneity knowledge, which has a fundamental role in
promoting innovation capacity. On the other hand, to a
certain extent, this confirms that if Chinese universities and
research centers could face knowledge-oriented industrial
demand, enterprises could accurately identify the market
value of accepted knowledge, change the discrepancy that
exists between technology supply and technology demand,
and thereby reduce its dependency on R&D configuration,
while, at the same time, shortening the innovation cycle
and avoiding the issues such as information asymmetry
and transaction costs that may arise during collaborative
innovation [42–44].

Figure 7 illustrates that when innovation capacity and
knowledge transfer are more prominent and R&D con-
figuration is lower, variables of the Chinese IURCI could
promote each other by interaction, but the growth rate is
relatively small, indicating that relying solely on knowledge
transfer to promote innovation capacity is not effective. On
the one hand, this confirmed that the type of knowledge
produced by Chinese universities and research institutions
must have applicability to be promoted to companies for
industrialization. On the other hand, this maybe results
from enterprises having an inadequate knowledge absorptive
capacity. Meanwhile, from Figures 7, 5, and 6, it can be
found that if the R&D configuration of the Chinese IURCI
system is poor, then there will be a very significant impact
on the ability to enhance knowledge transfer speed. The
possible reasons are that when R&D configuration is not
enough, the Chinese IURCI system is already in the process
of tight resource allocation, and it is bound to devote more
resources into promotion activities that create a high-value
heterogeneity innovation capacity, and it therefore lacks
the resources to facilitate knowledge transfer within the
system. Correspondingly, if resources are relatively abundant,
enterprises must allow for a bottleneck phenomenon in
enhancing innovation capacity or accept greater risks in
innovative activity and may assign the resources originally
devoted to innovative ability to universities and research
institutions, supporting the knowledge transfer willingness
of universities and research institutions and thus enhancing
knowledge transfer for collaborative innovation. In this case,
the evolution curve of knowledge transfer will be more
significant.

Figure 8 clearly shows that when the innovation capacity
of the Chinese IURCI system is more prominent, R&D
configuration is more targeted, knowledge transfer capability
is better, and the 3 state variables of collaborative innovation
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show rapid and steady evolution. Among them, the growth
rate of innovation capability is the most significant, so that
after a new stable state is established, knowledge transfer
and R&D configuration both can have a more substantial
growth effect on innovation capability. This means that,
in order to achieve the objective of significantly improved
collaborative innovation performance, the Chinese IURCI
system must adhere to long-term independent innovation
activities and in addition must maintain and increase the
basic R&D configuration, constantly improve knowledge
transfer capacity, andmore effectively and pertinently send to
enterprises the complementary knowledge that universities
and research institutions own. With advances in IURCI, this
approachmay bring 2 advantages for enterprises, universities,
and research institutions involved in Chinese IURCI, but,
from a business perspective, at present, the awareness of
Chinese enterprises to acquire complementary knowledge
in an IUR-coordinated manner is poor, and so initiative is
very low. If enterprises realize that, on the basis of improving
R&D configuration, they can obtain complementary research
achievement by making use of knowledge transfer form;
then this will greatly increase the willingness of Chinese
enterprises to participate in IURCI, thereby using new tech-
nology, developing newproducts, and approaching university
R&D personnel, which is beneficial to building a trust-based
cooperationmechanism between enterprises and universities
as well as research institutions [45–48]. From the perspective
of Chinese universities and research institutes in the process
of knowledge creation, the biggest drawback is that new
knowledge cannot be applied to production practice; that is,
universities and research institutions pay too much attention
to academic value. With periodic IURCI, universities and
research institutions can not only receive financial support
from the business, according to the needs of the business
to carry out research activities but also fully explore new
research areas, which will also play a positive role in promot-
ing more academic achievements [49, 50].

From observing Figures 3–8 we found that, in the current
Chinese IURCIprocess, R&Dconfiguration alwaysmaintains
a high degree of positive correlationwith innovation capacity.
The reasons for this may be that China’s current IURCI
system is not perfect, and enterprises and universities as well
as research institutions are always looking for cooperation
modes suitable for both sides. Meanwhile, the process of
knowledge transfer itself is relatively slow, and, between
Chinese enterprises and universities, there might exist neg-
ative factors affecting knowledge transfer speed (such as
knowledge flow cost and familiarity running process between
staffs), and these factors will result in reduced efficiency of
knowledge transfer; therefore growth of knowledge transfer
is always slow.

In short, in China’s IURCI process, a consistent relation-
ship indeed exists among innovation capability, knowledge
transfer, and R&D configuration. In a higher knowledge
transfer and comprehensive R&D configuration scenario,
enterprises can propose more targeted knowledge needs
and initially provide financial and material support for
universities and research institutions involved in innovation.
Universities and research institutions from the strategic level

are also concerned about how to establish knowledge R&D
to serve enterprises and, under the premise of integrated
resources, establish a balanced benefits distribution, actively
carry out scientific and technological achievement transfer,
train technology and management personnel required for
enterprises, exert collaborative innovation effects by comple-
mentary advantages, and thus bring new benefits for both
sides.

5. Conclusion

By combining methods of game theory and complex science,
we studied the evolution of the Chinese IURCI system
and interactions among the variables. We used interactions
among variables in a collaborative innovation system to
“map” the perspective of collaborative innovation evolution
and study innovation capacity, R&D configuration, and
knowledge transfer as key elements of collaborative inno-
vation, and, on the basis of establishing a dynamic system
evolution model of collaborative innovation, we collected
data, simulated, discussed interactions among the variables
in the process of Chinese IURCI, and analyzed principles of
collaborative innovation. We mainly obtained the following
conclusions:(1) In the evolution of the Chinese IURCI system,
innovation capacity and knowledge transfer are dependent
on R&D configuration, and innovation capability is highly
positively correlated with R&D configuration.The higher the
target and investment level of R&D configuration, the faster
the evolution of innovation capacity and knowledge transfer.
It is noted that currentlyChinese IURCI development is using
a lot of resource investment as its main factor. Innovation
capacity has become the key variable to promote collaborative
innovation system evolution.(2) Strong knowledge transfer capability can accelerate
the evolution speed of innovation capacity, but overall knowl-
edge transfer remains at a relatively stable evolution state and
does not change with evolution of collaborative innovation.
This explains that, in the evolution process of China’s current
IURCI system, virtuous cooperation mechanisms based on
trust between enterprises and universities as well as research
institutions are lacking. Universities and research institutions
also pay more attention to the academic value of knowledge,
leading to insufficient contribution of knowledge transfer
to knowledge industrialization by enterprises and reduced
collaborative innovation system evolution.(3) In a relatively balanced state of innovation capacity,
R&D configuration, and knowledge transfer, the faster the
evolution speed of Chinese IURCI systems, the higher the
stability. This shows that the Chinese IURCI system must
adhere to long-term independent innovation, and, on the
basis of maintaining and improving R&D configuration,
constantly improve internal knowledge transfer capability.

Compared with early research, this article has 3 main
findings: first, we chose China as a developing country with
rapid economic growth, used a dynamic perspective, ana-
lyzed the evolutionmechanism of the Chinese IURCI system,
and demonstrated the interactions among variables of the
collaborative innovation system. Secondly, we learned from
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the macroinnovation system theory, the meso-Triple Helix
Model, and microopen organization innovation theory, sep-
arated the components of the IURCI system, and confirmed
contribution degrees of different variables to collaborative
innovation system evolution, with particular emphasis on
different initial values. Our rationale of analyzing 3 variables
with different evolutionary trends not only theoretically
contributed to enrich the innovative theory system but also
made developmental strategies for Chinese enterprises and
universities as well as research institutions and provided
an optimized direction to enhance collaborative innovation
performance. Thirdly, in this study, we considered IURCI as
a complex system with dynamic evolution and, by analysis of
systemic evolution and cooperative status among variables,
we effectively revealed some issues existing in the current
Chinese IURCI.

This study made 2 contributions to studies of IURCI
based on resources and knowledgemanagement theory: first,
this study overcame the disadvantage of only using trans-
action cost theory and organization management theory to
analyze comprehensiveness and complexity of collaborative
innovation. The research framework and methodology pro-
posed in this study will help researchers deal with challenges
so that, in a dynamic environment, the synergistic effect of
different variables of the IURCI system results in complexity
of collaborative innovative evolution. Secondly, the method
chosen for this study is different frompast collaborative inno-
vation research processes that were narrower and divided by
limited dimensions. We started from the variables that deter-
mine the IURCI system, established a nonlinear model based
on the interactions among variables, confirmed the impact
level of different state variables on collaborative innovation,
and defined the mechanism of interactions between state
variables and evolution trend. The use of this new method to
obtain new conclusions is necessary for further research on
collaborative innovation.

This study is also of great practical implication. Based on
10 years of data published by Chinese government, interac-
tions and evolution trend among innovation capacity, R&D
configuration and knowledge transfer in different contexts
are given by means of simulation, thus specifying existing
problems in China’s IURCI system. Conclusions obtained
are beneficial in helping enterprises managers take measures
to promote knowledge absorption, in helping universities
and research institutions clarify knowledge transfer dilemma
in certain knowledge demand condition, and helping gov-
ernment form proper resource allocation mode. Therefore,
the new conceptualization provides a useful guide for man-
agers to make rational knowledge developing strategy, for
universities and research institutes to diagnose barriers in
knowledge transfer, and for government to take necessary
policy-making.

Selecting data from different countries to conduct com-
parisons and discuss classification is the main research direc-
tion in the future. Because the framework proposed in this
study can be used in many fields, this study plays a guiding
role to some extent in practical sample collection and analysis
when trying to select future strategic alliances, practice
communities, and other subjects. Meanwhile, we hoped to

bring the phenomenon of knowledge diffusion into research
and, by improving existing models, achieve a complete
interpretation of IURCI issues on aspects of theory and
practice, thus making research more focused.
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Optimizing average path length (APL) by adding shortcut edges has been widely discussed in connection with social networks, but
the relationship between network diameter and APL is generally ignored in the dynamic optimization of APL. In this paper, we
analyze this relationship and transform the problem of optimizing APL into the problem of decreasing diameter to 2. We propose a
mathematic model based on a memetic algorithm. Experimental results show that our algorithm can efficiently solve this problem
as well as optimize APL.

1. Introduction

Following the introduction of models for small-world and
scale-free networks, much research has been devoted to
analyzing network characteristics [1–5]. In particular, there
has been a focus on finding indices to quantify features
of network structure such as structural entropy, robust-
ness, or modularity [6–8]. These indices play an impor-
tant role in measuring specific performance aspects of net-
works, and optimizing them can help to improve network
performance.

Average path length (APL), the average shortest distance
between all nodes in a network, is not only a measurement
of static characteristics such as connectivity and robustness
but also an important control variable in dynamic processes,
such as the spread of diseases or target searching [9–11].
Optimizing APL has also attracted attention in the field of
structural optimization. Decreasing APL by adjusting nodes
or edges can effectively enhance the transfer efficiency and
synchronization ability [12–17]. In addition, optimization of
APL has also been widely used in urban planning and site
selection [14, 18, 19]. Xuan et al. [20] proposed a simulated
annealing model to optimize APL in order to speed up

convergence. Keren [21] employed a spectral technique to
reduce APL in binary decision diagrams.

In order to optimize APL, many scholars focus on adding
a given number of edges to produce the largest decrease in
APL. These added edges are called “shortcut” edges and the
problem of finding the best set of shortcut edges is defined as
the “shortcut-selection” problem [22]. A series of methods
have been proposed to solve this problem. Meyerson and
Tagiku proposed an approximation method, which involved
finding a source node and then connecting 𝑘 other nodes to
this node to decrease APL [22]. Parotsidis et al. analyzed the
exact effect of a single edge insertion on APL and proposed
the EdgeEffect Algorithm to maximize the effect of edge
insertion [23]. A greedy algorithm, which adds edges one by
one and which makes the maximum reduction of APL for
each added edge, has proved to be efficient [24, 25]. These
methods have solved the shortcut-selection problem to some
extent. However, a common phenomenon has been ignored
in the process of adding edges. In experiments to optimize
APL by adding edges, we find that nomatter whichmethod is
used to add edges, there always exists a turning point at which
APL begins to decrease linearly asmore edges are added.This
phenomenon can be related to the network diameter.
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Figure 1: The value of APL and network diameter 𝐷 as the number of added edges increases.

In this paper, we define the network diameter at the
turning point as the “critical diameter,” and analyze both
this critical diameter and APL in the process of adding
edges. We transform the problem of optimizing APL into
the problem of optimizing the critical diameter. Specifically,
we focus on adding the minimum number of shortcut edges
to make the network diameter decrease to 2. Research on
predicting missing links has attracted much attention in
recent years, the algorithms of which can extract missing
information or identify spurious interactions [26–29]. Gao
et al. analyzed the feature of predicted network, and they
found the network diameter and APL shows a negative
linear relation to all of the tested prediction methods [29].
Therefore, our research can also provide some a priori
knowledge in designing the method of link prediction. In the
next section, we introduce the critical diameter and explore
the special relationship between critical diameter and APL;
the algorithm for optimizing the critical diameter is proposed
in Section 3; Section 4 gives results of testing our method
on generated networks; our conclusions and further work are
presented in Section 5.

2. Critical Diameter and APL

Network diameter, the maximum path length for all pairs
of nodes, is closely related to APL; they both contain infor-
mation about connectivity and transfer efficiency [30, 31].
Imase and Itoh gave the inequalities 𝐷/2 ≤ APL ≤ 𝐷 to
describe the static relationship between network diameter,
𝐷, and APL [32]. In the dynamic process of adding shortcut
edges, there exists a turning point, as shown in Figure 1. APL
declines nonlinearly with the number of added edges 𝑘 until
a turning point and then decreases linearly as 𝑘 increases
further. We compute the path length between every pair of
nodes and find that the longest path length of the network
is larger than 2 before 𝑘 reaches the turning point (i.e., the
network diameter 𝐷 > 2); when 𝑘 reaches the turning point,
the diameter equals 2 (𝐷 = 2). This is because if 𝐷 = 2, a
new added edge between a pair of nodes can only change the
path lengths between these two nodes from 2 to 1 but cannot

change the path lengths of other pairs of nodes, and the APL
can be reduced by just 2/𝑛(𝑛 − 1) for each added edge, which
constitutes a linear decline.

In fact, the APL can be computed when the network
diameter declines to 2. For a network𝐺 = (𝑉, 𝐸)with 𝑛 nodes
and 𝑚 edges, when the diameter equals 2, the path length of
every pair of nodes will be equal to or less than 2. If we add
𝑘 edges to the network, the number of pairs of nodes whose
path length equals 1 will be 𝑚 + 𝑘 and the number of pairs of
nodes whose path length equals 2 will be 𝑛(𝑛 − 1)/2 − 𝑚 − 𝑘.
Therefore, the value of APL achieved by adding 𝑘 edges with
the network diameter 𝐷 = 2 is

APL = (𝑚 + 𝑘) + (𝑛 (𝑛 − 1) /2 − 𝑚 − 𝑘) × 2
𝑛 (𝑛 − 1) /2

= 2 − 2 (𝑚 + 𝑘)
𝑛 (𝑛 − 1)

.
(1)

In the process of adding edges, APL will ultimately
decrease linearly and will become equal to the term on the
right of (1). Figure 2 shows the results of 20 simulations
adding edges randomly to decrease APL; the maximum,
mean, and minimum APL of these 20 runs are shown.
The three curves become overlapping and linear when the
number of added edges becomes large enough. The curve of
theminimumAPL becomes linear earliest, while the curve of
maximum APL is the last to become linear.

In this case, if we attempt to minimize APL by adding a
large number of shortcut edges, we can find a solution for
which adding a small number of edges has decreased the
diameter to 2 and add the remaining edges randomly. There-
fore, the problem of optimizing APL can be transformed into
the problem of finding shortcut edges that quickly decrease
the diameter to 2.

Here, we propose a formal definition for the diameter
when APL begins to decline linearly.

Definition 1. In adding edges to a network, the network
diameter declines to 2. The network diameter in this case is
defined as the “critical diameter,” denoted as 𝐷𝑐.



Complexity 3

Max
Mean
Min

1.52
1.57
1.62
1.67
1.72
1.77
1.82
1.87
1.92
1.97
2.02
2.07
2.12
2.17

A
PL

50 100 150 200 250 3000
Added edges k

Figure 2: The decrease in APL caused by randomly adding edges.

42

3

6

1 5

(a) HDN

42

3

6

1 5

(b) Other edging method

Figure 3: Different methods to optimize network diameter. The solid lines represent edges of the initial network, while the dashed lines
represent added edges.

If we add 𝑘 shortcut edges to make the network diameter
become 𝐷𝑐, the set of these 𝑘 shortcut edges must be the
most optimal solution for minimizing APL by adding 𝑘
edges. If there exists a solution which can make APL lower
by adding another set of 𝑘 edges, the number of pairs of
nodes whose path length equals 1 must be bigger than 𝑚 +
𝑘, which cannot be realized by adding only 𝑘 edges. This
kind of relationship between APL and 𝐷𝑐 suggests that if we
can minimize the number of added edges 𝑘 to reduce the
diameter to 𝐷𝑐, the APL can efficiently decrease to its lowest
level.

In this paper, we focus on how to decrease the diameter
to 2 by adding the minimum number of edges; this problem
is defined as “optimizing the critical diameter.”The objective
function can be formulated as

min 𝑘

s.t. ∀𝑖 ̸= 𝑗, 𝑑𝑖𝑗 ≤ 2,
(2)

where 𝑘 represents the number of added edges and 𝑑𝑖𝑗
represents the path length between node 𝑖 and node 𝑗.

It should be noted that the problem of optimizing the
critical diameter is an NP-hard problem. Given a connected
network 𝐺 = (𝑉, 𝐸) with 𝑛 nodes and 𝑚 edges, there
can be ( 𝑛(𝑛−1)/2−𝑚

𝑘
) ways of adding 𝑘 shortcut edges. Since

computing the network diameter costs at least 𝑂(𝑛3), finding
the best set of shortcut edges requires𝑂(𝑛2𝑘+3), which is high
even for a small network.

An efficient way to optimize𝐷𝑐 is to establish connections
between the highest-degree node and the rest of nodes, which
adds 𝑛 − 1 − 𝑘max edges (𝑛 is the number of nodes and 𝑘max
is the highest degree of the network). Then the network will
definitely become a Star Network with the highest-degree
node at the center. We call this method “HDN” (connecting
to the highest-degree node).

However, HDN fails to generate the globally optimal
solution. As shown in Figure 3, node 6 is the highest-degree
node of the network. To decrease the diameter to 2 by HDN,
we should add two edges connecting nodes 3 and 6 and nodes
4 and 6; but if we establish a connection between nodes 3 and
4, the network diameter can also become 𝐷𝑐. Thus we need
to design a more efficient method to decrease the network
diameter to 2.
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(1) Input: the maximum iteration number: 𝐼max; population size: 𝑆pop; mating pool size: 𝑆pool;
tournament size: 𝑆tour; crossover probability: 𝑃𝑐; mutation probability: 𝑃𝑚; the initial network
adjacency matrix: 𝐴.

(2) 𝑃 ← Initial_Population(𝑆pop);
(3) Repeat
(4) 𝑃parent ← Tournament_Selection(𝑃, 𝑆pool, 𝑆tour);
(5) 𝑃offspring ← Genetic_Operation(𝑃parent, 𝑃𝑐, 𝑃𝑚);
(6) 𝑃offspring ← Local_search(𝑃offspring);
(7) 𝑃 ← Update_Population(𝑃, 𝑃offspring);
(8) Until Termination(𝐼max)
(9) Output: the number of added edges, the position of added edges.

Algorithm 1: Framework of our algorithm.

3. The Algorithm for Optimizing
Critical Diameter

Memetic algorithms combined with techniques of long-
distance and short-distance search have proved to be effective
in solving NP-hard problems [33, 34]. In this section, we
introduce a memetic algorithm that combines a genetic
algorithm and a heuristic local search to optimize critical
diameter. We call the method “MA-CD.”

3.1. Framework. The framework of MA-CD is shown in
Algorithm 1. We first input some necessary parameters such
as the maximum iteration number and the population size
as well as the adjacency matrix of the network. We generate
a population 𝑃 by the function Initial_Population( ). Next,
we repeat the process for optimizing 𝐷𝑐 until the number of
iterates is 𝐼max, or the objective function remains unchanged
for 50 iterations. In repeating this process, we first use
Tournament_Selection( ) to select the parent population for
genetic operations; then we apply two-point crossover and
one-point mutation to generate offspring chromosomes by
Genetic_Operation( ); we apply some a priori knowledge to
carry out a local search on the offspring chromosomes by
Local_Search( ); Update_Population( ) is used to construct
a new population with better performing chromosomes.
Finally, we output the results.

3.2. Representation and Initialization. We aim to find those
positions at which we should add edges to optimize 𝐷𝑐. To
this end, we find all the positions of these nonexistent edges
and encode them as genes 𝑥𝑖 ⊆ 𝑋 in the chromosome
𝑋 ∈ {0, 1}. 𝑥𝑖 = 1 represents adding a new edge to the
corresponding position, while 𝑥𝑖 = 0 represents not adding
an edge. Figure 4 shows an illustration of the representation.
We identify the nonexistent edges between nodes 1–3, 1–4,
2–4, 2–5, and 3–5. For the initial network, all the genes are
assigned 0 because there are no added edges. If we assign
1 to the first and second gene as shown in Chromosome 2,
then the edges between nodes 1–3 and 1–4 will be added.
Similarly, when we assign 1 to the first and fourth gene, the
edges between 1–3 and 2–5 will be added.

In the initialization, we generate a population of chro-
mosomes and randomly assign 0 or 1 to every gene in the
chromosomes.

3.3. The Genetic Operation. The genetic operation consists of
two-point crossover and one-point mutation. The crossover
operation is described in the appendix. Given two parent
chromosomes 𝑋parent1 and 𝑋parent2, we randomly choose two
points, and then the parent chromosomes are divided into
three parts by two chosen points. Next, we randomly select
one part, and all the genes in this part are swapped between
𝑋parent1 and 𝑋parent2 with probability 𝑃𝑐 (the crossover prob-
ability), to generate two offspring chromosomes. Mutation is
also described in the appendix, where we choose gene 𝑥𝑖 with
some probability and reassign 1 − 𝑥𝑖 to it.

3.4. Local Search. By incorporating some a priori knowledge,
a local search can efficiently reduce useless exploration and
speed up the convergence of algorithms [35]. We find most
optimal networks appear to be disassortative in experiments
to optimize APL, and we propose a “disassortativeness-
learning” technique to apply this knowledge into local search.
Then, we use “Edge-Adding Learning” and “Edge-Dropping
Learning” to find the local minimum of our solutions.

3.4.1. Disassortativeness Learning. The detailed algorithm is
described in the appendix.We first find the added edge which
has the minimum sum of the degrees of the two connected
nodes and drop it. Then we find the nonexistent edge which
has the maximum difference in degree between the two
disconnected nodes and add this new edge to the network.

3.4.2. Edge-Adding Learning. As described in the appendix,
we first judge if the diameter of the updated network has
decreased to 2. If the diameter exceeds 2, we randomly
add edges until the diameter equals 2. Then we output the
offspring chromosomes with the updated network diameter
equal to 2.

3.4.3. Edge-Dropping Learning. We select every added edge
and check whether dropping the added edge will leave the
network diameter unchanged. If the drop cannot increase the
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Figure 4: Illustration of representation. The numbers above the chromosomes represent the positions of corresponding nonexistent edges.
The solid lines represent initial network edges, while dashed lines represent added edges, and the numbers next to nodes represent the node
number.

diameter, we drop the added edge; if the drop increases the
diameter, we do not drop the added edge. As a result, some
useless added edges may be dropped. The appendix gives the
specific procedure of Edge-Dropping Learning.

3.5. Complexity Analysis. The time complexity of MA-CD
with the network size 𝑛, the number of edges of initial
network 𝑚, and added edges 𝑘 can be formulated as follows.
Each iteration requires 𝑆pool/2 times for crossover and 𝑆pool
times for mutation, where 𝑆pool is the size of mating pool for
the genetic operation. Since computing the network diameter
costs 𝑂(𝑛3), the total time of genetic operation is 𝑂(𝑆pool(𝑘 +
𝑛3)). For local search, when executing Disassortativeness
Learning, the time to update the matrix is 𝑂(𝑘); finding the
added edge with theminimum sum of degree requires𝑂(𝑘𝑛);
finding the nonexistent edge with the maximum difference
in degree requires 𝑂(𝑛2). The time for Disassortativeness
Learning is𝑂(𝑛2+𝑘𝑛+𝑘). To performEdge-Adding Learning
and Edge-Dropping Learning, we should check at most 𝑛(𝑛−
1)/2 − 𝑚 genes for each chromosome and it will cost at most
𝑂(𝑛5) to compute the updated diameter of all changed genes.

Table 1: Parameters of the experiments.

Parameter Meaning Value
𝐼max Themaximum iteration number 3000
𝑆pop Population size 200
𝑆pool Mating pool size 100
𝑆tour Tournament size 2
𝑃𝑐 Crossover probability 0.5
𝑃𝑚 Mutation probability 0.5

Therefore, the overall time complexity of MA-CD for each
iteration is 𝑂(𝑛5).

4. Experiments

In this section, we test the performance of MA-CD on
different computer-generated networks. The experiments
were carried out on a 2.40GHz CPU, 4.00GB Memory, and
Windows 10 operating system. We use MATLAB to execute
the procedure. Table 1 shows the parameters necessary for the
experiments.
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Figure 5: Results of optimizing the critical diameter using different methods. (a) is the result for the random network; (b) is the result for the
regular network.
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Figure 6: Results of optimizing APL using differentmethods. (a) is the result for the randomnetwork; (b) is the result for the regular network.

Our proposed algorithm is carried out ten times on two
different network structures: a randomnetwork structure and
a regular network structure. The detailed information of the
two network structures is shown in Appendix. We compare
the solution of MA-CD with that of two other methods: (1)
adding edges between the highest-degree node and the other
nodes as described in Section 2, denoted as HDN; (2) a kind
of greedy algorithm which adds edges one by one, with each
of the added edges giving the minimum diameter, denoted
as “GA-CD” (greedy algorithm for optimizing critical diam-
eter). We compare the minimum and mean value of MA-CD
with theminimumvalue of HDN andGA-CD (theminimum
and mean value of these two methods are equal).

Compared with the other two methods for optimizing
the critical diameter, MA-CD can always find fewer edges to
make the network diameter become the critical diameter, as
shown in Figure 5. Further, we find that the results for MA-
CD and HDN appear to become the same as the network size
becomes larger. In other words, HDN becomesmore efficient

for larger networks in optimizing 𝐷𝑐. Compared with MA-
CD and HDN, GA-CD has worse performance in optimizing
𝐷𝑐, especially for regular networks, even though the greedy
strategy performs well in decreasing APL or diameter [23–
25].

We show that our proposed method can also efficiently
decrease APL. We compute the optimal networks’ APL with
𝑘 shortcut edges added by the MA-CD method, and then
this APL is compared with that obtained using the other two
methods with the same number 𝑘 of edges added: (1) the
EdgeEffect Algorithm, which maximizes the effect of edge
insertion to optimize APL [23], denoted as “EA-APL”; (2) a
greedy algorithm adding 𝑘 edges one by one, with each of
the added edges minimizing APL, which has previously been
shown to be effective [24], denoted as “GA-APL.”

The optimal networks’ APL is shown in Figure 6. EA-
APL performs worse for random networks, while GA-APL
becomes less efficient in regular networks. MA-CD gives
the best performance; it can always decrease the APL to its
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Table 2: Detailed information of the two network structures.

Network structure Network size Number of edges Density Diameter APL

Random networks

20 80 0.42 3 1.58
21 84 0.40 3 1.62
22 88 0.38 3 1.66
23 92 0.36 3 1.64
24 96 0.35 3 1.67
25 100 0.33 4 1.74
26 104 0.32 3 1.72
27 108 0.31 3 1.73
28 112 0.30 3 1.77
29 116 0.29 3 1.78
30 120 0.28 3 1.80
31 124 0.27 3 1.80
32 128 0.26 3 1.80
33 132 0.25 3 1.84
34 136 0.24 3 1.87
35 140 0.24 4 1.88
36 144 0.23 3 1.86
37 148 0.22 4 1.94
38 152 0.22 4 1.95
39 156 0.21 4 1.98
40 160 0.21 4 1.97
41 164 0.20 4 1.98
42 168 0.20 3 1.97
43 172 0.19 3 1.97
44 176 0.19 4 2.01
45 180 0.18 3 2.02
46 184 0.18 4 2.04
47 188 0.17 4 2.03
48 192 0.17 3 2.03
49 196 0.17 4 2.05
50 200 0.16 4 2.04

Regular networks

20 80 0.42 3 1.74
21 84 0.40 3 1.80
22 88 0.38 3 1.86
23 92 0.36 3 1.91
24 96 0.35 3 1.96
25 100 0.33 3 2.00
26 104 0.32 4 2.08
27 108 0.31 4 2.15
28 112 0.30 4 2.22
29 116 0.29 4 2.29
30 120 0.28 4 2.34
31 124 0.27 4 2.40
32 128 0.26 4 2.45
33 132 0.25 4 2.50
34 136 0.24 5 2.58
35 140 0.24 5 2.65
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Table 2: Continued.

Network structure Network size Number of edges Density Diameter APL
36 144 0.23 5 2.71
37 148 0.22 5 2.78
38 152 0.22 5 2.84
39 156 0.21 5 2.89
40 160 0.21 5 2.95
41 164 0.20 5 3.00
42 168 0.20 6 3.07
43 172 0.19 6 3.14
44 176 0.19 6 3.21
45 180 0.18 6 3.27
46 184 0.18 6 3.33
47 188 0.17 6 3.39
48 192 0.17 6 3.45
49 196 0.17 6 3.50
50 200 0.16 7 3.57

(1) Input: The parent chromosomes 𝑋parent1 and 𝑋parent2.
The number of nonexistent edges of the initial network: 𝑁non. Crossover Probability: 𝑃𝑐.
(2) 𝑋offspring1 = 𝑋parent1;
(3) 𝑋offspring2 = 𝑋parent2;
(4) randomly generate two positions 𝑎 and 𝑏, which obey: 1 ≤ 𝑎 < 𝑏 ≤ 𝑁non;
(5) randomly generate 𝑝 ∈ [0, 1];
(6) if 𝑝 < 𝑃𝑐
(7) randomly generate 𝑞 ∈ (0, 1];
(8) if 0 < 𝑞 ≤ 1/3
(9) for 𝑖 = 1; 𝑖 ≤ 𝑎; 𝑖++
(10) 𝑡𝑒𝑚𝑝 = 𝑋offspring1(𝑖);
(11) 𝑋offspring1(𝑖) = 𝑋offspring2(𝑖);
(12) 𝑋offspring2(𝑖) = 𝑡𝑒𝑚𝑝;
(13) end for
(14) end if
(15) if 1/3 < 𝑞 ≤ 2/3
(16) for 𝑖 = 𝑎 + 1; 𝑖 ≤ 𝑏; 𝑖++
(17) 𝑡𝑒𝑚𝑝 = 𝑋offspring1(𝑖);
(18) 𝑋offspring1(𝑖) = 𝑋offspring2(𝑖);
(19) 𝑋offspring2(𝑖) = 𝑡𝑒𝑚𝑝;
(20) end for
(21) end if
(22) if 2/3 < 𝑞 ≤ 1
(23) for 𝑖 = 𝑏 + 1; 𝑖 ≤ 𝑁non; 𝑖++
(24) 𝑡𝑒𝑚𝑝 = 𝑋offspring1(𝑖);
(25) 𝑋offspring1(𝑖) = 𝑋offspring2(𝑖);
(26) 𝑋offspring2(𝑖) = 𝑡𝑒𝑚𝑝;
(27) end for
(28) end if
(29) end if
(30) Output: 𝑋offspring1 and 𝑋offspring2.

Algorithm 2: Crossover operation.
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(1) Input: The parent chromosome 𝑋parent3.
The number of nonexistent edges of the initial network: 𝑁non. Mutation Probability: 𝑃𝑚.
(2) 𝑋offspring3 = 𝑋parent3;
(3) randomly generate 𝑝 ∈ [0, 1];
(4) if 𝑝 < 𝑃𝑚
(5) randomly generate q∈(0,1];
(6) 𝑚𝑡= ceil(N𝑛𝑜𝑛*q);
(7) for 𝑖 = 1; i ≤ mt; i++
(8) randomly generate r∈(0,1];
(9) 𝑗= ceil(N𝑛𝑜𝑛*r);
(10) 𝑋offspring3(𝑗) = 1–𝑋parent3(𝑗);
(11) end for
(12) end if
(13) Output: 𝑋offspring3

Algorithm 3: Mutation operation.

(1) Input: the offspring chromosome: 𝑋offspring. The adjacency matrix of the initial network: 𝐴.
(2) 𝑋offspring2 = 𝑋offspring;
(3) Update the matrix 𝐴 by decoding 𝑋offspring;
(4) Find the element 𝑖 of 𝑋offspring2(𝑖) = 1 with the minimum sum value of nodes pair degrees;
(5) 𝑋offspring2(𝑖) = 0;
(6) Find the element 𝑗 of 𝑋offspring2(𝑖) = 0 with the “maximum” difference value of nodes pair degrees;
(7) 𝑋offspring2(𝑗) = 1;
(8) Output: 𝑋offspring2.

Algorithm 4: Disassortativeness Learning.

(1) Input: the offspring chromosome: 𝑋offspring2. The adjacency matrix of the initial network: 𝐴.
(2) 𝑋offspring3 = 𝑋offspring2;
(3) Update the matrix 𝐴 by decoding 𝑋offspring2;
(4) Repeat
(5) randomly choose a gene 𝑋offspring3(𝑖) = 1;
(6) Until the diameter of the updated matrix 𝐷 = 2
(7) Output: 𝑋offspring3.

Algorithm 5: Edge-Adding Learning.

lowest level compared with the other two algorithms. Thus,
we conclude that MA-CD can be used to optimize APL. If
we can add a large number of edges to decrease APL, we just
need to find a solution for optimizing 𝐷𝑐 and then add the
remaining edges randomly.

5. Conclusion

In this paper, we find a critical case in which the network
diameter declines to 2 when a new edge is added to the
network in the process of solving the shortcut-selection
problem. Using the relationship between APL and the

network diameter, we transform the problem of optimizing
APL into the problem of finding shortcut edges to quickly
decrease the diameter to 2, which we define as the problem
of optimizing the critical diameter. Further, we suggest a
method to solve this problem based on a memetic algorithm.
The experimental results show that our proposedmethod can
efficiently optimize the critical diameter and is efficient in
solving the shortcut-selection problem to decrease the APL.

Appendix

See Algorithms 2, 3, 4, 5, and 6 and Table 2.
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(1) Input: the offspring chromosome: 𝑋offspring3.
The adjacency matrix of the initial network: 𝐴. The number of nonexistent edges of the initial network: 𝑁non.
(2) 𝑋offspring4 = 𝑋offspring3;
(3) Repeat
(4) islocal ← TRUE;
(5) rearrange the sequence number of the chromosome seq=randperm(N𝑛𝑜𝑛);
(6) for 𝑖 = 1; 𝑖 ≤ 𝑁non; i++
(7) if 𝑋offspring4(seq(i)) = 1
(8) 𝑋offspring4(seq(i)) = 0;
(9) if the diameter of updated network D = 2
(10) islocal ← FALSE;
(11) else
(12) 𝑋offspring4(𝑠𝑒𝑞(𝑖)) = 1;
(13) end if
(14) end if
(15) end for
(16) Until islocal is TRUE;
(17) Output: 𝑋offspring4.

Algorithm 6: Edge-Dropping-Learning.
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