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Abstract

E-commerce marketing forces are taking advantage of
microblogs to deliver their advertisements to promote product
information. The success of product information diffusion in
microblog depends greatly on user behaviors -- browsing,
commenting and reposting. In this paper, we divide user
behaviors of Sina Weibo into four types corresponding to four
different colors, and propose a method to predict user behavior
based on DCGAN (Deep Convolutional Generative
Adversarial Nets). By analyzing a real Sina Weibo dataset, the
experimental results show that the prediction accuracy of the
four types of user behaviors reaches more than 80%, which
proves that our method is feasible and effective, and also can
help companies succeed in their product advertisements.

Keywords: User behavior, DCGAN, E-commerce, Product
advertisements

1 Introduction

In the past ten years, social media applications represented
by Microblog, WeChat, Facebook, and Twitter have been
widely used, making online social networks the main place for
delivering advertisements to appropriate customers in the e-
commerce [1-5]. More and more Companies tend to use
microblogs to promote product information to help them
succeed in their marketing activities [6-8]. However, a product
information which rangs from an initial state that only a few
people know to a large-scale propagation state that almost
everyone knows, is inseparable from user participation
behaviors, such as reposting and commenting. Thus,
Predicting and analyzing user behaviors that influence the
spread of advertising information are essential for companies
to comprehend in the e-commerce [9-11]. At the same time,
Al (Artificial Intelligence) technology has developed rapidly
[12-14], among which GAN (Generative Adversarial Nets)
[15] has attracted much attention for the achievements in
image processing, sample image generation and other
application fields.

Therefore, we design and propose a model to forecasting
user behaviors of Sina Weibo based on DCGAN (Deep
Convolutional Generative Adversarial Nets) [16]. Assuming
that there are N2 different users participating in the
propagation of a topic microblog information, then these N2
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users will be mapped to a 2D (two-dimensional) image with
N? areas. And, in the diffusion of a topic information, different
users may have different behaviors. So, we divide user
behaviors into different types, such as reposting, commenting,
etc. One user behavior type corresponds to one color. In this
way, the user behaviors in the diffusion of a topic information
can be represented by a 2D color image. In addition, DCGAN
is used for training the user behavior images of already-
existing topics’ information to predict a new user behavior
image of emerging topics information, then the new image is
converted into user behavior types, to achieve the purpose of
predicting whether this user behavior is reposting or
commenting, etc.

The organization of this paper is as follows: Section2
discusses some existing works related to our own. Section3
elaborates on our proposed approach, describes the
architecture and preliminaries. Section4 conducts and
analyses the experiments. Section5 concludes our work.

2 Related Works

This section contains a literature review on user behaviors
analysis and prediction.

2.1 User Behavior Analysis

Over the past decade, many institutions and researchers
have developed user behaviors analysis. In the applied field,
for instance, Liu designed an system called UBER to enhance
malware analysis sandboxes with emulated user behavior [17].
Liao examined the user behaviors of various of Facebook Live
to develop social commerce and business models in Thailand
[18]. Liu analyzed an improved model of user posting
behavior co-driven by users’ interests and interactions [19].
Tian attempted to address the waste of resources in cloud data
integrity checking by utilizing user behavior prediction [20].
MEZAIR presented an Advanced Deep Learning framework
for 1oB (Internet of Behaviors) applied to connected vehicles
and used CNN (Convolutional Neural Network), GCNN
(Graph CNN), and LSTM (Long Short-Term Memory) [21],
etc.
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2.2 User Behavior Prediction

In addition, user behavior prediction is also a focus of
research. For example, Tseng proposed a SMAP (Sequential
Mobile Access Pattern) data mining method to efficiently
discover mobile users’ sequential movement patterns
associated with requested services [22]. Tian considered
heterogeneous information and established a new user
behavior prediction model, called HRSN (Heterogeneous
Residual Self-Attention Shrinkage Network) [23]. Argade
improved MCP (Mobile Commerce Predictor) prediction
framework by introducing confidence parameter, for
enhancing accuracy of user behavior prediction in M-
commerce [24]. Dai proposed an improved SVM (Support
Vector Machine) prediction method, for improving accuracy
of user reposting behavior prediction [25]. Zhang presented an
improved optimal weighted fusion method based on
effectiveness factors that achieved accurate prediction of user
service behaviors [26]. Belhadi explored convolution deep
neural networks to collect abnormal human behaviors [27].
Gan presented a method to extract non-redundant correlated
purchase behaviors considering the utility and correlation
factors [28], etc.

At present, with the development of Al technology, many
Al technologies including DCGAN are used for prediction or
detection. For instance, Du proposed the HACNN
(Hierarchical Attention Cooperative Neural Networks) model
based on users’ purchasing and reviewing behaviors [29];
Jiang proposed an end-to-end deep learning model to predict
whether a user will check-in the searched place or not [30].
This kind of method mainly depends on DCGAN that has been
built, such as, Peng proposed a model to predict reservoir
dynamic pressure profile of fracture network based on
DCGAN [31]. Viola proposed a methodology called
FaultFace for failure detection on Ball-Bearing joints using
DCGAN [32]. Cheng proposed data-driven modelling of
nonlinear spatio-temporal fluid flows using DCGAN for the
prediction of nonlinear fluid flows [33]. Liang proposed a
MTS-DCGAN  (multi-time scale deep convolutional
generative adversarial network) framework to deal with
anomaly detection of industrial time series [34], etc.

..............................

0y

Color of user behavior
types

Real user behaviors of
already-existing Sina
Weibo information
diffusion (2D image)

N\

Random user behaviors
of emerging Sina Weibo
information diffusion

Real user behaviors of
already-existing Sina
Weibo information
diffusion (T

seeeccsscccssscccsccccccssssccsana
,

..............................

2.3 Discussion

From this literature review, it appears that these user
behavior prediction technologies are widely used. In the
business field, we can improve users’ interest in purchasing
goods and promote commodity sales through the prediction of
user behaviors. In social networks, it is feasible to forecast the
propagation of online public opinion based on user behavior
prediction, such as forwarding behavior and commenting
behavior. In the field of information security, anomaly
warnings are issued in advance by predicting user behaviors,
and so on. At present, the wide application of DCGAN and
other Al technologies provide us with new research ideas in
the field of user behavior prediction. On this basis, in order to
better analyze user behaviors, a model is proposed based on
DCGAN.

3 Model Description and Preliminaries

According to reference [16], The DCGAN is a variation of
the GAN network, where the generator and discriminator
multilayer perceptron neural networks are replaced by a
convolutional neural network to exploit its image processing
capabilities. Among them, the generator and the discriminator
are two independent neural networks, which are involved in a
competition. The generator (G) network creates a new
probability distribution Pg(x) based on a prior defined
probability distribution P(x), which can be considered as a
black box. On the other hand, the discriminator (D) network
determines the difference between the P¢(x) and P(x). Once
the discriminator cannot distinguish between Pg(x) and P(x),
it means that the generator learns the black-box behavior of
P(x). The CNN (Convolutional Neural Networks) networks
employed on the DCGAN architecture, meanwhile, should
have some specific features to ensure a stable training process
of the generator and discriminator.

3.1 Architecture

The DCGAN has been given evidence to be more stable
set of architectures for training generative adversarial
networks and to be more generative modeling adversarial
networks for learning good representations of images. Based
on the DCGAN, the architecture of our model is shown in
Figure 1.
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Figure 1. The architecture of the proposed model



First, user behavior types are set to be different colors.
such as, reposting behavior is blue, commenting behavior is
green, etc. Then, N2 users is mapped to a 2D color image with
N? areas, where one user corresponds to one area. These areas
are filled with colors corresponding to the user behavior types.
In this case, the images filled according to the real user
behavior types of already-existing microblog information
diffusion are used as the input of DCGAN discriminator. After
that, random user behaviors of emerging microblog
information diffusion are used as the input of the DCGAN
generator. Finally, a new 2D color image of emerging
microblog information diffusion is generated by DCGAN. The
purpose of forecasting user behavior types is achieved through
analyzing the new image.

3.2 User Behavior

According to the users’ ID of Sina Weibo, we select U
different users, and number them from 1 to U. Then, a 2D
image is divided into N*N small areas, which corresponds the
u user (ue[1-U]) to a area i, j] in the 2D image, where

i=mod(u/N)

. : 1)
j=rem(u/N)

In addition, the user behaviors of microblog diffusion are
divided into four types: commenting with reposting,
commenting, reposting, browsing (i.e. no reposting and no
commenting), and the four types of user behaviors are
represented by four different colors. After the u user’s area is
filled with the corresponding color, one real user behavior 2D
image of one already-existing microblog information
diffusion is obtained. Repeat the steps above, until user
behavior image datasets of already-existing topic microblog
information diffusion are generated. Finally, each area in the
predicted user behavior image by DCGAN is converted into
user behavior type, according to the one-to-one match between
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corresponding inverse operation of converting [i, j] to u is
implemented, according to the following formula.

U=i*N+j. 2
3.3 Generator

In this paper, our generator consists of five-layer neural
networks, and the pooling layer of traditional GAN is replaced
by the deconvolutions. Furthermore, BN (Batch Normalization)
[35] is used to make the generator learn stably. The structure
of generator is shown in Figure 2.

In order to predict the user behavior of emerging
microblog information diffusion, firstly, we randomly
generate a uniformly distributed user behavior image as input
of the generator. After a series of execution by the generator,
a 64*64*3 RGB image is formed and used as the input of the
discriminator. In the first layer of generator, Dense, BN and
LeakyRelu are used to speed up the convergence process for
converting the inputted image into a tensor of 8*8*256. Then,
after the second, the third, the fourth and the fifth layer
processing, the input image is gradually enlarged to 64*64*3
tensor, using Deconvolution, BN and LeakyRelu, etc.

3.4 Discriminator

The discriminator is an important part of our model. In this
paper, the discriminator consists of six-layer neural networks.
Among them, the convolution replaces the pooling layer of
GAN. The structure of discriminator is shown in Figure 3.

In the first layer of the discriminator, the Convolution,
LeakyRelu and Dropout are used to transform the 64*64*3
tensor from the generator into a 32*32*32 tensor. This
32*32*32 tensor is transformed into a tensor with 1024 length
after the execution of the second, the third, the fourth and the
fifth layer. In the sixth layer, Flatten is used to convert the
tensor’s length into 1.

each user behavior type and each color. And, the
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Figure 2. The structure of the generator
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Figure 3. The structure of the discriminator

3.5 Algorithm or Function

The algorithms or functions are mainly composed of
LeakyRule, Loss, BN (Batch Normalization), Dropout, Adam,
etc.

3.5.1 Batch Normalization

In each layer of the generator and the discriminator, we use
BN to adjust the values of training parameter timely during the
model training process, along with maximizing the speed of
model training and improving the generalization ability of
neural network. The calculation formula is as follows:

1 m
/’lB mlzzl: 1
2 138 2
O_B:_Z(Xi_ﬂs)
m 5=
R = Xi — HMs

1
Joi —«

yi = y)/zl +ﬁ = BNy,ﬂ(Xi) (3)

Details are showed in reference [35].
3.5.2 Dropout
According to Hinton’s theory [36-37], Dropout is used in

each layer of the discriminator to prevent over-fitting due to
small training dataset. The calculation formula is given by:

M _ -
I Bernoulli(p)
g = O xyO

(+1) _ (1+1) 1 (1+1)
z;7 =wy +b,

i(I+1) — f(Zi(|+1)) "

For detailed explanation of the formulas, see reference [36]
and [37].

3.5.3 LeakyRule

In order to reduce errors of generator and speed up the
convergence process, LeakyRule is used as the activation
function. The calculation formula is defined by:

0,z=0

a=<leak*z,z<0

,2>0
z,2> )

3.5.4 Loss Function

During the execution of the generator/discriminator, errors
may occur and cause the failures. Therefore, it is necessary to
correct parameters by calculating the loss value. We use cross-
entropy to calculate the errors of generator/discriminator as
follows:

E= —Zktk logy, | ©

Among them, tx represents the true probability distribution
about the correct label, and yi represents the distribution of the
output of the neural network, that is, the prediction probability
distribution.

3.5.5 Optimization

Our model is optimized by error gradient calculation and
Adam. Firstly, the error gradient is calculated by the gradient
descent function. Then Adam optimization is used to find the
minimum gradient quickly.

4 Experiment and Results

In this part, we introduce the experimental setting and
dataset, and then report empirical results.

4.1 Experimental Settings

Our proposed model is realized by Tensorflow framework
and the execution algorithm is shown in Table 1.

Specifically, we set epochs =1000, batch_Size=128,
Adam_step=0.0001, and the following methods are adopted
for better data processing:



(1) The Data in tensorflow is used to read in image
dataset;
(2) Thedecode png and RGB channels are used to parse
image dataset and save the neural network pixels;
(3) The shuffle is used to shuffle and prevent the hidden
similarity in the dataset;
(4) The prefetch is used to speed up the calculation;
(5) The model.save() is used to save data generated by
the generator/discriminator;
(6) The model.load() is used to load data;
(7) The model summary() is used to output parameters.
In our model, the parameters of the generator and the
discriminator are shown in Table 2 and Table 3 respectively.
The first column “Layer(type)” represents the components of
the generator/discriminator, the second column “Output Shape”
represents the shape of outgoing image, and the third column
“Param#” represents the number of parameters that need to be
trained for each layer in the generator/discriminator.
According to statistics, the generator has 2,781,432
parameters, including 2,729,216 training parameters. The
discriminator has 1,348,161 parameters, including 1,345,217
training parameters.

Table 1. The execution algorithm in this paper
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4.2 Dataset

We evaluate the effectiveness of our proposed model on
Sina Weibo. We select 4096 users, and crawl the behavior data
(i.e., reposting, commenting.) of these users in the specified
microblog information diffusion. The user name with
reposting and commenting behaviors are stored separately in
ZF List.txt and PL_List.txt. In this experiment, the user
behavior of 2,000 already-existing topics information in Sina
Weibo are crawled, and the examples of user names with
reposting/commenting behaviors in information diffusion are
shown in Table 4.

The user behaviors are divided into four types:
commenting with reposting, commenting, reposting and
browsing. The user name exists in both ZF_List.txt and
PL_List.txt, indicating that this user’s behavior is commenting
with reposting, such as ‘fi&4+ L FTWHS’ in Table 4. The
user name only exists in PL_List.txt, but does not appear in
ZF_List.txt, meaning that this user’s behavior is commenting.
On the contrary, it is reposting. If the user name does not exist
in ZF_List.txt and PL_List.txt, it is browsing.

Input:
e: epochs

real_images: the real user behavior image of already-existing microblog information diffusion

rand_image: the user behavior image by randomly generated
Output:
Predicted_image: the user behavior image of emerging microblog information diffusion
m=0, n=0;
gen_loss=[], dis_loss=[];
fori=1:e do

if gen_loss==0.5 then m<m+1
if dis_loss==0.5 then n<=n+1
generator <= rand_image;
if (m>=20) and (n>=20)
then

break
else

execute generator;

// Dense, BatchNormalization, Conv2Dtranspose, Dropout, ete.

generate the predicted user behavior image;
calculate gen_loss;

discriminator < the predicted user behavior image;
discriminator < real_images;

execute discriminator;

//[Conv2D, LeakyRelL U, Dropout, BatchNormalization, Flatten, ete.

calculate dis_loss;
end
Predicted_image < the predicted user behavior image;
End
Output < Predicted_image
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Table 2. Parameters in the generator

Layer (type) Output shape Param #
dense (Dense) (None, 16384) 1638400
batch_normalization (BatchNo) (None, 16384) 65536
leaky re_lu (LeakyReLU) (None, 16384) 0
reshape (Reshape) (None, 8, 8, 256) 0
conv2d_transpose (Conv2DTrain) (None, None, None, 128) 819200
batch_normalization_1 (Batch) (None, None, None, 128) 512
leaky re_lu_1 (LeakyRelLU) (None, None, None, 128) 0
conv2d_transpose_1 (Conv2DTrain) (None, None, None, 64) 204800
batch_normalization_2 (Batch) (None, None, None, 64) 256
leaky re_lu_2 (LeakyRelLU) (None, None, None, 64) 0
conv2d_transpose_2 (Conv2DTrain) (None, None, None, 32) 51200
batch_normalization_3 (Batch) (None, None, None, 32) 128
leaky_re_lu_3 (LeakyReLU) (None, None, None, 32) 0
conv2d_transpose 3 (Conv2DTrain) (None, None, None, 3) 2400
Table 3. Parameters in the discriminator
Layer (type) Output shape Param #
conv2d (Conv2D) (None, 32, 32, 32) 2432
leaky_re_lu_4 (LeakyReLU) (None, 32, 32, 32) 0
dropout (Dropout) (None, 32, 32, 32) 0
conv2d_1 (Conv2D) (None, 16, 16, 64) 51264
batch_normalization_4 (Batch) (None, 16, 16, 64) 256
leaky re_lu_5 (LeakyReLU) (None, 16, 16, 64) 0
dropout_1 (Dropout) (None, 16, 16, 64) 0
conv2d_2 (Conv2D) (None, 8, 8, 128) 204928
batch_normalization_5 (Batch) (None, 8, 8, 128) 512
leaky re_lu_6 (LeakyReLU) (None, 8, 8, 128) 0
dropout_2 (Dropout) (None, 8, 8, 128) 0
conv2d_3 (Conv2D) (None, 4, 4, 256) 819456
batch_normalization_6 (Batch) (None, 4, 4, 256) 1024
leaky_re_lu_7 (LeakyReLU) (None, 4, 4, 256) 0
global_average pooling2d (Gl) (None, 256) 0
dense_1 (Dense) (None, 1024) 263168
batch_normalization_7 (Batch) (None, 1024) 4096
leaky re_lu_8 (LeakyReLU) (None, 1024) 0
flatten (Flatten) (None, 1024) 0
dense 2 (Dense) (None, 1) 1025

Table 4. The user names for reposting/commenting

User names of reposting

User names of commenting
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Table 5. The corresponding relationship between colors and

types

1D Colors User behaviors

0 Purple Browsing

1 Blue Reposting

2 Green Commenting

3 Yellow Commenting with reposting
Moreover, we set four types of user behaviors

corresponding to four different colors. The corresponding
relationship between user behavior types and colors is shown
in Table 5.

So, the user behavior in one topic microblog information
diffusion can be represented by one 2D color image. The
Figure 4 shows a 2D colored image according to different
types of user behaviors in a topic microblog information
diffusion.

The image dataset of user behaviors is formed based on
many already-existing topics of Sina Weibo information
diffusion.

Figure 4. The 2D color image of user behavior
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4.3 Results

We randomly select 30 topics user behavior images of
crawled 2000 topics microblog information diffusion as test
dataset, and the rest as training data. The experiment is carried
out according to the steps described in 3.1 and 4.1 section.
Some images generated during training, as shown in Figure 5.

The 16 subgraphs in Figure 5 are arranged according to
generation sequence. It is clear that most areas are yellow in
Figure 5(a), but in Figure 5(I) the purple areas are the majority.
This means that at the beginning of our model, the outgoing
image is that the number of commenting with reposting
behaviors is large, which is not consistent with the facts. But
with the constant adjustment of our model parameters, the
number of yellow areas is becoming less and less, and the
number of purple areas is gradually increasing, which
represents that the most user behaviors in microblog
information diffusion is browsing. That is in line with the real
situation.

Finally, the number of the four types of user behaviors in
outgoing image is calculated, and compared with the test data.
We mainly use Accuracy as the measurement parameter, the
calculation formula is shown below:

TP+TN
TP+TN+FP+FN ©)

Accuracy=

where TP is true positive, FP is false positive, TN is true
negative, FN is false negative. That is, the Accuracy is the
proportion of true results (both true positives and true
negatives) in the population. The average Accuracy of the four
types of user behaviors after 100 repeated experiment is listed
in Table 6.
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Figure 5. The images during the training process

Table 6. The average accuracy of the four types of user behaviors

User behavior Browsing Reposting

Commenting

Commenting with reposting

Accuracy 0.91 0.81

0.87

0.83

As can be seen from Table 6, the Accuracy of the four
types of user behaviors all exceed 80%, and the browsing even
reaches more than 90%, which proves the feasibility and
effectiveness of the proposed method.

5 Conclusion

Forecasting user behavior is an important aspect of
monitoring the development and change of information
diffusion in social media, which is beneficial for enterprises in
e-commerce to monitor and predict the advertising
information diffusion. This paper proposes a new model for
user behavior prediction, with DCGAN as a basic architecture.
The experiment results demonstrate the efficiency of the
model in Sina Weibo Dataset. This work suggests interesting
directions for future research. In the future, we also are going
to explore other social media datasets and artificial
intelligence technologies in the research of user behavior
prediction.

Acknowledgment

This research has been supported by National Social
Science Fund Project, China (21BXWO057), the Shenzhen
Science and Technology Plan (No. JCYJ20180307124010740),
School level scientific research project of Shenzhen Institute of
information technology (No. SZI1T2020KJ016, XQ202026,
No. LHPY-2020007, No. LHPY-2020008).

References

[1] A.Mislove, M. Marcon, K. P. Gummadi, P. Druschel, B.

[2]

3]

[4]

[5]

[6]

[7]

(8]

Bhattacharjee, Measurement and analysis of online
social networks, Proceedings of the 7th ACM
SIGCOMM conference on Internet measurement, San
Diego, California, USA, 2007, pp. 29-42.

Y. Duan, T. Liu, Z. Mao, How online reviews and
coupons affect sales and pricing: An empirical study
based on e-commerce platform, Journal of Retailing
and Consumer Services, Vol. 65, Article No. 102846,
March, 2022.

S.-H. Liao, R. Widowati, C.-J. Cheng, Investigating
Taiwan Instagram users’ behaviors for social media and
social commerce development, Enfertainment
Computing, Vol. 40, Article No. 100461, January, 2022.
J. Chen, G. Kou, H. Wang, Y. Zhao, Influence
identification of opinion leaders in social networks: an
agent-based simulation on competing advertisements,
Information Fusion, Vol. 76, pp. 227-242, December,
2021.

M. Georgescu, D. Popescul, Social Media-the new
paradigm of collaboration and communication for
business environment, Procedia Economics and
Finance, Vol. 20, pp. 277-282, 2015.

K. Z. K. Zhang, M. Benyoucef, S. J. Zhao, Building
brand loyalty in social commerce: The case of brand
microblogs, Electronic Commerce Research and
Applications, Vol. 15, pp. 14-25, January-February,
2016.

Y. Sun, X. Liu, G. Chen, Y. Hao, Z. Zhang, How mood
affects the stock market: Empirical evidence from
microblogs, Information & Management, Vol. 57, No. 5,
Article No. 103181, July, 2020.

Y.-M. Li, Y.-L. Shiu, A diffusion mechanism for social
advertising over microblogs, Decision Support Systems,


https://xueshu.baidu.com/s?wd=author%3A%28B%20Bhattacharjee%29%20&tn=SE_baiduxueshu_c1gjeupa&ie=utf-8&sc_f_para=sc_hilight%3Dperson
https://xueshu.baidu.com/s?wd=author%3A%28B%20Bhattacharjee%29%20&tn=SE_baiduxueshu_c1gjeupa&ie=utf-8&sc_f_para=sc_hilight%3Dperson

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

Vol. 54, No. 1, pp. 9-22, December, 2012.

Y. Chu, H.-K. Yang, W.-C. Peng, Predicting Online User
Purchase Behavior Based on Browsing History, /EEE
35th International Conference on Data Engineering
Workshops (ICDEW), Macao, China, 2019, pp. 185-192.
Z. Han, Z. Tang, B. He, Improved Bass model for
predicting the popularity of product information posted
on microblogs, Technological Forecasting & Social
Change, Vol. 176, Article No. 121458, March, 2022.

K. Li, C. Zhou, X. Yu, Exploring the differences of users’
interaction behaviors on microblog: The moderating
role of microblogger’s effort, Telematics and
Informatics, Vol. 59, Article No. 101553, June, 2021.
H. Fujita, Al-based computer-aided diagnosis (Al-
CAD): the latest review to read first, Radiological
Physics and Technology, Vol. 13, No. 1, pp. 6-19, March,
2020.

Y. Wang, Analysis on the construction of ideological and
political education system for college students based on
mobile artificial intelligence terminal, Soft Computing,
Vol. 24, No. 11, pp. 8365-8375, June, 2020.

X. Zhai, X. Chu, C. S. Chai, M. S. Y. Jong, A. Istenic,
M. Spector, J.-B. Liu, J. Yuan, Y. Li, A Review of
Artificial Intelligence (Al) in Education from 2010 to
2020, Complexity, Vol. 2021, Article No. 8812542, April,
2021.

Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza,
Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron
Courville, Yoshua Bengio, Generative adversarial nets,
arXiv:1406.2661, pp. 1-16, June, 2014.

A. Radford, L. Metz, S. Chintala, Unsupervised
representation learning with deep convolutional
generative adversarial networks, November, 2015.
https://arxiv.org/abs/1511.06434

S. Liu, P. Feng, S. Wang, K. Sun, J. Cao, Enhancing
Malware Analysis Sandboxes with Emulated User
Behavior, Computers & Security, Vol. 115, Article No.
102613, January, 2022.

[18] S.-H. Liao, R. Widowati, P. Puttong, Data mining
analytics investigate Facebook Live stream users’
behaviors and business models: The evidence from
Thailand, Entertainment Computing, Vol. 41, Article No.
100478, March, 2022.

Y. Liu, W.-G. Yuan, User Posting Behavior Analysis and
Modeling in Microblog, Journal of Internet Technology,
Vol. 16, No. 5, pp. 811-815, September, 2015.

J. Tian, H. Wang, M. Wang, Data integrity auditing for
secure cloud storage using user behavior prediction,
Computers & Security, Vol. 105, No. 102245, June,
2021.

T. Mezair, Y. Djenouri, A. Belhadi, G. Srivastava, J. C.-
W. Lin, Towards an Advanced Deep Learning for the
Internet of Behaviors: Application to Connected Vehicle,
ACM Transactions on Sensor Networks, March, 2022.
https://doi.org/10.1145/3526192

V. S. Tseng, K. W. Lin, Efficient mining and prediction
of user behavior patterns in mobile web systems,
Information and Software Technology, Vol. 48, No. 6, pp.
357-369, June, 2006.

X. Tian, L. Qiu, J. Zhang, User behavior prediction via
heterogeneous information in social networks,
Information Sciences, Vol. 581, pp. 637-654, December,
2021.

User Behavior Prediction Based on DCGAN: The Case of Sina Weibo 1375

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

D. Argade, H. Chavan, Improve Accuracy of Prediction
of User’s Future M-commerce Behaviour, Procedia
Computer Science, Vol. 49, pp. 111-117, 2015.

T. Dai, Y. Xiao, X. Liang, Q. Li, T. Li, ICS-SVM: A user
retweet prediction method for hot topics based on
improved SVM, Digital Communications and Networks,
Vol. 8, No. 2, pp. 186-193, April, 2022.

H. Zhang, M. Wang, L. Yang, H. Zhu, A Novel User
Behavior Prediction Algorithm in Mobile Social
Environment, Journal of Internet Technology, Vol. 19,
No. 4, pp. 1023-1030, July, 2018.

A. Belhadi, Y. Djenouri, G. Srivastava, D. Djenouri, J.
C.-W. Lin, G. Fortino, Deep learning for pedestrian
collective behavior analysis in smart cities: A model of
group trajectory outlier detection, Information Fusion,
Vol. 65, pp. 13-20, January, 2021.

W. Gan, J. C.-W. Lin, P. Fournier-Viger, H.-C. Chao, H.
Fujita, Extracting non-redundant correlated purchase
behaviors by utility measure, Knowledge-Based Systems,
Vol. 143, pp. 30-41, March, 2018.

Y. Du, L. Wang, Z. Peng, W. Guo, Review-based
Hierarchical Attention Cooperative Neural Networks
for Recommendation, Neurocomputing, Vol. 447, pp.
38-47, August, 2021.

R. Jiang, Q. Chen, Z. Cai, Z. Fan, X. Song, K. Tsubouchi,
R. Shibasaki, Will You Go Where You Search? A Deep
Learning Framework for Estimating User Search-and-
Go Behavior, Neurocomputing, Vol. 472, pp. 338-348,
February, 2022.

X. Peng, X. Rao, H. Zhao, Y. Xu, X. Zhong, W. Zhan, L.
Huang, A proxy model to predict reservoir dynamic
pressure profile of fracture network based on deep
convolutional  generative  adversarial  networks
(DCGAN), Journal of Petroleum Science and
Engineering, Vol. 208, No. 109577, January, 2022.

J. Viola, Y. Chen, J. Wang, FaultFace: Deep
Convolutional ~ Generative  Adversarial  Network
(DCGAN) based Ball-Bearing failure detection method,
Information Sciences, Vol. 542, pp. 195-211, January,
2021.

M. Cheng, F. Fang, C. C. Pain, I. M. Navon, Data-driven
modelling of nonlinear spatio-temporal fluid flows
using a deep convolutional generative adversarial
network, Computer Methods in Applied Mechanics and
Engineering, Vol. 365, Article No. 113000, June, 2020.
H. Liang, L. Song, J. Wang, L. Guo, X. Li, J. Liang,
Robust unsupervised anomaly detection via multi-time
scale DCGANSs with forgetting mechanism for industrial
multivariate time series, Neurocomputing, Vol. 423, pp.
444-462, January, 2021.

S. loffe, C. Szegedy, Batch normalization: accelerating
deep network training by reducing internal covariate
shift, Proceedings of the 32nd International Conference
on International Conference on Machine Learning
(ICML), Lille, France, 2015, pp. 448-456.

N. Srivastava, G. Hinton, A. Krizhevsky, L
Salakhutdinov, Dropout: a simple way to prevent neural
networks from overfitting, Journal of Machine Learning
Research, Vol. 15, No. 56, pp. 1929-1958, June, 2014.
G. E. Hinton, N. Srivastava, A. Krizhevsky, I. Sutskever,
R. R. Salakhutdinov, Improving neural networks by
preventing co-adaptation of feature detectors, July,
2012. https://arxiv.org/abs/1207.0580



1376 Journal of Internet Technology Vol. 23 No. 6, November 2022

Biographies

Yaohui Hao received the M.S. and Ph.D.
degree from Information Engineering
University, China in 2007 and 2017. Now,
she is associate professor at Information
Engineering  University. Her research
interests include complex network and
Artificial Intelligence technology.

Dongning Zhao received the B.S. and M.S.

degrees from the Nanjing Institute of

Communication Engineering, China in
~ 2001 and 2004, respectively, and the Ph.D.
degree from Shenzhen University, China in
2015. She is a Vice General Manager with
Shenzhen Vetose Technology Co. Ltd.,
China. Her research interests include
information security and information processing.

Huazhong Li received the M.S. and Ph.D
degree from Harbin Institute of Technology,
China in 1963 and 1999. Now, he is
professor of Shenzhen Institute of
Information Technology. His research
interests include artificial intelligence,
intelligent robots and complex network
technology.

Wai Hung Ip received his PhD from
Loughborough University (U.K.), MBA
from Brunel University (U.K.), MSc in
Industrial Engineering from Cranfield
University (U.K.), and LLB (Hons) from
the University of Wolverhampton (U.K.).
He is a Professor Emeritus and an adjunct
professor of Mechanical Engineering,
University of Saskatchewan, Canada and a
senior research fellow of the Hong Kong Polytechnic
University.

Yingze Liu received the M.S. degree from
University of Southern California, US in
2018. Currently, she is a doctoral candidate
at the School of Information Engineering
University. Her research interests include
network security and Artificial Intelligence
technology.

R e





