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With the rapid development of E-commerce, a growing number of consumers have been
attracted by online shopping. With the purpose of attracting more consumers, E-commerce sites
usually apply various promotion strategies. Based on this, researches on consumer behaviors
under online promotions gradually becomes a hot issue in the field of E-commerce. In the
process of online shopping, the consuming decisions of consumers tend to be influenced by
multiple factors, including consumers’ experience of using online shopping website, the service
reliability of online shopping and so on [1]. At present, the mathematical and statistical methods
are most applied to construct consumer decision-making models in most researches. For the
studies of consumers’ online behaviors, the most popular methods are empirical research (such
as sample-based analysis) [2], behavior-theory-based qualitative analysis and quantitative
analysis methods based on data mining [3]. Regarding those methods, researches on consumer
behaviors based on mathematical and statistical methods are based on static equilibrium.
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1. INTRODUCTION

shopping behaviors of consumers are simulated in
consideration of various internal and external factors. And the
effects of promotion strategies of shopping sites on consumers
are analyzed and predicted through the emergent phenomenon
of agent-based model.
Nowadays, ABMS methodology has been widely applied in
many fields including power systems, emergency, traffic,
transportation and so on [6-9]. In the related study area,
Serrano et al. built an agent-based social simulation to analyze
the use of social choice theory in ambient intelligence systems
[10]; Zhang et al. [11] present a multi-agent simulation model
of Chinese urban housing market. In recent years, agent-based
simulation has been rapidly developed in the field of consumer
behaviors. Schenk and Loffler [12] set up an agent-based
model on consumers’ behaviors in grocery shopping based on
an individual population and store data gathered in northern
Sweden; Cagil and Erdem [13] investigated online consumers’
shopping behavior and built an agent-based model by using
demographic characteristics based on empirical data gathered
in Turkey. Roozmand et al. [14] put forward an agent-based
model for the analysis of consumer decision-making based on
culture, personality and human needs in eleven European
countries. Kuhn et al. [15] summarized advantages of the
ABMS in the field of consumer behaviors, and they pointed
out that this methodology had a large development space in
consumer behaviors area.
From the present researches, there are only a few studies
combining consumer behaviors and online promotion
strategies together. Therefore, in this paper, ABMS is utilized
to analyze the influence of different promotion strategies on
different consumers’ purchasing decisions in different
scenarios. Consumers’ behaviors are analyzed and predicted
by observing the emergent properties of the system.

With the rapid development of E-commerce, a growing
number of consumers have been attracted by online shopping.
With the purpose of attracting more consumers, E-commerce
sites usually apply various promotion strategies. Based on this,
study of consumer behaviors in the condition of online
promotion activities gradually becomes a hot issue in the field
of E-commence. In the process of online shopping, the
consuming decisions of consumers tend to be influenced by
multiple factors, including consumers’ experience of using
online shopping website, the service reliability of online
shopping and so on [1]. At present, the mathematical and
statistical methods are most applied to construct consumer
decision-making models in most researches. For the studies of
consumers’ online-behaviors, the most popular methods are
empirical research (such as sample-based analysis) [2],
behavior-theory-based qualitative analysis and quantitative
analysis methods based on data mining [3]. Regarding those
methods, researches on consumer behaviors based on
mathematical and statistical methods are based on static
equilibrium. Data mining and behavior-theory based analysis
can reflect the characteristics of consumers’ online
consumption behaviors, but these methods cannot present the
patterns of consuming behavior of consumers on the whole,
under the influence of multiple internal and external factors.
In addition, these methods strongly rely on existing transaction
data [4], which are extremely difficult to collect. Therefore, an
agent-based modeling and simulation (ABMS) method is put
forward to analysis the patterns of online consumer behaviors
in this paper. In our method, the heterogeneity of members in
the system [5] can be reflected on the individual level of each
consumers, by applying bottom-up modeling mode, and the
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2. RELATED WORKS

individual influence in statistical methods and data mining
methods, it is necessary to consider the influence of behavioral
characteristics of individuals to the overall performance of the
system.

2.1 Problem statement
During online shopping, the consumer decision-making
process are influenced by internal factors and external factors.
The internal factors refer to the personal characteristics of
consumers, and the external ones refer to influences from sites
and external environment. In general, the process of consumer
decision-making can be divided into five stages: inspiring
shopping desire, searching information, evaluating and
choosing, making decision, and performing the purchasing
behavior. Figure 1 indicates all factors that influences the
online consumer behaviors, and the process of consumer
decision-making. The individual characteristics like gender,
age, annual income etc. are objective descriptions to evaluate
the individual differences of consumers. Different consumer
perceptions of online promotion will be generated due to the
individual differences of consumers, which will divert their
decision [16]. In this process, the internal factors’ on
consumers reflects their preference for external factors. In
other words, the consumer preferences will be expressed via
the effect of online promotion strategies, online promotion
scenarios and product types. In addition, the consumer
preferences to promotion strategies, promotion scenarios and
product types are fuzzy [17].

3. AGENT-BASED
BEHAVIOR IN
CONTEXT

MODEL
OF
THE ONLINE

CONSUMER
PROMOTION

3.1 Research framework and hypotheses
The research framework of this paper is shown in Figure 2,
which includes, the analysis of the consumer online shopping
behaviors, the extractions of individual attributes and external
factors, the construction of consumer model, websites model
and context model, the correlation analysis between different
models, the configuration of the structures and functions of
agents, the design of agents attributes and behavior rules, the
operation of the model and data analysis, and also the
observation of system emergence.
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Figure 2. Research framework based on agent

DecisionMaking

The hypotheses in our model are stated as follows:
(1) Each consumer belongs to a certain consumer category.
(2) For the consumers of the same type, the fuzzy values of
their performances are the same.
(3) The categories of available products online are limited.
(4) There is no such case like payment failure or commodity
shortage.
Based on the stated above and surveys of previous studies
[18], our questionnaire for online consumers is properly
designed. The main purpose of questionnaire in this paper is
to obtain the consumer profile and the consumer preference.
The former one includes gender, age, vocation, income, etc.
The latter one includes the consumer preferences to the online
promotion strategies, promotion context, products types etc. In
this study, 5000 questionnaires were sent out, and 4471 of
them were available. The data collected through the
questionnaires were utilized as the foundation of the agent
model.

Perform
Shopping

Figure 1. The process of consumer online decision-making
and its influential factors
2.2 Agent-based method
Usually, questionnaire survey was mostly applied for
empirical researches on consumer behaviors. The designed
questionnaires will be sent out in advance to collect necessary
information. After that, the collected data from questionnaires
will be analyzed and summarized with statistical methods. The
key issues of this study method lie in both the scientificity of
questionnaire design and the configuration of sample size. In
this paper, questionnaire survey and agent-based method are
combined to analyze online consumer behaviors. There are
two major advantages. On the one hand, it can effectively
avoid the impact of the inadequacy of study samples. Because
the ABMS method can generate multiple large sample data,
each individual consumer in the system can be inflected to an
agent, and its individual characteristics and behaviors can be
referred to attributes and rules of agent respectively. The
phenomenon of independence and interaction among
consumers can be simulated via the interactive mechanism
between agents. Based on this, the overall effects of consumers
purchasing behavior (i.e. emergence) can be observed. Thus,
the effect of promotion strategy can be evaluated. On the other
hand, the consumers’ decisions vary with individual
characteristics and the sensitivity to changes of market
environment. Therefore, in order to avoid the case neglecting

3.2 Consumer model
The consumer model consists of three parts: the consumer
profile, the consumer preference and the shopping desire of
consumer, which are defined as follows.
The consumer profile can be defined as a quintuple Cp,
which is composed of five consumer characteristics sets, i.e.
gender, age, education, vocation and monthly income, as
shown in equation (1).
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C p = gender , age, education, vocation, income

 gender  0,1

age  ( A =  Ai | i = 1, 2, , 7 )

education  ( E =  Ei | i = 1, 2, , 6 )

vocation  (V = Vi | i = 1, 2, ,8 )
income  I = I | i = 1, 2, , 6
)
( i
M


The products generally fall into four categories according to
the online shopping information of consumers. They are daily
supplies (P1), digital products (P2), domestic appliance (P3),
garments (P4), shoes and bags (P5), jewelry & accessories (P6),
foods (P7), cosmetics (P8) and services (P9), as shown in
equation (5).

Tp = T1 , T2 , T3 , T4 , T5 , T6 , T7 , T8 
(1)

The promotion strategies are denoted by set Sp, as shown in
equation (4).

where, the gender set includes only two elements: male and
female that are denoted by 1 and 0, respectively. The age set
is composed of 7 distinct sections: under 15, 16~25, 26~35,
36~40, 41~50, 51~60 and older than 60. The education set
contains 6 different education levels: under secondary
academic degree, secondary academic degree, high school
degree or equivalent, college degree, bachelor degree, and
master degree or above. The vocation set consists of 8 different
occupational categories, such as professionals, civil servants,
management occupations, student and so on. The set of
monthly income can be divided into 6 distinct sections: under
1500, 1500~3000, 3000~4500, 4501~6000, 6001~8000 and
more than 8000.
The consumer preference. The preference information is
composited of the preference to promotion strategies, the
preference to promotion contexts and the preference to product
types, which is marked as a triple Pf, as shown in equation (2).
These three different preferences are denoted by PS, PC and
PT, respectively.
 Pf = PS , PC , PT

 PS = {PS1 , PS 2 , , PSi , , PSl }, PSi  1, 5 , PSi  Z

 PC = {PC1 , PC2 , , PCi , , PCm }, PCi  1, 5 , PCi  Z

 PT = {PT1 , PT2 , , PTi , , PTn }, PTi  1, 5 , PTi  Z

S p = S1 , S2 , S3 , S4 

(5)

where, S1, S2, S3 and S4 stand for price discount, free shipping,
gift coupon and seckilling, respectively.
3.4 Context model
Based on the statistical survey of the online promotion, five
promotion context are summarized and described as follows:
(1) Festival and holiday (C1): E-commerce websites can
stimulate consumption by performing promotional activities in
festivals and holidays.
(2) Anniversary (C2): In order to attract consumers, online
retailers will perform promotional activities on special day like
anniversaries.
(3) Flash sale (C3): online retailers will provide products
with high discounts or very lower prices than usual in a very
short period of time，which can help retailers to build brand
loyalty.
(4) Off-season sales (C4): Extend the selling time of
products and attract consumers by reducing the price.
(5) New products (C5): When new products are online, they
are lack of regular customers or word of mouth. Thus, online
retailers usually employ new product promotion to attract
consumers.
The set of promotion context are marked as Ct, as shown in
equation (6)

(2)

where, three different preferences are denoted by PS, PC and
PT, respectively; the range of each consumer preference
degree is from 1 to 5, which stand for “can’t stand”, “dislike”,
“don’t mind”, “like”, “prefer”, respectively. For instant, a
consumer’s preferences to promotion strategy, promotion
context and product type are PS1=” like”, PC2=”don’t mind”
and PT3=”dislikes” respectively, the preference value of this
consumer is <4, 3, 2>; l, m and n stand for the types of
promotion strategies, promotion contexts and promotion
products, respectively
The shopping desire of consumers. It is used to describe the
probability of the consumer perform online shopping behavior,
and depend on individual consumptive habits. In this paper,
the shopping desire of consumer is denoted by a real number
SD∈[0,1]. If SD=0, it means that the consumer will not buy
any product. However, if SD=1, it means that the consumer is
about to buy a certain product.
Above all, the consumer model is defined in equation (3).
C = CP , Pf = gender, age, education, vocation, income, PS , PC, PT , SD

(4)

Ct = C1 , C2 , C3 , C4 , C5 

(6)

Usually, the consumers’ purchasing decision will be
impacted by promotion contexts. Therefore, the effect of
online promotion can be accurately reflected, when promotion
contexts are taken into consideration.
3.5 Rules design
In this section, agents’ rules are designed to predict
purchasing behaviors of consumers, according to the
consumer attributes in section 3.2. The main idea is to express
the agents’ behavior by means of ‘‘IF–THEN” and weighting
function [19].

(3)

3.5.1 Preference rules
According to the value of consumer gender, age, education,
vocation and income in equation (1), there are 4032 different
types of consumers. The consumers of same type share the
same preferences to promotion strategies PS, promotion
contexts PC, and product types PT referred to online retailers.

3.3 Websites model
In this paper, websites model has two main functions. The
former is to provide products, and the latter is to launch
promotions.
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First of all, relationship rules between the consumer profile
and consumer preference are established, which can be stated
as IF (Consumer Profile) THEN (Consumer Preference). Here,

relationship rules between the consumer profile and promotion
strategies are showed in Table 1. Due to space limitation, only
a few rules are listed.

Table 1. The relationship rules of between the consumer profile and promotion strategies
No.
1
2
3
4
5
6
7
…
4032

gender
male
male
male
male
male
male
male
…
female

age
A1
A1
A1
A1
A1
A1
A1
…
A7

Consumer Profile
education
vocation
E1
V1
E1
V1
E1
V1
E1
V1
E1
V1
E1
V1
E1
V2
...
…
E6
V8

In Table 1, rules can be divide into 2 parts: IF() and THEN().
The former part is used to describe the consumer attributes,
and the latter part is applied to represent the consumer
preferences. For example, assuming that in Rule 7, l=3, this
rule can be expressed as follows.
IF (gender=male and age=A1 and education=E1 and
vocation=V2 and income=I1)

income
I1
I2
I3
I4
I5
I6
I1
…
I6

4
4
3
3
3
3
4
…
3

Consumer Preference
Promotion Strategies(PS)
3
5
...
3
5
...
5
3
...
5
3
...
5
3
...
5
3
...
4
3
...
…
…
…
4
2
...

1
2
4
4
3
3
1
…
2

THEN (PS1=4, PS2=4, PS3=3)
Similarly, relationship rules between the consumer profile
and promotion contexts can be built, and the same between the
consumer profile and product types can also be constructed,
respectively, as shown in Table.2 and Table.3.

Table 2. The relationship rules between the consumer profile and promotion contexts
No.
1
2
3
4
5
6
7
…
4032

Consumer Profile
gender
age
male
A1
male
A1
male
A1
male
A1
male
A1
male
A1
male
A1
…
…
female
A7

education
E1
E1
E1
E1
E1
E1
E1
...
E6

vocation
V1
V1
V1
V1
V1
V1
V2
…
V8

income
I1
I2
I3
I4
I5
I6
I1
…
I6

Consumer Preference
Promotion Contexts(PC)
3
3
5
...
3
3
5
...
3
3
4
...
3
4
3
...
4
5
3
...
4
5
3
...
3
4
2
...
…
…
…
…
1
5
3
...

1
1
2
2
3
3
1
…
3

Table 3. The relationship rules between the consumer profile and product types
No.
1
2
3
4
5
6
7
…
4032

gender
male
male
male
male
male
male
male
…
female

age
A1
A1
A1
A1
A1
A1
A1
…
A7

Consumer Profile
education
vocation
E1
V1
E1
V1
E1
V1
E1
V1
E1
V1
E1
V1
E1
V2
...
…
E6
V8

3.5.2 Purchasing decision-making rules
For all products available online, consumers’ purchasing
decisions at time t are denoted by set Dt, Dt={Dijt |i=1,2,…,M;
j=1,2,…,N}, where Dijt={0,1} and subscripts i and j stand for
the ordinals of consumers and products respectively. If the ith consumer buys the p-th product, Dijt=1; otherwise, Dijt=0.
Besides, purchasing decisions of consumers are impacted
by promotion strategies Sp, promotion context Ct and product

income
I1
I2
I3
I4
I5
I6
I1
…
I6

1
1
1
1
1
1
1
…
2

Consumer Preference
Product Types(PT)
3
5
...
3
5
...
4
4
...
4
4
...
4
4
...
5
3
...
3
5
...
…
…
…
4
2
...

3
3
3
4
4
5
3
…
5

types Tp. According to consumer model in section 3.2, the
consumers’ decision-making process is also affected by their
shopping desire SD. Generally, the stronger the shopping
desire of consumers is, the higher the possibility of purchasing
products will be. So SD is regarded as an influence coefficient
of the consumer preference Pf. Thus, the consumer preference
under the influence of shopping desire is defined as Pf′=SD×Pf,
and the three different preferences PS′, PC′ and PT′ are defined
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in equation (7).

 P  = PS , PC , PT 
 f
 PS  = SD  PS 5

 PC  = SD  PC 5

 PT  = SD  PT 5

Table 4. Consumers’ purchase probability (%) before and
after promotions
Consumer
profile
Gender
Age

(7)

In equation (7), the values of PS′, PC′ and PT′ are all in the
interval [0,1]. The rule expression of consumers’ purchasing
decision is put forward as below.
IF <Condition 1> THEN <Decision 1>
IF <Condition 2> THEN <Decision 2>
IF <Condition 3> THEN <Decision 3>
IF <Condition 4> THEN <Decision 4>
IF <Condition 5> THEN <Decision 5>
IF <Condition 6> THEN <Decision 5>

Income

IF <Condition n> THEN <Decision n>
The description of purchasing decision rules are stated as
follows.
(1) In PS′, PC′ and PT′, if anyone of them is larger than a
certain threshold α, it means that the consumer will purchase a
particular item; otherwise, go to next step;
(2) In PS′, PC′ and PT′, if the sum of any two of them is
larger than a certain threshold β, the consumer will perform
shopping behavior; otherwise, go to next step;
(3) Let a, b, c be respectively the weights of PS′, PC′ and
PT′, which affect consumer decision-making. And a, b,
c∈(0,1). If the value of a·PS′+b·PC′+c·PT′ is larger than a
certain threshold γ, the consumer will make a purchase.
Otherwise, the consumer will do nothing and statements end.
In the simulation, the processes above will be performed on
every consumer. Different results under different criteria can
be produced by adjusting the values of parameters a, b and c.
The whole process is expressed in the form of “IF- THEN”.

Value

S1

S2

S3

S4

RAW

Male
Female
A1
A2
A3
A4
A5
A6
A7
I1
I2
I3
I4
I5
I6

4.09
4.61
4.73
5.58
6.62
5.04
4.19
3.35
2.13
5.08
4.85
4.55
4.28
4.05
3.93

4.27
4.08
4.81
5.11
6.08
4.93
3.84
3.07
1.86
4.62
4.28
4.19
3.87
3.81
3.73

4.29
4.41
4.69
5.04
6.19
4.75
3.76
3.04
1.67
4.45
4.73
4.24
4.19
3.87
3.52

4.36
4.35
4.92
5.32
6.07
5.01
3.8
3.39
1.75
4.98
4.44
4.56
4.11
3.76
3.26

3.34
2.74
3.06
3.57
4.18
3.33
2.59
1.99
1.27
2.94
3.26
3.27
2.97
2.72
2.66

From Table.4, it can be seen that purchase probabilities are
improved by different promotion strategies, and the increasing
rates are from 20.69% to 69.90%.
(1) Consumer decision-making analysis based on personal
characteristics
The effects of promotion strategies are denoted by set W
defined in equation (8), which is utilized to describe the
consumers’ decisions after employing different promotion
strategies.

W = ( R '− R ) R

(8)

where, R’ is the purchase probability of consumers after
applying promotion strategies, R stands for the purchase
probability of consumers before applying promotion strategies.
According to the purchase probability data in Table 2, the
specific impact of four promotion strategies are showed in
Figures 3 to 6.

4. EXPERIMENT AND RESULTS
4.1 Experimental Design
In this research, our Agent-based simulation model is
implemented with JAVA on the Repast. The Repast is an
advanced, free and open source ABMS platform, which has
many advantages, such as easy to learn, strong portability and
scalability, etc. [20]. Microsoft SQL is employed to store
consumers’ information, including consumer profiles,
consumer preferences and their correspondence, etc. The
simulation procedure is composed of three main parts: model
initialization, information acquisition and rule-based
simulation.

Figure 3. Effects of promotion strategies on consumers of
different gender
In Figure 3, it represents the promotion strategies’ effects
on female and male consumers. The abssisa represents
promotion strategies S1, S2, S3 and S4, corresponding to price
discount, free shipping, coupons and seckilling, respectively.
The ordinate stands for the effects of promotion strategies on
consumers. From Figure 3, it is clear that consumers’ gender
leads to significant difference in promotion effects: the
promotion strategies s1 and s2 have the largest impact and the
smallest impact on females, respectively, and the promotion
strategies s4 and s1 have the largest impact and the smallest
impact on males, respectively. Generally, promotion strategies
influence on females more obviously than males by 26.55 %,

4.2 Experimental results
In our model, 10000 consumers are generated and their
online shopping behaviors are simulated. Meanwhile, four
types of promotion strategies and five different contexts are
set, so there are 4*5=20 different combinations in total. From
simulation results, consumers’ changes in purchase
probability before and after employing promotion strategies
are shown in Table.4, where the column “RAW” is the
purchase probability without promotion.
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4.15 %, 13.38 % and 13.19 %. The reason may be that females
usually behave more emotionally rather than rationally in
shopping. Thus, female consumers are more likely to be
influenced by online promotion. This simulation results
consist with facts.

to the former one than the later one by 25.91 %, 20.98 %,
16.50 % and 38.31 %, respectively. And the promotion
strategy S1 works better than the rest three ones, except for
group I2.
In Figure 6, product types are analyzed, which corresponds
with the abscissa. Regarding type p1, it is not difficult to find
the effects of promotion stratagies s1 and s2 standing out from
the rest two strategies. As for type p2, stratagies S1 and S4
present the excellent sales promotion, compared with the other
products types. And, S1 performs the best selling result in type
p3. There is no significant difference for the four promotion
strategies on p4, of which the largest difference is 3.16%.
Overall, S1 fits in all product types, the statistics are as follows:
54.18 %, 56.23 %, 53.49 %, 39.42 %. But s3 does not reach the
ideal effect, it is only 25.33 %.
(2) Consumer decision-making analysis under different
contexts
The promotion strategies’ effects on consumers under
different contexts are showed in Figure 7. The abscissa
represents the promotion strategies applied by online retailers,
where RAW is referred to the unused promotion strategy. Five
promotion contexts C1, C2, C3, C4 and C5 respectively are
Holidays and festivals, Anniversary, Flash sale, Off-seasonal
sales and New products. From Figure 8, it is clear that
consumers’ purchasing probability is C5>C1>C3>C4>C2, as in
the decreasing order. Apprently, under context C5, the
influence of the promotion strategy is much higher than the
other three. It is obvious to see even the same promotion
strategy differs in effects under different contexts. And, the
purchase probability of consumers is lower when the
promotion strategy is not used.

Figure 4. Effects of promotion stategies on consumers in
different age groups
Figure 4 is referred to the degrees of different age
counsumer influenced by the promotion strategy. The abscissa
indicates the interval ranges of consumers’ ages. As can be
seen in Figure 4, the promotion strategy S1 is more effective
than the other three strategies. In contrast to the increasing of
ages, the effect of promotion strategy is a trend of downward.
Nevertheless, there are no obvious differences among the
groups A3, A4, A5 and A6. But the influences of group A7 have
underperformed the previous six goups. Compared with A1,
there is a maximum difference, which reaches 50.38 %.

Figure 5. Effects of different promotion strategies on
consumers with different income

Figure 7. Effects of different promotion stratigies under
different contexts
The contextual effects of on consumers with different
characteristics are shown in Figure 8, Figure 9 and Figure 10.

Figure 6. Effects of different promotion strategies on
different product types
Figure 5 indicates the effect W on consumers at different
income level, where the abscissa shows the value range of
consumers. From this figure, it is noted that promotion
strategies strongly appeal to low-income consumers more,
comparing with the high-income people. Comparing group I1
with group I6, four promotion strategies are more influencial

Figure 8. Effects of different promotion stratigies on
female/male consumers under different contexts
In Figure 8, it shows that the female is more likely to be
influenced by promotion context than the male. The effects on
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the female under four context are 13.60 %, 15.80 %, 9.60 %,
18.20 % and 8.30 % higher than that on the male, respectively.
It is clear that the female is most influenced in the context of
holidays and festivals, and the effects of new product
promotion on males and females are almost the same.

consumers than higher-income consumers; Price discounts
have better promotion effect for all types of products.
(3) Consumers’ purchase intension will be influenced under
specific promotion contexts. Thus, the promotion strategies
can play a better role under a proper context.
Therefore, targeted promotion strategies should be applied
in marketing process, according to different types of
consumers. In addition, in order suitable promotion strategies
should be adopted to attract more consumers, by taking
advantage of information of actual transactional context.
The strength of ABMS to analyze consumer online
behaviors are listed as below: Firstly, diverse data can be
generated from simulation model. Thus, the limitation of
sample coverage in empirical research, and the difficulty for
data collecting with data mining method can be both avoided
effectively. Secondly, the overall impact of online promotion
strategies on consumers’ online shopping behaviour can be
shown, according to agents’ autonomous behaviors under the
influence of all kinds of factors. Therefore, this research can
provide a new way for consumer behavior analysis. Our future
research will focus on improving the rationality of parameters
selection and analysis precision in simulation.

Figure 9. Effects of different promotion stratigies on
consumers in different age under different contexts
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