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By using keywords crawled by big data as a survey reference, this research applied latent category clustering method and binary
logistic regression model analysis method to analyze the differences in community group buying behaviors of residents from
different city scale and summarize the shopping behavior and features of different types of residents, for the purpose of offering
advice on different marketing methods for different types of urban residents, so as to realize the precise marketing of community
e-commerce and promote the further development of the industry.

1. Introduction

1.1. Research Background. In early 2020, the sudden out-
break of COVID-19 greatly changed people’s way of life. Due
to the pandemic, residents were forced to isolate at home.
Under these circumstances, work and social life can only be
conducted through the Internet, making it difficult for
people to purchase the daily necessities. )erefore, com-
munity group buying industry in China witnessed an ex-
plosive growth during the pandemic, as it offers convenience
for people to purchase daily necessities. According to
iiMedia Research (a consulting agency) [1], the growth rate
of community group purchase market increased by more
than 100% and the market scale reached 72 billion yuan.
Community group buying finally ushered in a new devel-
opment boom in 2020, since it fell into trough in 2019.

In addition, we also found that the main battlefield of
community group buying in the past two years began to
develop in the sinking market, and it did not enter the first-
tier and new first-tier cities such as Beijing, Shanghai,
Guangzhou, and Shenzhen until the first half of 2020 [2].
)erefore, we are thinking of whether residents’ purchase
intentions and consumption behavior in community group
purchase will be significantly different due to the different

city scale where they live, and whether the influence factors
will also be very different.

Now we are in the postepidemic era; the community
group buying industry is accelerating its integration, and
more entrepreneurs want to get a share of it, making the
competition in this industry increasingly fierce. At the same
time, people’s reliance on the community group buying has
decreased with the improvement of the pandemic [3]. If
residents’ consumption behavior in community group
buying differs significantly due to the scale of the city, then
different marketing should be adopted for residents from
cities of different scales. )is method is more conducive to
community e-commerce to achieve precision marketing and
promote further development of this industry.

1.2. Current Status of Research Conducted in China and
Abroad. )rough consulting domestic and foreign litera-
ture, we find that people ’s consumption behavior is mainly
affected by their internal factors such as gender, age, edu-
cation, income, price awareness, quality awareness, and
personal preferences, and it is also affected by external
stimuli such as platform and social environment. In the
analysis of the causes of the online shopping willingness of
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fresh agricultural products authored by Chen and Lu [4], it is
shown that the basic personal characteristics such as gender,
age, and income are significantly related to the results of
consumers’ buying fresh products online. In the research on
the factors affecting consumers’ willingness to buy imported
fresh fruits online, He [5] found that the main factors af-
fecting consumers’ willingness to buy imported fresh fruits
online are based on personal cognitive characteristics, such
as time saving and labor saving, and the rich varieties of
imported fruits. Guo and Xu [6] explored the influence
factors of customer online shopping behavior under the
background of “Internet +” and found that external envi-
ronmental factors such as merchant, logistics, website, and
commodities are the most direct factors affecting customer
satisfaction.

In their research on the influence of online shopping
festivals on consumers’ online shopping intentions during
the “Double Eleven Shopping Carnival,” Bai and Liu [7]
found that external environmental stimuli such as festival
atmosphere and panic buying have a positive effect on
consumers’ shopping mood and, therefore, enhanced con-
sumers’ shopping intention.

In summary, existing research mainly analyzes the factors
that affect consumers’ online shopping willingness and rarely
involves consumer community group buying willingness and
behavior based on the perspective of city scale. )erefore, by
making community group buying behavior as the carrier and
city scale as the perspective, this research applied latent
category cluster analysis, chi-square test, and binary logistic
regression model to study the impact of different factors on
urban residents’ consumption behavior.

1.3. Collect theDatawith theOctopus Software. Today, in the
21st century, information is growing in an explosive way.
)e era of big data has long come, and people use a variety of
methods to deal with big data, such as cloud storage, cloud
computing, and Python. As a product of the high-tech era,
big data work as the original driving force for the world
economic development. Contemporary industries, social
networking, companies, and various industries are insepa-
rable from big data. According to the “Big Data Special”
report of Chinese Entrepreneurs, Nongfu Spring uses big
data to sell mineral water. In 2011, SAP launched the in-
novative database platform, SAP Hana, with which real-time
reporting could be achieved as compared with the previous
data without big data. It can be seen that big data can bring
forward-looking decisions and help optimize the allocation
of resources. )erefore, the study will analyze the online
shopping behavior of urban residents based on big data.
Starting from the current background, the authors put
forward the research topics, consulted the research situation
in China and abroad, further determined the entry point of
the research, used Octopus crawler software to collect data,
and calculated the data to form cloud map and then analyze
which online shopping modes are preferred by residents and
how this influences online shopping behavior, products, and
other information and thus obtained the characteristics of
consumer shopping behavior.

2. Questionnaire Design and Sample
Composition of a Community Group
Buying Behavior

2.1. InvestigationMethod. )is study adopts a questionnaire
survey method to issue online questionnaires. On the one
hand, the questionnaires were distributed to people in their
area through relatives and friends. On the other hand, the
questionnaires were distributed by random search com-
munity social groups on the Internet and also distributed
randomly on social media platforms such as Weibo and
Douban, so as to obtain more valid sample data. A total of
800 questionnaires were issued, and 750 questionnaires were
collected, of which 672 were valid questionnaires, with an
efficacy rate of 89.60%. All the collected questionnaires were
recorded and sorted out. In the end, a total of 672 samples
from primary, secondary, and below cities of Beijing,
Guangdong province, and Hunan and Henan provinces
were obtained for us to understand the basic situation of
group buying behavior in urban cities of different scales.

2.2. Questionnaire Design. On the basis of literature review,
the questionnaire was designed in combination with the
opinions of relevant experts. We set up options such as
gender, age, city, and monthly income to understand the
basic information of the interviewees. At the same time, we
defined the monthly purchase frequency, consumption level,
purchase channels, shopping type, and other options to
understand consumption behavior characteristics in com-
munity group.

)is survey uses a presurvey method to evaluate the
reliability and validity of the questionnaire and adjusts the
content and structure of the questionnaire based on the
survey situation and evaluation opinions. After the survey
was completed, we checked the completeness of the ques-
tionnaire and logic of all questionnaires and removed the
unqualified questionnaires.

2.3. Statistical Description of Individual Information.
Among the 672 respondents, the proportions of the scale of
the cities where residents live were equal. Among them,
there were 311 respondents from large-scale cities and 361
from small cities, accounting for 53.7% of the total. More
women were interviewed than men, accounting for 56.1% of
the total respondents, and the majority were unmarried,
accounting for 58.9% of the total number. Respondents were
mainly aged among young groups, with 53.9% aged 18–25
years. More respondents were living with others compared
to living alone. Among them, those with more than four
people living together accounted for 38.4%. In addition,
their monthly income was concentrated in the low to me-
dium level.)e respondents with an income of 5,000 yuan or
less accounted for 66.7% of the total, and those with a
monthly income of 10,000 yuan and above accounted for
10.1% of the total. )e education level of the interviewees
was mostly concentrated in the undergraduate level, ac-
counting for 62.4% of the total. )e majority were students,
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followed by employee of enterprise, public institutions, and
individual businesses, accounting for 46.6%, 22.9%, and
9.8% respectively. Among the interviewees in this survey,
287 have participated in community group buying, ac-
counting for 42.7% of the total.

3. Data Processing and Analysis of Group
Buying Behavior of Urban Residents

3.1.Data Statistical Tools andMethods. )is study used SPSS
25.0 and Mplus 8.0 to process the data, used Mplus to
perform latent category cluster analysis, used SPSS to per-
form chi-square test on the data to check the correlation
between the latent categories and the basic information of
residents, and then used the binary logistic regression model
to test the degree of influence of various basic information
on group buying behaviors in different potential types of
residents’ communities.

3.2. Model Construction and Variable Selection

3.2.1. NVivo Software Analysis. NVivo is powerful quali-
tative analysis software that can effectively analyze a variety
of different data. )is research will use big data text analysis
software NVivo to make statistics of the collected text data to
form a word cloudmap and then perform cluster analysis for
further research. With these data, the authors find that the
larger the proportion of the data area in the word cloud map
is, the higher the willingness to do online shopping that
consumers have, and the more they are inclined to choose
this type of purchasing.

3.2.2. Latent Category Cluster Analysis Model Construction
and Variable Selection. Potential category analysis is a
mathematical model that describes the interrelationship
between a set of categorical variables, and the method of
integrated clustering is suitable for exploratory research.

)is study first uses Mplus 8.0, based on the perspective
of different city scales, and takes the consumption behavior
characteristics of community group buying and the scale of
permanent cities as observable external variables to conduct
exploratory potential category analysis and find out the fit
through specific indicators.

In the end, this study set a total of 11 categorical vari-
ables, such as urban scale, shopping channels, consumption
level, purchase frequency, shopping preference, and im-
portant characteristics.

3.2.3. Chi-Square Test Analysis. Chi-square test is a widely
used hypothesis testing method. It is used to calculate the
degree of difference between the actual observed value and
theoretical inferred value of a sample. It is usually expressed
by Pearson’s chi-square, and asymptotic significance is used
as two random variables’ statistical indicator of the closeness
of the correlation. )is study believes that when the as-
ymptotic significance is less than 0.01, it can indicate that
there is a strong correlation between two random variables.

In this study, SPSS 25.0 was used to perform a chi-square
test to analyze the basic information and potential categories
of the interviewees and to initially screen out variables with
strong correlations with the potential categories.

3.2.4. Binary Logistic Regression Model Construction and
Variable Selection. Binary logistic regression is a linear
regression analysis model for binary categorical variables to
be explained. It is often used in the fields of data mining and
economic forecasting and other fields. )is study establishes
a binary logistic regressionmodel for each potential category
and discusses whether the personal basic information var-
iable that has a strong correlation with the city scale variable
has a significant impact on the community group buying
behavior of residents in each potential category. Among
them, the explanatory variables are the respondent’s age,
gender, occupation, marital status, monthly income, and the
number of people living together, and the interpreted var-
iable is whether to belong to this potential category.

4. Results and Analysis of Group Buying
Behavior in Three Urban Communities

4.1. NVivo Analysis. After the text data was collected by
Octopus crawler software, NVivo software was used to
perform statistical analysis on text big data, count the fre-
quency of word occurrences, and analyze the concerns of the
consumer community during group purchases. Figure 1
shows the information that urban residents cared about
during online shopping.

All the words in Figure 1 are closely related to com-
munity group buying. )e results indicate that, because of
the pandemic, commodity operation in the market has
further developed towards community group buying. “Sink”
and “city” reflect that the city scale is changing.)e shopping
goods are mainly raw and fresh fruits. Shopping channels
mainly include Meituan selection optimization, Xingsheng
Optimal, and related stores and convenience stores, and then
these products are delivered to home to improve online
shopping efficiency; thus a supply chain is formed in this
way. Customers, cost, capital, commission, and o forth re-
flect the level of residents’ purchase level. Price, demand,
quality, and after-sales reflect the factors that consumers
cared about when shopping. Community group buying
platforms are mainly provided on small program, WeChat,
online community, and so on. Analysis is made based on
factors like the city scale, monthly purchase frequency,
consumption level, purchase channels, shopping types, and
so forth, to reflect consumers’ purchase features in the
community group buying under certain circumstances.

4.2. Cluster Analysis. )e study starts with the single-cate-
gory initial model and selects latent category models from
single category to 7 categories to explore the minimum
number of potential categories that can fully explain the
relationship between the explicit variables of residents’
consumption behavior.
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)e indicators used in this study are Log (Log likeli-
hood): log likelihood function value, AIC (Akaike infor-
mation criterion), BIC (Bayesian information criterion) and
aBIC (Sample-Size-Adjusted BIC): BIC after sample-size
correction, Entropy: Entropy and LMR (Lo-Mendell-
Rubin), and BLRT (parametric bootstrap likelihood ratio
test): bootstrap-based likelihood ratio test.

Studies have shown that the smaller the values of Log,
AIC, BIC, and aBIC, the better the fitting effect of the model;
the higher the Entropy value, the higher the accuracy of its
latent category classification; the significant LMR and BLRT
values indicate that n categories of the model are better than
the n− 1 category model. Table 1 reports the data fit from the
single-category model to the 7-category model.

)e results in Table 1 show that Log (L) decreases with the
increase in the number of categories. )e information eval-
uation indicators AIC and aBIC have minimum values when
the model category is 4, and the BLRT value reaches a very
significant level (p< 0.001), indicating 4 potential categories
better than 3 latent categorymodels. Generally speaking, when
the number of samples is not more than 1000, it is recom-
mended to judge the fitting effect of the model with the AIC
index. In total, 287 samples are analyzed in this study, so AIC
can be used as a decision-making indicator for model suit-
ability. According to the analysis results of the 7 models, the
AIC value is the lowest when the number of model categories
is 4 (3229.823), so this study considers to choose the 4 best-
fitting latent models (Class1, Class2, Class3, and Class4).

)e cluster icicle diagram is shown in Figure 2. By
observing the height of the white strips, we can divide the
number of 287 samples into 4 categories. In conclusion,
through Mplus, the frequency of Class1 is 42, the frequency
of Class2 is 106, the frequency of Class3 is 53, and the
frequency of Class4 is 86. )e x-axis represents the obser-
vation object, and the y-axis represents the frequency that
can be divided into each category (Class). Each sample name
corresponds to a blue strip, and 287 sample strips have the
same length. )ere is also a white strip between every two
sample strips. )e length of the strip indicates the degree of
similarity between the two samples. )e higher the simi-
larity, the longer the length of the white strip.

)e average attribution probability matrices of 4 po-
tential categories are shown in Table 2. )e average prob-
ability distribution of each potential category is between 72%
and 90%, indicating that the models with 4 potential cate-
gories are reliable.

A comprehensive analysis of Table 3 and Figure 3 shows
that 287 urban residents with community group buying
behaviors are classified into Class1, Class2, Class3, and
Class4. )ey have the following characteristics:

42 urban residents come from Class1 cities, accounting
for 14.6%. For Class1 cities, city scale is more evenly
distributed and people have high monthly purchase
frequency. Residents usually use community group
buying APP to conduct community group buying and
will not purchase due to the rich variety of goods.
Among them, more than 75% of urban residents will
buy food and nonfood goods through community
group buying.
106 residents come from Class2 cities, accounting for
36.9%. For Class2 cities, city scale is smaller and has low
monthly purchase frequency. Most of the purchase
channels are community group buying APP, and res-
idents choose community group buying due to rich
variety of goods, time saving, affordable price, quality
assurance, and good service quality. All residents will
buy nonfood goods through community group buying.
53 residents belong to Class3 cities, accounting for
15.8%, Class3 cities are with a small city scale, low
monthly purchase frequency, and high consumption
level. Most of the purchase channels are self-organized
purchases through WeChat group chats; because of the
rich variety of goods, time saving, better quality as-
surance, and distribution service, the community group
purchase is selected. )e characteristics of price con-
cessions are less important and everyone will buy food
goods.
86 residents belong to Class4 cities, accounting for
30.0%. For Class4 cities, the city scale is more evenly
distributed. Most of the purchase channels are through
community group purchase apps. )e consumption
level is low. At the same time, residents choose com-
munity group buying due to rich varieties of com-
modities, time saving, affordable price, quality
assurance, and good distribution service, and everyone
will buy food goods.

It can also be seen from Figure 2 that the consumption
behavior characteristics of the two categories of Class2 and
Class4 are similar. )e main difference lies in the types of
goods purchased when conducting community group
purchases. Most residents of Class2 live in small-scale cities,
and everyone will buy nonfood products through com-
munity group buying. Most people in Class4, where the city
scale is evenly distributed, will not buy nonfood products
through community group purchases. Most residents of
Class3 live in small-scale cities, and the response probability
of monthly purchase frequency, purchase channel, and
consumption level is significantly higher than those of the

Figure 1: Text word cloud diagram of consumer online shopping.
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other three categories. )e response probability of whether
to choose to participate in the community group buying due
to the affordable price is significantly lower than those of the

other three categories; Class1 urban scale is evenly dis-
tributed. )e response probability of whether to participate
in community group buying due to the rich variety of goods,

Table 3: Response probability of 4 potential categories of group purchase consumption behavior in each variable.

Variable name Variable value Class1 Class2 Class3 Class4

(A) City scale 1. Large 0.469 0.296 0.153 0.555
0. Small 0.531 0.704 0.847 0.445

(B) Monthly purchase frequency 1. Low 0.334 0.607 0.795 0.484
0. High 0.666 0.393 0.205 0.516

(C) Purchase channels

1. Group chat spontaneous
purchase 0.278 0.301 0.629 0.183

0. Use the community group
buying APP 0.722 0.699 0.371 0.817

(D) Consumption level 1. High level 0.405 0.522 0.941 0.240
0. Low 0.595 0.478 0.059 0.760

(E) Do consumers choose to participate in the community group buying
due to the rich variety of goods

1. Yes 0.241 0.944 0.979 0.918
0. No 0.759 0.056 0.021 0.082

(F) Do consumers choose to participate in the community group buying
because of saving time

1. Yes 0.470 1.000 0.650 0.952
0. No 0.530 0.000 0.350 0.048

(G) Do consumers choose to participate in the community group buying
due to the affordable price

1. Yes 0.646 1.000 0.486 1.000
0. No 0.354 0.000 0.514 0.000

(H) Do consumers choose to participate in the community group buying
due to quality assurance

1. Yes 0.575 0.924 0.872 0.909
0. No 0.425 0.076 0.128 0.091

(I) Do consumers choose to participate in the community group buying
due to the good distribution service

1. Yes 0.649 1.000 0.961 0.885
0. No 0.351 0.000 0.039 0.115

(J) Do consumers buy food goods through community group buying 1. Yes 0.847 0.672 1.000 1.000
0. No 0.153 0.328 0.000 0.000

(K) Do consumers buy nonfood goods through community group buying 1. Yes 0.750 1.000 0.507 0.393
0. No 0.250 0.000 0.493 0.607

Table 1: Potential category model adaptation index of the consumption behavior of community group buying.

Model K Log (L) AIC BIC aBIC Entropy LMR BLRT
1 11 −1673.063 3368.126 3408.38 3373.5
2 23 −1626.824 3299.648 3383.817 3310.88 0.692 0.125 ∗∗∗

3 35 −1587.412 3244.823 3372.905 3261.92 0.721 ∗ ∗∗∗

4 47 −1567.912 3229.823 3401.819 3252.78 0.679 ∗ ∗∗∗

5 59 −1556.083 3230.166 3446.076 3258.98 0.722 0.224 0.3333
6 71 −1544.846 3231.693 3491.516 3266.37 0.768 0.2786 0.6667
7 83 −1533.372 3232.744 3536.481 3273.28 0.798 ∗ 0.3077
Note. K is a free estimated parameter value (number of free parameters); ∗p< 0.05, ∗∗p< 0.01, and ∗∗∗p< 0.001, the same below.
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Figure 2: Cluster ice chart.

Table 2: Average ownership rate (column) of subjects (rows) in the 4 potential categories.

Class C1 (%) C2 (%) C3 (%) C4 (%)
C1 0.90 0.03 0.03 0.04
C2 0.02 0.72 0.10 0.16
C3 0.04 0.00 0.87 0.09
C4 0.06 0.09 0.03 0.82
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whether to choose to participate in community group
buying because of time saving, whether to participate in
community group buying because of better quality assur-
ance, and whether to participate in community group
buying due to good distribution service are significantly
lower than those in the other three categories.

4.3. Inspection and Analysis of the Chi-Square Test.
Firstly, the correlation between the two variables is analyzed:
the residents’ understanding of community group buying
and whether they participate in community group buying
and city scale.

It can be seen from Table 4 that the level of under-
standing of community group buying among small-scale
urban residents is higher than that of large-scale cities. )e
number of residents participating in community group
buying in small-scale cities (50.1%) is significantly more than
that of those in large-scale cities (34.1%).

According to the chi-square test in Table 5, the pro-
gressive significance <0.01 reaches a significant level, indi-
cating that the two variables, the respondents’
understanding of community group buying and whether
they have participated in community group buying, have a
strong correlation with the variable of city scale.

Second, it studies the correlation between the basic
information of the interviewees and the potential categories
and makes a preliminary screening of the basic information
variables that affect the group buying consumption behavior
of residents’ communities. )e basic information is the age,
gender, occupation, marital status, number of people living
together, and education level.

From Table 6, it can be seen that, except for the variable
of education level (progressive significance >0.01), the
remaining basic information variables have a strong cor-
relation with the potential category.

In conclusion, since the variable of education level has
no significant correlation with the potential category, the
variable of education level is excluded from the explanatory

variable when analyzing the date with the binary logistic
regression model.

4.3.1. Analysis of the Binary Logistic Regression Model.
In order to further explore the difference of community
group consumption behavior of residents from cities of
different scale, this study uses the binary logistic regression
model on four potential categories with different charac-
teristics by using basic information that is highly correlated
with potential categories as independent variables.

According to Tables 7 and 8, the impact of the birth year
on all 4 groups was insignificant. )is may be caused by the
rapid development of Internet big data, as well as the in-
creasing advancement of science and technology in China.
Under this background, consumers of different birth years
are all affected by the same external environment.

When studying the influence factors of the community
group buying behavior of different groups, the authors find
the following features:

For Class1 group, monthly income has a significant
impact on the community group buying behavior. For
Class1 consumers, their monthly income is at the
middle and low levels of four groups. Such consumers
generally do not have high requirements for the
richness of product categories. )e focus is on meeting
their daily needs, and they pay more attention to the
convenience brought by affordable prices.
For Class2 Group, the basic information variables are
not significant. )is is caused by smaller city scale in
which household connection is closer and information
exchange is more frequent and information received is
similar. )erefore the basic information has less influ-
ence on the consumption behavior of this type of group.
For Class3 group, community group consumption
behavior, gender, the number of people living together,
marital status, monthly income, and occupation all
have significant impact on the group. )e reason is that
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Figure 3: Response probability of the 4 potential categories of group purchase consumption behavior in each variable.
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Table 5: Community group purchase understanding degree ∗city scale with chi-square inspection.Whether to participate in the community
group purchase ∗city scale chi-square inspection in the current area.

Variables Value Degree of freedom Progressive significance (bilateral)
Understanding degree Pearson’s square 18.630 3 ∗∗∗

Participation or not 17.600 1 ∗∗∗

Table 6: Basic information ∗potential category with chi-square inspection.

Variables Value Degree of freedom Progressive significance (bilateral)
Gender

Pearson’s square

14.203 3 ∗∗

Year of birth 199.379 138 ∗∗∗

Education level 24.377 12 0.018
Number of people living together 30.899 9 ∗∗∗

Marriage status 45.102 3 ∗∗∗

Monthly income 53.312 18 ∗∗∗

Career 43.650 3 ∗∗∗

Table 4: Whether residents participated in the community group buying ∗city scale cross table in the current area. Community group
purchase understanding degree ∗city scale cross table.

Count of the number
City scale

TotalSmall city
scale

Large city
scale

Understanding degree of community group buying

Know a lot 157 (43.5%) 109 (35.0%) 266
Do not know very

well 144 (39.9%) 120 (38.6%) 264

Know very well 38 (10.5%) 32 (10.3%) 70
Do not know at all 22 (6.1%) 50 (16.1%) 72

Total 361 311 672
Whether residents participate in the community group buying in the
current area

No 180 (49.9%) 205 (65.9%) 385
Yes 181 (50.1%) 106 (34.1%) 287

Total 361 311 672

Table 7: Model regression results.

)e project Class1 Class2 Class3 Class4
Gender 0.559 0.18 0.001∗∗∗ 0.188
Year of birth 0.904 0.929 0.938 0.88
Number of people living together 0.115 0.162 0.095∗ 0.429
Marriage status 0.714 0.763 0.002∗∗∗ 0.06∗
Monthly income 0.016∗∗ 0.108 0.004∗∗∗ 0.102
Career 0.806 0.226 0.046∗∗ 0.000∗∗∗

Note. ∗∗∗ ∗∗and ∗represent the significance levels of 1%, 5%, and 10%, respectively.

Table 8: 4 distribution differences in the potential categories on the basic information variables.

Basic information variable Class1 (n� 42) Class2 (n� 106) Class3 (n� 53) Class4 (n� 86) Total

Gender Female 26 (13.76%) 75 (39.68%) 24 (12.70%) 64 (33.86%) 189
Male 16 (16.32%) 31 (31.63%) 29 (42.65%) 22 (22.45%) 98

Marital status Unmarried 21 (15.44%) 49 (36.03%) 6 (4.42%) 60 (44.11%) 136
Married 21 (13.91%) 57 (37.75%) 47 (31.12%) 26 (17.22%) 151

People living together

One person 12 (21.82%) 18 (32.73%) 1 (1.82%) 24 (43.63%) 55
Two people 3 (10.00%) 12 (40.00%) 5 (16.67%) 10 (33.33%) 30
)ree people 17 (16.50%) 34 (33.01%) 32 (31.07%) 20 (19.42%) 103

Four people and more 10 (10.10%) 42 (42.42%) 15 (15.16%) 32 (32.32%) 99
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married high-income men are the main shoppers in
Class3; and as they have more family members, they
need to buy a lot of daily necessities to meet the family
needs at each time. Also high-income men are busy
with work; the frequency of participating in community
group purchases is relatively low, so they cared about
time saving and family life quality. Factors like the
variety and richness of commodity, product quality,
and the speed of delivery service on the community
group buying platform are particularly important.
For Class4 group, marital status and occupation have a
significant influence on this group, where the indi-
viduals are mostly unmarried, and more than half of
them are students. )e individuals in this group usually
only need to ensure their daily life needs, and most of
them are living in a collective life and do not have good
food storage conditions. So they tend to buy only short-
term needs.)erefore their community group purchase
frequency is higher, while purchase amount is lower
than those of the rest of the groups.

5. ConclusionsandSuggestionsofDifferences in
Four Urban Residents

5.1. Main Conclusions. Based on the survey data of com-
munity group buying behaviors of 672 respondents in cities
of different sizes, latent category clustering analysis and
binary logistic regression analysis are carried out, and the
following research conclusions are drawn.

)e differences in community group purchasing be-
haviors of urban residents of different sizes are as follows.

Small-scale urban residents account for a larger pro-
portion of the two consumer behavior categories, Class2 and
Class3, which is because, in small-scale cities, community
group buying is more popular and has a wider audience.
)rough latent category cluster analysis, the 287 urban
residents who have participated in community group pur-
chases are roughly divided into 4 types of consumption
behavior, among which the consumption behaviors of urban
residents in the Class3 and Class4 categories have obvious
grouping characteristics. On the whole, only the year of birth
has no significant impact on the four groups. Monthly in-
come has a significant impact on the consumption behavior
of Class1 urban residents, and the number of people living
together, occupation, marital status, and gender have a
significant impact on the consumption behavior of Class3

urban residents. Marital status and occupation have a sig-
nificant impact on the consumption behavior of Class4
urban residents.

5.2. Countermeasures and Suggestions. On the whole, the
vast majority of consumers value the safety of commodity
quality and quality of community group purchase platform
and the superiority of distribution service. )erefore,
strengthening the quality of goods and improving the quality
of after-sales service platform will undoubtedly encourage
more users to choose community group purchase. )e
thoughtfulness of distribution service is also a plus. In ad-
dition, more than half of the people in the city residents
involved in the questionnaire have not used the community
group buying, and chi-square test inspection analysis results
show that the understanding of community group buying is
strongly correlated to the city scale. Residents living in large-
scale cities are less involved in community group buying and
have lower understanding of it. It is recommended to use big
data advertising to increase the promotion of community
group buying as a new shopping mode.

Starting from the consumption behavior of urban res-
idents, it is found that consumers of different groups also
show different urban scale distribution and shopping be-
havior characteristics. )erefore, for the community
e-commerce company to accurately identify the target
customers and achieve accurate marketing, the specific
suggestions for four types of urban residents are as follows.

For Class1 group, because they have low demand for the
richness of product types and higher purchase frequency and
they are more concerned about price benefits, community
e-commerce companies can carry out a large promotion of
several commodities on the e-commerce platform according
to the psychology of such consumers, so as to attract such
people to come to consume.

In view of Class2 group having no obvious influencing
factors, community e-commerce platforms should be more
targeted in advertisement. )ey can conduct in-depth in-
vestigation into all walks of life, explore the more detailed
shopping needs of such groups, and provide a clear target
direction for future advertisement, as well as discount
activities.

For Class3 group, community platforms should increase
their dependence and irreplaceability on community group
buying, such as more efficient delivery service and better
quality assurance, because most of the individuals in this

Table 8: Continued.

Basic information variable Class1 (n� 42) Class2 (n� 106) Class3 (n� 53) Class4 (n� 86) Total

Monthly income

RMB 3,000 and less 19 (17.27%) 37 (33.64%) 6 (5.45%) 48 (43.64%) 110
$3000–5000 11 (16.18%) 28 (41.17%) 12 (17.65%) 17 (25.00%) 68
$5000–8000 7 (10.45%) 22 (32.83%) 27 (40.30%) 11 (16.42%) 67

RMB 8000–10000 1 (5.88%) 7 (41.18%) 4 (23.53%) 5 (29.41%) 17
RMB 10,000-RMB 20,000 2 (14.29%) 8 (57.14%) 3 (21.43%) 1 (7.14%) 14
RMB 20,000-RMB 50,000 1 (10.00%) 4 (40.00%) 1 (10.00%) 4 (40.00%) 10
RMB 50,000 and above 1 (100.00%) 0 0 0 1

Career Students 14 (15.38%) 29 (31.87%) 1 (1.10%) 47 (51.65%) 91
Nonstudent 28 (14.28%) 77 (39.29%) 52 (26.53%) 39 (19.90%) 196
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group are keen to use WeChat group chat to organize group
purchases on their own. )e community e-commerce
platform can promote the further growth of the commodity
shopping group by attracting more enthusiastic mothers or
community store owners to join the group leaders.

Aiming at the Class4 group, based on the characteristics
that most of its individuals are students, the e-commerce
platform can adopt means such as product promotions and
student discounts to develop more potential student users or
also set up more community group buying sites on campus
to improve the convenience of community group buying so
as to attract more students to join in the community group
buying.

Data Availability

)e data that support the findings of this study are available
from the corresponding author upon reasonable request.

Conflicts of Interest

)e authors declare that they have no conflicts of interest.

References

[1] Ai Media Consulting, Special Research Report on Chinese
Community Group Purchase Industry in the First Half of 2020,
Sydney, Australia, 2021.

[2] C. Jia, “Analysis of the development status of community group
buying in the “post-epidemic era”,” Mall Modernization,
vol. 18, pp. 6–8, 2020.

[3] Severe, “)oughts on the development of the new retail model
of community group buying,” Mall Modernization, vol. 8,
pp. 17-18, 2019.

[4] P. Chen and M. Lu, “Analysis of the online shopping intention
of fresh agricultural products—based on the survey data of
Hengyang city,” Journal of Hengshui Normal College, vol. 4,
pp. 107–112, 2019.

[5] Y. He, “Investigation on the influencing factors of consumers’
willingness to import fresh fruit online shopping,” Business
Economy, vol. 1, pp. 99–178, 2020.

[6] X. Guo and J. Xu, “Customer online shopping behavior in-
fluence factors under the background of “internet +”
research—takes college students as an example,” Logistics
Technology, vol. 10, pp. 42–46, 2020.

[7] B. Xin and K. Liu, “Study on the impact of the “double 11”
online shopping atmosphere on consumers’ willingness to do
online shopping,” Value Engineering, vol. 2, pp. 57–59, 2019.

Mathematical Problems in Engineering 9


