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In China, the mature development of online retail channels provides consumers with 
multiple consumption choices, and the factors that affect whether consumers choose to 
search or purchase online are numerous and complex. In this context, this paper reports 
on experimental research regarding consumers’ willingness to choose channels based 
on the two-stage decision-making theory. Using structural equation modeling, the factors 
influencing consumers’ online search intention and purchase willingness and the 
relationship between them are studied. In particular, the perceived benefits, channel trust, 
and channel transfer costs are explored. Furthermore, a Bayesian network is used in order 
to analyze the degree of influence of each factor quantitatively. It is found that online trust 
is an important factor affecting consumers’ online search intention, and the most important 
factor for consumers’ online purchase intention is their perceived benefits of online 
shopping. At the same time, there is a positive relationship between online search intention 
and purchase intention. This study can provide management decision support for online 
retail enterprises and help to promote the healthy development of online shopping.

Keywords: two-stage decision-making theory, search intention, purchase intention, structural equation model, 
Bayesian network

INTRODUCTION

The recent emergence of multiple retail channels has made consumers’ choice of shopping 
channels more complex, causing consumers to rethink their choice of shopping channels. This 
phenomenon has attracted the attention of scholars, who have examined product pricing and 
channel choice willingness. Many scholars have analyzed channel choice willingness from the 
theoretical perspective of consumer perception, as consumer behavior is motivated by consumers’ 
psychological assessment of the results that will be achieved by the specific attributes of products 
or services, such as perceived benefit (Khan et  al., 2015), perceived value (Zhao and Chen, 
2021), and perceived usefulness (Wang et  al., 2021). However, the above-mentioned researches 
are one-sided, because they only analyze the choice of shopping channels from the perspective 
of consumer perception. Trust is the attitude and cognition of consumer toward shopping 
channels. It is believed by some scholars that perceived benefits are based on trust toward the 
shopping channels (Costa e Silva et  al., 2020). Both online and offline channels boast their 
own advantages, and consumers can choose different channels at different purchasing stages. 
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But current researches can hardly clarify the complexity on 
studying consumer channel choice in a theoretical way.

Consumer channel choice is the study of consumer behavior 
with unique features, because it is based on analyzing real 
problems and giving choices. The early researches are dominated 
by theoretical analysis. For example, Huang et al. (2016) analyzed 
the impact exerted by the emergence of mobile retail channels 
on online consumption behavior. Based on qualitative research, 
some scholars try to adopt statistical methods and models to 
study consumer shopping channels, such as using correlation 
analysis to analyze factors influencing consumers in online 
shopping decision-making (Elida et  al., 2019). However, the 
relationship between variables cannot be  well explained and the 
latent variable measurement error remains unresolved by the 
mentioned methods. With the development of statistical theory, 
some more rigorous and sound statistical techniques and model 
analysis methods have been introduced into the research on 
factors affecting online shopping, such as research on impulsive 
consumption in online retail (Gupta and Shukla, 2019) and the 
influence of brand experience on consumer behavior (Chen-ran, 
2020). Most of the above researches are carried out around the 
structural equation model (simply called SEM). SEM is a 
multivariable statistical analysis method for testing the hypothetical 
relationships between observed variables and latent variables and 
among latent variables. It has good processing ability in proving 
the authenticity of hypotheses (Akbarzadeh et  al., 2019). In the 
behavior research of online consumer, latent variables, such as 
cognition, attitude, behavior, and willingness, are often 
unmeasurable, which need to be represented by observed variables. 
By combining the characteristics of the online consumer behavior, 
the SEM pre-selects several factors that affect the consumption 
behavior, sets up the relevant observation and latent variables, 
and builds the path analysis model. In the research, it is positive 
to observe the multiple relationships between different variables 
by considering the significance, coefficient, and mediation or 
moderating effects to determine the variables correlation. However, 
building the entire path analysis framework relies on subjective 
assumptions and judgments. Setting different paths will 
correspondingly produce different results, therefore, and it is 
difficult to ensure its stability. Such research is the confirmatory 
research and highly related to research hypotheses, which greatly 
limits how this method is applied in investigating online consumer 
behavior. At the same time, the SEM lacks the ability to predict 
and diagnose the relationship between variables (Song and Lee, 
2008). A Bayesian network is a statistical method for expressing 
the causality between variables and the relationship between 
prediction and diagnosis variables (Chickering, 2002). Due to 
its good prediction and diagnosis ability, it can be  used to 
accurately analyze consumers’ purchasing behavior (Song et  al., 
2013). However, it lacks the empirical ability of examining variable 
relationships (Song et  al., 2011). Therefore, this paper proposes 
to combine SEN and Bayesian network, which not only adopts 
SEM in the empirical research to fit non-standard models, but 
also uses Bayesian network to make diagnosis and prediction. 
Based on two-stage decision-making theory, we take into account 
the online channel searching and purchasing intention of 
consumers in this paper and accurately analyze the factors that 

affect how consumers make choices online and their complex 
relationships. It can provide references for online retail companies 
to formulate reasonable marketing strategies.

THEORY AND HYPOTHESES

Two-Stage Decision-Making Theory
Once consumers generate a shopping desire, searching for 
information and buying products are the most two important 
stages of their shopping decision-making process. Haubl and 
Trifts (2000) presented a two-stage decision-making theory based 
on the study of consumer shopping behavior. In the search 
stage, consumers search for a large amount of relevant information 
about the product. In the purchase stage, they make an in-depth 
comparison and evaluation of the options, and then, they make 
the final purchase decision. Two-stage decision-making theory 
has been applied by many scholars in the choice of consumption 
channels. Schneider and Zielke (2020) used two-stage decision-
making theory to study the consumer Showrooming behavior. 
Meanwhile, Balladares et al. (2016) studied the factors that affect 
consumers in the information search stage based on two-stage 
decision-making theory. Singh and Jang (2020) studied the impact 
of consumer’s perception on choosing searching and purchasing 
channels and the satisfaction.

Due to the coexistence of online and offline retail channels, 
consumers have more choices in purchasing channels, and 
channel choice willingness is the main factor for measuring 
consumers’ channel choice behavior, because consumers have 
different channel selection behaviors when they are in different 
purchase decision-making stages. Hence, we  can get four 
consumers’ channel choice models: search online–purchase 
online, search online–purchase offline, search offline–purchase 
online, and search offline-purchase offline. Based on this, this 
paper discusses the factors that affect consumers’ online search 
and purchase intention and the complex relationship between 
these intentions based on two-stage decision-making theory.

Bayesian Network
A Bayesian network shows the relationship between latent 
variables in the form of a causality graph, which is composed 
of a network structure S and parameter set θ. The network 
structure S is used to represent the independent and conditional 
independent relationship between the sets of classified random 
variable x = {x1, x2,…, xn}, and the network structure S is 
composed of nodes and directed arcs, which is a directed 
acyclic graph. The parent node of the node xi is represented 
by pai, and the value set of the parent node is represented 

by the value set of the parent node: pa pa pa pai i i i
rpai= …{ }1 2, , , .  

The parameter set θ is the local probability corresponding to 
each variable, and it is the conditional probability set 
under a given parent node. The parameter set of the variable 

Xi is as follows: qx i i
j

i i
j

i
r

i
j

i
iP x pa P x pa P x pa= ( ) ( ) … ( ){ }1 2| , | , , | .

j rpai= …1 2, , , .  Figure 1 shows the Bayesian network structure.
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There are many Bayesian network algorithms. The TAN (Tree-
Augmented-Naive) Bayesian network proposed by Friedman 
et  al. relaxes the application conditions of the classic Bayesian 
network and allows complex correlations between variables. TAN 
Bayesian networks are trained by constantly training the sample 
sets to find the best parameters S, θ, which is also the analysis 
method used in this article. TAN Bayes is an extension of the 
classic Bayesian network model. It can handle variables that 
have correlations and have good predictive power for high-
dimensional data. The basic idea of the TAN Bayesian network 
is to use the Bayesian network to express the dependency 
relationship and to connect the relationship between attribute 
variables with a directed arc from the parent node to the child 
node. TAN Bayesian networks are widely used in data mining 
in the fields of computer, business and communication.

The Bayesian model involves the causal prediction and inference 
of the observed variables, while the SEM involves empirical 
analysis of the path relationship of the latent variables. Therefore, 
the key to combining the SEM and Bayesian network is to obtain 
the sample data of each node of the Bayesian network through 
the observation variables to make predictions and diagnostic 
analysis. The main design ideas of this paper are as follows:

First, we  identify the factors influencing consumers’ online 
choice, as shown in Table 1, collect data through a questionnaire 
survey, and then construct the relationship between the observed 
variables of the SEM.

Second, based on the SEM, we  lay the foundation for the 
construction of the Bayesian network by calculating the score 
of each latent variable in the SEM.

Third, based on the relationship between latent variables 
in the SEM and the score of latent variables, in order to draw 
better research conclusions, the Bayesian network is used to 
further predict and diagnose the relationship between variables.

Hypotheses
Search Intention
Searching is an important part of consumers’ purchase decision-
making stage; the more abundant product information consumers 

have, the more likely they are to make satisfactory purchase 
decisions, but their willingness to engage in the information 
search is limited by the cost of the channel search (Tien and 
Kiureghian, 2016). From the perspective of utility maximization, 
consumers will choose the lowest-cost way to search for product 
information. Compared with completing purchases through 
multiple channels, consumers will spend less in a channel to 
search for information and buy the products. It is indicated 
by Singh and Swait (2017) that online channels provide greater 
searching or purchasing benefits. Ngwe et  al. (2019) found 
that guiding consumers to search for products will increase 
the overall expected purchasing probability of sold products. 
Zhai et  al. (2019) showed that the channel searching and 
purchasing behavior of consumers can influence each other.

Trust transfer theory is widely used in the study of consumer 
behavior when multiple retail channels coexist. Scholars divide 
trust transfer into intra-channel and inter-channel trust transfer 
(Stewart and Qin, 2013). Intra-channel trust transfer refers to 
consumers’ trust transfer between different shopping stages in 

FIGURE 1 | Bayesian network structure.

TABLE 1 | List of variables, measure items, and literature sources.

Variable Items Sources

Perceived 
benefit (PB)

Online channels can provide detailed 
product information.

Verhoef et al., 2007

Online channels can provide a wide 
range of products to meet my diverse 
needs.
Online channel can easily compare the 
same type of products.
I can get product information quickly 
through online channels.
The online channel purchase process is 
easy to operate and easy to purchase.
There are many discounts in online 
channels.

Channel trust 
(CT)

Other consumers’ evaluations of the 
product are reliable.

Kuan and Bock, 2007

The seller’s reputation is trustworthy.
The quality of the product is reliable.
Merchant service is trustworthy.

Switching 
cost (SC)

I need to spend extra money. Burnham et al., 2003
I need to spend extra time.
I need to spend extra energy.
It will bring me inconvenience.

Online search 
intention (OSI)

I will recommend to the people around 
me to search for products through 
online channels.

Holloway et al., 2005

I browse the shopping website every 
day.
I rely on shopping websites to search 
for products.
It is attractive for me to search for 
products through online channels.

Online 
purchase 
intention (OPI)

I will shop online in the future. Holloway et al., 2005

Online shopping is my first way of 
shopping.

I am willing to buy more products 
through the shopping website.

I would like to recommend to the 
people around me to use the shopping 
website to buy products.
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the same channel (online or offline; Lee et  al., 2011). Path 
dependence theory points out that once economic, social, or 
technological systems enter a certain path, for better or worse, 
they will constantly strengthen themselves under the action 
of inertia (Thietart, 2015). In other words, people’s past choices 
determine their possible choices now. When consumers enter 
the online retail environment, the impact of search willingness 
on purchase intention is also a manifestation of path dependence. 
Based on the theories of trust transfer and path dependence 
within the channel, consumers’ willingness to search in one 
channel affects their willingness to buy in the same channel. 
Therefore, the first hypothesis is proposed:

H1: There is a positive relationship between online 
search intention and purchase intention, and purchase 
intention can have a reverse impact on search intention.

Perceived Benefit
Both online and offline channels have the functions of information 
search and product sales (Balasubramanian et al., 2010). However, 
because different channels have different characteristics, 
consumers have different perceived benefits of product selection, 
product quality, service quality, and so on, which will affect 
their choice of channels. According to Lee et al. (2018), perceived 
benefit is the customers’ evaluation of the overall utility of 
using a certain channel based on their own needs, which has 
a direct impact on their purchase decisions. Due to the 
particularity of online channels, consumers cannot personally 
experience the utility of products when shopping through such 
channels. When consumers make an evaluation, one of the 
most direct factors to consider is the benefits that the channels 
can bring; the greater the perceived benefits, the stronger the 
consumers’ willingness to buy the products (Martin et  al., 
2015). van der Lans et  al. (2016) pointed out that perceived 
benefits are most important in determining purchase intentions. 
The perceived benefits of channels not only affect consumers’ 
willingness to purchase but also attract consumers’ willingness 
to search. Based on the above analyses, the degree of consumers’ 
perceived benefits of retail channels reflect their willingness 
to choose search information or purchase products. Building 
on this discussion, the study suggests the following hypotheses:

H2: There is a positive relationship between perceived 
benefits and online search intention, and search 
willingness can have a reverse impact on perceived interests.
H3: There is a positive relationship between perceived 
benefits and online purchase intention, and purchase 
intention can have a reverse impact on channel trust.

Channel Trust
Many scholars have proved that trust is one of the main factors 
affecting consumers’ intention to purchase, especially when 
they cannot touch the transaction object as in the online retail 
environment, consumers will rely on trust to reduce the 
uncertainty of their purchase decisions, hence increasing the 
probability of interaction between consumers and retail channels. 

Channel trust is a reliable way for consumers to search for 
information. Consumers will trust the channel more because 
of its reliability and the high-quality information it provides. 
Trust will increase consumers’ goodwill toward businesses and 
reduce their perceived risks (Zhao et  al., 2017). In a study of 
consumer behavior, Martin et  al. (2015) found that consumer 
trust has a positive impact on channel choice intention. Reimer 
and Benkenstein (2016) studied the impact of the credibility 
of other online consumers’ comments on consumers’ channel 
choices. They found that the higher the consumers’ trust in 
the channel, the more likely they are to think that online 
reviews are more credible. Hajli (2015) argued that consumers’ 
trust and purchase willingness are affected significantly by 
online retailers’ ratings and comments, recommendations and 
introductions, and forums and communities. King et al. (2014) 
showed that consumers’ trust for a certain brand or product 
significantly affects their purchase willingness. Hence, the 
following hypotheses are presented:

H4: There is a positive relationship between channel 
trust and online search intention, and search intention 
can have a reverse impact on channel trust.
H5: There is a positive relationship between channel 
trust and online purchase intention, and purchase 
intention can have a reverse impact on channel trust.

Switching Cost
In the multi-channel retail environment, consumers’ consumption 
behaviors are different online and offline, and the switching 
cost is the additional cost that consumers must pay for switching 
services. It includes the economic, psychological, and even 
emotional cognitive costs of stopping the use of current services 
and changing to new ones. The switching cost is the multi-
channel consumers’ perception of the time and energy spent 
on the conversion between offline and online channels, and 
it is a part of their assessment of the total shopping cost. 
Some scholars (Anderson and Simester, 2013; Stan et al., 2013) 
have shown that the switching cost has a significant impact 
on the choice of consumer information search channel and 
purchase channel in the multi-retail channel environment. 
Specifically, the higher the switching cost, the less easy it is 
for consumers to make cross-channel purchases. It is discovered 
by the research of Chang et  al. (2017) that the switching cost 
prevents free-riding behavior. In this paper, the switching cost 
is set as the perceived cost caused by consumers transferring 
from the online channel to the offline channel. Building on 
this discussion, the next set hypotheses are stated as follows:

H6: There is a positive relationship between switching 
cost and online search intention, and search intention 
can have a reverse impact on switching cost.
H7: There is a positive relationship between switching 
cost and online purchase intention, and purchase 
intention can have a reverse impact on switching cost.

Based on the above assumptions, the conceptual model is 
shown in Figure  2.

https://www.frontiersin.org/journals/psychology
www.frontiersin.org
https://www.frontiersin.org/journals/psychology#articles


Deng et al. Consumers’ Online Choice Intention

Frontiers in Psychology | www.frontiersin.org 5 October 2021 | Volume 12 | Article 731850

METHODS AND RESULTS

Data Collection and Sample
A five-level Likert scale is used, with options of “very much 
agree,” “agree,” “generally agree,” “disagree,” and “very much 
disagree,” corresponding to values of 5, 4, 3, 2, and 1. The 
higher the degree of identity, the higher the score.

Before the formal survey, we  conducted a pre-survey on 
the questionnaire with college students who have online shopping 
experience (100 students in total) and revised the questionnaire 
based on the suggestions made by them and experts. In order 
to ensure the randomness of the collected data, questionnaires 
are distributed through Internet after revised, targeting at 
consumers in China who have both online and offline 
shopping experience.

It takes a week to collect questionnaires. A total of 591 
questionnaires are collected in total, 30 of which are invalid 
and thus excluded, reasons for invalidity included as: (1) answer 
time is not normal (e.g., answer time less than 30 s), (2) have 
missing data on their questionnaires (e.g., the question “compared 
with offline channels, other consumers’ evaluation of the product 
is trustworthy” is not answered), and (3) have no obvious 
regular answers (e.g., choosing the same option for 10 or more 
successive questions). Finally, 561 questionnaires were actually 
processed, and the validity rate was 94.92%. There were more 
female participants (60.1%) than male participants (39.9%), 
including students (23.5%), office workers (7.0%), clerks (56.1%), 
and others (13.4%), and the possible explanation for imbalanced 
sex ratio is that women are more interested and enthusiastic 
in online shopping. Overall, 89.1% of the respondents were 
aged between 20 and 39 years, and most were highly educated, 
including graduate (20.1%), undergraduate (65.2%), college 
degree (10.2%), and high school (4.5%). More detailed 
characteristics of the sample are shown in Table  2.

Reliability and Validity Test
We evaluated the reliability and internal consistency of the 
measure with SPSS 23.0. Cronbach’s alpha was calculated for 

the construct and ranged from 0.654 and 0.789, indicating 
that the reliability of each variable of the scale is acceptable 
and can be  analyzed later. The reliability analysis results are 
shown as Table 3. In order to test the validity of the measured 
data, SPSS 23.0 was used to conduct an exploratory factor 
analysis. Principal component factor analysis of the data was 
carried out using the maximum variance method, and the 
results showed that the overall KMO (Kaiser-Meyer-Olkin) 
value of the factor analysis was 0.827 and the significance was 
0.000, indicating that the data were suitable for factor analysis. 
According to the principle that the eigenvalue was greater 
than 1, five principal components were extracted, and the factor 
load of each measurement item was greater than 0.5, indicating 
that the measurement items of the unified construction variables 
were loaded on the same factor, and the scale had good 
convergence validity.

In order to verify the scientific rationality of the model, it 
is necessary to test whether each fitting index meets the fitting 
standard. Take PB, OT, SC, SI, and PI as endogenous variables, 
and use Amos 23.0 to build the SEM shown as Figure  3. As 
shown in Table  4, the results of the fitting indexes in this 

FIGURE 2 | Conceptual model of consumers’ intention to choose channels.

TABLE 2 | Sample characteristics (n = 561).

Item Category Percentage

Gender Male 39.9
Female 60.1

Age <19 years 3.0
20–29 years 59.7
30–39 years 29.4
>40 years 7.8

Education High school 4.5
College degree 10.2
Undergraduate 65.2
Graduate 20.1

Job Student 23.5
Office worker 7.0
Clerk 56.1
Others 13.4
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FIGURE 3 | Path coefficient diagram of structural equation model.

TABLE 4 | Index table of main fitting effects of SEM.

Fit Index Statistics results Standard line Evaluation

RMR 0.029 <0.05 Meet the standard
X2/DF 1.103 <2.00 Meet the standard
GFI 0.969 >0.9 Meet the standard
AGFI 0.955 >0.9 Meet the standard
CFI 0.977 >0.9 Meet the standard
RMSEA 0.014 <0.05 Meet the standard

study show a GFI (goodness of fit index) of model-fit of 0.969, 
CFI (comparative fit index) of 0.977, RMR (root mean square 
residual) of 0.029, X2/DF of 1.103, AGFI (adjust goodness of 
fit index) of 0.955, and RESEA (root mean square error of 
approximation) of 0.014. The fitting indexes meet the acceptance 
standard level.

Data Analysis With SEM
With the help of Amos 23.0, we used the maximum likelihood 
estimation method to verify the hypotheses proposed in 

this paper. It can be  seen from the SEM that the influence 
of the variables is obvious. We  can see that: (1) The path 
coefficients of the perceived benefit on online search intention 
and online purchase intention are 0.16 and 0.49, respectively, 
indicating that perceived benefit has a positive impact on search 
intention and purchase intention, and from the path coefficient, 
we  can see that the perceived benefit has a greater influence 
on the purchase intention. (2) The path coefficients of channel 
trust on online search intention and purchase intention are 
0.38 and 0.26, respectively, indicating that channel trust has 
a positive impact on search intention and purchase intention. 
(3) The path coefficients of switching cost on online search 
intention and purchase intention are 0.16 and 0.21, respectively, 
indicating that switching cost has a positive effect on search 
intention and purchase intention, and the influence on purchase 
intention is slightly greater than that on search intention. (4) 
The path coefficient of search intention on purchase intention 
is 0.26, indicating that search intention will also have a positive 
impact on purchase intention. Therefore, H1, H2, H3, H4, 
H5, H6, and H7 are supported.

Data Analysis With Bayesian Network
The average score of each latent variable was analyzed by 
K-means cluster analysis with SPSS 23.0. In order to reduce 

TABLE 3 | Reliability analysis.

Variables Items Corrected item-total 
correlation

α if item 
deleted

Cronbach’s α

PI PB1 0.522 0.775 0.798
PB2 0.634 0.749
PB3 0.573 0.763
PB4 0.537 0.770
PB5 0.537 0.771
PB6 0.538 0.774

CT CT1 0.574 0.741 0.785
CT2 0.609 0.723
CT3 0.643 0.705
CT4 0.542 0.757

SC CTC1 0.472 0.687 0.723
CTC2 0.587 0.619
CTC3 0.577 0.630
CTC4 0.437 0.712

OSI OSI1 0.400 0.681 0.698
OSI2 0.551 0.588
OSI3 0.566 0.577
OSI4 0.425 0.668

OPI OPI1 0.439 0.585 0.654
OPI2 0.489 0.547
OPI3 0.458 0.572
OPI4 0.363 0.641
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the complexity of the operation and increase the identifiability 
of the judgment results, each latent variable was clustered into 
three states: high, medium, and low. Before clustering, in order 
to ensure the quality of the data, the box diagram of the 
sample data was drawn to deal with abnormal values, and the 
“minimum and maximum” abnormal data far away from the 
whole were eliminated; hence, a total of 42 outliers were 
removed, and 519 valid data were analyzed. In this study, an 
SPSS analysis of variance (ANOVA) was used to verify the 
differences in the latent variables in each dimension and to 
verify the significance of the classification to the dimension 
scores. The specific results are shown in Table  5. The ANOVA 
results show that it is reasonable to cluster sample data into 
high, medium, and low dimensions.

We used SPSS modeler 18.0 to construct the TAN Bayesian 
network based on clustering data with the maximum likelihood 
method, as shown in Figure  4. We  can see that purchase 
intention is the parent node of transfer cost, perceived 
benefit, search intention, and channel trust, indicating that 
purchase intention is affected by these four latent variables 
from the constructed Bayesian network structure. In addition, 
online search intention is the parent node of transfer cost, 
perceived benefit, and channel trust, indicating that online 
search intention is also affected by these three variables. 
The influence of online search intention on online purchase 
intention depends not only on itself but also on the perceived 
benefits of online purchase, channel trust, and channel 
transfer cost.

Bayesian Prediction
According to the constructed Bayesian network, the prediction 
of online search intention and purchase intention in different 
states can be  obtained from switching costs, channel trust, 
and perceived benefit, as shown in Table  6. As can be  seen 
from the tables, with the changes in switching costs, channel 
trust, and perceived benefit along the high-medium-low (simply 
called H-M-L), online search and purchase intentions change 
positively. Due to the low search cost of online channels, 
consumers tend to search for product information online after 
generating a shopping demand. Table 6A shows that the higher 
the perceived cost caused by the transfer of online search to 
offline purchase, the stronger consumers’ intention to choose 
purchase, indicating that the switching costs plays a positive 
role in the locking of online channels. From Table  6B, we  can 
see that the state of “high” search intention and purchase 
intention changes positively with the change of channel trust 
from high to middle to low. Meanwhile, from Table  6C, it 
can be  seen that, with the decrease of consumers’ perception 
of purchase benefit, the decreasing probability of high purchase 
intention is more obvious than that of high search intention, 
indicating that purchase benefit has a greater impact on online 
purchase intention. Table  6D shows that, when consumers’ 
willingness to search online is low, their willingness to buy 
online is also very low, indicating that consumers are less 
likely to choose the path of offline search–online direct purchase.

Bayesian Diagnosis
Bayesian diagnosis is the reverse operation of Bayesian reasoning; 
that is, the state of the independent variables is obtained 
through the state of the dependent variables. The following 
tables show the Bayesian diagnosis of search intention, purchase 

TABLE 5 | Analysis of variance.

Clustering Error

F Sig.
Mean 

square
Df. Mean 

square
Df.

PB 4.789 2 0.146 516 32.696 0.000
CT 27.853 2 0.237 516 117.385 0.000
OSI 43.844 2 0.246 516 178.546 0.000
SC 19.638 2 0.409 516 48.019 0.000
OPI 9.428 2 0.140 516 67.262 0.000

FIGURE 4 | Bayesian network model of consumers’ willingness to choose 
channels.

TABLE 6 | (A) Bayesian inference of switching cost in different state, (B) 
Bayesian inference of channel trust in different states, (C) Bayesian inference of 
perceived interests in different states, and (D) Bayesian inference of search 
intention in different states.

(A)

States
OSI OPI

H M L H M L

H 0.503 0.392 0.105 0.421 0.467 0.113
M 0.396 0.422 0.182 0.353 0.451 0.196
L 0.308 0.453 0.239 0.223 0.574 0.203

(B)

H 0.574 0.383 0.043 0.458 0.485 0.057
M 0.455 0.437 0.108 0.241 0.551 0.209
L 0.248 0.545 0.207 0.157 0.471 0.373

(C)

H 0.403 0.466 0.131 0.611 0.269 0.119
M 0.296 0.486 0.218 0.355 0.558 0.087
L 0.285 0.439 0.277 0.077 0.807 0.115

(D)

States OPI

H M L

H 0.436 0.482 0.082
M 0.221 0.581 0.198
L 0.039 0.269 0.629
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TABLE 7 | (A) Conditional probability table of search intention and (B) conditional probability of search intention and purchase intention.

(A)

Parent node Probability

OPI H M L

H 0.683 0.311 0.006
M 0.469 0.507 0.024
L 0.253 0.549 0.198

(B)

Parent node PB SC CT

OSI OPI H M L H M L H M L

H H 0.784 0.198 0.018 0.602 0.293 0.106 0.609 0.366 0.024
H M 0.721 0.265 0.015 0.449 0.449 0.103 0.427 0.507 0.066
H L 0.646 0.302 0.052 0.391 0.435 0.174 0.131 0.826 0.044
M H 0.482 0.429 0.089 0.304 0.536 0.161 0.518 0.411 0.071
M M 0.341 0.599 0.061 0.319 0.605 0.075 0.347 0.558 0.095
M L 0.335 0.574 0.071 0.417 0.558 0.025 0.175 0.617 0.208
L H 0.201 0.687 0.111 0.432 0.312 0.256 0.341 0.406 0.253
L M 0.143 0.843 0.014 0.286 0.571 0.143 0.143 0.714 0.143
L L 0.056 0.833 0.111 0.222 0.722 0.056 0.057 0.499 0.444

benefit, online trust, and switching costs given the purchase 
intention of the parent node. Table  7A shows the conditional 
probability set of search intention under the condition of a 
given parent node of purchase intention. It can be  seen from 
Table  7A that search intention changes positively with the 
change in the H-M-L intention, and when the online purchase 
intention is clear, consumers have a high probability of choosing 
online search product information, indicating that online channels 
have a certain channel lock.

Table 7B shows the set of conditional probabilities of switching 
costs, perceived benefit, and channel trust under the conditions 
of search intention and purchase intention. It can be  seen from 
Table  7B that, with the H-M-L change of search intention and 
purchase intention, the probability of switching costs, perceived 
benefit, and channel trust gradually decreases. When the search 
intention is in the state of “high,” with the change of H-M-L 
purchase intention, the probability of a “high” perceived benefit 
is not obvious, which indicates that perceived benefit is an 
important reason to attract consumers to choose an online 
channel to buy products, while the probability of perceived 
benefit, transfer cost, and channel trust being “medium” and 
“low” decreases at first and then increases. When the search 
intention is in the “middle” state, with the change of purchase 
intention from high to low, the change of channel trust to 
“high” is more obvious. This shows that whether consumers 
choose to buy products directly online depends to a large extent 
on the degree of trust of they have in the channel, and enterprises 
that carry out online retail business can attract consumers to 
online channels by improving consumers’ trust in online channels.

DISCUSSION

Combining the empirical ability of SEM and the predictive 
and diagnostic ability of Bayesian networks, we  analyzed the 
factors influencing consumers’ online search and purchase 

intention in multi-retail channels as well as the relationship 
between these factors. The results showed that as: (1) Consumers’ 
perceived benefits, channel trust, and switching cost have a 
positive impact on search intention, and consumers’ trust in 
online channels is the main factor driving their choice of 
online search, this result is consistent with the results found 
in the previous studies (e.g., Hajli, 2015; Martin et  al., 2015; 
Reimer and Benkenstein, 2016; Zhao et al., 2017). (2) Consumers’ 
perceived benefits, channel trust, and switching cost have a 
positive impact on purchase intention, and the main factor 
for attracting consumers to choose online product purchasing 
is the perceived benefit factor, the greater the perceived benefits, 
the stronger the consumers’ willingness to buy the products 
(e.g., Martin et  al., 2015; van der Lans et  al., 2016). (3) 
Consumers’ willingness to search online also affects their 
willingness to buy online, and this result is consistent with 
the results found in the previous studies (e.g., Ngwe et  al., 
2019; Zhai et al., 2019); therefore, guiding consumers to search 
for products will increase purchasing probability of sold products. 
(4) When channel trust reaches a certain level, online channels 
have a certain channel lock, that is, consumers will choose 
the path of online search–online purchase, and channel switching 
cost also has a positive effect on the online channel lock, this 
is because the higher the perception of switching cost, the 
less likely it is for consumers to search for product information 
in one channel and purchase products in another channel 
(e.g., Anderson and Simester, 2013; Stan et  al., 2013). (5) 
According to the Bayesian network diagnosis, search intention 
can adversely affect consumers’ perceived benefit, channel trust, 
and switching cost, and purchase intention can adversely affect 
consumers’ perceived benefit, channel trust, switching cost, and 
search intention.

This research provides new ideas on the research methods 
of consumer channel selection. The existing research on consumer 
channel choice is mostly qualitatively based on theory or 
empirical analysis of the causal relationship between variables 
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with the help of statistical software (e.g., Huang et  al., 2016; 
Elida et  al., 2019), while ignoring the in-depth discussion of 
the complex interrelationships between variables. This article 
proposes a combination of structural equation modeling and 
Bayesian network research methods to explore the variables 
and complex relationships that affect consumers’ willingness 
to choose online shopping channels, and in-depth analysis of 
the attributes of online channels, with a view to further enriching 
consumer channel choice behaviors related research.

For retailers carrying out online retail business, analyzing 
the influencing factors of consumers’ online choice under 
multiple channels helps to better satisfy consumers’ channel 
preference, thus increasing the probability of interaction between 
retailers and consumers, improving consumers’ channel stickiness, 
and reducing enterprise service costs. Therefore, this study has 
important practical implication for solving the problem of 
ineffective online channel operation after traditional retail 
enterprises adopt multi-channel retail strategy.

SUGGESTIONS

According to the above research conclusions, we  provide the 
following marketing suggestions for online retailers and company 
with an online business.

First, it is important to give attention to value marketing 
and strengthen customer stickiness. Online retailing as an 
important part of the new retail environment, and the continuous 
low-price strategy has been unable to retain consumers over 
the long term. Retailers need to balance the relationship between 
price and cost. Improving the price-to-performance ratio of 
products and the quality of distribution service is crucial to 
enhance the customer experience and maintain brand image. 
In addition, retailers can promote product updates, discount 
activities, brand value images and other information to customers 
through official accounts, well-known bloggers, and other ways 
to improve consumer loyalty.

Second, online retailers should focus on content marketing 
and improving customer attention. In the multi-channel retail 
environment, consumers have more independent choice of 
information search, and more vivid content is very important 
when consumers search and make purchase decisions. In 
addition to the e-commerce platforms, retailers could also make 
use of the emerging business infrastructure to provide convenient 
and quick product search channels, such as Mini Programs, 
official accounts or life accounts, to present products or brands 
in the form of text, pictures, short videos, and live broadcasts 
to attract consumers through multiple channels and increase 
consumer attention through multiple means. In addition, for 
different consumer groups, differentiated content marketing 
according to the positioning of the brand can also yield twice 
the results with half the effort in terms of attracting consumers’ 
attention.

Third, online retailers must engage in honest marketing 
and enhance the reputation of their brands. Trust is the key 
factor that supports the success of online retailing. The more 
consumers trust in the channel, the more likely they are to 

have positive search and shopping intention. Retailers can 
improve their credibility through the evaluation and certification 
of third-party sellers or with the help of consumers’ trust in 
well-known brands. Moreover, they can use credit mechanisms, 
such as “commitment + guarantee,” to allay consumers’ shopping 
concerns. This will impact the shopping procedures of consumers 
and help to win their trust.

LIMITATION

In studying consumers’ willingness to choose channels under 
multiple retail channels, we  considered their willingness to 
search and purchase through online channels, but we  did not 
further compare online channels with offline channels. Future 
research will further refine channel selection factors, such as 
channel attributes. In addition, when analyzing consumers’ 
channel choice willingness in this study, we  did not consider 
specific product types, because different product categories will 
affect consumers’ channel choice intention in the two-stage 
decision-making of searching information and purchasing 
products, future research could consider dividing different 
product categories or introducing other factors that affect 
consumer preferences to conduct research on consumers’ 
willingness to choose channels.
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