
 

                       

*16696656098@163.com 

https://doi.org/10.65102/is2026362  Published: 30 April, 2026 

Anno XLIII - Num. 1 - 2026 

The Impact of Digital Marketing on Consumer Purchasing Decisions in 

the New Retail Environment 

Xiangmin Tai1,* 

1 Zhengzhou Shengda University, Zhengzhou, Henan, 451191, China 

 

 

SUMMARY: The study thoroughly examines the mechanism relationships between digital 

marketing contents and consumers' perceived values as well as their purchasing behaviors in 

order to comprehend how the power of digital marketing is delivered through the screen, 

penetrates the consumers' hearts, and influences their purchasing behaviors due to new retail 

trends. A structural equation model was created using digital marketing content (functional, 

entertainment, emotional, and social interaction), consumers' perceived value (practicality, 

reality, satisfaction, and risk), and variables related to purchasing behavior after Bayesian 

estimation was incorporated into structural equation modeling. 428 real Internet users filled 

out the surveys, and each dimension's Cronbach's alpha coefficient was higher than 0.8. The 

study found that different types of marketing content have their own strengths: emotional 

content is the basis for establishing perceived authenticity, with a path coefficient of 0.523, 

while entertainment content is the most effective in creating perceived fulfillment, with a path 

coefficient of 0.482. Consumer value perceptions are essential for digital marketing to influence 

consumers' purchasing decisions. The mediation effect analysis shows that the indirect effect 

value of the path “marketing content→perceived value→purchase intention” is as high as 

0.284. 
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1 Introduction 

With online and offline retail becoming more and more limiting, mobile payment becoming 

more and more convenient and the rise of the new middle class, a new retail model integrating 

online and offline + logistics has been birthed [1, 2]. New retail predicts consumers' new needs 

through big data analysis, thus reconstructing the consumption scene and realizing the upgrade 

of consumption mode [3]. After the concept of new retail was proposed, major players began 

to explore the new retail field one after another. Among them, typical ones include Alibaba's 

first launch of the fresh food supermarket "Hema Fresh", JD.com's "7FRESH" which focuses 

on seafood products, and Yonghui's "Super Species" based on its traditional supermarkets, etc. 

[4-7]. They are all supported by big data, AI and other technologies to build a new consumer 

scene and enhance consumers' purchasing needs. Above the store layout, online and offline 

interoperability and data synchronization are implemented to create multiple purchase channels 

for consumers; in terms of goods circulation, self-owned logistics is adopted for distribution or 

cooperation with other logistics companies to pursue the maximization of logistics efficiency 

and maximize the consumer experience [8-11]. 
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Digital marketing provides new retail enterprises with a variety of marketing tools and 

channels, which makes the marketing mode of enterprises become more flexible and 

changeable. Depending on their objectives and financial constraints, businesses are free to use 

and incorporate a variety of digital marketing techniques, such as SEM, SMM, content 

marketing, email marketing, and mobile marketing, among others [12-14]. Digital marketing 

is more precise than traditional mass media marketing strategies. This means that the marketing 

strategy will not only be targeted but also pushed based on the locations, preferences, and 

demographics of the consumers, increasing marketing efficiency and conversion rates [15–17]. 

Digital marketing, on the other hand, places a lot of emphasis on how businesses interact with 

their customers through social media, discussion boards, live streaming, and other channels. It 

does this by listening to customer feedback and opinions and then modifying marketing 

strategies accordingly [18–20]. Additionally, businesses may evaluate marketing results in real 

time and instantly adapt their marketing plans based on data input thanks to the immediacy and 

flexibility of digital marketing [21, 22]. 

The emphasis on combining online and physical procedures is a growing trend among new 

retail enterprises as we enter the realm of digital marketing. Businesses may use digital 

technology to improve their marketing creativity forms, integrate online financial and 

information flow with offline logistics and service flow, and create a more dynamic and 

engaging marketing experience for their customers [23-27]. As consumers' purchasing 

channels and purchasing flexibility are expanded, purchasing decisions are also influenced by 

multiple parties [28]. And how digital marketing influences consumer decisions supported by 

this new retail context has become an important research topic in the consumer market. 

Currently, research on digital marketing influencing consumer purchase decisions is 

relatively mature. Literature [29] investigated that the marketing models of social media, email, 

search engine optimization and paid advertisements in the retail industry in Bandung City 

significantly contributed to consumer decision making, with social media dominating, search 

engines assisting consumers in searching for product evaluation information, email contributing, 

and price and product quality being the main influences on consumer purchase decisions. 

Literature [30] reported that social media and search engine promote consumer decision making 

in Johor region of Malaysia, but email negatively affects consumer decision making, which 

may be caused by too much email causing distress to consumers. Literature [31] analyzed 

marketing data from five online stores in Tehran and determined that search engine optimization 

dominates digital marketing for local online stores, with social media and recommendation 

engines coming in second. It is evident that digital marketing influences consumer decision-

making differently across countries and regions. In addition, quantitative analysis of literature 

[32] showed that 56% of consumer decision-making behavior of a shoe brand was influenced 

by the company's digital marketing, and that its lack of temporal and spatial constraints 

expanded the market reach of consumers. Literature [33] points out that consumers use multiple 

digital purchase channels at different purchase decision stages, and identifies one of the most 

preferred digital channels at each decision stage among them, which provides precise placement 

reference for enterprise digital marketing. In line with the three relationships covered in the 

Theory of Planned Behavior, the research [34] demonstrates that purchase intention has a 

substantial and positive moderating influence on the positive association between digital 

marketing and the purchase decision utilizing SEM. Literature [35] analyzed and ranked the 

key factors influencing consumer decision-making in e-commerce digital marketing using the 

fuzzy approximation ideal solution ranking method, which are fashion+creativity, brand 

name+quality, purchase incentives, shopping risk perception, and after-sales service, in that 

order. Literature [36] analyzed the digital marketing of loans in banks with the help of Partial 

Least Squares SEM, where social media marketing builds relationships with consumers through 
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brand awareness and facilitates consumer purchase decisions in terms of attractiveness and 

interactivity. 

The research on the factors and mechanisms influencing consumers' purchase decisions 

under the new retail model is still immature. On the one hand, explanations are made separately 

for online and offline channels. On the other hand, side explanations are made from different 

segmentation models. Literature [37] shows that in traditional offline retail marketing, 

advertising positively promotes consumers' purchase decisions, while distribution strength is a 

negative factor, price is an important consideration for consumers, and the location and image 

of the store are positively correlated with consumers' decisions. Literature [38] connects the 

sales channel with psychological simulation to explain the influence of consumer purchase 

decision, offline sales channel reduces the psychological distance of consumers and makes them 

more concerned about the feasibility of the product, while the opposite is true for online sales 

channel (focusing on the attractiveness of the product), which in turn affects the consumer 

purchase decision process. Additionally, it is important to note that, according to literature [39], 

the customers in the new retail system have a relatively stable customer base within the 

particular range of the stores, even though factors like the customer base's structure, consumer 

psychology, and the nature of their demands and purchasing behaviors may differ depending 

on where they are located. Literature [40] claims that the simulation experiment demonstrates 

how the retail industry's multi-channel shopping experience, which integrates online and offline 

shopping, offers consumers a variety of perceptions, including greater product details, ease of 

shopping, and lower risks. 

Three models of new retail may be found in literature: O2O (online to offline), B2C 

(business to customer), and C2C (consumer to consumer). The literature [41] states that the 

aspects influencing customer decision-making in terms of O2O are examined based on the 

complete consumer assessment, with advertising strength being another crucial component and 

product quality perception, online pricing, and firm reputation serving as the primary 

determinants. A study [42] used partial least squares structural equation modeling to examine 

how the O2O model and service quality affected the purchasing decisions of millennial 

customers. It was noted that the O2O model helps consumers make a purchasing decision due 

to the positively significant influence on the service quality, which in its turn influences 

consumer purchase decisions (there is also direct positively significant influence). Literature 

[43] researched sustainable purchase decisions made by consumers during live-streaming under 

B2C and C2C models. Purchase decisions in these models were impacted by four major factors 

such as social presence, value compatibility, interactivity, and visual appeal. Literature [44] 

examined consumer decision making through e-commerce consumer behavior in terms of trust 

in C2C mode due to the positive significance of the merchants' reputation and online ratings of 

consumers, which affect consumer trust and further marketing purchase decisions. Literature 

[45] proposed a research model of Facebook business online community in the Bangladesh 

region with information adoption approach and identified three influential factors for making 

consumer decisions – argument quality, source credibility, and relationship strength through 

product usefulness assessment. Literature [46] revealed that consumers within the C2C mode 

are more concerned with product features and optimistic description during the search stage 

whereas during the purchasing stage they pay more attention to prices and shelf-life of the 

product, and the decrease in prices encourages purchase decisions especially for long-shelf life 

products. 

The study introduces structural equation modeling to profile how digital marketing 

influences consumers. The Yebesian structural equation modeling constructed in this paper 

accomplishes two tasks at the same time: firstly, to confirm whether the design questionnaire 

(observable variables) is really representative of the research concepts (latent variables); and 
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secondly, to outline who influences whom and to what extent among these concepts. The study 

began by introducing an exploratory SEM with latent variable selection capabilities that 

automatically screened for the most critical psychological variables and their relational 

structures. Given that the data may have small sample sizes or do not conform to normal 

distribution, Bayesian structural equation modeling is again introduced, which not only relies 

on current data, but also skillfully incorporates past research findings to produce more reliable 

estimates through MCMC sampling. Finally, the model of digital marketing influencing 

consumer purchase decision is constructed. Each variable in the model is clearly defined, 

including five key digital marketing influencing factors, such as simplicity and convenience, 

privacy risk, etc., four dimensions of consumers' perceived value, such as perceived usefulness, 

perceived risk, etc., and the final purchase decision. 

2 Bayesian-based structural equation modeling of digital 

marketing influencing consumer purchase decisions 

2.1 Structural equation modeling SEM 

Due to the constraints of the traditional structural equation model (SEM) in the setting of latent 

variables, a novel latent variable selection method will be described here. The SEM may be 

used to integrate the measurements and structures through its statistics. 

2.1.1 Model description 

A kind of statistics called structural equation modeling (SEM) uses the covariance matrix 

between variables to examine how they relate to one another. It may be thought of as a generic 

linear model extension. The measurement model and the structural model are the two main 

components of the SEM. Establishing a connection between an observed variable and its 

corresponding latent variable is the aim of the measurement model. On the other hand, structural 

modeling aims to investigate the relationships between latent variables. These correlations 

between variables are identified concurrently with the measurement model in structural 

equation modeling. The structural equations will become a collection of equations expressing 

structural relations among observed variables if every variable in a structural model is an 

observed variable. 
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Figure 1: Structural Equation Diagram 

(1) Measurement model 

The general form of the measurement model, which characterizes the measurement pattern, 

can be expressed as follows: 

 xx      (1) 

 y      (2) 

In these expressions,   stands for the exogenous latent variables, whereas   refers to the 

endogenous latent variables. The observed exogenous and endogenous variables are denoted 

by x  and  respectively. x  is the factor loading matrix associated with x  and  , y  is 

the factor loading matrix linking y  and  . The terms   and   represent measurement 

errors that cannot be accounted for by   and  . 

(2) Structural Modeling 

The structural model describes the causal relationships among the latent variables and is 

written as: 

 B       (3) 

where   denotes the matrix of endogenous latent variables, and   denotes the matrix of 

exogenous latent variables. B  represents the matrix of path coefficients among endogenous 

latent variables, whereas   is the matrix of path coefficients from exogenous latent variables 

to endogenous latent variables. The term   refers to the disturbance matrix capturing the 

portion not explained by the endogenous latent variables. 

In order to avoid unreliable statistical inference resulting from incorrectly specified 

formulations of the structural equations, this paper develops a generalized SEM that avoids the 

need for artificial specification of exogenous and endogenous latent variables. 
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2.1.2 Structural Equation Modeling with Latent Variable Variables Selection 

The traditional structural equations are modeled as: 

 
, 1, ,

, 1, ,

i i i

i i i i

y i n

B i n

  

   

    


   
 (4) 

In general, the exogenous and endogenous latent variables in Eq. (4) are determined in 

advance on the basis of some prior information. In practical research, however, such prior 

knowledge may not always be available. Incorrect specification of exogenous and endogenous 

latent variables can reduce the reliability of statistical inference. Exploratory structural equation 

models allow variable selection to be carried out directly on the latent variables themselves, 

thereby removing the necessity of predefining exogenous and endogenous latent constructs. 

Exploratory structural equation modeling for SEM is written as: 

 
, 1, ,

, 1, ,

i i i

i i i

y i n

i n

  

  

    


   
 (5) 

Note that Eq. (4) can be transformed into Eq. (2) when 
0 0

B  
   

 
, where 

i

i

i






 
  
 

. 

The principle of variable selection is to make use of the   matrix in Eq. (4) so as to identify 

the internal structural relationships linking exogenous latent variables with endogenous latent 

variables, and then extract the latent variables of interest. 

According to the exploratory structural equation model, we obtain: 

  , , , , , ~ , T

i i i iy w N         (6) 

Of these,    
11

T

q s qI I


     . 

2.2 Bayesian structural equation modeling 

Although exploratory structural equation modeling can optimize the structure of latent variables, 

its parameter estimation still relies on valid statistical inference methods. Bayesian structural 

equation modeling in this section provides a more robust solution for subsequent model 

estimation of consumer purchase decisions by introducing prior information and MCMC 

sampling. 

A crucial step in constructing a Bayesian structural equation model is to compute the 

Bayesian estimate of the posterior distribution. According to Bayes’ theorem, this posterior 

distribution is derived from the prior distributions of the unknown parameters together with the 

likelihood function of the sample data. Researchers may draw on earlier findings or relevant 

theoretical knowledge to specify prior distributions for the unknown parameters. In practice, 

Bayesian estimation is commonly achieved through sampling-based approximation techniques, 

including the Markov chain Monte Carlo (MCMC) algorithm, the Gibbs sampler, and the 

Metropolis-Hastings method. The procedure can be described as follows: 

(1) Prior information is first assigned empirically to the unknown parameters. Let  

1, ,k p  , 11, ,h q  . For the various unknown parameters appearing in the structural 

equation model, the corresponding conjugate prior distributions are given below: 
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where T

k  denotes the kth row of the loading matrix  , T

h  represents the hth row of the 

path coefficient matrix  . The quantities
 0 , 0k , 0 h  together with the positive 

definite matrices 0R , 
0H , 0kH , 0 hH   are hyperparameters specified on the basis of theory 

or prior studies, reflecting both prior knowledge and the researcher’s confidence in that 

information; 

(2) Next, the number of iterations for the MCMC algorithm is determined, and Gibbs 

sampling is then employed for posterior sampling.; 

(3) Finally, the convergence and stability of the algorithmic results, together with the 

randomness of the sampling process, are assessed. 

Compared with the traditional parameter estimation method of structural equation modeling 

based on probability theory, the Bayesian method mainly has the following advantages: 

(1) Compared with the frequency school of thought, the sampling-based Bayesian method 

relies less on large-sample asymptotic theory, so when the sample capacity is small, the 

estimation effect of the Bayesian method tends to be better because of the effective a priori 

information it can provide; 

(2) Faster computation; 

(3) The analysis of Bayesian structural equation modeling is based on the original 

observations, which is easier to deal with than the covariance matrix that is the concern of the 

traditional method, and when the model established is more complex, the use of the traditional 

parameter estimation method tends to have a convergence problem, which can be avoided by 

the Bayesian method, which allows it to converge to the proper solution; 

(4) For non-normal data, Bayesian methods are less affected; 

(5) For models that cannot be recognized by traditional methods, using Bayesian methods 

to incorporate a priori information, it is still possible to recognize them by using MCMC 

methods, so it is easier to deal with complex models and data situations, such as data with 

missing values, and situations where there are nonlinear relationships between latent variables; 

(6) In terms of model fit assessment, the Bayesian approach provides more valid statistics 

and the confidence intervals obtained using the Bayesian approach are more intuitive to 

interpret than the traditional confidence intervals. 

2.3 Reliability analysis 

While constructing and estimating the model, we also must attend to the quality of the 

measurement instrument. Confidence analysis serves as an important means of evaluating the 

consistency and stability of the measurements and provides quality assurance for the observed 

variables in the subsequent model. 

An indicator system's reliability is a reflection of how stable and consistent its constituent 

parts are. When several repeated measurements are taken using a well-configured indicator 

system and suitable parameters, the results should be highly linked. In order to determine 

whether or not there is internal consistency, the folded half reliability was first used as an 

indicator to express the reliability. Specifically, the folded half reliability involves splitting all 

of the test's questions into two parts and then calculating the correlation between these two parts. 
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Although it is straightforward and simple to compute, the split-half dependability must meet 

the presumption that the variance of the scores of the two parts of the test is equal, which is 

difficult to satisfy with the usual actual data, so the reliability may be underestimated when it 

is calculated by using the split-half reliability. 

Cronbach's Alpha benchmarks every item within a measurement instrument against all 

remaining entries, thus overcoming the disadvantage of folded half reliability. The formula for 

this coefficient is given below: 

 

2

1

2
1

1

k

ii

x

Sk
Cronbach s Alpha

k S


 

     
  
 


 (8) 

where k  is the number of indicators used for measurement, 2

iS  is the variance of the i th 

indicator, 2

xS  is the total variance, and the variance is calculated as: 

  
     

2 2 2

1 2

1 2var , , ,
1

n

n

x x x x x x
x x x

n

     
 


 (9) 

where x  is the average value. Should any entry in a given row contain a missing value, the 

data in that row is ignored in the calculation and only valid rows without missing values are 

calculated. 

The value of Cronbach’s alpha ranges from 0 to 1. When the coefficient is below 0.6, the 

reliability of the indicator system is generally regarded as inadequate. If it falls between 0.6 and 

0.8, the indicator system is considered to have an acceptable level of reliability. Once the value 

exceeds 0.8, the system is usually viewed as having high reliability. 

2.4 Modeling of Marketing Influence on Consumer Purchase Decisions 

On the basis of ensuring the reliability of the measurement tool, the theoretical model is applied 

to the specific research situation to construct a model of digital marketing influencing 

consumers' purchasing decisions and put forward the corresponding research hypotheses. 

2.4.1 Modeling 

The technology acceptance model occupies a pivotal position in the study of factors affecting 

the widespread adoption of information technology, while perceived usefulness and perceived 

ease of use are considered to be the main factors affecting consumers' behavioral willingness, 

and digital marketing, as a representative of new media marketing science, is also affected by 

its own characteristics in addition to the traditional influencing factors. 

Both conventional perceived usefulness and perceived ease of use continue to influence 

consumer decision-making. Through small-scale interviews with consumers who use online 

shopping in major supermarkets, most consumers believe that online simple and convenient 

payment and accurate and effective information influence their use, so the two influencing 

factors of simplicity and convenience and accurate and effective are extracted. It can be seen 

that the special interactive mode of digital communication itself also affects consumers' usage, 

so the influence factor of efficient interaction was also extracted. Considering the low quality 

of content exposed via social platforms alongside the concern about the leakage of personal 

information brought about by payment security constrains consumers' use, so finally the two 

influencing factors of content marketing and privacy risk are extracted, and digital marketing's 
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influencing dimensions do not directly shape consumers' decision-making, but through 

influencing the intermediary variables of customers' perception, attitude and willingness to 

influence consumer decision-making, and this paper has selected Consumer perceived value as 

an intermediary variable, and then construct the model of "digital marketing influence factor → 

consumer perceived value → consumer decision-making". And through empirical analysis to 

verify the influence of digital marketing influencing factor on consumer purchase decision 

through customer perceived value, and at the same time, study the intermediary role of customer 

perceived value in the model. 

Drawing on the theoretical framework of perceived value, it can be obtained that there are 

two main dimensions that affect the customer's perceived value, one from the perceived gain 

and one from the perceived loss, so this paper also divides the perceived value into four 

dimensions: perceived utility, truth, satisfaction and risk. The final model of digital marketing 

influencing consumer purchase decision is shown in Figure 2. 

Consumer Perceived 

Value

WeChat Marketing 

Impact Factor

Consumer Decision-

Making

Purchase 

Decision

Precision and 

Effectiveness

Simplicity and 

Convenience

High-Efficiency 

Interaction

Content 

Marketing

Privacy Risks

Perceived

 Utility

Perceived 

Authenticity

Perceived 

Satisfaction

Perceived Risks

 
Figure 2: Digital marketing model influencing consumers' purchase decisions 

2.4.2 Research hypotheses 

The object of the study is the general consumers, and five principal dimensions within digital 

marketing are extracted: simplicity coupled with convenience, interactive efficiency, precision 

alongside effectiveness, brand storytelling, as well as privacy risk. By using customer perceived 

value as an intermediary construct, it explores which factors will shape consumer purchase 

decision-making behavior across the new retail environment. 

(1) Relationship between marketing and consumers' perceived value 

Digital marketing will undoubtedly shape the perceived value of customers due to its precise 

and effective, simple and convenient, efficient and interactive, nature, together with storytelling 

approaches directed at customers' inner feelings, but of course, its privacy risk will also 

influence how consumers evaluate offerings due to its privacy risk. 

This study proposes the following hypotheses on how marketing dimensions affect 

consumers' perceived value. 

MP1: Digital marketing has a positive impact on consumers' perceived utility; 

MP2: Digital marketing has a positive impact on consumer perceived authenticity; 

MP3: digital marketing has a positive impact on consumer perceived satisfaction; 

MP4: digital marketing has a negative impact on consumer perceived risk. 

(2) The relationship between consumers' perceived value and consumers' purchasing 
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behavior 

Perceived value serves as an antecedent of consumer decision-making; the more consumers 

feel that the greater the benefit derived from products and services, along with a lower 

associated risk, the stronger their inclination toward purchasing. 

At its core, a customer's value assessment is a comprehensive comparison of purchase 

benefits against the corresponding cost (or perceived cost) of the trade-off. Such benefits 

include the value of products and services, psychological perception, consumer surplus, and 

knowledge and informational gains; perceived costs include all expenditures incurred at 

checkout. Accordingly, based on prior empirical evidence regarding consumer value's impact 

on consumer behavior, the present study categorizes consumer perceived value into two 

dimensions: on the one hand, benefit-oriented perceptions, i.e., utilitarian value, authenticity 

value, and hedonic satisfaction; on the other hand, loss-related evaluations, i.e., perceived 

hazard, to study its impact on purchasing decisions, and therefore puts forward the following 

hypotheses: 

PP1: Consumer perceived utility has a positive influence on consumer purchasing behavior; 

PP2: Consumer perceived truth has a positive influence on consumer purchasing behavior; 

PP3: Consumer perceived satisfaction has a positive influence on consumer purchasing 

behavior; 

PP4: consumer perceived risk has a negative influence on consumer purchasing behavior. 

(3) The hypothesis of the mediating role of consumer perceived value 

When digital marketing dimensions, i.e., simplicity and convenience, interactive 

responsiveness, targeted messaging, and privacy risk, exert influence on consumers, their 

purchasing choices will be channeled through value practicality, hedonic fulfillment, truth 

assessment, and hazard appraisal. 

3 Scale design and reliability analysis 

Translating the above conceptualizations into measurable tools. This chapter starts with the 

specific design of the three core scales, including digital marketing content, consumer perceived 

value and purchase behavior. The scales are also tested for reliability. 

3.1 Scale design 

3.1.1 Digital marketing content 

This paper examines the four dimensions of content marketing: functional content, 

entertainment content, emotional content, and social interaction content. Functional content 

refers to whether the content provides practical value, solves problems, or teaches knowledge; 

entertainment content examines whether the marketing content is interesting, creative, and can 

bring relaxing and enjoyable feelings; emotional content examines whether it can trigger 

emotional resonance and establish emotional connections; and social interactive content 

explores whether it encourages users to participate, share, and interact. The specific questions 

in the scale are shown in Table 1. 
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Table 1: Digital Marketing Content Scale 

Dimension Items 

Functional 

content 

FUN1: The marketing content provides me with practical information that 

I need. 

FUN2: These contents help me better understand the functions and uses of 

the products or services. 

FUN3: These contents can provide valuable references and guidance when 

I make purchase decisions. 

FUN4: I think this brand is a reliable information source in its field. 

Entertainment 

content 

ENT1: I think the marketing content is very interesting. 

ENT2: Browsing these contents makes me feel relaxed and happy. 

ENT3: These contents are creative and can bring me surprises. 

ENT4: I am willing to browse the contents released by this brand in my 

spare time. 

Emotional 

content 

EMO1: The marketing content can touch my heart. 

EMO2: These contents make me feel that the brand understands consumers 

like me. 

EMO3: Through the content, I developed an emotional closeness and 

identification with the product. 

EMO4: The values conveyed by these contents align with my personal 

values. 

Social 

interaction 

content 

SOC1: The marketing content can stimulate my willingness to participate 

in comments or discussions. 

SOC2: I am willing to like, share or forward the excellent contents of the 

product. 

SOC3: Through participating in the interactions of these contents, I feel 

like I am a member of the brand community. 

SOC4: The product brand will actively respond to consumers' comments 

and feedback, making me feel valued. 

3.1.2 Consumer perceived value 

Consumers' perceived value is examined in terms of four dimensions: utility, truth, fulfillment, 

and risk. Perceived Practicality 

Perceived utility refers to consumers' assessment of the functional and practical benefits of 

a product or service; perceived authenticity centers on consumers' perception of brand sincerity, 

transparency, and degree of promise fulfillment; perceived satisfaction refers to the emotional 

pleasure, psychological satisfaction, and sense of self-improvement that consumers derive from 

the process of consumption; and perceived risk refers to the consumer's concern about the 

likelihood of a potentially negative outcome and its severity. It is worth noting that the questions 

in this dimension are reverse scored, i.e., the higher the score, the lower the perceived risk and 

the higher the perceived value. 

The specific questions of the Consumer Perceived Value Scale are shown in Table 2. 
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Table 2: The specific items of the consumer perceived value scale 

Dimension Items 

Perceptual Utility 

PU1: I believe this product/service can effectively meet my basic needs 
in terms of functionality. 

PU2: Using this product/service can help me solve problems or achieve 
goals efficiently. 

PU3: Compared to the benefits this product/service brings to me, the 
money and time I spent are worthwhile. 

PU4: This product/service has high practical value for me. 

Perceptual 
authenticity 

PA1: I think the product promotion is consistent with the actual 
product/service. 

PA2: The product is transparent during marketing and does not 
deliberately hide important information. 

PA3: The product can fulfill its promises to consumers. 
PA4: The image and values conveyed by the product brand are genuine 

and credible, rather than artificially created. 

Perceptual 
satisfaction 

PS1: The process or result of using this product/service has brought me 
pleasure and enjoyment. 

PS2: Owning or using this product/service makes me feel good and 
enhances my sense of self-identity. 

PS3: The content or experience provided by the product satisfies my 
curiosity and desire for exploration. 

PS4: Consuming this product/service aligns with my personal taste and 
lifestyle, and gives me psychological satisfaction. 

Perceptual risks 

PR1: I am worried that the actual effect of this product/service may not 
be as stated in the promotion. (Function risk) 

PR2: I am worried that online purchasing may disclose my personal 
privacy information. (Privacy risk) 

PR3: I am worried that if I don't like this purchase, the return and 
exchange process will be very troublesome. (Time risk) 

PR4: I am worried that choosing this brand may bring some unknown 
and negative consequences to me. (Overall risk) 

3.1.3 Consumer buying behavior 

The specific question items of consumer buying behavior are shown in Table 3. 

Table 3: Specific items of consumer purchasing behavior 

Dimension Items 

Consumer 
purchasing behavior 

PUR1: I will purchase the products promoted by the marketing 
PUR2: I will purchase the marketing products again 

PUR3: I will recommend the marketing products to others 

3.2 Scale Reliability Analysis 

3.2.1 Digital Marketing Content Scale Reliability Analysis 

Fresh produce content marketing is mainly categorized into four dimensions: functional, 

entertainment, emotional and social interaction. Table 4 shows the reliability analysis of the 

digital marketing content scale. The Cronbach α coefficients of each dimension are 0.843, 0.869, 

0.871 and 0.829, respectively, which are all more than 0.8, and the scale has good consistency; 

the values of CITC (the total correlation of corrected items for the question items of each 

dimension) are all higher than 0.6; and the α coefficients of deleting the items are all smaller 

than the total reliability coefficients of the item, so that the items do not need to be deleted or 
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modified. Therefore, the Digital Marketing Content Scale passed the reliability test and the 

scale has a certain degree of reliability. 

Table 4: Reliability analysis of the digital marketing content scale 

Dimension Cronbach α Items CITC The deleted α coefficient 

Functional content 0.843 

FUN1 0.693 0.792 
FUN2 0.772 0.772 
FUN3 0.675 0.799 
FUN4 0.689 0.808 

Entertainment content 0.869 

ENT1 0.728 0.847 
ENT2 0.712 0.782 
ENT3 0.644 0.799 
ENT4 0.695 0.785 

Emotional content 0.871 

EMO1 0.747 0.804 
EMO2 0.738 0.815 
EMO3 0.652 0.786 
EMO4 0.741 0.851 

Social interaction content 0.829 

SOC1 0.772 0.777 
SOC2 0.757 0.727 
SOC3 0.643 0.807 
SOC4 0.758 0.817 

3.2.2 Consumer Perceived Value Scale Reliability Analysis 

Perceived value among consumers is mainly categorized into four dimensions: perceived utility, 

authenticity, satisfaction and risk. Table 5 shows the reliability analysis conducted on this 

measurement instrument. Results demonstrate that Cronbach's alpha across all four dimensions 

reaches 0.851, 0.829, 0.843 and 0.856, respectively, which are higher than 0.8; the CITC values 

are all exceeding 0.5; moreover, item-deleted alpha estimates fall below the total reliability 

coefficients of their respective items, which confirms that every survey item fulfills the 

requirements and warrants no removal or revision. In conclusion, the reliability values across 

all four perceived value dimensions are good, thus the scale passes the reliability test. 

Table 5: Reliability analysis of the digital marketing content scale 

Dimension Cronbach α Items CITC The deleted α coefficient 

Perceptual Utility 0.851 

PU1 0.71 0.748 
PU2 0.658 0.751 
PU3 0.609 0.824 
PU4 0.703 0.755 

Perceptual authenticity 0.829 

PA1 0.597 0.763 
PA2 0.717 0.801 
PA3 0.685 0.785 
PA4 0.596 0.774 

Perceptual satisfaction 0.843 

PS1 0.664 0.827 
PS2 0.629 0.822 
PS3 0.591 0.787 
PS4 0.703 0.761 

Perceptual risks 0.856 

PR1 0.586 0.835 
PR2 0.652 0.748 
PR3 0.703 0.792 
PR4 0.649 0.733 



Tai 

14 

3.2.3 Consumer Purchasing Behavior Scale Reliability Analysis 

Table 6 shows the reliability analysis pertaining to consumer purchasing patterns. Findings 

indicate that the Cronbach alpha for this construct is 0.827, which is higher than 0.8; the CITC 

value of each question item is also above 0.5; upon item removal, the remaining alpha 

coefficients stand at 0.753, 0.788, and 0.814, which are all less than the total reliability 

coefficient of the item, 0.827, and there is no need for deletion or modification of the question 

items. Similarly, the reliability value of the items of the designed consumer purchase behavior 

is better and the scale passed the reliability test. 

Table 6: Reliability Analysis of Consumer Purchase Behavior 

Dimension Cronbach α Item CITC The deleted α coefficient 

Consumer purchasing behavior 0.827 

PUR1 0.612 0.753 

PUR2 0.579 0.788 

PUR3 0.673 0.814 

4 Structural equation modeling and discussion of results 

Having designed the scales, we now turn to the validation of the structural equation model of 

marketing influencing consumer purchases in this paper, as well as the revelation of the 

mechanisms behind it. Firstly, the overall fitting status of the model is examined, followed by 

going deeper inside the model to scrutinize the strength and significance of each of the influence 

paths, revealing how the different contents of digital marketing ultimately influence consumer 

decision-making step by step through perceived value and trust. 

Each question item of the questionnaire was rated according to a 5-point Likert scale (1- 

not at all, 2- not at all, 3- generally at all, 4- at all, 5- completely at all). The users were surveyed 

in the form of online questionnaires, and 500 users who placed orders on a shopping platform 

were selected to distribute the three scale questionnaires that passed the reliability test as 

described above. In this paper, a total of 454 questionnaires were recovered, removing the 

invalid questionnaires in the case of similarity, wanton answers, etc., and the final valid 

questionnaires obtained were 428, with a recovery rate of 85.6%. 

4.1 Model discriminability measures 

From the theoretical model of marketing influence on consumer purchase decision, it can be 

seen that the structural equation model of this paper has a total of 4 + 4 + 1 = 9 latent variables, 

each variable corresponds to three to four indicators, and the factor loading of each variable is 

above 0.6, which means strong correlation, in line with the requirements of the use of SEM 

method. 

In this paper, there are a total of 4 + 4 + 1 = 9 latent variables in the structural equation 

model of marketing influencing consumers' purchase decisions, of which only the purchase 

behavior contains three significant variables, and the other eight marketing content and 

perceived value variables all have four significant variables. In checking the model 

identifiability, each latent variable was made to have a variance of 1, and each factor loading in 

the latent variable observables was also made equal to 1, so that the correlation between the 

errors of each measure could be examined. 

The test of the structural model is then continued by disregarding the explicit variables and 

considering only the relationships among the nine latent variables. Model identification is the 

determination of whether the parameters in the theoretical model can be estimated and have 
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unique estimates. Finding the possible characteristics of the identification problem is an easy 

way to discriminate. Characteristics are usually: large errors are present in one or more 

coefficients; unlikely or unreasonable estimates are found; and the estimated coefficients are 

too highly correlated with each other internally. 

4.1.1 Path estimates 

A total of 4 × 4 + 4 = 20 paths are included between the 9 variables, and the estimated standard 

deviation and standardized regression coefficients between these 20 paths are shown in Table 

7. 

Table 7: The standard deviations and standard regression coefficients of the 20 paths 

 Estimate SD C.R Sig. SR 

Functional content → Perceive practicality 0.427 0.048 8.896 0.000 0.415 

Functional content → Perceive authenticity 0.318 0.051 6.235 0.000 0.302 

Functional content → Perceive satisfaction 0.185 0.049 3.776 0.000 0.181 

Functional content → Perceive risks -0.294 0.055 -5.345 0.000 -0.278 

Entertainment content → Perceive practicality 0.156 0.045 3.467 0.000 0.152 

Entertainment content → Perceive authenticity 0.273 0.052 5.25 0.000 0.261 

Entertainment content → Perceive satisfaction 0.482 0.047 10.255 0.000 0.468 

Entertainment content → Perceive risks -0.123 0.058 -2.121 0.034 -0.117 

Emotional content → Perceive practicality 0.198 0.046 4.304 0.000 0.193 

Emotional content → Perceive authenticity 0.523 0.05 10.460 0.000 0.506 

Emotional content → Perceive satisfaction 0.401 0.048 8.354 0.000 0.389 

Emotional content → Perceive risks -0.367 0.053 -6.925 0.000 -0.348 

Social interaction content → Perceive practicality 0.334 0.049 6.816 0.000 0.325 

Social interaction content → Perceive authenticity 0.409 0.051 8.021 0.000 0.395 

Social interaction content → Perceive satisfaction 0.276 0.046 6.235 0.000 0.269 

Social interaction content → Perceive risks -0.451 0.056 -8.054 0.000 -0.428 

Perceive practicality → Purchase behavior 0.387 0.042 9.214 0.000 0.378 

Perceive authenticity → Purchase behavior 0.295 0.044 6.705 0.000 0.286 

Perceive satisfaction → Purchase behavior 0.224 0.041 5.463 0.000 0.218 

Perceive risks → Purchase behavior -0.332 0.045 -7.378 0.000 -0.321 

 

By interpreting the results of the path estimation of the structural equation model, it is 

possible to see how the different content strategies of digital marketing affect consumer value 

perception. Specifically, emotional content is the most conspicuous in establishing brand 

authenticity, with a path coefficient as high as 0.523, which implies that marketing content full 

of authenticity is most likely to win consumers' trust. Entertainment content, on the other hand, 

brings good psychological satisfaction, with a path coefficient of 0.482. In terms of practicality, 

functional content has the strongest impact on perceived practicality, with a path coefficient of 

0.427, confirming that the provision of practical information is crucial to solving consumers' 

practical problems. The most prominent effect of social interactive content is that it significantly 

reduces consumers' perceived risk, with a path coefficient of -0.451. This reflects that actively 

interacting with consumers can most effectively allay their concerns and enhance their sense of 

security. 

Finally, in driving actual purchase behavior, perceived utility and perceived risk become the 

two most critical pushers. The former is a strong attraction, with a path coefficient = 0.387, and 

the latter is a resistance, with a path coefficient = -0.332. This positive and negative suggests 
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that consumers' final purchase decision is a trade-off between what they can gain and what they 

may lose. The C.R. values of the statistical indicators for all these paths are greater than 1.96 

and highly significant. 

4.1.2 Dimensions, indicator estimates 

The error variance estimates for the 4 dimensions and 35 indicators of digital marketing are 

shown in Table 8. 

Table 8: The estimated variance values of 4 major dimensions and 35 indicators 

Error variance Estimate SD C.R Sig. 
Functional content 0.685 0.072 10.514 0.000 

Entertainment content 0.612 0.065 7.415 0.000 
Emotional content 0.554 0.059 8.390 0.000 

Social interaction content 0.598 0.063 8.492 0.000 
FUN1 0.423 0.045 12.406 0.000 
FUN2 0.387 0.041 6.439 0.000 
FUN3 0.456 0.048 8.560 0.000 
FUN4 0.441 0.047 10.383 0.000 
ENT1 0.512 0.054 8.481 0.000 
ENT2 0.478 0.051 12.373 0.000 
ENT3 0.533 0.056 6.518 0.000 
ENT4 0.495 0.052 6.519 0.000 
EMO1 0.467 0.049 9.531 0.000 
EMO2 0.432 0.046 12.391 0.000 
EMO3 0.489 0.052 12.404 0.000 
EMO4 0.451 0.048 9.396 0.000 
SOC1 0.524 0.055 10.527 0.000 
SOC2 0.498 0.053 6.396 0.000 
SOC3 0.541 0.057 8.491 0.000 
SOC4 0.513 0.054 9.513 0.000 
PU1 0.398 0.042 8.476 0.000 
PU2 0.421 0.045 6.356 0.000 
PU3 0.445 0.047 12.468 0.000 
PU4 0.407 0.043 8.465 0.000 
PA1 0.463 0.049 6.449 0.000 
PA2 0.438 0.046 10.522 0.000 
PA3 0.487 0.052 10.365 0.000 
PA4 0.452 0.048 12.417 0.000 
PS1 0.512 0.054 7.481 0.000 
PS2 0.476 0.05 11.523 0.000 
PS3 0.534 0.056 12.536 0.000 
PS4 0.497 0.052 6.558 0.000 
PR1 0.588 0.062 7.484 0.000 
PR2 0.623 0.066 7.439 0.000 
PR3 0.554 0.059 10.39 0.000 
PR4 0.597 0.063 10.476 0.000 

PUR1 0.324 0.034 11.529 0.000 
PUR2 0.357 0.038 9.395 0.000 
PUR3 0.389 0.041 12.488 0.000 

 

Table 8 reveals those unexplained parts within the model. Looking at the four content 

dimensions, their error variance estimates range from 0.554 to 0.685, which indicates that the 

four latent variables we set (functional, entertainment, emotional, and socially interactive 
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content) are all well measured, and the unexplained parts of the model are in a reasonable range. 

The critical ratio C.R. values of all 35 indicators and the four latent variables are much larger 

than the reference standard of 1.96, and all of them reach the statistically significant level. It 

fully demonstrates that the measurement relationship set up for the model in this paper is stable 

and reliable. 

4.2 Estimation and evaluation of model parameters 

Model estimation focuses on the estimation of parameters by means of the variance-covariance 

structure among explicit variables. Unlike other statistical approaches, this structural equation 

modeling technique does not need to reduce the gap between the fitted and true values of each 

measurement, but only wants to make the discrepancy between the sample-based and model-

implied covariance matrices small enough. Before fitting the sample data to the model, 

observations need to conform to prerequisites of linearity, multivariate normality, negligible 

kurtosis as well as skewness, and fixed-distance and fixed-ratio scale measurements. If 

multinomial normality is not satisfied, or if there are excessive kurtosis and skewness values, 

the structural equation model will be sensitive to these distributional characteristics, which will 

result in poor estimates, highly inaccurate standard errors, and very large chi-square statistics. 

All parameters need to be free and variables need to be standardized to meet the normal 

distribution assumption. Therefore, this paper estimates kurtosis alongside skewness for the 35 

indicators drawn from the sample data as shown in Table 9. 

Table 9: Estimated values of normal distribution of sample data 

 Min Max Mean Skewness C.R. Kurtosis C.R. 
FUN1 1 5 3.874 -0.452 -2.891 -0.234 -0.748 
FUN2 1 5 4.112 -0.687 -4.392 0.512 1.636 
FUN3 2 5 3.956 -0.334 -2.135 -0.678 -2.167 
FUN4 1 5 3.785 -0.521 -3.33 0.123 0.393 
ENT1 1 5 4.023 -0.789 -5.043 0.845 2.701 
ENT2 2 5 4.205 -0.845 -5.402 0.456 1.457 
ENT3 1 5 3.642 -0.234 -1.495 -0.521 -1.665 
ENT4 1 5 3.921 -0.612 -3.911 0.334 1.067 
EMO1 1 5 4.158 -0.901 -5.759 1.023 3.269 
EMO2 2 5 3.774 -0.445 -2.844 -0.412 -1.317 
EMO3 1 5 4.089 -0.723 -4.621 0.567 1.812 
EMO4 1 5 3.831 -0.556 -3.553 -0.189 -0.604 
SOC1 1 5 3.445 -0.112 -0.716 -0.745 -2.381 
SOC2 1 5 3.667 -0.389 -2.486 -0.278 -0.888 
SOC3 2 5 3.532 -0.278 -1.777 -0.601 -1.921 
SOC4 1 5 3.998 -0.634 -4.052 0.278 0.888 
PU1 2 5 4.224 -0.812 -5.19 0.712 2.275 
PU2 1 5 4.087 -0.695 -4.442 0.389 1.243 
PU3 1 5 3.945 -0.501 -3.202 -0.445 -1.422 
PU4 2 5 4.156 -0.767 -4.902 0.634 2.026 
PA1 1 5 3.782 -0.478 -3.055 -0.112 -0.358 
PA2 1 5 3.859 -0.545 -3.483 0.056 0.179 
PA3 2 5 4.032 -0.601 -3.841 0.189 0.604 
PA4 1 5 3.708 -0.412 -2.633 -0.334 -1.067 
PS1 1 5 4.173 -0.834 -5.33 0.901 2.879 
PS2 2 5 3.891 -0.523 -3.342 -0.056 -0.179 
PS3 1 5 3.764 -0.467 -2.985 -0.234 -0.748 
PS4 1 5 4.045 -0.656 -4.192 0.467 1.492 
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PR1 1 5 2.456 0.389 2.486 -0.523 -1.671 
PR2 1 5 2.123 0.712 4.55 0.145 0.463 
PR3 1 5 2.678 0.145 0.927 -0.812 -2.595 
PR4 1 5 2.334 0.556 3.553 -0.123 -0.393 

PUR1 1 5 3.567 -0.189 -1.208 -0.689 -2.202 
PUR2 1 5 3.721 -0.334 -2.135 -0.456 -1.457 
PUR3 2 5 3.634 -0.278 -1.777 -0.567 -1.812 

 

Overall, the mean scores of all the questions are generally concentrated in the range of 3.6 

to 4.2, indicating that the respondents' overall evaluation of digital marketing content and 

perceived value is on the positive side. For the perceived risk dimension, which represents profit 

and loss, the scores of all items are significantly lower, with mean values ranging from 2.1 to 

2.7. This is because we treat it as a negative factor, which is consistent with the setting. 

The skewness and kurtosis indicators for all items are not biased, and their absolute values 

are overwhelmingly well below the strict thresholds (skewness < 1, kurtosis < 2), reflecting the 

fact that the shape of the data distribution is not extremely skewed or spiky and thick-tailed, but 

rather, it basically fits the normal distribution curve. 

4.3 Brokering effects 

Digital marketing content is the independent variable in this paper's structural equation 

modeling of the impact of marketing on consumers' purchasing behavior; consumer purchase 

decision is the dependent variable; and "consumer perceived value" and "trust" are introduced 

as mediating variables. 

Since the indirect effect in the mediation effect is calculated using the product of the 

independent variable's direct effect on the mediating variable and the mediating variable's direct 

effect on the dependent variable, the parameter of the indirect effect does not follow the normal 

distribution. To calculate the parameter of the indirect effect of the mediating variable, the 

Bootstrapping approach is used for 5000 replications to get closer to the normal distribution. 

The Bias Corrected and Percentile methods are then used to evaluate the upper and lower 

bounds of the mediation effect at a 95% confidence range. The indirect effect value at the 95% 

confidence interval will not be 0 since the upper and lower bounds of the mediation effect value 

calculated by the two methodologies do not contain 0, showing the existence of the indirect 

impact of mediation via trust. 

Table 10: Indirect output effect 

Path Estimate 

Bootstrapping 

Std Bias corrected Percentile 

Lower Upper Lower Upper 

Marketing content → Perceived value 

→ Purchase intention 
0.284 0.198 0.376 0.201 0.379 0.084 

Marketing content → Trust → 

Perceived value 
0.157 0.089 0.231 0.091 0.233 0.157 

Perceived value → Trust → Purchase 

intention 
0.192 0.126 0.265 0.128 0.267 0.192 

Marketing content → Perceived value 

→ Trust → Purchase intention 
0.103 0.055 0.158 0.057 0.161 0.103 

 

From the analysis of mediation effect, it can be seen that the digital marketing content is 

not single-handed, but cleverly influences the inner world of consumers to ultimately drive the 
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purchase behavior, which completely verifies that the hypothesis A proposed in section 2.4 is 

correct. The path “marketing content→perceived value→purchase intention” has the strongest 

effect, with an effect value of 0.284, which can be said to be the main channel. The most 

complex chain intermediary path of “marketing content → perceived value → trust → purchase 

intention” also holds significantly, with an effect value of 0.103, which reveals a more delicate 

process: content marketing first shapes positive perceived value, which in turn fosters trust, 

which is eventually transformed into purchase action. This paper's model confirms that 

perceived value and trust play a crucial traction role between digital marketing and purchase 

behavior. 

5 Conclusion 

This study deeply analyzes the intrinsic mechanism of digital marketing influencing consumer 

decision-making in new retail scenarios. Among the four dimensions of perceived value, 

perceived usefulness is the strongest driver of purchasing behavior, with a path coefficient of 

0.387; the negative impact of perceived risk is also quite obvious, with a path coefficient of -

0.321, especially for the fear of privacy leakage, with a PR2 error variance of 0.623, which 

reveals that a sense of security is the most important threshold between the consumer and the 

final purchase, and that eliminating risk is as important as creating value. Bootstrap test 

confirms that even in the most circuitous path of “marketing content→perceived 

value→trust→purchase intention”, the indirect effect value reaches 0.103, which strongly 

suggests that consumers' purchasing behavior is a complex process from cognition to emotion, 

then to trust, and finally to action. 
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