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Background: During the COVID-19 pandemic, medical e-commerce (MEC) has

provided away for patients with chronic diseases to purchase drugs online tomaintain

social distancing, decrease the risk of infection and community transmission, and

relieve the burden onmedical resources. Therefore, researchwhich seeks to elucidate

the drivers of purchase intention (PI) among patients with chronic diseases in MEC is

vital. This study extended the theory of planned behavior (TPB) by integrating the price

value (PV) variable into the original TPB framework and explored the e�ect of PV on

patients’ PI in MEC during the coronavirus pandemic.

Methods: Empirical data was gathered from 414 Chinese participants. Structural

equation modeling was applied to explore the mechanism of chronic patients’ PI

in MEC. In addition, this study also estimated the moderating e�ect of gender,

income, and region and the mediating role of attitude (ATT), subjective norm (SN),

and perceived behavioral control (PBC) between PV and PI.

Results: Patients’ PI in MEC is significantly a�ected by ATT, SN, and PBC. PV delivers

significant influence on ATT, SN, PBC, and PI, with PV having the strongest e�ect on

ATT. Gender, income, and region can significantly moderate the relationship between

PV and ATT.

Conclusion: These findings can contribute to design targeted interventions to

increase the adoption of MEC for patients with chronic diseases, decrease infection

rates, and alleviate the strain on medical resources in the COVID-19 era.

KEYWORDS

purchase intention, medical e-commerce, theory of planned behavior, price value, patients

with chronic diseases, COVID-19 pandemic

1. Introduction

COVID-19 (coronavirus disease), a highly contagious pneumonia, has become a pandemic

(1). Several studies have suggested that the transmission of the 2019 novel coronavirus infection

occurs primarily through contact transmission and respiratory droplets (2, 3). In China, people

were requested to stay at home and practice social distancing during the COVID-19 outbreak to

overcome its rapid spread (4). During this time, many patients, especially people with chronic

diseases, had difficulty accessing medical aid, as valuable resources in hospitals were allocated

toward mitigating COVID-19 (5). In addition, gathering in hospitals increases the risk of

nosocomial infection for patients who already have various diseases or have low immunity;

it also significantly increases the risk of community transmission (6). E-commerce platforms,

especially medical e-commerce (MEC) platforms, naturally have such characteristics to avoid
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close social contact (7, 8). Therefore, from the perspective of

decreasing the risk of face-to-face contact in hospitals, purchasing

drugs from MEC platforms, which makes the online search for

drugs more accessible to patients than on-site, is helpful for people

with medical demands during the COVID-19 pandemic (9). Most

MEC platforms provide excellent customer service, quality assurance,

and rapid delivery, making purchasing drugs online stress-free

and convenient (10). After several years of development in China,

the industrial structure of MEC, which ensures medication safety

through strict laws and regulations, has developed rapidly. Take JD

Health, a renowned MEC platform, as an example, many patients

with chronic diseases purchased drugs online during the outbreak

of COVID-19 in 2020. As of December 31, 2021, JD Health’s

annual active user number reached 123 million, representing a net

increase of 33.56 million active users compared to 2020. During

the reporting period in 2021, JD Health’s total revenue was 30.68

billion RMB, up 58.3% year-on-year. The total trading volume of

MEC was ∼195 billion RMB in 2018, which reached 255.4 billion

RMB in 2019, representing a growth rate of 31%, thereby indicating a

strong growth trend of the MEC industry, with substantial room for

development (11).

The Report of Nutrition and Chronic Diseases on Chinese

Residents published by the National Health Commission in 2020

shows that more than 300 million people accounted for 86.6% of

all deaths owing to chronic diseases, and patients with chronic

disease accounted for 70% of the overall disease burden in the

country. In 2020, the mortality rate of patients with comorbidities

was 1.4%. It is significantly higher than that without comorbidities

(12). In this context, strengthening the protection of patients with

chronic diseases can significantly reduce mortality. Along with the

policy released by China National Health Commission issued during

the coronavirus pandemic, the government encouraged designated

medical institutions to provide “do not meet” drug purchase services

and realized online medical insurance settlement for qualified online

medical services (13). Consequently, MEC platforms would improve

the effectiveness of doctors’ work, which would significantly optimize

medical resource allocation efficiency.

However, research on patients’ purchase intention (PI) among

patients with chronic diseases in MEC is minimal. Existing studies

have explored digital healthcare retail (10, 14–17). For example, Yang

et al. (10) revealed that patients’ experience was exclusive to internet

pharmacy services, and patient compliance can be enhanced by their

experience and network social support. Liu et al. (14) proposed an

algorithm and used users’ purchase data to develop users’ diseases to

provide product recommendations for pharmaceutical e-commerce

platforms. Sreejesh et al. (15) examined how the technology-enabled

service co-creation affected patients’ service purchase behavior in

medical and health services retail. Zehnder et al. (16) studied the

growth of Swiss community pharmacies on the internet over the

period 2000–2003, which showed that pharmacy-group portals were

promoters of internet pharmacies. Ma (17) investigated the factors

underlying non-adopters’ intention to purchase drugs online via

the technology acceptance model. Few studies have considered

the factors that stimulate patients, especially patients with chronic

diseases, to form PI on MEC platforms.

Previous researchers have used the theory of planned behavior

(TPB) from multiple disciplines to predict various behaviors [e.g.,

(18–21)]. The TPB model is also adopted to explore people’s health

behavioral intentions (22, 23). Although the TPB model provides

a conceptual framework for human social behavior research, Ajzen

(24) suggested that researchers could extend the TPB model to

explain or predict complicated psychological mechanisms. Many

previous studies have added factors to extend the TPB model and

improve its effectiveness and applicability. Price value (PV) is an

important factor that could influence patients’ PI in MEC (25–28).

For example, Crawford (25) stated that easy for price comparisons

were an important advantage of online pharmacies. Brown et al. (26)

administered a cross-sectional anonymous survey and found that

the population of online pharmacies was highly associated with the

costs of prescription drugs while searching for opportunities for cost

savings increased consumers’ online PI. Fittler et al. (27) found that

patients may care about discounts, bonuses, and gifts from online

pharmacies, which also affected patients’ attitudes toward purchasing

drugs online. Liu et al. (28) analyzed consumers’ online pharmacy

purchasing comments and found that price (including affordable

and expensive) was an important attribute, which affected patients’

satisfaction. Chronic patients need to purchase drugs continuously

and are more sensitive to prices (29). Accordingly, we add PV to

help explain and predict the PI in MEC among patients with chronic

diseases during the coronavirus pandemic.

Therefore, this paper aimed to (a) investigate the mechanism of

PV on chronic patients’ PI in MEC during the coronavirus pandemic

using an extended TPB model, and (b) examine the moderating

effects of the relationships within the model, subgroups classified by

gender, income, and region. The findings of this study can provide

new insights for governments, business practitioners, and researchers

to promote the adoption of online drug purchasing by patients with

chronic diseases, decrease infection rates, and improve the utilization

efficiency of medical resources during the COVID-19 pandemic.

2. Theoretical background and
hypotheses

2.1. Theoretical background

The present study used the TPB as a framework to employ the

psychological mechanism of chronic patients’ PI in MEC during

the coronavirus pandemic. The TPB model has four primary

constructs, including behavioral intention (BI), attitude (ATT),

subjective norm (SN), and perceived behavioral control (PBC).

Notably, ATT, SN, and PBC are independent determinants of BI

(30). The more favorable of the ATT, SN and PBC, the stronger

the people’s BI (31). Moreover, TPB is a validated model that

has been used in many public health-related behavior explanations

such as the intention to get coronavirus vaccines (32) and use

traditional Chinese medicine (TCM) (33). Chang et al. (29)

explored the factors that affect chronic patients’ PI in offline

pharmacies based on the TPB model. In the TPB model, the

main assumption is that people are rational in their decision-

making, such that the actual behavior can be predicted via cognitive

approaches (24). In this study, the patients’ PI in MEC depends on

several predictors, including ATT toward purchasing drugs online,

SN for purchasing drugs from MEC platforms, and PBC over

MEC platforms.
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FIGURE 1

Conceptual model and hypotheses.

2.2. Research hypotheses

2.2.1. Attitude
Notably, ATT is defined as an individual’s positive or negative

evaluation of a particular behavior (24). According to the TPB

concept, PI can be affected by one’s ATT toward the behavior.

When appraising the medical behaviors during the COVID-19

epidemic, people are likely to evaluate various aspects of medical

requests, such as the ATT toward the level of risk they are

willing to take (34). In the present study, ATT means patients’

overall estimation of MEC participation during the COVID-19

pandemic. When patients’ ATT in MEC is positive, their PI in

MEC is more likely to be positive. As such, this study proposes the

following hypothesis:

H1: Attitude has a positive and direct influence on PI in MEC

during the COVID-19 pandemic.

2.2.2. Subjective norm
Moreover, SN is defined as individuals’ perception that most

people who have significant influence on them believe that they

shall or shall not execute the behavior in question (24). Individuals

may evaluate their beliefs and changes their consumption patterns,

as induced by people have an important influence on them (35).

Chang et al. (29) found that SN has a weak overall impact

on offline pharmacy PI, as patients with chronic diseases have

a relatively rich experience in drug use and purchase. However,

the intention of patients with chronic diseases to purchase

drugs on MEC platforms may be more susceptible to others

because of the need to maintain social distancing during the

coronavirus pandemic. If patients consider that people who can

influence their behavior believe purchasing drugs from MEC

platforms is a good choice during the COVID-19 pandemic,

their PI in MEC will be enhanced. Hence, we propose the

following hypothesis:

H2: Subjective norm has a positive and direct influence on PI in

MEC during the COVID-19 pandemic.

2.2.3. Perceived behavioral control
Furthermore, PBC refers to individuals’ perceived ease or

difficulty in performing a behavior (24). Some scholars state that

PBC refers to people’s perceived ability to control behavior (36).

In the present study, PBC means patients have the resources,

knowledge, and capacity to purchase drugs from the MEC platform

during the COVID-19 pandemic. Strong PBC may induce positive

PI. Based on the above-mentioned, this study proposes the

following hypothesis:

H3: Perceived behavioral control has a positive and direct

influence on PI in MEC during the COVID-19 pandemic.

2.2.4. Price value
Finally, PV presents an overall evaluation of a product’s

utility and benefits, such as convenience, price, and time cost

(37). A product or service’s PV is generally determined by its

monetary cost or price in conjunction with the quality of the

offering (38). When the benefits are perceived to be larger

than the price, PV will positively affect PI (39). Therefore,

it is necessary to analyze PV’s impact on chronic patients’

intention to purchase drugs online. This study defines PV as the

cognitive tradeoff patients make between the perceived benefits

and monetary costs in the transaction online. Thus, we hypotheses

discussed below:

H4a: PV has a positive and direct influence onATT inMEC during

the COVID-19 pandemic.

H4b: PV has a positive and direct influence on SN in MEC during

the COVID-19 pandemic.

H4c: PV has a positive and direct influence on PBC inMEC during

the COVID-19 pandemic.

H4d: PV has a positive and direct influence on PI in MEC during

the COVID-19 pandemic.

In summary, Figure 1 shows the framework of this research, and

depicts the relationships between PV, ATT, SN, PBC, and PI in MEC

during the COVID-19 pandemic.
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TABLE 1 Measurement instruments.

Construct Measurement items References

Attitude (ATT) Please fill out the below questions about your attitude in MEC during the coronavirus pandemic. Taylor et al. (40)

ATT1. Purchasing drugs from MEC platforms is a good idea.

ATT2. Purchasing drugs from MEC platforms is a wise idea.

ATT3. I like the idea of purchasing drugs fromMEC platforms.

ATT4. Purchasing drugs from MEC platforms is a pleasant experience.

Subjective norm (SN) Please fill out the below questions about subjective norm in MEC during the coronavirus pandemic. Venkatesh et al. (41)

SN1. People who influence my behavior would think that I should purchase drugs fromMEC platforms. Mathieson (42)

SN2. People who are important to me think that I should purchase drugs from MEC platforms.

SN3. People whose opinions I value prefer me to purchase drugs from MEC platforms.

Perceived behavior control (PBC) Please fill out the below questions about perceived behavior control in MEC during the coronavirus pandemic. Taylor et al. (40)

PBC1. I am able to purchase drugs fromMEC platforms.

PBC2. Purchasing drugs fromMEC platforms is entirely within my control.

PBC3. I have the resources, knowledge, and ability to purchase drugs from MEC platforms.

Price value (PV) Please fill out the below questions about price value in MEC during the coronavirus pandemic. Venkatesh et al. (37)

PV1. Drugs in MEC platforms are reasonably priced.

PV2. Drugs in MEC platforms are good value for money.

PV3. At the current price, MEC platforms provide a good value.

Purchase intention (PI) Please fill out the below questions about purchase intention in MEC during the coronavirus pandemic. Venkatesh et al. (43)

PI1. I intend to purchase drugs online. Kucukusta et al. (44)

PI2. I predict I would purchase drugs fromMEC platforms.

PI3. I plan to purchase drugs from MEC platforms.

PI4. I will strongly recommend others purchase drugs from MEC platforms.

3. Methodology

3.1. Survey design and measurement items

We performed an anonymous, cross-sectional survey in

China. The questionnaire included three parts. The first part

explained the objective of the survey and the definition of MEC

platforms. The second part of the questionnaire contained the

participants’ demographic data. The third part contained 17

items (Table 1) measuring five constructs: ATT, SN, PBC, PV,

and PI.

All the items were adapted from earlier research but

tailored to meet the context of this study. The variables were

measured using the following sources: ATT from Taylor

and Todd (40); SN from Venkatesh and Davis (41) and

Mathieson (42); PBC from Taylor and Todd (40); PV from

Venkatesh et al. (37); PI from Venkatesh et al. (43) and

Kucukusta et al. (44). The scale ranged from 1 (strongly

disagree) to 7 (strongly agree) on a seven point Likert

scale. Prior to data collection, the survey was pre-tested

and piloted among a selection of participants to gauge their

comprehension of the problems it raised and to enhance

the caliber of the research findings. Based on responses

from the participants, the questionnaire was modified for

further data collection.

TABLE 2 Demographic of respondents.

Items Category Frequency Percentage (%)

Gender Male 184 44.4

Female 230 55.6

Monthly

income (yuan)

(1 yuan= 0.105

USD∗)

Less than 5,001 196 47.3

5,001–8,000 100 24.2

8,001–15,000 94 22.7

15,001–20,000 16 3.9

20,001 above 8 1.9

Region East 192 46.4

Midwest 222 53.6

∗As of October 5, 2022.

3.2. Data collection

We conducted an online anonymous cross-sectional survey

in July 2022 in China. The reason for choosing China as our

survey location is because the prosperity of e-commerce offers

enormous potential for MEC (17). The questionnaire was designed
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TABLE 3 Reliability and validity analysis.

Construct Item Average variance extracted (AVE) Composite reliability (CR) Cronbach’s alpha Loadings

ATT ATT1 0.608 0.861 0.856 0.831

ATT2 0.781

ATT3 0.785

ATT4 0.717

SN SN1 0.508 0.755 0.751 0.672

SN2 0.790

SN3 0.670

PBC PBC1 0.527 0.769 0.766 0.792

PBC2 0.668

PBC3 0.713

PI PI1 0.631 0.872 0.869 0.783

PI2 0.753

PI3 0.867

PI4 0.770

PV PV1 0.582 0.806 0.805 0.692

PV2 0.773

PV3 0.818

Model fit indices: χ2

df
= 2.13, GFI= 0.94, AGFI= 0.91, RMSEA= 0.05, PNFI= 0.74, PGFI= 0.67, CFI= 0.96, NFI= 0.93, IFI= 0.96.

TABLE 4 Distinguishing validity test of model.

Items ATT SN PBC BI PV

ATT 0.780

SN 0.271 0.713

PBC 0.356 0.340 0.726

PI 0.668 0.501 0.523 0.794

PV 0.355 0.218 0.274 0.502 0.763

Diagonal values are square root of the AVE value (bold values).

through Credamo, a data consulting company providing large-

scale research, data collection, and business application solutions

for research institutions and enterprises. The questionnaire

was written in Chinese to ensure that each question item was

fully understood. The data were gathered through Credamo.

A sample of 489 responses was obtained. We excluded invalid

surveys such as those with incorrectly answered screening

questions or those where the respondents had never used MEC

platforms before. Eventually, 414 valid surveys were used for the

final sample.

3.3. Demographic statistics

Table 2 shows the demographics of the respondents. The

percentages of male and female respondents are 44.4 and 55.6%.

The most common monthly income in our sample is under 5,001

RMB (47.3%). A total of 192 (46.4%) participants come from

East China, and 222 (53.6%) participants come from Midwest

China.

4. Results

4.1. Measurement model assessment

To examine the variables’ reliability, Cronbach’s alpha coefficient

of each construct is recommended to be above 0.7 (45). The results

showed that Cronbach’s alpha coefficient of each construct above

0.7 (Table 3).

Confirmatory factor analysis was carried out to inspect the model

fit, validity and composite reliability (CR) using AMOS 24.0. The

fitness indices (χ2

df
< 3, GFI> 0.9, AGFI> 0.8, RMSEA< 0.08, PNFI

> 0.5, PGFI > 0.5, CFI > 0.9, NFI > 0.9, IFI > 0.9) were introduced

to inspect themodel fit (46). Table 3 shows that all fit indices exceeded

the recommended value.

Furthermore, CR, factor loading, and average variance extracted

(AVE) were adopted to test the measurement model’s validity. The

results showed that the CR values of all latent variables above 0.7,

ranging from 0.755 to 0.872 (47). The standardized factor loadings

for all items were larger than 0.5 (47). Table 3 shows that the AVE

values range from 0.508 to 0.631 and exceed the recommended value

(47). Furthermore, the square root of the AVE was compared against

the inter-correlations among constructs. Table 4 shows that the

diagonal arithmetic square root of AVE is larger than its correlations

with the other constructs (45), suggesting that the model has good

discrimination validity.

4.2. Structural model assessment

Structural equation modeling (SEM) was used to test the

hypotheses in AMOS. Table 5 shows the results and Figure 2 presents

the result of SEM graphically depicted. The model fit indices of the
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TABLE 5 Summary of hypotheses test.

Hypotheses Path Ustd. S.E. T-value P β Supported

H1 ATT→ PI 0.468 0.058 8.094 ∗ ∗ ∗ 0.439 Yes

H2 SN→ PI 0.263 0.051 5.162 ∗ ∗ ∗ 0.258 Yes

H3 PBC→ PI 0.183 0.043 4.252 ∗ ∗ ∗ 0.215 Yes

H4a PV→ ATT 0.295 0.052 5.685 ∗ ∗ ∗ 0.355 Yes

H4b PV→ SN 0.190 0.056 3.387 ∗ ∗ ∗ 0.218 Yes

H4c PV→ PBC 0.287 0.066 4.360 ∗ ∗ ∗ 0.274 Yes

H4d PV→ PI 0.205 0.044 4.667 ∗ ∗ ∗ 0.231 Yes

∗∗∗p < 0.001.

FIGURE 2

Analysis results of structural model. ***p < 0.001; Model fit indices: χ2/df = 2.13, GFI = 0.94, AGFI = 0.91, RMSEA = 0.05; PNFI = 0.75, PGFI = 0.67,

CFI = 0.96, NFI = 0.93, IFI = 0.96; R2 for attitude = 0.14, R2 for subjective norm = 0.07, R2 for perceived behavior control = 0.10, R2 for purchase

intention = 0.62.

structural model (χ2

df
= 2.13, GFI = 0.94, AGFI = 0.91, RMSEA =

0.05, PNFI= 0.75, PGFI= 0.67, CFI= 0.96, NFI= 0.93, IFI= 0.96)

all passed the minimum cutoff points (46). ATT (β = 0.439, p <

0.001), SN (β = 0.258, p < 0.001) and PBC (β = 0.215, p < 0.001)

were significant predictors of the PI of MEC use during COVID-

19. Hence, H1, H2, and H3 are accepted. Moreover, PV significantly

affected ATT (β = 0.355, p < 0.001), SN (β = 0.218, p < 0.001) and

PBC (β = 0.274, p < 0.001). Accordingly, H4a, H4b, and H4c are

accepted. In addition, PV positively affected PI (β = 0.231, p< 0.001).

Therefore, H4d is accepted.

4.3. Moderating e�ects

We conducted a multi-group analysis (MGA) to test the

moderating effects of gender (i.e., male and female), income

(i.e., high income and low income), and region (i.e., East

and Midwest). Differences between gender, income, and

regional groups were determined by pairwise comparisons

of each relationship between the unconstrained model and

constrained model. Here, we impose an equal constraint on

each path in the constrained model. A moderating effect

exists if the change of chi-square values in the two models is

significant (48).

For the gender group comparison (Table 6), gender significantly

moderated the relationship between PV and ATT (χ2
= 8.920, p <

0.05), the moderating effect of PV on PBC was also significant (χ2
=

5.273, p < 0.05). Compared by males (β = 0.267, p < 0.01), ATT of

females (β = 0.434, p < 0.001) was more likely be influenced by PV.

Furthermore, PV had a significant impact on PBC among females (β

= 0.404, p < 0.001), but the effect of PV on PBC for male group was

not significant (β = 0.160, n.s.). Overall, the model explained 58.3%

of the variance in PI in the male group and 64.6% variance in the

female group.

Table 7 shows the income group comparison. The effect of PV

on ATT was significantly different between high- and low-income

patients (χ2
= 6.043, p < 0.05). PV had a stronger effect on ATT

for low-income patients (β = 0.420, p < 0.001) than for high-income

patients (β = 0.268, p < 0.05). Overall, the model explained 61.5%

of the variance in PI for the high-income group and 62.2% for

the low-income.

Table 8 presents the region group comparison. It was found that

PV had a stronger effect on the ATT for patients fromMidwest China

(β = 0.463, p < 0.001) than East China (β = 0.193, p < 0.05), and

the moderating effects was significant (χ2
= 7.564, p < 0.001). The

region also significantlymoderated the relationship between PBC and
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TABLE 6 Path coe�cients comparison of MGA by gender.

Hypothesis Path Gender Path di�erence

Male (n = 184) Female (n = 230)

β t-statistic β t-statistic 1χ2 (df = 1)

sH1 ATT→ PI 0.418 4.547∗∗∗ 0.503 6.826∗∗∗ 0.245

H2 SN→ PI 0.210 2.519∗ 0.343 5.241∗∗∗ 1.581

H3 PBC→ PI 0.342 4.085∗∗∗ 0.215 3.200∗∗ 0.439

H4a PV→ ATT 0.267 2.723∗∗ 0.434 4.991∗∗∗ 8.920∗∗

H4b PV→ SN 0.189 1.916 0.273 3.131∗∗ 1.202

H4c PV→ PBC 0.160 1.719 0.404 4.530∗∗∗ 5.273∗

H4d PV→ PI 0.309 4.000∗∗∗ 0.143 1.918 0.737

Explained variance in the overall model 58.3% 64.6%

∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001.

TABLE 7 Path coe�cients comparison of MGA by income.

Hypothesis Path Income Path di�erence

High (≥5,001) (n = 218) Low (<5,001) (n = 196)

β t-statistic β t-statistic 1χ2 (df = 1)

H1 ATT→ PI 0.514 5.594∗∗∗ 0.432 5.721∗∗∗ 1.361

H2 SN→ PI 0.301 3.145∗∗ 0.300 4.416∗∗∗ 0.03

H3 PBC→ PI 0.176 2.059∗ 0.294 3.982∗∗∗ 1.566

H4a PV→ ATT 0.268 3.009∗ 0.420 4.578∗∗∗ 6.043∗

H4b PV→ SN 0.318 3.387∗∗∗ 0.179 1.947 0.252

H4c PV→ PBC 0.220 2.558∗ 0.329 3.491∗∗∗ 2.027

H4d PV→ PI 0.191 2.583∗ 0.211 2.689∗∗ 0.71

Explained variance in the overall model 61.5% 62.2%

∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001.

PI (χ2
= 13.866, p < 0.001). PBC significantly affected the PI for

patients from Midwest China (β = 0.411, p < 0.001), but the effect

was not significant in patients from East China (β = 0.078, n.s.).

The moderating effect of PV on PBC was significant between patients

from East and Midwest China (χ2
= 3.953, p < 0.05). PV was a

significant determinant of PBC for patients from Midwest China (β

= 0.404, p < 0.001), but not for patients from East China (β = 0.149,

n.s.). Overall, the model explained 69.5% of the variance in PI of the

East China group and 63.0% of the Midwest China group.

5. Discussion

This research aims to search for the mechanism of chronic

patients’ PI in MEC during the COVID-19 pandemic. PV is added to

the model based on the TPB framework to explore the mechanism of

chronic patients’ PI in MEC. The multi-group analysis is conducted

by gender, income, and region. The results verify the importance of

ATT, SN, PBC, and PV on chronic patients’ PI in MEC. The results

supported all seven hypotheses and revealed the gender, income, and

region differences in the structural relationships among the variables.

First, ATT delivers the most positive effect on PI in MEC,

consistent with earlier research on online shopping consumer

behavior (49–51). The COVID-19 pandemic has sparked a sharp

growth in retail digitalization. Wang et al. (52) found that shoppers’

ATT was the strongest contributor to their online PI during the

coronavirus pandemic. Patients’ PI is often affected by their ATT. On

the one hand, purchasing drugs online provides patients with utilities

such as instant feedback and fast and reliable home delivery services

(17). On the other hand, e-commerce industry has stepped to the

maturity stage in China. Purchasing drugs from MEC platforms is

also acceptable when patients can get the same quality and service

as offline pharmacies. The more patients know about the dominance

of MEC, the stronger their ATT to purchasing drugs online; as a

result, the PI in MEC will become stronger. Moreover, SN has a

relatively weak effect on patients’ PI in MEC, which is consistent

with the earlier research on exploring online shopping consumer

behavior using the TPB model (53, 54). With the perceptions of

online shopping, consumers’ online PI can also be affected by SN

during the COVID-19 pandemic (54). Therefore, patients’ PI in MEC

is recognized, encouraged, and implemented by SN. Notably, PBC

in MEC has a positive but less significant effect than ATT and SN

on PI, meaning that patients have sufficient knowledge of different

aspects of purchasing drugs online, thus prompting them to adopt

MEC platforms. This finding is coherent with former research on

consumers’ online purchase behavior (55, 56). The reason for such
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TABLE 8 Path coe�cients comparison of MGA by region.

Hypothesis Path Region Path di�erence

East (n = 192) Midwest (n = 222)

β t-statistic β t-statistic 1χ2 (df = 1)

H1 ATT→ PI 0.561 6.372∗∗∗ 0.420 5.618∗∗∗ 2.203

H2 SN→ PI 0.338 4.27∗∗∗ 0.266 4.031∗∗∗ 0.006

H3 PBC→ PI 0.078 1.176 0.411 5.289∗∗∗ 13.866∗∗∗

H4a PV→ ATT 0.193 2.119∗ 0.463 5.292∗∗∗ 7.564∗∗∗

H4b PV→ SN 0.353 3.656∗∗∗ 0.199 2.308∗ 1.555

H4c PV→ PBC 0.149 1.676 0.404 4.457∗∗∗ 3.953∗

H4d PV→ PI 0.296 3.881∗∗∗ 0.118 1.552 1.719

Explained variance in the overall model 69.5% 63%

∗p < 0.05; ∗∗∗p < 0.001.

a relationship may be due to the simple and legible online shopping

procedure of the MEC platforms (57). Almost all mainstream

Chinese MEC platforms provide buyers with a simple and legible

shopping process. Therefore, patients’ PBC has little influence on PI

in MEC.

Second, PV has significant influence on ATT, SN, PBC and PI;

PV has the strongest positive effect on ATT, which is consistent with

the earlier research. Cheah et al. (58) found that fair-priced and

good-value products positively affected consumers’ ATT when they

used electronic deals. Value perception has a significant correlation

with consumers’ PI (59). When the benefits overweight the costs,

customers perceived the valuation of the product or service (60). The

more the expected reduction in long-term costs, the greater the PV

perceived (61). Furthermore, PV positively affects patients’ ATT in

MEC. When patients understand that they can benefit from online

drugs purchasing, they will show positive ATT toward purchasing

drugs online during the COVID-19 pandemic. Additionally, PV can

affect PI through the mediating effect of ATT. The empirical results

also demonstrate that PV can influence PI via the mediating of SN

and PBC. PV plays a vital role in guiding patients’ PI in MEC.

In China, MEC platforms provide a wide variety of medicines and

health products with rapid delivery and excellent services. Owing to

enhanced ties among parties related to the industry and digital tools,

online sales of prescription drugs have commenced and launched

nationwide under the Chinese government administration. In some

areas of China, patients can purchase drugs online using medical

insurance, which significantly influences of chronic patients’ PI.

Finally, this study used MGA to explore the moderating effects

of gender, income, and region. Gender is a significant moderating

variable from PV to ATT. Compared to males, females’ ATT in

MEC can be stronger affected by PV. This finding is coherent

with former research. Hou et al. (62) identified that females were

more likely than males to be bargain hunters in online auctions.

Females had significantly higher price consciousness than males

(63). As a result, PV seems to exert a greater influence on female

patients than on male patients. Regarding income, the effect of PV

on ATT is stronger for low-income patients than for high-income

patients. It means that if PV is beyond willingness-to-pay levels, the

intention to purchase drugs online of low-income patients is more

affected by PV than high-income patients in the COVID-19 era. The

result is coherent with former research on customer online behavior

during the COVID-19 pandemic (64). It is also consistent with the

consumption theory. During the COVID-19 pandemic, people with

lesser incomes could have tighter budgets andmore pressing financial

needs, thereby necessitating government relief plans. Furthermore,

the region was also a significant moderating variable from PV to

ATT. The ATT inMEC of patients fromMidwest China may be more

affected by PV than that of patients from East China because of the

regional development distinction.

6. Conclusions

The results of this study make several theoretical contributions.

First, this study explores the influencing mechanism of chronic

patients’ PI in MEC during the COVID-19 pandemic in China which

was not discussed by previous research. Thus the results are supposed

to contribute to promoting the adoption of MEC among patients

with chronic diseases. Second, this study extended the TPB model

by integrating the PV variable into the original TPB framework

to complement the understanding of patients’ PI in MEC. Finally,

while examining the adoption of MEC, subgroups categorized by

demographic of respondents exhibit different patterns, which may

shed light on how to impulse patients’ PI in MEC based on the

characteristics of different consumer subgroups. The findings of this

study are as follows: (i) ATT, SN, and PBC had a significant influence

on patients’ PI in MEC, and ATT had the strongest effect on the PI.

(ii) PV had a significant effect on ATT, SN, PBC, and PI, with PV

having the strongest effect on ATT. (iii) In the aspect of mediating

effect, PV had a significant indirect influence on PI in MEC through

ATT, SN, and PBC. (iv) Gender, income, and region can significantly

moderate the relationship between PV and ATT.

Based on the above-mentioned findings, the practical

contributions of this study are several: First, as ATT is an important

driving factor of MEC adoption, it is important for online drug

retailers, MEC platforms, and the government to improve patients’

ATT in MEC. With the permission of the government, MEC

platforms can launch the “medicine + doctor” model, and provide

clinical service and medication guidance to establish and enhance

positive ATT in MEC among patients with chronic diseases.

Furthermore, MEC platforms can adopt the online-to-offline model

to provide services to patients. Patients can order drugs online and
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pick up drugs in offline pharmacies where additional medication

guidance can provide for them. Second, according to our findings,

PV has a significant effect on ATT, SN, PBC, and PI. Therefore, it is

necessary to strengthen the perception of PV in connection to MEC

during the pandemic prevention and control period. For instance,

as medical insurance in China is regulated by areas, policymakers

should put posit integrate medical insurance and ensure that patients

can pay for online drugs purchasing by medical insurance, which

may greatly improve patients’ ATT and PI in MEC. In the case where

medical insurance has not been fully launched, MEC platforms and

medical enterprises can conduct chronic care plans, and medical

enterprises can provide subsidies to reduce the burden of medication

for patients with chronic diseases. Third, since patients’ traits,

such as gender, income, and region can moderate the impact of

some antecedents, targeted strategies can be developed to improve

the PI of different chronic patients groups. For instance, patients

from Midwest China should receive extra attention, as their ATTs

in MEC tend to be more affected by PV than patients from East

China. Marketers should also provide corresponding marketing

strategies for male and female subgroups, or high- and low-income

patients, as the effect of PV on these subgroups’ ATTs in MEC are

significantly different.

This is the first study to investigate the purchase intention

among patients with chronic diseases in MEC during the COVID-19

pandemic. For patients, MEC can provide a way for them to purchase

drugs online and reduce the risk of infection. For the government,

MEC can relieve the burden on medical resources and decrease

community transmission. For MEC platforms, online drug retailers,

and medical enterprises, MECmakes it possible for them to sell drugs

online under strict laws and regulations, and excellent services will

make them even more competitive. The results of the study explored

the factors that affect patients’ purchase intention in MEC. For the

government, forwarding the integration of medical insurance and

making sure patients can use medical insurance to purchase drugs

online will significantly influence their purchase intention in MEC.

For MEC platforms, online drug retailers, and medical enterprises,

providing convenience, excellent and personalization service for

patients can greatly improve their ATT in MEC. Under the joint

efforts of government and enterprises, MEC will develop healthily

and serve public health.

The limitations of our study should be acknowledged. First,

the questionnaire survey was geographically limited. Future studies

should explore how social and cultural differences affect patients’

online PI. Second, this study extended the TPB model by introducing

just a single variable, PV. Future research could add additional

variables within the same context to increase the explained variance.
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