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INTRODUCTION 

The coronavirus disease 2019 (COVID-19) crisis has brought 
enormous changes to numerous citizens’ daily lives [1]. In par-
ticular, consumers try to acquire health related information on-
line when they have a health related problem [2]. Obtaining in-
formation online regarding health care-related tasks such as 
searching for the signs and symptoms of a disease, learning 
about someone else’s experience, finding the name of a hospital, 
or discovering aftercare information before visiting the doctor is 
easy. Thus, online health information (OHI) benefits consum-
ers’ self-care and their valuable decision-making process [1]. 

In South Korea, 91.5% of the population uses internet ser-
vices, ranking first among 157 nations in the global Informa-
tion and communications technology development index. This 
underscores the country's significant reliance on information 
technology [3]. Thus, the data on Korean consumers reflects 
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the phenomenon of increasingly seeking OHI and using 
eHealth to participate more in health care management. 

The World Health Organization describes eHealth as the ef-
ficient and secure application of information and communica-
tion technologies to support health and health related activities. 
This includes the provision of healthcare services, health moni-
toring, medical literature, health education, as well as the dis-
semination of knowledge and research [4]. 

The advancement of information and communication tech-
nology (ICT) positively impacts health promoting behaviors 
(HPBs) by increasing access to health information, encourag-
ing behavioral changes, enabling personalized health manage-
ment, providing remote healthcare services, and offering psy-
chological support. These changes enhance individuals' health 
management capabilities and contribute to the improvement of 
overall health status [5]. 

There has been increased research on consumers’ use of OHI 



Hanna Choi, Meiling Jin • Health behavior determinants in eHealth consumers

https://doi.org/10.7586/jkbns.24.017 207

to investigate this recent trend [2,6,7]. Unfortunately, despite 
the great debate on OHI’s effects, it is challenging to find quan-
tified indicators about health and the effect OHI has on the 
health promotion of consumers. The effect of OHI on actual 
HPB needs to be investigated [8]. Previous research has mainly 
pertained to understanding individuals’ healthcare-seeking be-
havior, such as using web portals or web tools [9,10]. These 
have focused mainly on behavioral intention, present behavior, 
or short-term changes [11,12]. Predictive research on behavior-
al models considers various factors, but often excludes the in-
formation factor when evaluating the influence of health infor-
mation [13]. Regarding behaviors associated with health pro-
motion, prior studies have focused on intention [14], and life-
style changes [15]. Little is known about HPB related to OHI 
seekers and eHealth consumers. Thus, a systematic review has 
also pointed out that additional research is required to deter-
mine the influences of real health related behavior [16]. 

The connections established between health related behav-
iors, technology usage, and health promotion outcomes pro-
vide a solid basis for integrating these findings into the theoret-
ical framework of basic nursing science. This integration en-
hances the understanding of how eHealth tools can be effec-
tively utilized to foster better health outcomes, aligning with 
core principles of fundamental nursing practice and education. 
This study can significantly contribute to the development of 
biological and physiological nursing knowledge by providing 
insights into how eHealth consumers engage with health infor-
mation over time and the subsequent impact on their 
health-promoting behaviors. 

Theoretical background 
To predict the usefulness and accuracy of health information 

obtained online for consumers' HPB, this study is grounded in 
the health-promotion model (HPM) [17] and the technology 
acceptance model (TAM) [18]. 

The TAM is well known in technology-related research. 
However, despite the increased recognition of the importance 
of OHI during the COVID-19 pandemic, its significance in 
terms of health promotion or health behavior has not been ful-
ly addressed. The HPM provides useful ideas in terms of pre-
vention and promotion, and studies have included the per-
ceived benefits and self-efficacy variables. However, the HPM 
has received little validation among eHealth consumers. Using 
both models, the study predicts the health-promotion behavior 
of eHealth consumers. 

Prior health related behaviors included in HPM are consid-

ered important to form habits so that previous behaviors are 
coded and memorized and so that they can naturally partici-
pate in future behaviors without much effort [19]. Prior health 
related behaviors naturally induce behaviors with healthy life-
style habits that have been maintained so far, and they directly 
affect perceived benefits and self-efficacy. In addition, they af-
fect intentions and HPBs directly or indirectly [17,20]. 

As a result of identifying HPBs and related factors, we have 
found that prior health related behaviors of Iranian women [19] 
and female worker [21] were related to perceived benefits, 
self-efficacy, behavioral intentions, and HPBs. Yang and Kim 
[22] and Lee [23] confirmed the relationship between prior 
health related behaviors and perceived benefit as a motivator, 
and Lee [23] and Shin et al. [24] confirmed perceived efficacy 
as a motivator. 

Perceived ease of use and perceived usefulness, pivotal com-
ponents in the TAM, have been extensively utilized as factors to 
elucidate behavioral intention and actual behavior in relation to 
technology utilization [25,26]. Perceived ease of use is defined 
as the degree to which a consumer believes that using OHI 
would be free from effort, and perceived usefulness is defined 
as the degree to which a consumer believes that using OHI 
would enhance his or her performance. The TAM is widely ac-
cepted because, in contemporary society, consumers tend to 
depend on technology to seek useful health information them-
selves rather than depending on passive methods (TV, newspa-
per etc.) [18,27]. 

On the other hand, perceived ease of use and perceived use-
fulness as an antecedent not only lead to perceived benefit, 
which facilitates health behavior, but also affect HPBs through 
the medium of self-efficacy [17,28]. Similarly, behavioral inten-
tion has been proven to have effects on perceived benefit 
[24,29] and self-efficacy [30,31]. 

Perceived benefit has been commonly employed to denote 
individual motivations. In this study, we also focused on per-
sonal motivation, which is more likely to change within the in-
dividual dimension. Consumers anticipated benefits from en-
gaging in health behaviors. This is because consumers tend to 
maintain health behavior longer when they realize that health 
information benefits them [32]. Perceived self-efficacy of HPB 
is a mediating factor. Because HPB is the final goal, we focused 
on the self-efficacy of health behavior in the study rather than 
internet or technology efficacy. This is a construct of the HPM 
[17] and has been proven to be the most important predictor of 
lifestyle changes in meta-analyses [33,34]. 

Finally, with regard to behavior, behavioral intention refers to 
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a specific plan of action, including when, where, and how, for 
an organized health behavior [17]. In addition to the HPM, 
several theories including the Theory of Planned Behavior, the 
Theory of Reasoned Action, and the TAM have demonstrated 
that behavioral intention is a significant predictor of health be-
havior [25,35]. 

Based on the studies mentioned above, Figure 1 outlines the 
identified predictors. Prior health related behavior has an effect 
on perceived benefit, perceived self-efficacy, behavioral inten-
tion, and HPB. Perceived ease of use and usefulness impact 
perceived benefit and perceived self-efficacy, which in turn af-
fect behavioral intentions and HPB. Additionally, there is a di-
rect relationship between behavioral intentions and HPB. 

The objective of this study is to investigate the effect of infor-
mation utilization on the intentions and behaviors associated 
with health promotion among eHealth consumers who use 
OHI , within the frameworks of HPM and TAM. 

METHODS 

1. Study design 
This study is a longitudinal path analysis and tested the fac-

tors affecting the behavioral intention and HPB of eHealth con-
sumers based on the HPM and the TAM. 

2. Participants 
The subjects of this study were OHI consumers aged 18 years 

and older who had sought OHI at least once a month. Partici-
pants (n =  360) were recruited using the convenience sampling 
method. The inclusion criteria were selected using the follow-
ing sampling: 1) male or female adults who understood the 
purpose of this study and agreed to participate voluntarily in it; 
2) people who had at any time sought OHI (through a webpage 
or application on a mobile phone or PC) regarding health pro-
motion on topics such as health responsibility, physical activity, 
nutrition, spiritual growth, self-actualization, stress manage-
ment, and interpersonal influences within the previous month.  

3. Instruments 
Prior health related behavior 

Prior health related behavior assesses whether consumers en-
gaged in HPBs during the 6 months preceding the initial survey 
[17]. The measurement tool for prior health related behavior 
was adapted from the modified scale for prior health related 
behavior [37,38]. The instrument encompassed dimensions 
such as health responsibility, fitness, nutrition, spiritual growth/
self-actualization, stress management, and interpersonal influ-
ences. Participants rated six items based on their activities over 
the past 6 months using a 5-point Likert scale. A higher score 
indicated a higher level of prior health related behavior. In 
terms of reliability, Cronbach's alpha was reported as .74 in the 
study conducted by Yun and Park [38], while in this study, the 
computed Cronbach's alpha was .63, which is the acceptable 
value [39]. 

Figure 1. Path diagram of HPB for consumers of OHI.
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Perceived ease of use of OHI 
The perceived ease of use of OHI is assessed in terms of its 

convenience for health management [18]. The perceived ease 
of use of OHI was utilized by referencing Choi and Jeong [38] 
and Yun and Park’s [37] modified scale for perceived ease of 
use, which was originally developed by Davis [18] in the TAM. 
The instrument consisted of four items rated on a 5-point 
Likert scale. A higher score indicated a stronger belief among 
consumers that they would easily accept an information system 
when seeking health information. In terms of reliability, Cron-
bach’s alpha was reported as .89 in Yun and Park’s [37] study, 
while it was computed as .88 in this study. 

Perceived usefulness of OHI 
Perceived usefulness of OHI refers to the degree to which 

consumers can effectively utilize it for health management. The 
measurement of perceived usefulness of OHI was adopted with 
reference to Choi and Jeong [38] and Yun and Park’s [37] mod-
ified scale for perceived usefulness, which was derived from 
Davis [18]. Initially consisting of five items on a 5-point Likert 
scale, one item related to seeking health information from 
books and television programs was excluded due to its irrele-
vance, resulting in four items for analysis. A higher score indi-
cated a stronger belief among consumers that using health in-
formation enhances their behavior and decision-making out-
comes related to health promotion. In terms of reliability, 
Cronbach’s alpha was reported as .89 in Yun and Park’s [37] 
study, while it was computed as .79 in this study. 

Perceived benefit of HPB 
Perceived benefit of HPB measures the advantages that con-

sumers perceive when using OHI [17]. This measurement of 
perceived benefit of HPB was employed with reference to the 
modified scale of HPB by Seo and Hah [40]. The instrument 
originally consisted of six items on a 5-point Likert scale; how-
ever, one item with a factor loading below 0.8 was excluded, re-
sulting in five items for analysis. A higher score indicated a 
stronger motivation among consumers to engage in positive 
health behavior and a greater likelihood of carrying out HPB 
for over 6 months. In terms of reliability, Cronbach’s alpha was 
reported as .90 in Seo and Hah [40], while it was computed as 
.90 in this study.  

Perceived self-efficacy of HPB 
Perceived self-efficacy of HPB measures individuals' confi-

dence in their ability to manage their health using the OHI they 

seek [17]. The measuring instrument for perceived self-efficacy 
of HPB was a revised Korean adaptation of the general self-effi-
cacy scale developed by Lee et al [41]. The instrument com-
prised three items, each rated on a 5-point Likert scale. When 
consumers experienced more positive emotions and demon-
strated better judgment regarding their ability to complete a 
task, their sense of self-efficacy became stronger; increased 
self-efficacy corresponded to lower perceived disturbance. The 
original scale had a Cronbach's alpha of .75, while in this study, 
Cronbach's alpha was computed as .71. 

Behavioral intention 
Behavioral intention assesses health responsibility, physical 

activity, nutrition, spiritual growth, stress management, and in-
terpersonal relations [17]. In this study, behavioral intention 
corresponds to a commitment to a plan of action within the 
HPM, signifying a consumer's intent to engage in HPB at a spe-
cific time and place, regardless of circumstances. The measur-
ing instrument employed for behavioral intention considered 
the characteristics of OHI consumers, using a modified scale by 
Seo and Hah [40]. This instrument consisted of six items rated 
on a 5-point Likert scale. A higher score denoted a more robust 
intention to engage in HPB, encompassing improvements in 
health responsibility, physical activity, nutrition, spiritual 
growth and self-actualization, stress management, and interper-
sonal influence. The original scale had a Cronbach's alpha of 
.80, while in this study, Cronbach's alpha was computed as .78. 

HPB 
HPB gauges the extent of engagement in health responsibili-

ty, physical activity, nutrition, spiritual growth, stress manage-
ment, and interpersonal relations [17]. In relation to HPB, we 
utilized an adapted version of the Health Promotion Lifestyle 
Profile-II by Seo and Hah [40], originally developed by Pender 
et al. [17]. within the HPM. The initial instrument encom-
passed 50 items, comprising eight items related to health re-
sponsibility, eight to physical activity, nine to nutrition, nine to 
spiritual growth and self-actualization, eight to stress manage-
ment, and eight to interpersonal influences. Following meticu-
lous review by two nursing professors and two public health 
professors, the instrument was revised and condensed to 20 
items. This revised version included three items on health re-
sponsibility, four on physical activity, four on nutrition, three 
on spiritual growth and self-actualization, three on stress man-
agement, and three on interpersonal influences. Confirmatory 
factor analysis on this modified version yielded no factor load-
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ings below 0.80. A 5-point Likert scale was employed, with a 
total score ranging from 20 to 100, higher scores indicating 
greater engagement in HPB. The instrument's Cronbach's al-
pha was .92 in Seo and Hah [40], while in this study, Cron-
bach's alpha was computed as .78. 

4. Data collection  
Upon receiving approval from the institutional review board 

at the researcher’s institution, the collected data guided the re-
search which adhered to the principles outlined in the Declara-
tion of Helsinki and followed ethical guidelines. Before obtain-
ing participants’ consent and administering the online ques-
tionnaires, the researchers provided an explanation of the 
study’s objectives. The sample size was set at 360 individuals, as 
it is desirable to extract a sample of around 200 to 400 individ-
uals for Structural Equation Modeling using Maximum Likeli-
hood Estimation [36]. Longitudinal data were collected from 
the five main cities in South Korea—Seoul, Daejeon, Daegu, 
Busan, and Gwang-ju. The baseline data collection took place 
from June 10 to 20, 2015, and follow-up data were collected 
from September 10 to 22, 2015. Three months after the initial 
survey, respondents were surveyed again to assess various as-
pects including their online mobile information searches, pri-
mary health information services and devices used, inconve-
niences experienced, and the impact on their HPBs. 

5. Statistical analysis 
General characteristics of the participants and each variable 

were analyzed using descriptive statistics. The descriptive sta-
tistics with normal distribution were expressed by mean ±  stan-
dard deviation (M ±  SD). Skewness and kurtosis were analyzed 
to ensure normal distribution of variables. Instrument reliabili-
ty was tested using Cronbach’s alpha. To assess construct validi-
ty, convergent validity was tested by exploratory factor analysis 
and confirmatory factor analysis using principal component 
analysis. Multicollinearity among variables was analyzed using 
Pearson’s product moment correlation coefficient. Twelve in-
sincere responses were removed from the 372 collected three 
months after the initial survey, resulting in a total of 360 re-
sponses used for analysis. Missing data were handled by expec-
tation-maximization in SPSS 22.0 (IBM Corporation, Armonk, 
NY, USA). Model verification was done using maximum likeli-
hood with AMOS 25.0 (IBM Corporation, Armonk, NY, USA). 
To evaluate model fit, we applied chi-square; normed chi-
square; absolute fit indices, which included GFI (goodness-of-
fit index), AGFI (adjusted GFI), and RMSEA (root mean 

square error of approximation); increment fit indices, which 
included NFI (normed fit index) and CFI (comparative fit in-
dex); and parsimony of fit indices, which included PNFI (parsi-
mony NFI). It was considered statistically significant when a 
two-tailed probability value was less than 0.05. 

6. Ethical considerations  
This study was approved by the Institutional Review Board 

of the College of Nursing at Seoul National University in Korea 
(IRB No. E1603/002-004). Detailed informed consent proce-
dures were followed to ensure that all participants fully com-
prehended the study's purpose, benefits, research questions, 
and participation process. Participation in the study posed no 
harm or risk to the participants. Additionally, they were assured 
that all collected data would be treated confidentially, and they 
retained the right to withdraw their data at any point. The data 
were anonymized to prevent the identification of individuals 
from the survey data, thereby ensuring both the anonymity and 
confidentiality of the participants. Furthermore, participants 
were informed that their personal information would be imme-
diately discarded after the study's conclusion, while data devoid 
of personal identifiers would be securely stored on a locked 
computer in the laboratory for a period of 5 years. 

RESULTS 

1. Characteristics of participants 
The general characteristics of the 360 respondents were ana-

lyzed, including age, sex, occupation, level of education, house-
hold income/month in KRW 10,000, cohabitation, and number 
of chronic diseases (Table 1). 

2. Use of health information technology in health promotion 
Consumers mainly use a PC (44.7%, n =  161) or mobile de-

vice (55.3%, n =  199) one or two times a week (27.8%,  
n =  100) with two or three apps (50.3%, n =  181). The catego-
ries of health information most sought were related to health 
responsibility (39.7%, n =  143) and physical activity (32.8%,  
n =  118). The purposes of using services were seeking health 
information (69.4%, n =  250) and searching for materials 
(10.0%, n =  36). Inconvenient factors in using health informa-
tion were low credibility (50.4 %, n =  181) and too much infor-
mation (24.8%, n =  89; Table 1). 

3. Endogenous variables 
As endogenous variables, the average score for prior health 
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related behavior was 18.07 (SD =  3.72), that for perceived ease 
of use was 11.68 (SD =  2.02), and that for perceived usefulness 
was 13.78 (SD =  2.81), within a score range from 4 to 20 for 
each item. The average score for perceived benefit was 15.96 
(SD =  5.96) within a score range from 5 to 25, that for self-effi-
cacy was 10.91 (SD =  1.77) with a range from 3 to 15, that for 
behavioral intention was 21.61 (SD =  3.47 ) with a range from 
6 to 30, and that for HPB was 65.07 (SD =  11.18 ) with a range 
from 20 to 100 (Table 2). 

4. Path analysis 
As a result of testing univariate normality, the absolute value 

of skewness of all variables was from -.64 to .06, less than 2, and 
the absolute value of kurtosis was from -.09 to .34, less than 7, 
satisfying the assumption of univariate normality. Therefore, 
the data set was adequately modeled by a normal distribution 
because univariate normality is a necessary condition for multi-
variate normality. The parameters that fit the information were 
estimated utilizing the maximum likelihood method. Before 
model verification, correlations among variables and multicol-
linearity were examined. The absolute values of the correlation 
coefficients in this study were from .09 to .51, whereas a cor-
relation of above .7 is generally considered to be a very strong 
correlation. Thus, there was no multicollinearity problem. 

As a result of testing the significance of hypothetical paths and 
the goodness-of-fit of the hypothetical path model, both were 
found to be satisfactory. Nine out of 13 OHI consumers’ HPB 
paths were found to be significant. The fit indices were comput-
ed as follows: χ2 =  7.92, GFI =  .99, AGFI =  .94, Normed  
χ2 =2.64, RMSEA = .068, NFI =  .99, CFI =  .99. The fit indices 
of the hypothesis model satisfied all fit criteria except PNFI. 

Nine out of 13 paths of the model were significant. The 
squared multiple correlations (SMCs), which indicate the ex-
planatory power of behavioral intention and HPB as conse-
quence variables, were 10.4% and 15.3%, respectively. The SMC 
of perceived self-efficacy, a factor affecting the consequence 
variables, was 15.2% (Table 3). 

Perceived ease of use and usefulness directly and positively 
influenced perceived benefit, and prior health related behavior 
and Perceived ease of use directly and positively influenced 
perceived self-efficacy. Prior health related behavior, perceived 
benefit, and self-efficacy directly influenced behavioral inten-
tion. Prior health related behavior and behavioral intention di-
rectly influenced HPB, whereas perceived ease of use, perceived 
usefulness, perceived benefit, and perceived self-efficacy indi-
rectly influenced HPB (Table 3). 

Table 1. Participant Characteristics and Health Information 
Technology in Health Promotion (N = 360)

Variables Categories n (%) or M ±  SD
Age (yr) 20-29 162 (45.0)

30-39 106 (29.4)
40-49 37 (10.3)
50-59 41 (11.4)
≥  60 14 (3.9)

 33.90 ±  12.30
Sex Men 100 (27.8)

Women 260 (72.2)
Occupation Student 113 (31.4)

Professional 138 (38.3)
Office clerk 59 (16.4)
Service or sales 14 (3.9)
Other 36 (10.0)

Level of education Less than high school 7 (1.9)
College graduate 289 (80.3)
Graduate school or higher 64 (17.8)

Household income per 
month in KRW10,000

≤  249 43 (11.9)
250-349 79 (21.9)
350-449 74 (20.6)
450-549 50 (13.9)
≥  550 114 (31.7)

530.70 ±  493.50
Cohabitation Family 244 (67.7)

None (alone) 64 (17.8)
Other 29 (8.1)
Partner (relatives, friends) 23 (6.4)

Number of  
chronic diseases

None 242 (67.2)
1-2 110 (30.6)
≥  3 8 (2.2)

Main method of  
using online  
resources

PC-based 161 (44.7)
Mobile-based 199 (55.3)

Frequency of use 3 or more times/week 29 (8.1)
1-2/week 100 (27.8)
2-3/month 80 (22.2)
1/month 71 (19.7)
1/3-4 month 80 (22.2)

Number of websites or 
apps used

1 134 (37.2)
2-3 181 (50.3)
4-5 35 (9.7)
≥  6 10 (2.8)

1.78 ±  0.75
Categories of health  

information
Health responsibility 143 (39.7)
Physical activity 118 (32.8)
Nutrition 52 (14.4)
Spiritual growth 26 (7.2)
Stress management 15 (4.2)
Interpersonal relations 6 (1.7)

(Continued to the next page)
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Variables Categories n (%) or M ±  SD
Purpose of using  

services
Seeking health information 250 (69.4)
Online health counseling 36 (10.0)
Appointment to see doctor 28 (7.8)
Self-check 21 (5.8)
Online consultation 12 (3.4)
Join the health community 7 (1.9)
Buying medical glossary 6 (1.7)

Inconveniences  
when using health  
information

Low credibility 181 (50.4)
Too much information 89 (24.8)
Insufficient consultation 38 (10.6)
Insufficient information 

about diversity
21 (5.8)

Difficulty searching 18 (5.0)
Difficulty understanding 11 (3.1)
Privacy and security 2 (0.3)

M = Mean; SD = Standard deviation.

Table 2. Descriptive Statistics of the Measured Variables

Variables Number of items Score range M ±  SD Measured range Skewness Kurtosis Reliability
Prior health-related behavior 6 6-30 18.07 ±  3.72 6-27 -0.22 -0.07 .63
Perceived ease of use of OHI 4 4-16 11.68 ±  2.02 5-15 -0.30 -0.20 .88
Perceived usefulness of OHI 4 4-20 13.78 ±  2.81 4-20 -0.09 0.19 .79
Perceived benefit 5 5-25 15.96 ±  5.96 5-25 0.20 0.05 .90
Perceived self-efficacy 3 3-15 10.91 ±  1.77 6-15 -0.18 0.23 .71
Behavioral intention 6 6-30 21.61 ±  3.47 12-30 -0.10 -0.05 .78
Health promoting behavior 20 20-100 65.07 ±  11.18 40-8 -0.13 0.76 .89

M = Mean; SD = Standard deviation; OHI = Online health information.

Table 3. Model Standardized Estimates and Predictive Effects in OHI Consumers (N = 360)

Endogenous  
variables

Exogenous  
variables

Standardized  
estimates C.R.(p) SMC Standardized  

direct effect
Standardized  
indirect effect

Standardized  
total effect

Perceived benefit Perceived OHI ease of use .15 8.64 (<  .001) .28 .39 - .39
Perceived OHI usefulness .12 4.59 (<  .001) .20 - .20
Prior health-related behavior .07 1.39 (.163) .07 - .07

Perceived self-efficacy Perceived OHI ease of use .23 4.19 (<  .001) .15 .23 - .23
Perceived OHI usefulness .07 1.24 (.215) .07 - .07
Prior health-related behavior .24 4.76 (<  .001) .24 - .24

Behavioral intention Perceived benefit .76 6.49 (<  .001) .10 .76 - .76
Perceived self-efficacy .12 1.89 (.059) .12 - .12
Prior health-related behavior .26 4.91 (<  .001) .26 .08 .34

Health-promoting behavior Behavioral intention .20 3.77 (<  .001) .15 .16 - .16
Prior health-related behavior .25 4.55 (<  .001) .25 .08 .31
Perceived benefit .02 0.38 (.707) .02 .12 .14
Perceived self-efficacy .09 1.59 (.113) .09 .02 .11

OHI = Online health information; C.R. = Critical ratio; SMC = Squared multiple correlation.

DISCUSSION 

The research serves two primary objectives. Firstly, this study 
validated factors affecting HPB based on the HPM [17] and the 
TAM [18]. Through this investigation, we identified that prior 
health related behavior, perceived benefit, perceived ease of use, 
perceived usefulness, perceived self-efficacy, and behavioral in-
tention significantly affect HPB. Secondly, by revealing specific 
predictors for e-health consumers' HPB, we empirically sub-
stantiated the behavioral changes among adult consumers fur-
ther than behavioral intention. 

Among exogenous variables, prior health related behaviors 
were uniquely identified as exerting significant indirect or direct 
influence on both the behavior intention and HPBs. This find-
ing aligns with conclusions drawn from prior research [20,42]. 
This study verified the alternative model of patient health en-
gagement in the context of e-health consumers [43], the prem-

Table 1. Continued



Hanna Choi, Meiling Jin • Health behavior determinants in eHealth consumers

https://doi.org/10.7586/jkbns.24.017 213

viduals experience heightened uncertainty about their health, 
often stemming from a lack of accurate health related knowl-
edge [6]. Online resources minimize internal uncertainty by 
disseminating accurate information and enhancing the effec-
tiveness of health related decision-making [1]. Moreover, 
health-promotion practices like physical activities, nutrition, 
and weight management shape consumers' intentions regard-
ing concrete actual health behaviors [17]. 

The perceived ease of use of OHI also influenced perceived 
self-efficacy in behavioral skills. This aligns with the findings of 
previous studies indicating that the perceived ease of use of on-
line patient portals positively impacts perceived self-efficacy in 
adults [47]. 

In this study, perceived self-efficacy can be interpreted as the 
belief that consumers can transfer the knowledge acquired 
through exploring OHI into behaviors. The results of this study 
suggest that perceived self-efficacy did not directly impact 
health promotion behaviors but exerted an indirect and signifi-
cant influence through the behavioral intention to engage in 
health promotion behaviors. Among young adults, perceived 
self-efficacy was a significant predictor for seeking mental 
health counseling services [48]. 

The behavioral intention for health promotion behaviors di-
rectly impacted health promotion behaviors through the influ-
ence of motivation and behavioral skills factors. This direct and 
significant influence of intention on behavior was reaffirmed in 
this study, consistent with previous research in HPM and infor-
mation motivation behavioral skills model, as well as in extend-
ed theories of planned behavior and planned behavior, where 
emotional responses to behavior are linked through intention 
to actual behavior [49]. Therefore, when providing health pro-
motion-related content, it would be beneficial to thoroughly 
assess consumers’ intentions, such as asking a few questions 
with checklists. Setting differentiated goals based on these in-
tentions can facilitate a smoother transition from intention to 
health promotion behaviors. This approach ensures that health 
promotion behaviors are naturally and effectively connected 
once intentions are enhanced. This study's findings align with 
research on determinants influencing health promotion behav-
iors in individuals at high risk of consumers or patients, where 
behavioral intention had a positive effect on HPB [50]. 

This study addresses a gap in the literature by elucidating the 
factors influencing behavioral intentions and HPB, focusing on 
motivational and behavioral skill factors to enhance consumers' 
self-engagement in health management. The findings underline 
the guidance that health information providers can derive from 

ise that patients act in response to their thoughts and emotions. 
Psychosocially, individuals are more influenced by others’ pre-
vious actions than their cognitive and emotional states. 

In other words, emphasizing prior health related behaviors 
can also be considered as obstructing behavioral changes by 
maintaining their health behavior. However, health information 
providers can assist in promoting health behavior by identify-
ing the subject's condition based on prior health related behav-
iors before acquiring desired information from consumers and 
providing customized information to facilitate behavioral 
change. Artificial intelligence can recommend relevant online 
content based on a user’s patterns of information search and 
health management experiences presents an opportunity to en-
hance support for health information seekers [7]. 

Perceived ease of use is a crucial independent variable that 
influences behavior intention. In the TAM proposed by Davis, 
he explains that in his research, perceived ease of use has an in-
direct influence on intention to use. Based on the model and 
the results of this study, it can be concluded that perceived ease 
of use given an HPM does not affect the intention to use but 
through perceived benefit indirectly [25]. 

The perceived usefulness of OHI influenced perceived bene-
fit but did not impact perceived self-efficacy. Consumer behav-
ior in utilizing the internet for health promotion is influenced 
by perceived ease of use, while those seeking disease-related 
health information are more affected by perceived usefulness 
[44,45]. In the original TAM by Davis, perceived usefulness, 
and perceived ease of use were significant factors affecting 
technology adoption [27]. In Korea, OHI seekers predominant-
ly search for health information weekly, using around 1.78 mo-
bile devices or personal computer applications. In this study, 
perceived usefulness demonstrated greater predictive power 
than perceived ease of use [25], although the latter significantly 
influence consumers, however, its impact in the context of HPB 
remains uncertain. The nature of influence depends on indi-
vidual purposes, which supports the view that consumers eval-
uate health promotion-related content based on entertainment 
value and disease-related content based on practical value [46]. 

The variable of perceived benefit exhibited the most substan-
tial explanatory power in the study, accounting for 27.5% of the 
variance, directly and indirectly influencing HPBs regarding 
behavioral intentions. Perceived benefits can be broadly catego-
rized into internal and external benefits. For instance, internal 
benefits reduced nervousness and fatigue, while external bene-
fits involve monetary rewards or social recognition [17]. Given 
the unprecedented nature of the COVID-19 pandemic, indi-
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prior health related behavior, perceived ease of use, usefulness, 
perceived benefit, self-efficacy, and behavioral intention. Addi-
tionally, categorizing health information into general and dis-
ease-specific health information warrants consideration of var-
ious influencing factors, such as perceived benefit and per-
ceived usefulness. 

However, despite the robustness of the findings, this study 
has limitations. First, the subjects were adults willing to partici-
pate in both survey phases, possessing experience in seeking 
OHI. Generalizing these findings requires broader participa-
tion and further studies. Second, OHI use and HPBs relied on 
self-reporting through surveys, introducing potential recall bias 
and subjectivity. The study excluded variations in OHI use 
based on different characteristics of OHI services each partici-
pant used, focusing instead on subjective indices. Finally, the 
study found that the average age of the participants was 33.9 
years old and nearly 98% of the sample has received a universi-
ty-level education or higher. Therefore, premature generaliza-
tion of the study's findings should be avoided. Further research 
is necessary to comprehensively understand how these effects 
vary across different consumer subgroups. Lastly, there have 
been significant advancements in digital technology since data 
collection. Although some time has passed, continuous impact 
of digital technology on HPBs reinforces the relevance of the 
data. Also, this research continues to hold significant value by 
providing baseline data for future comparisons and demon-
strating methodological rigor, such as adherence to the Decla-
ration of Helsinki. 

CONCLUSION 

This study makes a novel contribution to the literature by 
identifying factors influencing behavioral intention and HPB of 
consumers of OHI based on the HPM and TAM. Among these 
factors, perceived benefits demonstrated the greatest explanato-
ry power and directly affected the intention of health promo-
tion. Notably, perceived usefulness was a key factor for con-
sumers seeking disease-specific health information, whereas 
perceived ease of use was identified as a strong determinant for 
consumers seeking health promoting information. Conse-
quently, to enhance consumers’ HPB, strategies should focus 
not only on behavioral intention but also on perceived benefit, 
perceived usefulness, prior health related behavior, perceived 
ease of use, and self-efficacy. 

This study demonstrates a new perspective for eHealth con-
sumers by offering important factors. Ultimately, the findings 

of this study will enhance the development of scientific theory 
and its practical application for eHealth consumers in the post-
COVID-19 era. 

ORCID 

Hanna Choi, https://orcid.org/0000-0003-2490-9078 
Meiling Jin, https://orcid.org/0000-0002-8124-8686 

CONFLICT OF INTEREST 

The authors declared that no conflict of interest. 

AUTHORSHIP 

HC contributed to the conception and design of this study; 
HC collected data; HC performed the statistical analysis and 
interpretation; HC and MJ drafted the manuscript; MJ critically 
revised the manuscript; HC supervised the whole study pro-
cess. All authors read and approved the final manuscript. 

FUNDING 

This research was supported by the National Research Foun-
dation of Korea (NRF) (No. NRF 2019R1F1A1058969) and 
Nambu University, 2024. 

DATA AVAILABILITY 

The data supporting the findings of this study can be ob-
tained from the corresponding author upon reasonable request. 

ACKNOWLEDGMENTS 

This manuscript is based on a part of the first author’s doc-
toral dissertation from Seoul National University. 

REFERENCES  

1. Zhang D, Zhan W, Zheng C, Zhang J, Huang A, Hu S, et al. 
Online health information-seeking behaviors and skills of 
Chinese college students. BMC Public Health. 2021;21:736. 
https://doi.org/10.1186/s12889-021-10801-0  

2. Blasioli E, Hassini E. E-health technological ecosystems: ad-
vanced solutions to support informal caregivers and vulnera-
ble populations during the COVID-19 outbreak. Telemedi-

https://doi.org/10.1186/s12889-021-10801-0
https://doi.org/10.1186/s12889-021-10801-0
https://doi.org/10.1186/s12889-021-10801-0
https://doi.org/10.1186/s12889-021-10801-0
https://doi.org/10.1089/tmj.2020.0522
https://doi.org/10.1089/tmj.2020.0522
https://doi.org/10.1089/tmj.2020.0522


Hanna Choi, Meiling Jin • Health behavior determinants in eHealth consumers

https://doi.org/10.7586/jkbns.24.017 215

cine and E-health. 2022;28(2):138-149. https://doi.org/ 
10.1089/tmj.2020.0522  

3. National Information Society Agency (NIA). Statistics of in-
ternet usage in South Korea 2020 [Internet]. Daegu: National 
Information Society Agency; 2021 [cited 2022 Oct 22]. Avail-
able from: https://www.nia.or.kr/site/nia_kor/ex/bbs/View.
do? cbIdx= 99870&bcIdx= 23310&parentSeq= 23310 

4. World Health Organization. Guiding optimal development 
and use of digital health towards improved health outcomes 
[Internet]. Geneva: World Health Organization; [cited 2024 
Jul 21]. Available from: https://www.who.int/westernpacific/
activities/guiding-optimal-development-and-use-of-digi-
tal-health-towards-improved-health-outcomes 

5. Joseph-Shehu EM, Ncama BP. Evidence on health-promoting 
lifestyle practices and information and communication tech-
nologies: scoping review protocol. BMJ Open. 2017; 
7(3):e014358. https://doi.org/10.1136/bmjopen-2016-014358 

6. Abbas J, Wang D, Su Z, Ziapour A. The role of social media 
in the advent of COVID-19 pandemic: crisis management, 
mental health challenges and implications. Risk Management 
and Healthcare Policy. 2021:1917-1932. https://doi.org/10. 
2147/RMHP.S284313 

7. Bokolo AJ. Application of telemedicine and ehealth technol-
ogy for clinical services in response to COVID-19 pandemic. 
Health and Technology. 2021;11(2):359–366. https://doi.org/ 
10.1007/s12553-020-00516-4 

8. Chen W, Zheng Q, Liang C, Xie Y, Gu D. Factors influencing 
college students’ mental health promotion: the mediating ef-
fect of online mental health information seeking. Interna-
tional Journal of Environmental Research and Public Health. 
2020;17(13):4783. https://doi.org/10.3390/ijerph17134783 

9. Ren C, Deng Z, Hong Z, Zhang W. Health information in the 
digital age: an empirical study of the perceived benefits and 
costs of seeking and using health information from online 
sources. Health Information and Libraries Journal. 2019; 
36(2):153-167. https://doi.org/10.1111/hir.12250 

10. Or CK, Tao D, Wang H. The effectiveness of the use of con-
sumer health information technology in patients with heart 
failure: a meta-analysis and narrative review of randomized 
controlled trials. Journal of Telemedicine and Telecare. 2017; 
23(1):155-166. https://doi.org/10.1177/1357633X15625540 

11. Van Rhoon L, Byrne M, Morrissey E, Murphy J, McSharry J. 
A systematic review of the behaviour change techniques and 
digital features in technology-driven type 2 diabetes preven-
tion interventions. Digital Health. 2020;6:2055207620914427. 
https://doi.org/10.1177/2055207620914427 

12. Yuriev A, Dahmen M, Paillé P, Boiral O, Guillaumie L. 
Pro-environmental behaviors through the lens of the theory 
of planned behavior: a scoping review. Resources, Conserva-
tion and Recycling. 2020;155:104660. https://doi.org/10.1016/
j.resconrec.2019.104660 

13. Greyson DL, Johnson JL. The role of information in health 
behavior: a scoping study and discussion of major public 
health models. Journal of the Association for Information 
Science and Technology. 2016;67(12):2831–2841. https://doi.
org/10.1002/asi.23392 

14. Ahn J, Kahlor LA. No regrets when it comes to your health: 
anticipated regret, subjective norms, information insufficien-
cy and intent to seek health information from multiple sourc-
es. Health Communication. 2020;35(10):1295–1302. https://
doi.org/10.1080/10410236.2019.1626535 

15. Thapa DK, Visentin DC, Kornhaber R, West S, Cleary M. The 
influence of online health information on health decisions: a 
systematic review. Patient Education and Counseling. 2021; 
104(4):770-784. https://doi.org/10.1016/j.pec.2020.11.016 

16. Chang CC, Huang MH. Antecedents predicting health infor-
mation seeking: a systematic review and meta-analysis. Inter-
national Journal of Information Management. 2020; 
54:102115. https://doi.org/10.1016/j.ijinfomgt.2020.102115 

17. Pender NJ, Murdaugh CL, Parsons MA. Health promotion in 
nursing practice. 7th ed. Pearson; 2015. 

18. Davis FD. Perceived usefulness, perceived ease of use, and 
user acceptance of information technology. MIS Quarterly. 
1989;13(3):319–340. https://doi.org/10.2307/249008 

19. Tavakoly Sany SB, Vahedian Shahroodi M, Hosseini Kha-
boshan Z, Orooji A, Esmaeily H, Jafari A, et al. Predictors of 
physical activity among women in Bojnourd, northeast of 
Iran: pender’s health promotion model. Archives of Public 
Health. 2021;79(1):178. https://doi.org/10.1186/s13690-021-
00698-x 

20. Lee HO, Kim S. Linking health information seeking to be-
havioral outcomes: antecedents and outcomes of childhood 
vaccination information seeking in South Korea. Journal of 
Health Communication. 2015;20(3):285-296. https://doi.org/
10.1080/10810730.2014.927035 

21. Shahroodi MV, Sany SBT, Khaboshan ZH, Orooji A, Esmaei-
ly H, Ferns G, et al. Psychosocial determinants of changes in 
dietary behaviors among Iranian women: an application of 
the pender’s health promotion model. Community Health 
Equity Research & Policy. 2022;42(2):209-218. https://doi.
org/10.1177/0272684X20976825  

22. Yang YB, Kim MC. A study on behavioral intention on u-health 

https://doi.org/10.1089/tmj.2020.0522
https://doi.org/10.1089/tmj.2020.0522
https://www.nia.or.kr/site/nia_kor/ex/bbs/View.do? cbIdx=99870&bcIdx=23310&parentSeq=23310
https://www.nia.or.kr/site/nia_kor/ex/bbs/View.do? cbIdx=99870&bcIdx=23310&parentSeq=23310
https://www.who.int/westernpacific/activities/guiding-optimal-development-and-use-of-digital-health-towards-improved-health-outcomes
https://www.who.int/westernpacific/activities/guiding-optimal-development-and-use-of-digital-health-towards-improved-health-outcomes
https://www.who.int/westernpacific/activities/guiding-optimal-development-and-use-of-digital-health-towards-improved-health-outcomes
https://doi.org/10.1136/bmjopen-2016-014358
https://doi.org/10.1136/bmjopen-2016-014358
https://doi.org/10.1136/bmjopen-2016-014358
https://doi.org/10.1136/bmjopen-2016-014358
https://doi.org/10.2147/RMHP.S284313
https://doi.org/10.2147/RMHP.S284313
https://doi.org/10.2147/RMHP.S284313
https://doi.org/10.2147/RMHP.S284313
https://doi.org/10.2147/RMHP.S284313
https://doi.org/10.1007/s12553-020-00516-4
https://doi.org/10.1007/s12553-020-00516-4
https://doi.org/10.1007/s12553-020-00516-4
https://doi.org/10.1007/s12553-020-00516-4
https://doi.org/10.3390/ijerph17134783
https://doi.org/10.3390/ijerph17134783
https://doi.org/10.3390/ijerph17134783
https://doi.org/10.3390/ijerph17134783
https://doi.org/10.3390/ijerph17134783
https://doi.org/10.1111/hir.12250
https://doi.org/10.1111/hir.12250
https://doi.org/10.1111/hir.12250
https://doi.org/10.1111/hir.12250
https://doi.org/10.1111/hir.12250
https://doi.org/10.1177/1357633X15625540
https://doi.org/10.1177/1357633X15625540
https://doi.org/10.1177/1357633X15625540
https://doi.org/10.1177/1357633X15625540
https://doi.org/10.1177/1357633X15625540
https://doi.org/10.1177/2055207620914427
https://doi.org/10.1177/2055207620914427
https://doi.org/10.1177/2055207620914427
https://doi.org/10.1177/2055207620914427
https://doi.org/10.1177/2055207620914427
https://doi.org/10.1016/j.resconrec.2019.104660
https://doi.org/10.1016/j.resconrec.2019.104660
https://doi.org/10.1016/j.resconrec.2019.104660
https://doi.org/10.1016/j.resconrec.2019.104660
https://doi.org/10.1016/j.resconrec.2019.104660
https://doi.org/10.1002/asi.23392
https://doi.org/10.1002/asi.23392
https://doi.org/10.1002/asi.23392
https://doi.org/10.1002/asi.23392
https://doi.org/10.1002/asi.23392
https://doi.org/10.1016/j.ijinfomgt.2020.102115
https://doi.org/10.1016/j.ijinfomgt.2020.102115
https://doi.org/10.1016/j.ijinfomgt.2020.102115
https://doi.org/10.1016/j.ijinfomgt.2020.102115
https://doi.org/10.2307/249008
https://doi.org/10.2307/249008
https://doi.org/10.2307/249008
https://doi.org/10.1186/s13690-021-00698-x
https://doi.org/10.1186/s13690-021-00698-x
https://doi.org/10.1186/s13690-021-00698-x
https://doi.org/10.1186/s13690-021-00698-x
https://doi.org/10.1186/s13690-021-00698-x
https://doi.org/10.1186/s13690-021-00698-x
https://doi.org/10.1080/10810730.2014.927035
https://doi.org/10.1080/10810730.2014.927035
https://doi.org/10.1080/10810730.2014.927035
https://doi.org/10.1080/10810730.2014.927035
https://doi.org/10.1080/10810730.2014.927035
https://doi.org/10.1177/0272684X20976825
https://doi.org/10.1177/0272684X20976825
https://doi.org/10.1177/0272684X20976825
https://doi.org/10.1177/0272684X20976825
https://doi.org/10.1177/0272684X20976825
https://doi.org/10.1177/0272684X20976825
https://doi.org/10.6109/jkiice.2015.19.3.747


https://doi.org/10.7586/jkbns.24.017

Hanna Choi, Meiling Jin • Health behavior determinants in eHealth consumers

216

using health promotion model. Journal of the Korea Institute of 
Information and Communication Engineering. 2015; 
19(3):747–755. https://doi.org/10.6109/jkiice.2015.19.3.747  

23. Lee JH. A predictive model for health promoting behaviors 
in army soldiers [dissertation]. Daejeon: Chungnam National 
University; 2015. p. 43-69. 

24. Shin KR, Kang Y, Park HJ, Cho MO, Heitkemper M. Testing 
and developing the health promotion model in low-income, 
Korean elderly women. Nursing Science Quarterly. 2008; 
21(2):173-178. https://doi.org/10.1177/0894318408314698 

25. Venkatesh V, Davis FD. A theoretical extension of the tech-
nology acceptance model: four longitudinal field studies. 
Management Science. 2000;46(2):186-204. https://doi.
org/10.1287/mnsc.46.2.186.11926 

26. Liu K, Or CK, So M, Cheung B, Chan B, Tiwari A, et al. A 
longitudinal examination of tablet self-management technol-
ogy acceptance by patients with chronic diseases: integrating 
perceived hand function, perceived visual function, and per-
ceived home space adequacy with the TAM and TPB. Ap-
plied Ergonomics. 2022;100:103667. https://doi.org/10.1016/
j.apergo.2021.103667 

27. Granić A, Marangunić N. Technology acceptance model in 
educational context: a systematic literature review. British 
Journal of Educational Technology. 2019;50(5):2572–2593. 
https://doi.org/10.1111/bjet.12864 

28. Fisher JD, Fisher WA, Amico KR, Harman JJ. An informa-
tion-motivation-behavioral skills model of adherence to an-
tiretroviral therapy. Health Psychology. 2006;25(4):462–473. 
https://doi.org/10.1037/0278-6133.25.4.462 

29. Hall DL, Neil JM, Ostroff JS, Hawari S, O’Cleirigh C, Park 
ER. Perceived cancer-related benefits of quitting smoking 
and associations with quit intentions among recently diag-
nosed cancer patients. Journal of Health Psychology. 2021; 
26(6):831-842. https://doi.org/10.1177/1359105319845131 

30. Mensah IK, Zeng G, Mwakapesa DS. The behavioral inten-
tion to adopt mobile health services: the moderating impact 
of mobile self-efficacy. Frontiers in Public Health. 2022; 
10:1020474. https://doi.org/10.3389/fpubh.2022.1020474 

31. Berg MB, Lin L. Prevalence and predictors of early COVID- 
19 behavioral intentions in the United States. Translational 
Behavioral Medicine. 2020;10(4):843–849. https://doi.
org/10.1093/tbm/ibaa085 

32. Castonguay J, Filer CR, Pitts MJ. Seeking help for depression: 
applying the health belief model to illness narratives. South-
ern Communication Journal. 2016;81(5):289–303. https://
doi.org/10.1080/1041794X.2016.1165729 

33. Eyster HN, Satterfield T, Chan KMA. Why people do what 
they do: an interdisciplinary synthesis of human action theo-
ries. Annual Review of Environment and Resources. 2022; 
47(1):725–751. https://doi.org/10.1146/annurev-envi-
ron-020422-125351 

34. Rimal RN. Closing the knowledge-behavior gap in health 
promotion: the mediating role of self-efficacy. Health Com-
munication. 2000;12(3):219–237. https://doi.org/10.1207/
S15327027HC1203_01 

35. Chu H, Liu S. Integrating health behavior theories to predict 
American’s intention to receive a COVID-19 vaccine. Patient 
Education and Counseling. 2021;104(8):1878–1886. https://
doi.org/10.1016/j.pec.2021.02.031 

36. Kim GS. AMOS 18.0 structural equation modeling analysis. 
Seoul: Hannarae Academy; 2010. p. 74. 

37. Yun EK, Park HA. Consumers’ disease information-seeking 
behaviour on the internet in Korea. Journal of Clinical Nurs-
ing. 2010;19(19-20):2860–2868. https://doi.org/10.1111/
j.1365-2702.2009.03187.x 

38. Choi H, Jeong G. Characteristics of the measurement tools 
for assessing health information-seeking behaviors in nation-
ally representative surveys: systematic review. Journal of 
Medical Internet Research. 2021;23(7):e27539. https://doi.
org/10.2196/27539 

39. Taber KS. The use of cronbach’s alpha when developing and 
reporting research instruments in science education. Re-
search in Science Education. 2017;48(6):1273–1296. https://
doi.org/10.1007/s11165-016-9602-2 

40. Seo HM, Hah YS. A study of factors influencing on health 
promoting lifestyle in the elderly-application of pender’s 
health promotion model. Journal of Korean Academy of 
Nursing. 2004;34(7):1288–1297. https://doi.org/10.4040/
jkan.2004.34.7.1288 

41. Lee Y, Schwarzer R, Jerusalem M. Korean adaptation of the 
general self-efficacy scale [Internet]. 1994 [cited 2024 Mar 1]. 
Available from: http://userpage.fu-berlin.de/~health/korean.
htm 

42. Shaahmadi F, Shojaeizadeh D, Sadeghi R, Arefi Z. Factors in-
fluencing health promoting behaviours in women of repro-
ductive age in Iran: based on pender’s health promotion 
model. Open Access Macedonian Journal of Medical Scienc-
es. 2019;7(14):2360-2364. 

43. Massaroni V, Delle Donne V, Ciccarelli N, Lombardi F, Lam-
onica S, Borghetti A, et al. HIV-related internalized stigma 
and patient health engagement model in an Italian cohort of 
people living with HIV. Psychological Reports. 2023;126 

https://doi.org/10.6109/jkiice.2015.19.3.747
https://doi.org/10.6109/jkiice.2015.19.3.747
https://doi.org/10.6109/jkiice.2015.19.3.747
https://doi.org/10.1177/0894318408314698
https://doi.org/10.1177/0894318408314698
https://doi.org/10.1177/0894318408314698
https://doi.org/10.1177/0894318408314698
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1016/j.apergo.2021.103667
https://doi.org/10.1111/bjet.12864
https://doi.org/10.1111/bjet.12864
https://doi.org/10.1111/bjet.12864
https://doi.org/10.1111/bjet.12864
https://doi.org/10.1037/0278-6133.25.4.462
https://doi.org/10.1037/0278-6133.25.4.462
https://doi.org/10.1037/0278-6133.25.4.462
https://doi.org/10.1037/0278-6133.25.4.462
https://doi.org/10.1177/1359105319845131
https://doi.org/10.1177/1359105319845131
https://doi.org/10.1177/1359105319845131
https://doi.org/10.1177/1359105319845131
https://doi.org/10.1177/1359105319845131
https://doi.org/10.3389/fpubh.2022.1020474
https://doi.org/10.3389/fpubh.2022.1020474
https://doi.org/10.3389/fpubh.2022.1020474
https://doi.org/10.3389/fpubh.2022.1020474
https://doi.org/10.1093/tbm/ibaa085
https://doi.org/10.1093/tbm/ibaa085
https://doi.org/10.1093/tbm/ibaa085
https://doi.org/10.1093/tbm/ibaa085
https://doi.org/10.1080/1041794X.2016.1165729
https://doi.org/10.1080/1041794X.2016.1165729
https://doi.org/10.1080/1041794X.2016.1165729
https://doi.org/10.1080/1041794X.2016.1165729
https://doi.org/10.1146/annurev-environ-020422-125351
https://doi.org/10.1146/annurev-environ-020422-125351
https://doi.org/10.1146/annurev-environ-020422-125351
https://doi.org/10.1146/annurev-environ-020422-125351
https://doi.org/10.1146/annurev-environ-020422-125351
https://doi.org/10.1207/S15327027HC1203_01
https://doi.org/10.1207/S15327027HC1203_01
https://doi.org/10.1207/S15327027HC1203_01
https://doi.org/10.1207/S15327027HC1203_01
https://doi.org/10.1016/j.pec.2021.02.031
https://doi.org/10.1016/j.pec.2021.02.031
https://doi.org/10.1016/j.pec.2021.02.031
https://doi.org/10.1016/j.pec.2021.02.031
https://doi.org/10.2196/27539
https://doi.org/10.2196/27539
https://doi.org/10.2196/27539
https://doi.org/10.2196/27539
https://doi.org/10.2196/27539
https://doi.org/10.1007/s11165-016-9602-2
https://doi.org/10.1007/s11165-016-9602-2
https://doi.org/10.1007/s11165-016-9602-2
https://doi.org/10.1007/s11165-016-9602-2
https://doi.org/10.4040/jkan.2004.34.7.1288
https://doi.org/10.4040/jkan.2004.34.7.1288
https://doi.org/10.4040/jkan.2004.34.7.1288
https://doi.org/10.4040/jkan.2004.34.7.1288
https://doi.org/10.4040/jkan.2004.34.7.1288
http://userpage.fu-berlin.de/~health/korean.htm
http://userpage.fu-berlin.de/~health/korean.htm
http://www.ncbi.nlm.nih.gov/pubmed/31592009
http://www.ncbi.nlm.nih.gov/pubmed/31592009
http://www.ncbi.nlm.nih.gov/pubmed/31592009
http://www.ncbi.nlm.nih.gov/pubmed/31592009
http://www.ncbi.nlm.nih.gov/pubmed/31592009
https://doi.org/10.1177/00332941211057142
https://doi.org/10.1177/00332941211057142
https://doi.org/10.1177/00332941211057142
https://doi.org/10.1177/00332941211057142


Hanna Choi, Meiling Jin • Health behavior determinants in eHealth consumers

https://doi.org/10.7586/jkbns.24.017 217

(3):1181-1200. https://doi.org/10.1177/00332941211057142 
44. Boon-Itt S. Quality of health websites and their influence on 

perceived usefulness, trust and intention to use: an analysis 
from Thailand. Journal of Innovation and Entrepreneurship. 
2019;8(1):4. https://doi.org/10.1186/s13731-018-0100-9 

45. Baker L, Wagner TH, Singer S, Bundorf MK. Use of the in-
ternet and e-mail for health care information: results from a 
national survey. JAMA. 2003;289(18):2400–2406. https://doi.
org/10.1001/jama.289.18.2400 

46. Kim J, Park HA. Development of a health information tech-
nology acceptance model using consumers’ health behavior 
intention. Journal of Medical Internet Research. 2012; 
14(5):e133. https://doi.org/10.2196/jmir.2143 

47. Son H, Nahm ES, Zhu S, Galik E, Seidl KL, Van de Castle B, 
et al. Testing a model of patient portal use in adult patients. 

Journal of Nursing Scholarship. 2021;53(2):143–153. https://
doi.org/10.1111/jnu.12633 

48. Shi J, Kim HK. Integrating risk perception attitude frame-
work and the theory of planned behavior to predict mental 
health promotion behaviors among young adults. Health 
Communication. 2020;35(5):597-606. https://doi.org/10.108
0/10410236.2019.1573298  

49. Ajzen I. The theory of planned behavior. Organizational Be-
havior and Human Decision Processes. 1991;50(2):179–211. 
https://doi.org/10.1016/0749-5978(91)90020-T  

50. Wei X, Xu M, Yang L, Gao Z, Kuang J, Zhou K. Determinants in-
fluencing health-promoting behaviors in individuals at high risk 
of stroke: a cross-sectional study. Health Education & Behavior. 
2023;51(3):457-466. https://doi.org/10.1177/10901981231160149  

https://doi.org/10.1177/00332941211057142
https://doi.org/10.1186/s13731-018-0100-9
https://doi.org/10.1186/s13731-018-0100-9
https://doi.org/10.1186/s13731-018-0100-9
https://doi.org/10.1186/s13731-018-0100-9
https://doi.org/10.1001/jama.289.18.2400
https://doi.org/10.1001/jama.289.18.2400
https://doi.org/10.1001/jama.289.18.2400
https://doi.org/10.1001/jama.289.18.2400
https://doi.org/10.2196/jmir.2143
https://doi.org/10.2196/jmir.2143
https://doi.org/10.2196/jmir.2143
https://doi.org/10.2196/jmir.2143
https://doi.org/10.1111/jnu.12633
https://doi.org/10.1111/jnu.12633
https://doi.org/10.1111/jnu.12633
https://doi.org/10.1111/jnu.12633
https://doi.org/10.1080/10410236.2019.1573298
https://doi.org/10.1080/10410236.2019.1573298
https://doi.org/10.1080/10410236.2019.1573298
https://doi.org/10.1080/10410236.2019.1573298
https://doi.org/10.1080/10410236.2019.1573298
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1177/10901981231160149
https://doi.org/10.1177/10901981231160149
https://doi.org/10.1177/10901981231160149
https://doi.org/10.1177/10901981231160149

