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Abstract 

Background  The global epidemic of overweight and obesity appears alongside numerous diseases. As electronic 
personal health information (ePHI) technology becomes more prevalent, understanding its relationship with health 
behaviors and how this relationship may differ across physical groups becomes increasingly relevant.

Methods  Using secondary data from the National Cancer Institute’s Health Information National Trends Survey 
(HINTS) 2020, this study examined the relationships between ePHI technology use, obesity preventive behaviors (e.g., 
physical activity, alcohol consumption, and diet control), and risk perception of obesity, considering body weight 
as a potential moderator.

Results  The patterns between ePHI technology use and obesity preventive behaviors differed across behavior 
types and body weight groups. Higher ePHI technology use was associated with increased physical activity (b = 5.98, 
bp = 0.44, p < .01) and diet control (b = 0.03, bp = 0.28, OR = 1.11, p < .001), while no significant relationship was observed 
with alcohol consumption. The relationship between ePHI technology use and risk perception of obesity was weaker 
among the obese group (b = -0.03, bp = -0.11, p < .05). The indirect relationship between ePHI technology use 
and physical activity varied by body weight, showing stronger associations in the underweight group (95% CI [0.03, 
2.77]) and weaker associations in the obese group (95% CI [-1.14, -0.04]).

Conclusion  The findings suggest more limited relationships between ePHI technology and health behaviors 
than previously anticipated. Physical activity and dietary regulation showed modest associations with ePHI tech-
nology use, while alcohol consumption showed no significant relationship. Overweight and obese individuals did 
not show a higher risk perception of obesity or greater engagement in preventive behaviors compared to those 
of healthy weight. These findings highlight the importance of developing a more nuanced understanding of ePHI 
technology’s role in health-related contexts.
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Introduction
The escalating “global epidemic” of overweight and obe-
sity represents a pressing public health challenge, with 
projections indicating a worsening trajectory despite 
recent estimates categorizing nearly half of the global 
adult population as overweight [1, 2]. These conditions 
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are strongly associated with a heightened risk of dis-
eases, including cancer, and impose a substantial eco-
nomic burden on healthcare systems and governments 
worldwide [3, 4]. However, both overweight and obesity 
are largely preventable. Evidence suggests that adopt-
ing a combination of regular physical activity, a nutri-
ent-dense balanced diet, and moderation in alcohol 
consumption can effectively mitigate excessive weight 
gain [5, 6]. Consequently, prioritizing population-level 
interventions to promote these evidence-based life-
style modifications is essential to curbing the obesity 
crisis and its downstream health and socioeconomic 
consequences.

Within the domain of disease prevention, information 
communication technologies (ICTs) are increasingly 
integrated into modern healthcare, leading to the flour-
ishing of electronic personal health information (ePHI) 
technology [7]. While existing studies underscore 
the potential of such technology to facilitate positive 
health-related behavior change [8, 9], evidence regard-
ing its efficacy in obesity prevention remains equivocal. 
This inconsistency may arise from heterogeneity in how 
body weight subgroups perceive obesity-related risks 
and interact with ePHI technology, coupled with varia-
tions in how these technologies frame health behaviors. 
For instance, research demonstrates that weight-related 
perception biases across body weight categories influ-
ence individuals’ risk appraisal processes [10, 11], yet 
few investigations explore how body weight moder-
ates the association between ePHI technology use and 
the adoption of preventive behaviors. Additionally, the 
framing of ePHI technology — specifically whether 
they emphasize physical activity, dietary habits, or 
alcohol moderation — critically shapes risk perception 
and subsequent behavioral outcomes [12, 13]. Despite 
known discrepancies in the framing of preventive 
behaviors within ePHI platforms [14, 15], comparative 
analyses of their differential impacts remain scarce.

Two remaining gaps warrant further investigation: (1) 
limited understanding of how ePHI technology effects 
vary across distinct preventive behaviors, and (2) insuf-
ficient attention to differences in risk perception and 
behavior change among body weight subgroups using 
ePHI tools. To address these gaps, this study examined 
how ePHI technology use differentially influences phys-
ical activity, dietary control, and alcohol consumption 
while investigating whether body weight moderates 
these relationships by mediating obesity risk percep-
tion. By integrating behavioral specificity with weight-
based moderation, this research offers novel insights 
for designing targeted health interventions and advanc-
ing precision public health strategies.

Literature review
ePHI technology use and preventive behaviors
ePHI technology encompasses ICTs that enable individu-
als to proactively acquire health knowledge, self-monitor 
their well-being, and engage with healthcare providers 
[7]. While commonly categorized into four domains — 
online patient-provider communication (OPPC), health 
information management (HIM), mobile health for self-
regulation (MHSR), and social media for health informa-
tion (SMHI) [16] — these technologies coalesce around 
two principal functions: (1) monitoring, managing and 
analyzing personal health status and behavioral patterns; 
(2) acquiring and exchanging health information from 
either health communities or professionals.

HIM and MHSR prioritize self-monitoring of physi-
cal and medical conditions, alongside preventive actions 
facilitated by wearable devices and mobile applications. 
These technologies track health-related behaviors and 
deliver real-time feedback [17, 18], enhancing personal 
health management. Evidence supports their efficacy in 
obesity prevention and weight loss interventions [19, 20]. 
Conversely, OPPC and SMHI enable health information 
exchange via digital platforms, improving patient-clini-
cian communication [21] while fostering health literacy 
and community engagement [22]. They also promote the 
uptake of health-related apps and devices [23]. However, 
social media platforms also propagate weight-related 
stigmatization, often associating obesity with personal 
irresponsibility [14, 24, 25], a dynamic that may paradoxi-
cally motivate preventative behaviors to avoid social cen-
sure [26].

Despite functional distinctions, empirical evidence 
consistently links ePHI technologies – including smart-
phones, wearables, and social platforms – to improved 
health behaviors [27, 28]. While questioning persists 
regarding their efficacy and potential adverse effects [29], 
the prevailing consensus underscores their role in fos-
tering preventative actions, particularly in weight man-
agement [8, 9]. Based on the aforementioned, the first 
hypothesis proposed by this study was:

H1: People who use ePHI technology more exten-
sively are more likely to engage in preventative 
behaviors.

The mediating role of risk perception of obesity
In the process of ePHI technology use influencing pre-
ventive behavior, risk perception — an individual’s sub-
jective evaluation of a health concern [30] — plays a 
mediating role, as evidenced by numerous empirical 
studies [31–33]. Individuals’ risk perception of obesity 
is determined by their knowledge of obesity [34] and 
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subjective assessment of their own body weight [35]. 
Both of these factors are also influenced by their use of 
ePHI technology, which facilitates tracking changes in 
body weight and acquiring knowledge related to obe-
sity [36]. Research evidence demonstrates that risk per-
ception plays a significant role in shaping individuals’ 
preventive health behaviors, as evidenced by a growing 
body of research grounded in established health behav-
ior frameworks. These include  the protection motiva-
tion theory [37], the health belief model [38], and the 
extended parallel process model [39].

From the perspective of health information access, 
the content within ePHI technology often portrays obe-
sity negatively due to its association with various dis-
eases, including cancer [24, 40]. Therefore, individuals 
who frequently use these technologies are more likely to 
develop an increased risk perception of obesity. Besides, 
individuals who use ePHI technology to monitor their 
body weight may influence their perceived body weight, 
potentially impacting their risk perception of obesity. 
However, relevant studies on this effect remain scarce. 
The heightened risk perception of obesity influences the 
extent of preventive behaviors that individuals engage 
in, as numerous empirical studies have identified, such 
as those related to health information seeking and physi-
cal activity [41, 42]. Consequently, the second hypothesis 
proposed in this study was:

H2: The association between ePHI technology use 
and preventive behaviors is positively mediated by 
the risk perception of obesity.

The moderating role of body weight
Numerous empirical studies have investigated how infor-
mation processing varies among different groups of peo-
ple, revealing distinct influencing mechanisms on risk 
perception. It is influenced by the factors related to per-
sonality and the environment, as indicated by previous 
studies [43–45]. Consequently, it is crucial to consider 
individual differences when discussing the influence of 
ePHI technology use on risk perception in obesity stud-
ies. However, although existing research has demon-
strated that weight group influences self-perception of 
weight and obesity risk [10, 11], the role of this factor in 
shaping the impact of ePHI technology use on risk per-
ception of obesity is under-explored.

Concretely, individuals with healthy body weights 
express more concern about their weight than those who 
are overweight or obese [46]. Additionally, overweight or 
obese individuals may underestimate their weight, while 
those of healthy weight may overstate it [47]. This mis-
perception contributes to survivorship bias among over-
weight or obese people. For instance, overweight children 

are more optimistic about obesity than their normal-
weight counterparts [48]. Similar trends are observed in 
adults, with overweight individuals often underestimat-
ing obesity-related disease risks [35]. Therefore, the fol-
lowing hypotheses were proposed for this study:

H3a: Underweight adults using ePHI technology will 
report a higher risk perception of obesity compared 
to healthy-weight adults.

H3b: Overweight adults using ePHI technology will 
report a lower risk perception of obesity compared to 
healthy-weight adults.

H3c: Obese adults using ePHI technology will report 
a lower risk perception of obesity compared to 
healthy-weight adults.

Comparison of different obesity preventive behaviors
Advocacy for diverse health behaviors varies, as indi-
viduals hold distinct perceptions of these behaviors [49]. 
Furthermore, various sociocultural factors influence the 
connection between risk perception and health behaviors 
[50, 51]. Therefore, this study categorizes obesity preven-
tive behaviors into physical activity, alcohol consump-
tion, and diet control. By comparing predictive models 
across these behaviors, it aims to gain comprehensive 
insights into the impact of ePHI technology use and body 
weight in obesity prevention advocacy.

Besides, ePHI technology varies in their framing of 
physical activity, alcohol consumption, and diet con-
trol, leading to differences in their effectiveness. While 
many ePHI technologies underscore the significance of 
these behaviors in obesity prevention [52, 53], those with 
social features may have distinct impacts. Issues related 
to overweight and obesity are often linked to physical 
activity and diet, but alcohol is rarely addressed in their 
content [14]. Notably, in American culture, alcohol con-
sumption is often encouraged [54]. Despite a growing 
awareness of the dangers of alcohol on social media, the 
likelihood of significant change remains relatively low 
[15]. See Fig. 1 for the conceptual model.

Consequently, this study proposed the following 
hypotheses and research questions:

H4a: People who use ePHI technology  to a greater 
extent are more likely to engage in longer periods of 
physical activity, and this is positively mediated by 
the risk perception of obesity.

H4b: People who use ePHI technology are less likely 
to drink alcohol, and this is negatively mediated by 
the risk perception of obesity.
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H4c: People who use ePHI technology to a greater 
extent are more likely to achieve diet management, 
and this is positively mediated by the risk perception 
of obesity.

RQ1: Do the effects of ePHI technology and risk per-
ception of  obesity on the three types of preventive 
behaviors—physical activity, diet control, and alco-
hol consumption—differ?

Method
Sampling
This study utilized secondary data from the National 
Cancer Institute’s Health Information National Trends 
Survey (HINTS), an annual, self-administered, cross-
sectional survey representative of US adults. HINTS tar-
gets adults aged 18 and older and is administered among 
the civilian, non-institutionalized U.S. population. This 
study used the data from HINTS 5 Cycle 4, which was 
conducted between February and July 2020. The total 
number of addresses selected for Cycle 4 amounted to 
15,350: 11,050 from the high minority stratum and 4,300 
from the low minority stratum. The study included 3,865 
respondents (see Table  1 for more detailed sociodemo-
graphic information), resulting in a household response 
rate of 36.7% [55]. As HINTS is a public and deidentified 
data set (can be downloaded through https://​hints.​can-
cer.​gov/), the current study was not considered human 
subjects research. Information about informed consent 
and participant compensation from original HINTS data 
collection periods is published online (see https://​hints.​
cancer.​gov/).

Measurement
Dependent variables
Physical activity was measured using two questions [56]. 
The first asked respondents about their weekly frequency 
of moderate-intensity exercise, such as brisk walking or 
average-speed cycling, excluding weightlifting. Responses 

ranged from “0 = none” to “7 = 7 days per week”. The sec-
ond question asked about the typical duration of exercise 
on active days, measured in “minutes per day”. The prod-
uct of these two responses provided the average weekly 
exercise duration in “minutes per week”.

Alcohol consumption was measured by two questions 
[57, 58]. Respondents were first shown a graphic illus-
trating “one drink of alcohol”, defined as 12 oz of beer, 8 
to 9 oz of malt liquor, 5 oz of wine, or a 1.5-oz shot of 
80-proof spirits. They were then asked how many days 
per week they consumed at least one alcoholic drink in 
the past 30 days, with responses ranging from 0 to 7 days. 
Additionally, they reported the average number of drinks 
consumed on drinking days. The product of these two 
responses provided a measure of alcohol consumption in 
“average drinks per week”.

Diet control was measured by a single question, ask-
ing respondents if they noticed the calorie informa-
tion on the menu during their latest visit to a fast food 
or sit-down restaurant [59, 60]. Responses were binary: 
“0 = No” and “1 = Yes”.

Preventive behavior was measured by combining three 
variables: physical activity, alcohol consumption (where 
higher scores mean less alcohol consumption), and diet 
control [61]. Assuming equal health benefits from 150 
min of weekly physical activity, alcohol abstinence, and 
calorie awareness, the scales for these behaviors were 
converted to percentages. These behaviors were propor-
tionally represented in this variable, which has a 4-point 
scale from 0 to 3. A higher score indicates increased pre-
ventive behavior.

Mediator
Risk perception of obesity, an individual’s subjective 
assessment of a health concern, is crucial in determining 
the disease severity [62]. Therefore, the risk perception 
of obesity was measured using two questions about the 
perceived contribution of being overweight or obese and 
adult weight gain to cancer [41]. Responses were given on 

Fig. 1  Conceptual Model

https://hints.cancer.gov/
https://hints.cancer.gov/
https://hints.cancer.gov/
https://hints.cancer.gov/
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a 4-point scale: “1 = Not at all”, “2 = Don’t know”, “3 = A 
little”, and “4 = A lot”. A higher average score of these 
measurements for this variable indicates a higher per-
ceived risk of obesity. Cronbach’s α was 0.94.

Independent variables
ePHI technology use was measured by querying respond-
ents about their use of electronic devices for health-
related activities and their internet usage for health 

information sharing, online health issues forum par-
ticipation, and health-related video viewing in the past 
12 months [15, 63]. Responses were coded on a 2-point 
scale (“0 = No” and “1 = Yes”) and combined to create 
a 12-point scale, with a higher score indicating greater 
ePHI technology use.

Moderator
BMI was calculated from respondents’ reported height 
and weight. The sample was divided into four groups 
based on BMI: underweight (0 ≤ BMI ≤ 18.5), healthy 
weight (18.6 ≤ BMI ≤ 24.9), overweight (25 ≤ BMI ≤ 29.9), 
and obese (BMI ≥ 30), with healthy weight as the refer-
ence group [64, 65].

Control variables
Five sociodemographic variables (age, gender, education 
level, annual family income, and race) and two subjective 
variables (perceived health status and social trust) were 
used as control variables. Perceived health status was 
argued on a 5-point scale from “1 = poor” to “5 = excel-
lent”. Social trust was measured by trust in informa-
tion about cancer from five different sources, rated on 
a 4-point scale from “1 = not at all” to “4 = a lot”. The 
average score of these items indicates the level of the 
respondents’ trust in health information sources.

Data analysis
Data analysis was conducted using SPSS version 26 and 
PROCESS version 4.1, with linear regression testing all 
hypotheses. Due to diet control being a nominal variable, 
both logistic and linear regression were used for test-
ing related hypotheses [66, 67]. To account for potential 
violations of the normal distribution assumption in lin-
ear regression, bootstrapping with 5,000 samples was 
used, allowing for model stability testing and mediation 
hypothesis testing [68, 69]. To enable effect size compari-
son across disparate units, this study adopted percentage 
coefficients (bp), whereby all variable values were con-
verted into percentages within their conceptual range, 
thus standardizing them onto a common measurement 
scale from 0 to 1 [70, 71]. See  Table  2  for the variable 
description.

Results
This study found a positive correlation between ePHI 
technology use and preventive behavior, which is medi-
ated by risk perception and obesity (H1 and H2). Sig-
nificant positive associations were found for ePHI 
technology use on both preventive behavior (b = 0.07 
bp = 0.25, p < 0.001) and risk perception of obesity 
(b = 0.05, bp = 0.17, p < 0.001). Meanwhile, risk percep-
tion of obesity was found to have a significant positive 

Table 1  Characteristics of sample respondents

Variables Value

Age, M (SD) 57.01 (16.99)

Social Trust, M (SD) 2.22 (0.58)

Perceived Health Status, M (SD) 3.39 (0.95)

Gender, n (%)

  Men 1561 (40.4%)

  Women 2204 (57.0%)

  Missing 100 (2.6%)

BMI, n (%)

  Underweight (0 ≤ BMI ≤ 18.5) 63 (1.6%)

  Healthy Weight (18.6 ≤ BMI ≤ 24.9) 1143 (29.6%)

  Overweight (25 ≤ BMI ≤ 29.9) 1265 (32.7%)

  Obese (BMI ≥ 30) 1274 (33.0%)

  Missing 120 (3.1)

Education Level, n (%)

  Less than 8 years 80 (2.1%)

  8 through 11 years 193 (5.0%)

  12 years or completed high school 705 (18.2%)

  Post high school training other than college (vocational 
or technical)

264 (6.8%)

  Some college 817 (21.1%)

  College graduate 979 (25.3%)

  Postgraduate 684 (17.7%)

  Missing 143 (3.7%)

Annual Family Income, n (%)

  $0 to $9,999 228 (5.9%)

  $10,000 to $14,999 197 (5.1%)

  $15,000 to $19,999 199 (5.1%)

  $20,000 to $34,999 451 (11.7%)

  $35,000 to $49,999 460 (11.9%)

  $50,000 to $74,999 592 (15.3%)

  $75,000 to $99,999 403 (10.4%)

  $100,000 to $199,999 687 (17.8%)

  $200,000 or more 231 (6.0%)

  Missing 417 (10.8%)

Race, n (%)

  White 2606 (67.4%)

  Black 600 (15.5%)

  Others 368 (9.5%) 

  Missing 291 (7.5%)
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cross-sectional effect on preventive behavior (b = 0.11, 
bp = 0.11, p < 0.01), and a significant mediation cross-sec-
tional effect of risk perception of obesity was also found 
in the relationship between ePHI technology use and pre-
ventive behavior (b = 0.01, bp = 0.02, 95% CI [0.002, 0.01]).

H1 and H2 tests provided insights into the influence 
process of ePHI technology use on general preventive 
behavior. To explore differences in their impact on spe-
cific preventive behaviors (RQ1), physical activity, alco-
hol consumption, and diet control were examined as 
dependent variables, leading to H4a, H4b, and H4c. H4a, 
which hypothesized that increased ePHI technology use 
would extend physical activity periods (b = 5.38, bp = 0.39, 
p < 0.01) and be mediated by the risk perception of obe-
sity (b = 0.60, bp = 0.04, 95% CI [0.13, 1.14]) was sup-
ported. H4b, predicting reduced alcohol consumption 
with greater ePHI technology use and negatively medi-
ated by risk perception of obesity, was not supported 
(95% CI contained zero). H4c, anticipating an increased 
probability of diet control with greater ePHI technology 
use and positively mediated by risk perception of obe-
sity, was fully supported in both logistic and linear model 
testing (see Model 3 in Tables  3 and 4). Moreover, the 
total effect of ePHI technology use, as well as the effect of 
risk perception of obesity, is more pronounced on physi-
cal activity than diet control.

H3a, H3b, and H3c were formulated to examine if the 
relationship between ePHI technology use and risk per-
ception of obesity varied across different body weight 
groups. A significant negative effect of ePHI technol-
ogy use on risk perception was observed in the obese 
group (b = −0.03, bp = −0.11, p < 0.05), but no moderating 
effect was found for underweight or overweight groups. 

Figure 2 visualizes the impact of boy weight on the effect 
of ePHI technology use on risk perception of obesity.

Table 5 revealed that body weight moderated the indi-
rect relationship between ePHI technology use and obe-
sity preventive behaviors through the risk perception 
of obesity. For physical activity, significant moderation 
effects emerged in the underweight (95% CI [0.03, 2.77]) 
and obese groups (95% CI [−1.14, −0.04]), but not in the 
overweight group (95% CI contained zero). Compared to 
healthy-weight and overweight individuals, the indirect 
relationship was stronger among underweight individuals 
and weaker among obese individuals. These findings sug-
gest that risk perception of obesity has a stronger asso-
ciation with physical activity among underweight ePHI 
technology users and a weaker association among obese 
users. Similar patterns were observed for overall obesity 
preventive behavior but not for alcohol consumption or 
diet control (see Table 6).

Discussion
This study examines the relationships between ePHI 
technology use, risk perception of obesity, and obesity 
preventive behaviors. It investigates three areas: the asso-
ciations between ePHI technology use, risk perception, 
and three types of health behaviors (physical activity, 
diet control, and alcohol consumption); the relationship 
between ePHI technology use and risk perception of obe-
sity across different weight groups; and how body weight 
may interact with ePHI technology use concerning obe-
sity preventive behaviors.

Consistent with prior research, this study further sub-
stantiates the assertion that the escalating adoption of 
ICTs significantly contributes to the enhancement of 

Table 2  Variable percentization (N = 3,865)

Natural Scales Conceptual Range Percentage Scales (ps)

Min Max Mean SD Min Max Min Max Mean SD

Preventive behavior 0 32.78 2.49 2.07 0 3 0 10.93 0.83 0.69

Physical activity 0 4620 160.09 278.43 0 150 0 30.8 1.07 1.86

Alcohol consumption 0 210 3.41 8.51 0 100 0 2.1 0.32 0.56

Diet control 0 1 0.49 0.50 0 1 0 1 0.49 0.50

ePHI technology use 0 11 3.92 2.86 0 11 0 1 0.36 0.26

Risk perception of obesity 1 4 2.81 0.91 1 4 0 1 0.60 0.30

Age 18 104 57.01 16.99 0 100 0.18 1.04 0.57 0.17

Gender 0 1 0.41 0.49 0 1 0 1 0.41 0.49

Education 1 7 4.94 1.62 1 7 0 1 0.66 0.27

Annual family income 1 9 5.59 2.26 1 9 0 1 0.57 0.28

Race 0 2 1.06 0.52 0 2 0 1 0.53 0.26

Perceived health status 1 5 3.39 0.95 1 5 0 1 0.60 0.24

Social trust 1 4 2.22 0.58 1 4 0 1 0.41 0.19
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health behaviors at an individual level [28, 72, 73]. The 
results revealed that increased use of ePHI technology 
enhanced risk perception of obesity and promoted pre-
ventive behaviors, particularly physical activity and diet 
control. The impact on physical activity is significantly 
more pronounced, suggesting a prevalent belief in its 
superior effectiveness in weight reduction. This could be 
attributed to the fact that despite both obesity preven-
tive behaviors – physical activity and diet control – being 
framed as equally significant in reducing overweight and 
obesity by ePHI technologies [14], these technologies 
facilitate easier tracking and feedback on physical activ-
ity compared to dietary behavior [74]. However, in the 
prediction of alcohol consumption, this study found that 
ePHI technology use and risk perception of obesity had 
no significant effect on alcohol consumption. This could 
be due to the US culture’s promotion of alcohol intake, 
which may counteract the benefits of ePHI technology 
promoting alcohol reduction [54]. Additionally, ePHI 

technology is less likely to associate alcohol with obesity 
concerns, leading to increased risk perception of obe-
sity but not decreased alcohol consumption [14, 25, 75]. 
Even though recent years have seen a shift in opinion, 
the belief that moderate alcohol consumption promotes 
health persists [76].

In terms of population characteristics, this study 
observed similar relationships between ePHI technology 
use and risk perception of obesity across underweight, 
healthy weight, and overweight groups but noted a nega-
tive association in the obese group. For overweight indi-
viduals, ePHI technology use appears alongside body 
weight monitoring patterns [36, 56]. The weaker rela-
tionship observed in the obese group aligns with the lit-
erature on the body-positive movement [77]. The analysis 
also revealed that the indirect relationship between ePHI 
technology uses and preventive behaviors (both general 
and physical activity) through risk perception of obesity 
varied by body weight. This indirect relationship was 

Table 3  Mediation analysis

All models are controlled by age, gender, education level, annual family income, race, perceived health status, social trust, underweight, overweight and obese
a b is the unstandardized regression coefficient; bp is the percentage regression coefficient
b SE is the standard error of the unstandardized regression coefficient
c 95% CI is the 95% confidence interval of the unstandardized regression coefficient unless otherwise noted
d The indirect effect in diet control (model 3) is the outcome of logistic regression
* p < .05; **p < .01; ***p < .001

b (bp)a SEb 95% CIc

Dependent variable: physical activity (model 1)
  ePHI technology use→risk perception of obesity 0.05 (0.16)*** 0.01 [0.03, 0.06]

  Risk perception of obesity →physical activity 13.47 (0.27)* 5.65 [2.38, 24.56]

  ePHI technology use →risk perception of obesity →physical activity 0.60 (0.04) 0.26 [0.13, 1.14]

  ePHI technology use →physical activity (direct effect) 5.38 (0.39)** 1.97 [1.53, 9.22]

  ePHI technology use →physical activity (total effect) 5.98 (0.44)** 1.95 [2.16, 9.80]

Dependent variable: alcohol consumption (model 2)
  ePHI technology use →risk perception of obesity 0.04 (0.16)*** 0.01 [0.03, 0.06]

  Risk perception of obesity →alcohol consumption 0.10 (0.003) 0.17 [−0.24, 0.44]

  ePHI technology use →risk perception of obesity → alcohol consumption 0.004 (0.001) 0.01 [−0.01, 0.02]

  ePHI technology use → alcohol consumption (direct effect) −0.12 (−0.01) 0.06 [−0.23, 0.001]

  ePHI technology use →alcohol consumption (total effect) −0.11 (−0.12) 0.06 [−0.23, 0.004]

Dependent variable: diet control (model 3)
  ePHI technology use →risk perception of obesity 0.04 (0.16)*** 0.01 [0.03, 0.06]

  Risk perception of obesity →diet control 0.02 (0.06)* 0.01 [0.003, 0.04]

  ePHI technology use →risk perception of obesity →diet control d 0.004 (0.04) 0.002 [0.0001, 0.01]

  ePHI technology use →diet control (direct effect) 0.02 (0.27)*** 0.002 [> 0.00, 0.01]

  ePHI technology use →diet control (total effect) 0.03 (0.28)*** 0.003 [0.02, 0.03]

Dependent variable: preventive behavior (model 4)
  ePHI technology use →risk perception of obesity 0.05 (0.17)*** 0.01 [0.03, 0.06]

  Risk perception of obesity →preventive behavior 0.11 (0.11)** 0.04 [0.03, 0.20]

  ePHI technology use →risk perception of obesity →preventive behavior 0.01 (0.02) 0.002 [0.002, 0.01]

  ePHI technology use →preventive behavior (direct effect) 0.07 (0.25)*** 0.01 [0.04, 0.10]

  ePHI technology use →preventive behavior (total effect) 0.07 (0.27)*** 0.01 [0.04, 0.10]
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stronger among underweight individuals and weaker 
among obese individuals compared to those of healthy or 
overweight status.

The relationship with overall preventive behavior 
showed moderate strength (bp = 0.25), with diet control 
showing a slightly stronger association (bp = 0.28), while 
physical activity exhibited the strongest relationship 
(bp = 0.39). These variations across behaviors align with 

different patterns of ePHI technology use, with no sig-
nificant relationship observed for alcohol consumption 
behavior. In addition, while ePHI technologies showed 
positive associations with obesity prevention behaviors 
generally, these relationships appeared weaker among 
overweight and obese subgroups—populations with 
higher rates of obesity-related comorbidities. The data 
suggests that customized health-promoting features 
of ePHI technology show different patterns of associa-
tion across weight groups. These patterns highlight the 
potential benefits of complementary external support 
and intervention when implementing ePHI technology 
among overweight and obese populations.

The analysis revealed modest indirect relationships 
between obesity preventive behaviors and risk percep-
tion of obesity. These findings align with literature sug-
gesting limitations of fear and stigma-based approaches 
in obesity prevention, despite common associations 
between weight status, personal behaviors, and health 
outcomes in ePHI technology practices. Indeed, current 
ePHI tools often employ standardized risk communica-
tion approaches, which may not fully address factors 
such as self-efficacy, subjective norms, and perceived 
behavioral control—variables that show strong associa-
tions with preventive behaviors in high-risk populations 
[78, 79]. Risk alerts alone show different relationships 
with behavior among users experiencing weight-related 
stigma. Future interventions might benefit from incorpo-
rating peer-support networks and skill-building modules, 
potentially supporting psychological factors related to 
health choices.

Table 4  Regression results on diet control

a b is the unstandardized regression coefficient
b SE is the standard error of the unstandardized regression coefficient
c OR is the odds ratio
* p < .05; **p < .01; ***p < .001

ba SEb ORc
z

ePHI technology use 0.10*** 0.02 1.11 47.78

Risk perception of obesity 0.08* 0.04 1.09 3.86

Control variables
  Age 0.001 0.002 1.00 0.20

  Gender −0.38*** 0.08 0.69 23.37

  Education 0.08** 0.03 1.08 7.10

  Annual family income 0.09*** 0.02 1.09 18.53

  Race 0.02 0.08 1.02 0.06

  Perceived health status 0.16*** 0.05 1.18 13.09

  Social trust −0.08 0.07 0.92 1.27

  Underweight 0.43 0.32 1.54 1.78

  Overweight 0.36*** 0.10 1.43 14.07

  Obese 0.41*** 0.10 1.51 17.73

  Constant −2.11*** .0.34 0.12 38.25

Fig. 2  Moderation Effect of Different Body Weight Groups on the Relationship between ePHI Technology Use and Risk Perception of Obesity 
(Percentage Coefficient)
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Limitations
Like any study, this one has its limitations. One per-
tains to the examination of causal relations. Despite 
some academics questioning the causal relation-
ship between risk perception and preventive behav-
ior, this study could not examine it due to its reliance 
on cross-sectional data. Another limitation lies in the 
measurement of ePHI technology use. As this study 
amalgamated the various functionalities of ePHI tech-
nology into a single concept, the influence of specific 
functions on risk perception of obesity and changes in 
preventive behaviors may have been overestimated or 
underestimated. Future studies could examine how dif-
ferent types of ePHI technologies might show distinct 
patterns of association with various health behaviors. 
This would enhance our understanding of the effects of 
new media technologies in a multi-media environment 
on people’s health behaviors and the mechanisms that 
influence them.

Conclusion
This study provided empirical evidence on the impact of 
ePHI technology use on obesity preventive behaviors. It 
offered a comparative perspective to scrutinize the vari-
ations in the effects across different preventive behavior 
types and individuals of varying body weights. The study 
revealed that the use of the ePHI technology does not 

Table 5  Moderation model in the relationship between ePHI technology use and risk perception of obesity

a b is the unstandardized regression coefficient; bp is the percentage regression coefficient
b SE is the standard error of the unstandardized regression coefficient
c BootLLCI and BootULCI are 95% confidence interval upper and lower limits of the unstandardized regression coefficient respectively
* p < .05; **p < .01; ***p < .001

b (bp)a SEb BootLLCIc BootULCId

ePHI technology use .06 (.21)*** .01 .04 .08

Underweight ePHI ✕ technology use (ref: Healthy Weight) .08 (.20) .05 -.01 .17

Overweight ✕ ePHI technology use (ref: Healthy Weight) -.01 (-.02) .02 -.03 .02

Obese ePHI ✕ technology use (ref: Healthy Weight) -.03 (-.11)* .01 -.06 -.002

Underweight -.47 (-.15)* .21 -.88 -.05

Overweight .08 (.03) .07 -.06 .22

Obese .10 (.03) .07 -.04 .24

Control variables

  Age -.001 (-.03) .001 -.003 .001

  Gender .03 (.01) .03 -.03 .09

  Education .05 (.11)*** .01 .03 .08

  Annual family income .01 (.02) .01 -.01 .03

  Race -.11 (-.07)*** .03 -.17 -.05

  Perceived health status .02 (.03) .02 -.02 .06

  Social trust -.05 (-.05) .03 -.10 .01

  N 3128

  R2 (%) 6.09

  F 14.00***

Table 6  Conditional indirect effects of ePHI technology use on 
preventive behavior

a b is the unstandardized regression coefficient; bp is the percentage regression 
coefficient
b SE is the standard error of the unstandardized regression coefficient
c BootLLCI and BootULCI are 95% confidence interval upper and lower limits of 
the unstandardized regression coefficient respectively

b (bp)a SEb BootLLCIc BootULCIc

Dependent variable: physical activity (model 1)

  Underweight 1.95 (0.14) 0.94 0.41 3.98

  Healthy Weight 0.82 (0.06) 0.37 0.19 0.16

  Overweight 0.75 (0.05) 0.33 0.19 1.47

  Obese 0.35 (0.03) 0.20 0.05 0.81

Dependent variable: alcohol consumption (model 2)

  Underweight 0.01 (0.002) 0.02 −0.02 0.06

  Healthy Weight 0.01 (0.001) 0.01 −0.01 0.02

  Overweight 0.005 (0.001) 0.01 −0.01 0.02

  Obese 0.003 (0.0003) 0.005 −0.01 0.01

Dependent variable: diet control (model 3)

  Underweight 0.01 (0.01) 0.01  > 0.00 0.03

  Healthy Weight 0.005 (0.05) 0.003  > 0.00 0.01

  Overweight 0.004 (0.05) 0.002  > 0.00 0.01

  Obese 0.002 (0.03) 0.002  < 0.00 0.01

Dependent variable: preventive behavior (model 4)

  Underweight 0.02 (0.06) 0.01 0.004 0.03

  Healthy Weight 0.01 (0.03) 0.003 0.002 0.01

  Overweight 0.01 (0.02) 0.002 0.002 0.01

  Obese 0.003 (0.01) 0.002 0.001 0.01
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effectively promote physical activity and diet control and 
has no impact on alcohol consumption. Furthermore, it 
was not found that overweight and obese individuals had 
a higher risk perception of obesity, which did not subse-
quently lead to more preventive behaviors. Understand-
ing these differences is critical to refining the integration 
of ePHI technologies into obesity prevention strategies, 
ensuring they are tailored to address behavioral hetero-
geneity gaps among diverse populations.
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