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Abstract: Objective: To examine the associations between internet use and overweight/obesity in
people aged 15–49 years in Nepal and the extent to which these associations differ by biological
sex. Materials and methods: The study analyzed the nationally representative Nepal Demographic
and Health Survey (NDHS) 2016 data. Multivariable ordinal logistic regression models were fitted
to estimate the total effects of internet use (IU) in the last 12 months and frequency of internet
use (FIU) in the last month on overweight/obesity adjusted for potential confounders. Results:
Of the 10,380 participants, the prevalence of overweight/obesity by IU was 38% (95% confidence
interval (CI): 35.9%, 40.1%) for males and 44.1% (95% CI: 41.6%, 46.6%) for female. The likelihood
of overweight/obesity was significantly higher (adjusted odds ratio (aOR): 1.55; 95% CI: 1.40, 1.73;
p < 0.001) among those participants who used the internet compared to the participants who did
not use the internet in the last 12 months. Similar associations were observed when using the
augmented measure of exposure-FIU in the last month. We observed the modification effect of sex in
the associations of IU (p-difference < 0.001) and FIU (p-difference < 0.002) with overweight/obesity
in Nepal. Conclusions: Our findings suggest that future overweight/obesity interventions in Nepal
discourage unnecessary internet use, particularly among males.
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1. Introduction

Overweight/obesity, a major risk factor for non-communicable disease (NCD), pre-
mature deaths, and disability, is increasing exponentially worldwide, especially among
people in low and middle-income countries (LMICs) [1,2]. Physical inactivity and seden-
tary lifestyles significantly contribute to this trend [3]. The internet has become an integral
source of daily communication and information in contemporary society with its easy
accessibility, cost-effectiveness, and time-saving attributes [4]. This increasing dependency
on the internet has an apparent impact on sedentary lifestyle and physical inactivity [5,6],
which is associated with overweight/obesity and related diseases and complications [7,8].

Studies have shown that excessive internet use and internet-based activities (screen
time), especially during weekends and leisure hours, affect individuals’ regular food con-
sumption patterns, and sleep hours that are associated with weight gain [9–11]. Limiting
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screen time from an early age has been recommended [12]. There is evidence that night-
time internet use, especially for video games and complementary daytime sleeping, is
significantly associated with increased body mass index (BMI) [13]. Numerous studies have
found that prolonged internet usage (3 h or more a day) and recreational screen-time, for
activities such as watching online movies, reading newspapers, playing games, and watch-
ing television, are associated with increasing BMI among adolescents and adults [14–17].
In addition, there is evidence that greater online gaming and virtual social networking are
associated with increased consumption of sugar-sweetened beverages [18] and, therefore,
overweight and obesity [19].

Overweight/obesity prevalence is higher in women than in men in Nepal [20,21] due
to several biological factors, such as fat distribution and hormonal influences [20] and
socio-cultural factors [22,23]. In relation to internet use, there is evidence of a “digital
divide” between male and female users of the internet [24]. This is characterized by the
internet predominantly being accessed by males rather than females due to societal roles,
occupation, economic factors that lead to differential health consequences [25]. The absence
of internet literacy in older people, particularly older women, means many are reluctant to
use the internet. In contrast, the younger generation, irrespective of sex, use the internet
for a variety of purposes [24].

The prevalence of overweight/obesity and internet use are increasing in Nepal. For
example, the prevalence of overweight/obesity has increased from 21% in 2015 to 31%
in 2018 in Nepal [20,21], while the prevalence of internet use has increased exponentially
from 9% in 2011 to 63% in 2019 [26]. However, whether overweight/obesity and internet
use are associated has not been investigated. We hypothesized that the increasing trend of
overweight/obesity in Nepal could be explained by the increasing use of internet in the
country. To address this knowledge gap, using nationally representative data, we examined
the associations between internet use and overweight/obesity in people aged 15–49 years
in Nepal and the extent to which these associations differ by biological sex.

2. Materials and Methods
2.1. Study Design, Population and Setting

The study analyzed the nationally representative Nepal Demographic and Health
Survey (NDHS) 2016 data, collected between June 2016 and January 2017. Data on this study
were obtained from the NDHS 2016 implemented by New ERA under the supervision of
the Ministry of Health, Nepal. The households of the NDHS 2016 were selected in two ways
based on the urban/rural locations. Firstly, the two-stage stratified sampling process was
used in rural areas where wards were selected in the first stage as a primary sampling unit
(PSU), and households were selected in the second stage. Secondly, three-stage stratified
sampling was used in urban areas to select households where wards were selected in the
first stage (PSUs), enumeration areas (EA) were selected from each PSU in the second stage,
and households were selected from EAs in the third stage. A total of 383 wards, 184 urban
and 199 rural, were selected all together. Finally, a total of 11,490 households (rural—5970
and urban—5520) were selected for the NDHS 2016 [27]. Data were collected by the
trained interviewers visiting the households. The overall response rate was approximately
97%. BMI was measured among 14,763 individuals with 6120 men and 8647 women aged
15–49 years. In our study, a total unweighted sample was 10,380 comprising men (3995)
and women (6385), after excluding participants aged >49 years and discarding the missing
and extreme values. The total weighted analytic sample was 10,384 participants (men 4054
and women 6330) aged 15–49 years (Figure 1). Details of the NDHS 2016, including survey
design, sample size determination, and questionnaires, have been described elsewhere [27].
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Figure 1. Flowchart of the analytic sample selection process.

2.2. Measures of Outcomes: Body Mass Index

The outcome of interest in this study was BMI. It was categorized using both South
Asia (SA) specific and World Health Organization (WHO) cut-offs. According to SA
cutoff values, underweight was defined as BMI <18.50 kg/m2, normal 18.50 kg/m2 to
< 23.00 kg/m2, overweight 23.00 kg/m2 to 27.50 kg/m2 and obesity was defined as BMI
≥27.50 kg/m2. According to the World Health Organization (WHO), the corresponding
categories were underweight (<18.50 kg/m2), normal (18.50 kg/m2 to <24.99 kg/m2),
overweight (25.00 kg/m2 to 29.99 kg/m2) and obesity (≥30.00 kg/m2).

2.3. Measures of Exposures: Internet Usage

Internet use (IU) in the last 12 months or earlier and frequency of internet use (FIU) in
the last month were two main exposures of interest. IU was categorized as (1) no and (2)
yes, while FIU was categorized as (1) non-user, (2) less than a week/at least once in a week,
and (3) almost every day.

2.4. Covariates and Potential Confounders

A number of covariates have been selected in this study based on prior literature
and researchers’ subject knowledge [28–31]. These are age group (15–24, 25–34, 35–44 and
45–49), sex (male and female), urbanicity (urban and rural), ecological zone (Mountain, Hill,
and Terai), education (no education, primary, secondary and higher), household wealth
quintiles (poorest, poorer, middle, richer and richest), number of under-five children (no,
one, two, and three or more), occupation (unemployed, non-manual job, manual job, and
agriculture), marital status (unmarried and ever married including divorced, widow and
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separated), watching television (TV) (not at all, less than once a week and at least once a
week), caffeine consumption (no and yes) and current tobacco use (yes, no).

2.5. Statistical Analysis

We first present the characteristics of the study population by BMI categories and
the exposure variables (IU and FIU). The univariate associations of BMI categories and
the internet usages with different sample characteristics were examined by chi-square
tests. Multivariable ordinal logistic regression models were fitted to estimate the total
effects of IU and FIU on overweight/obesity adjusted for minimal sufficient adjustment
set of potential confounders (age, sex, marital status, occupation, household wealth index,
urbanicity, and ecological zone) based on the directed acyclic graph (DAG) model (Figure 2
and Table 1), and effect modification of sex in these associations. To avoid multicollinearity
and over adjustment, we did not adjust for watching TV and level of education. Results
were presented as adjusted odds ratio (aOR) and 95% confidence interval (CI). All analyses
accounted for complex survey design to adjust clustering variation, the probability of
selection, and non-response in the NDHS [32]. All statistical tests were two-sided, and a
p-value < 0.05 was the level of significance. The p-difference was extracted using a Wald
test for the models with interaction terms. Analyses were conducted using software R
version 4.2 [33]. Codes are available upon request.

Figure 2. A directed acyclic graph (DAG) for adjusting confounders in the associations between internet usages and
overweight/obesity. Overweight/obesity was the outcome variable, and internet usages were the exposure variable.
Minimal sufficient adjustment sets for estimating the total effect of internet usages on body mass index (BMI) contains
age, ecological zone, education, sex, occupation, urbanicity, watching television, and wealth quintiles. This figure was
constructed through dagitty web app (Online access: http://dagitty.net/mVo4Gb9).

http://dagitty.net/mVo4Gb9
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Table 1. The weighted prevalence of underweight, normal weight, and overweight/obesity (South Asian Cut-off) by sample
characteristics in Nepal 2016.

Characteristics
Sample

Distribution (%)

Prevalence of (%) Underweight, Normal Weight, and Overweight/Obesity

Underweight Normal Overweight/
Obesity p-Value

Overall 10380 (100) 16.5 (1722) 48.5 (5243) 35.0(3415) -

Age group

15–24 4048 (38.2) 25.1 57.1 17.8

<0.001
25–34 2950 (29.0) 11.7 46.5 41.8

35–44 2417 (23.7) 10.7 39.3 50.0

45–49 965 (9.1) 11.0 43.4 45.6

Sex

Male 3995 (39.0) 16.8 50.7 32.5
<0.001

Female 6385 (61.0) 16.3 47.1 36.6

Marital status

Unmarried 2609 (25.4) 27.8 56.9 15.3
<0.001

Ever Married 7771 (74.6) 12.7 45.7 41.6

Number of under five years old child

No under 5 5892 (57.0) 15.5 47.7 36.8

<0.001
One 2910 (27.9) 16.0 48.5 35.5

Two 1241 (11.9) 20.6 51.8 27.6

Three or more 337 (3.2) 23.4 52.4 24.2

Educational qualification

No education 2524 (24.0) 17.8 50.7 31.5

<0.001
Primary 1783 (17.7) 17.3 46.1 36.6

Secondary 4325 (40.9) 17.8 49.0 33.2

Higher 1748 (17.4) 10.8 47.0 42.2

Occupational status

Unemployed 2579 (25.3) 21.4 46.1 32.5

<0.001
Non-manual job 2080 (21.7) 8.3 39.9 51.8

Agriculture 4436 (40.0) 17.4 54.2 28.4

Manual job 1285 (13.0) 17.8 50.2 32.0

Wealth index

Poorest 2109 (16.6) 18.6 59.5 22.0

<0.001

Poorer 2088 (18.8) 20.5 52.3 27.2

Middle 2106 (20.1) 19.7 51.4 28.9

Richer 2204 (23.1) 15.9 47.6 36.5

Richest 1873 (21.4) 9.0 35.2 55.8

Current tobacco use (any type)

No 7631 (73.9) 17.0 47.5 35.5
0.014

Yes 2749 (26.1) 15.1 51.6 33.3
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Table 1. Cont.

Characteristics
Sample

Distribution (%)

Prevalence of (%) Underweight, Normal Weight, and Overweight/Obesity

Underweight Normal Overweight/
Obesity p-Value

Coffee, tea, cola, or other drink (Caffeine)

No 9809 (94.2) 16.8 48.9 34.3
<0.001

Yes 571 (5.8) 10.9 43.0 46.1

Frequency of watching television

Not at all 2901 (25.7) 21.5 54.0 24.5

<0.001
Less than once

a week 2644 (24.2) 17.3 54.2 28.5

At least once
a week 4835 (50.1) 13.6 43.0 43.4

Urbanicity

Urban 6736 (63.0) 15.5 46.0 38.5
<0.001

Rural 3644 (37.0) 18.3 52.8 28.9

Ecological zone

Mountain 751 (6.1) 12.0 56.1 31.9

<0.001Hill 4668 (43.6) 11.6 48.6 39.8

Terai 4961 (50.3) 21.3 47.6 31.1

Internet use (IU) at the last 12 months or earlier

No 7134 (66.1) 17.9 50.0 32.1
<0.001

Yes 3246 (33.9) 13.9 45.6 40.5

Frequency of internet use (FIU) in the last month

Non-user 7472 (69.4) 17.8 49.9 32.3

<0.001Less than/at least
once in a week 1324 (13.1) 16.4 47.0 36.6

Almost every day 1584 (17.5) 11.4 44.5 44.1

3. Results
3.1. Sample Characteristics

A total of 10,380 (unweighted sample) participants were included in the analysis, and
their characteristics (weighted percentage) are presented in Table 1. The mean (SE) age of
the participants was 29.4 (0.11). Of the study participants, 61% were female, 74.6% were
either married or once married which included divorced, separated, or widowed. About
two-thirds (63%) of the participants lived in urban areas, while about half of them (50.1%)
watched TV at least once in a week. About one-quarter (24.0%) of the participants had no
education, 40% of the participants were involved in agricultural work, and 35.4% of the
participants were from the poorest and poorer households.

3.2. Weighted Prevalence of Overweight/Obesity and Internet Usages by Sample Characteristics

The univariate associations of overweight/obesity and internet usages are presented
in Table 1, Table S1, and Figure 3. The overall prevalence of overweight/obesity was 35.0%
(Table 1). The sex stratified weighted prevalence of BMI categories by internet usage was
shown in Figure 3a,b. The prevalence of overweight/obesity by IU in the last 12 months
was 38.0% (95% CI: 35.9%, 40.1%) for male and 44.1% (95% CI: 41.6%, 46.6%) for female,
while the corresponding prevalence of overweight/obesity were 32.5% (95% CI: 29.4%,
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36.0%) for males and 42.4% (95% CI: 38.4%, 46.5%) who used internet at least once in week,
and 42.4% (95% CI: 39.4%, 45.6%) for males and 46.2% (95% CI: 42.8%, 49.6%) who used
the internet almost every day in the last month.
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Table 1 also shows that the prevalence of overweight/obesity was highest among
those who were once married (41.6%), highly educated (42.2%), non-manual job holders
(51.8%), richest (55.8%), weekly TV viewers (43.4%), urban residents (38.5%) and residents
living in Hill (39.8%).

Of the 10,380 participants, 33.9% used internet in the last 12 months, and 13.1% used
less than/at least once in a week, and 17.5% used internet almost every day in the last
month (Table S1). The prevalence of IU in the last 12 months among males (49.4%) was
higher compared to females (23.9%). People with higher education, wealth quintiles, and
non-manual jobs had higher percentages of internet usage.

3.3. Associations between Internet Usage and Overweight/Obesity

The ordered logistic regression models were developed to estimate the total effect of
internet usage on overweight/obesity after adjusting for age, sex, marital status, occupation,
household wealth index, urbanity, and ecological zone and the effect modification of sex
in the associations between internet usage and overweight/obesity (Figure 4). Results
show that the risk of overweight/obesity was significantly 1.55 times higher (aOR: 1.55;
95% CI: 1.40, 1.73; p < 0.001) among those participants who used the internet compared to
the individual who did not use the internet in the last 12 months or earlier. When using
the augmented measure of exposure-FIU, the risk of overweight/obesity was significantly
1.51 times higher (aOR: 1.55; 95% CI: 1.31, 1.74; p < 0.001) among those participants who
used the internet less than/at least once in a week compared to the participants who did
not use the internet in the last month. Similarly, the participants who used internet almost
every day in the last month (aOR: 1.56; 95% CI: 1.35, 1.79; p < 0.001) had 1.56 times higher
risk of being overweight/obese compared to participants who did not use the internet
(Figure 4).
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adult populations 2016 OLR models without interaction terms were adjusted for age, sex, marital status, occupation,
household wealth index, urbanicity, and ecological zone. Detailed results of ordered logistic regression (OLR) models I-VI
are in Supplementary Tables S2 and S3.

When exploring the effect of modification by sex, we observed that the risk of over-
weight/obesity was significantly 1.79 (95% CI: 1.57, 2.05) times higher among males who
used the internet in the last 12 months or earlier compared to males who did not use the
internet. A similar association was observed among females who used the internet (aOR:
1.36; 95% CI: 1.19, 1.55). The differences of effect estimates were significantly different
(p-difference < 0.001) between males and females. Likewise, we observed modification
effect of sex in the association between FIU and overweight/obesity in Nepal (Figure 4). In
other words, the risk of being overweight/obese was higher among males compared to
females (p-difference = 0.002) who used the internet frequently in the last month.

3.4. Sensitivity Analyses

As a part of the sensitivity analyses, an additional analysis was conducted using the
global cut-off of BMI categories, and we found similar results (data not shown).

4. Discussion

This is the first study to investigate the association between internet use and over-
weight/obesity and the moderating effects of this association, a novel finding, in a LMIC.
Using data from a large, nationally representative survey in Nepal, we have found that in
the adjusted analysis, internet use was associated with overweight/obesity compared to
no internet use in the last 12 months. This was also true among those people who used
the internet less than/at least once in a week or who used the internet almost every day in
the last month, compared to people who did not use the internet. Furthermore, we found
effect modification by sex—the likelihood of overweight/obesity was higher among males
compared to females who used the internet frequently in the last month. These data have
implications for public health measures to control overweight/obesity in LMICs.

After adjusting for age, sex, marital status, occupation, household wealth index,
urbanicity, and ecological zone, our study showed that internet use, either less than/at
least once in a week or almost every day, is independently and positively associated with
increased odds of overweight/obesity. This is consistent with a recent systematic review
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and meta-analysis of nine cross-sectional studies from high and LMICs [8]. Furthermore,
excessive internet use during weekends and leisure hours and/or frequency of internet
use has a positive association with overweight/obesity [8,34], which is in agreement with
our study. The widespread uptake of internet use across the world may be contributing to
the rising rate of overweight and obesity globally [35,36], an observation that is supported
by our study.

It is a matter of great concern that the increased dependency on the internet has
initiated an apparent drift from physical mobility to a sedentary lifestyle [34,37]. Consistent
with this, one of the greatest changes in the last decade in the Nepalese lifestyle is that
internet use has increased substantially in more than half of the total population [26].
Possible mechanisms through which internet use may cause obesity include a disrupted
sleeping schedule leading to weight gain as well as effects on an individuals’ regular food
consumption [9–11]. Increasing consumption of snacks and sugar-sweetened beverage
consumption during online gaming or watching movies online [19] may also result in excess
fat accumulation [18] that needs further investigation. In addition, increasing computer
usage contributes to obesity in households in other LMICs, including China, Ghana, and
South Africa [29,38,39].

We explored the modification effect of sex on internet use and obesity. We found the
odds of overweight/obesity was significantly higher among males who used the internet
in the last 12 months or earlier compared to those who did not. A similar but weaker
association was observed among females. This association modified by sex suggests that
male internet users have a higher likelihood of obesity/overweight than female users. The
relationship between the prevalence of overweight/obesity and internet use, is likely to be
modified by other factors. Differences in occupation, income and lifestyle between men and
women are also likely to influence the occurrence of overweight/obesity. In Nepal, men
are more likely to be involved in white-collar jobs, eat high-energy diets, and play online
games, while women are involved in physically demanding household chores, especially in
rural areas [25,40–42]. This may partially explain the sex differences of overweight/obesity
in this context. However, the effect modification of sex on the risk of overweight/obesity
in LMICs during economic transition is complex and needs further delineation.

Whereas previous studies have examined the association between TV watching and
obesity [43], examining internet use and obesity is a new finding, particularly in LMICs. TV
viewing is a proxy for physical inactivity and has shown an association with numerous risk
factors, including poor diet, lower socioeconomic status, obesity, smoking, or depressive
symptoms [43]. Whereas TV viewing is more likely to occur for relaxation, internet use is
greater as it can be either for relaxation (e.g., playing games, social media participation,
online movies, reading newspapers and other internet-based recreational activities) or work
(use of libraries, accessing work-related websites, email, banking, appointments, meeting,
and other online work activities). Both uses are likely to result in an increase in physical
inactivity. Internet use, however, is a more contemporary proxy for physical inactivity. In
future, direct measures of ‘weekly screen time’ downloaded from internet-enabled devices
rather than recalled estimates will be able to be used to examine the associations between
internet use and obesity with greater precision.

The major strengths of our study include the use of a large, nationally representative
sample from a survey in Nepal and using robust statistical methods to minimize bias (e.g.,
DAG to adjust for confounders). Importantly, we examined the association between internet
use and overweight/obesity using both South Asian specific and WHO cut-offs. Our
findings were consistent across both measures. Limitations include the fact that inferences
about causality cannot be made due to cross-sectional data. In fact, the relationship between
internet use and overweight/obesity may be bi-directional. Future prospective studies will
be able to determine the strength and direction of the causal association between internet
use and obesity.

We adjusted for all confounding variables available to us (e.g., socioeconomic status,
occupation, urbanicity); however, other relevant variables were not collected as part
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of the survey (e.g., dietary intake and physical activity). We measured internet use as
exposure in two ways: internet use in the last 12 months and an augmented measure of
internet use frequency in the last month. It is possible that both measures are subject to
recall bias. However, our results are consistent across both measures. The NDHS did
not collect hourly exposure of internet use, which is another potential limitation. Thus,
whether there is a dose–response effect of internet use on overweight/obesity—that is,
more internet use leads to greater overweight/obesity, as suggested by our results—needs
further detailed investigation.

5. Conclusions

In conclusion, internet use is potentially associated with overweight/obesity in Nepal.
A comprehensive assessment of how sex interacts with internet usage and obesity suggests
that the likelihood of overweight/obesity was higher among Nepalese males compared
with females who used the internet frequently. Future research could investigate whether
this is also the case in other LMICs in South East Asia. The implications of our findings
are that future overweight/obesity interventions in Nepal, should discourage unnecessary
internet use, particularly among males.
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