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Background: China has experienced an alarming rise in obesity rates over the past decades. The rising 
rates of obesity and number of people affected, as well as the related health and economic consequences, 
place a huge burden on the China’s healthcare system. Mobile health (mHealth) interventions provide 
promising options for low-cost and effective health promotion. This study aims to (I) describe the evolution 
of mHealth interventions in weight management among population in China; and (II) examine the effects of 
mHealth interventions on weight management among overweight/obese populations in China.
Methods: Seven electronic databases (PubMed, MEDLINE, Web of Science, Embase, WANFANG, 
CINAHL Complete, and Google Scholar) were searched from June 1 to July 31, 2021, for eligible 
randomized controlled trials (RCTs) or quasi-experimental studies published in English or Chinese. All 
the selected studies (I) were conducted among healthy overweight/obese population in China, (II) used 
mHealth interventions to modify lifestyle and manage body weight (BW), and (III) reported weight-related 
measures as primary outcomes [BW, body mass index (BMI), waist circumference (WC), and/or body fat 
percentage (BFP)]. Two independent reviewers screened studies and extracted data. The modified Cochrane 
Collaboration tool was used to examine the risk of bias of the studies. A meta-analysis was conducted 
to examine the overall and subgroup (traditional and intelligent interventions) effect sizes of mHealth 
intervention on weight loss. 
Results: A total of 13 studies were included in this review, among which 2 studies used traditional mHealth 
intervention modalities (including Short Message Service and phone calls) and 11 studies used intelligent 
mHealth intervention modalities (including social media-based, self-management-based, web-based, and 
wearable devices). The pooled effects of mHealth interventions on weight loss were significant (BW: WMD 
=−1.84 kg, 95% CI: −1.94, −1.74, I2=0%; BMI: WMD =−1.98 kg/m2, 95% CI: −2.94, −1.03, I2=98%; WC: 
WMD =−2.32 cm, 95% CI: −2.83, −1.81, I2=27%; and BFP: WMD =−1.52, 95% CI: −2.31, −0.74, I2=99%), 
when compared to the control/usual care groups. The intelligent interventions appeared to be more effective 
in weight loss, especially in reducing BW (−2.66 vs. −1.84 kg), WC (−2.31 vs. −2.17 cm) and BFP (−2.41 vs. 
−1.02), when compared to the traditional mHealth interventions. Among the four subtypes of the intelligent 
mHealth interventions, wearable device-based interventions were found to be more effective in reducing BW 
and WC, while the social-media-based interventions seemed to yield more reduction in BMI and the self-
management-based interventions appeared to be more effective in reducing BFP. 
Conclusions: Overall, mHealth interventions, especially those using intelligent modalities could be a 
promising approach for weight management among healthy overweight/obese Chinese populations. More 
studies that examine the effects of mHealth in weight management among vulnerable and elderly population 
are needed. 
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Introduction

Overweight or obesity has become a serious public 
health problem around the globe; more than 1.9 billion 
adults (39%) worldwide were overweight, among whom 
over 650 million adults (13%) were obese in 2016 (1). 
Obesity not only brings great inconvenience to body 
movement, but also associates with increased risks of 
chronic diseases such as diabetes, high blood pressure, 
heart disease, and cancers, and even premature death (1). 
Developing countries typically have lower rates of obesity 
than developed countries (2); however, globalization and 
economic development have contributed to the rapid 
increase of obesity prevalence in developing countries, with 
no exception in China (3). A national study showed that 
more than half of Chinese adults were overweight or obese 
in 2015–2019, which has risen significantly since 1992 
when 20% of adults were overweight or obese based on the 
Chinese criteria (4). This situation can impose an enormous 
health and economic burden on Chinese people and hinder 
the sustainable development of the society as well (5).

A considerable number of studies have already 
demonstrated that adopting and maintaining healthy 
lifestyle like eating healthy diet and increasing physical 
activities can be an effective non-pharmacological approach 
to lose excessive body weight (BW) and modify the risk 
factors for obesity (6-8). However, it is very difficult for 
many people who are overweight or obese to change their 
lifestyle and maintain weight loss by simply knowing the 
idea (9). Thus, it is crucial to identify a cost-effective 
strategy that can reach the large target population and 
facilitate healthy lifestyle adoption and weight management 
among people with obesity in China.

The exponential  growth and wide adoption of 
mobile technology worldwide in the past decades has 
led researchers to explore the potential of mHealth 
interventions using mobile phones as a service delivery 
platform to prevent and treat obesity among large 
populations (10,11). To date, several systematic reviews on 
the efficacy of using mobile apps on lifestyle change and 
weight management have concluded that incorporating apps 

can lead to the notable success in weight reduction, physical 
activity increase, and obesity control (11-15). However, 
majority of studies conducted in western countries. It is 
still lack of understanding of how the development of 
mHealth intervention in weight management in China. 
Even some reviewed effects of mHealth intervention among 
Chinese population, most of them only examined the 
overall effectiveness of mHealth interventions, and did not 
include subgroup analyses based on mHealth intervention 
modalities (16). In previous studies, different mHealth 
intervention modalities (like Short Message Services, phone 
calls, mobile apps, wearable devices) were considered 
altogether, and there was a lack of adequate evidence to 
distinguish the effects of specific features and mHealth 
modalities on weight management, especially among 
healthy overweight/obese population, which is a huge 
population in China (10-16).

This present study aims to (I) describe the evolutionary 
history of mHealth interventions in weight management 
in China, and (II) examine the overall and subgroup 
(traditional vs. intelligent mHealth intervention) effects 
of mHealth interventions on weight management among 
healthy overweight/obese populations in China. The 
findings from this study will enhance our understanding 
of the development of mHealth interventions in weight 
management among Chinese population, and provide 
evidence for implementing and scaling up mHealth 
interventions as a potential approach to reach a larger 
population and reverse the obesity crisis in China.

Methods

This present study was conducted and reported following 
the Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) Statement (2020) (available 
at https://jphe.amegroups.com/article/view/10.21037/
jphe-22-54/rc) and followed the predetermined methods 
documented in a protocol, registered in the International 
Prospective Register of Systematic Reviews (PROSPERO; 
registration number: CRD42022343293) (17).
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Data sources and search strategy

A total of seven electronic databases [PubMed, MEDLINE 
(Ovid), Web of Science (Clarivate), Embase (Elsevier), 
WANFANG, CINAHL Complete (EBSCO) and Google 
Scholar] were systematically searched for studies published 
in English or Chinese from June 1 to July 31, 2021. Search 
terms included combination, truncations, and synonym 
of the following: (I) Chinese adults, (II) obesity, and (III) 
mHealth intervention modalities (mobile phone or personal 
digital assistant or text messaging or mobile apps). Chinese 
search terms included (I) 肥胖 or 超重 , (II) 移动智能干
预 ( 手机 or 个人数字助理 or 移动设备 or 短信 or 移动应
用程序 ). The search was independently conducted by two 
reviewers (MC and XP). Search results across databases 
were merged using reference management software 
Endnote 20 (Camelot UK Bidco Limited, Clarivate 
Analytics, United Kingdom), and duplicate records of the 
same study were removed. Study selection followed the 
process described in the Cochrane Handbook of Systematic 
Reviews and PRISMA statements.  Two reviewers 
independently screened titles and abstracts to identify 
studies that met the inclusion criteria described above. Any 
disagreements were discussed and resolved by consensus 
and a third reviewer was consulted in the case of unresolved 
disagreement.

Eligibility criteria

Studies were eligible for review if the study met the 
following criteria: (I) randomized control trials (RCTs) or 
quasi-experimental studies that used phone-based mHealth 
interventions for weight management and/or healthy 
lifestyle adoption and maintenance in any settings; (II) a 
comparator group of participants receiving standard care 
(no mHealth intervention); (III) participants were healthy 
people who were overweight (BMI >24 kg/m2) or obese 
(BMI >28 kg/m2) in China; and (IV) studies reported 
weight-related measures such as body weight (BW), body 
mass index (BMI), waist circumference (WC), and/or body 
fat percentage (BFP) as primary outcomes. Studies were 
excluded from review if (I) the study intervention included 
other treatment components (e.g., medications, surgery) 
besides mHealth intervention; (II) the study did not report 
the effects of mHealth interventions on BW outcomes of 
interest; (III) participants had other illness and conditions 
other than overweight/obesity (e.g., heart disease and stroke, 
diabetes, cancers, major psychiatric or cognitive condition, 

pregnancy, etc.); (IV) studies used non-intervention designs 
(such as case-control studies, cohort studies, cross-sectional 
studies, case reports and experiences, theory research, and 
reviews); (V) the study did not conduct among population 
of interest, or (VI) full text were not available.

Data extraction

Two authors (XP and MC) independently extracted key 
information from the reviewed articles using a predesigned 
electronic data extraction table based on PRISMA 
statement, including (I) general study information: study 
ID, authors, year of publication, and region of study; (II) 
study characteristics (study design and sample size); (III) 
participant characteristics (age, gender, inclusive criteria); 
(IV) intervention characteristics (intervention type and 
duration), and (V) weight-related outcomes [BW (kg), 
BMI (kg/m2), WC (cm), and/or BFP (%)]. The mean and 
standard deviation (SD) of the outcome measures were 
extracted to conduct a meta-analysis. Extracted results were 
compared, and discrepancies were resolved by discussion 
and consensus. 

Study quality assessment

The risk of bias was evaluated in accordance with the Risk 
of Bias 2 (RoB 2) tool from the Cochrane Handbook for 
Systematic Reviews of Intervention, considering random 
sequence generation, allocation concealment, blinding of 
participants and personnel, blinding of outcome assessment, 
incomplete outcome data, and selective reporting (18). 
Each criterion was categorized as low risk, unclear risk, 
or high risk. Two reviewers independently referred to the 
instructions and made judgement. The differences between 
the two were discussed until a consensus decision was 
reached.

Statistical analysis

A meta-analysis was performed using Cochrane’s Review 
Manager (RevMan 5.3) (The Nordic Cochrane Centre, 
Copenhagen, Denmark) to synthesize the overall effect 
sizes of mHealth interventions on weight-related outcomes 
(BMI, BW, WC, and/or BFP). Subgroup analysis was also 
conducted to evaluate and compare the effect sizes of the 
intelligent and traditional mHealth interventions, as well 
as the four sub-types of intelligent mHealth interventions 
(including social media-based, self-management-based, 
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website-based, and wearable devices-based interventions). A 
random-effect model was used to control for heterogeneity 
in the intervention effects caused by differences in study 
populations, interventions received, follow-up length, 
and other factors between studies (18,19). Heterogeneity 
was identified by visual inspection of the forest plots and 
statistically examined with the Higgins I2 test, in which 
values >75% were considered as highly heterogeneous, 
25%<I2≤75% as medium heterogenous, and ≤25% as low 
heterogeneous (18).

The pooled effect sizes were described as weighted mean 
differences (WMDs) and 95% confidence intervals (CIs), 
and statistical significance was considered at a P value <0.05. 
The WMDs between the experimental and control groups 
and 95% CIs were estimated using the outcome measure 
mean change from baseline to the end of the intervention, 
standard deviation (SD), and total number of participants 
for each study. Some studies provided the average value 
of the outcome measures but did not provide the mean or 
SD. We converted them to mean and SD for consistency. 
For instance, The SEs and CIs were converted to SDs 
using appropriate formulas. If a study reported median and 
interquartile range (IQR), they were converted to mean and 
SD through mean = median and SD = IQR/1.35 by assuming 
the overall distribution of these study data does not 
relevantly deviate from normal distribution (20). For studies 
without reported SD change between baseline and the end 
of the intervention, SDs were calculated using the following 
equation:

2 22
diff pre post pre postSD = SD SD SD SDρ+ − × × × 	 [1]

Where SDpre corresponds to the SD at baseline, SDpost 
corresponds to the SD at the end of intervention, and 
ρ is the correlation coefficient for correlations between 
measurements taken at baseline and at the end of the 
intervention. Similar to other studies that implemented 
valid meta-analysis, we assigned ρ to equal 0.5 (21,22). 

Results

A total of 7,610 studies were yielded after the systematic 
search through the seven online databases, 1,530 of which 
were excluded because of duplication. After the review of 
titles and abstracts, 5,940 studies were further excluded for 
non-related topic, ineligible study design, or not population 
of interest. Finally, 140 studies underwent full-text review. 
However, 127 studies were then excluded for not meeting 

the inclusion criteria mentioned previously. Therefore, a 
total of 13 studies were included in the final review and 
meta-analysis (23-35). The PRISMA flow diagram is shown 
in Figure 1. 

Study characteristics

The key study characteristics are summarized in Table 1. 
All the included studies were published between 2014 and 
2021, among which eleven were RCTs (23-27,29-33,35)  
and two were quasi-experimental studies (28,34). A total 
of 1,845 participants who were overweight/obese were 
included in the studies, and the sample size of the reviewed 
studies varied from 25 to 516. Majority of the studies 
used the Chinese standard to define overweight and 
obese (overweight as BMI >24 kg/m2, and obese as BMI  
>28 kg/m2). Among the 13 studies, two studies examined 
the effects of mHealth intervention among adolescent 
population (32,35), nine studies among young and middle-
aged adults (23,25-31,33), and two studies among older 
adults (24,34). The number of participants in experimental 
and control group in each study were balanced. The 
percentage of female participants in the reviewed studies 
ranged from 40% to 70%. The studies were conducted in 
Beijing (n=2), Shandong (n=2), Zhejiang (n=1), Hong Kong 
(n=2), Tianjin (n=1), Anhui (n=1), Jiangsu (n=1), Jiangxi 
(n=1), Guangdong (n=1), and Fujian (n=1) provinces. The 
mHealth intervention modalities in the reviewed studies 
varied from traditional interventions like SMS and phone 
calls (23,24) to intelligent interventions like mobile apps, 
website-based, and wearable device (25-35). The average 
duration of the interventions was about 8 months (ranged 
from 2 to 24 months). Among the 13 studies, 5 reported 
BW as weight outcome (23,31,33-35), 12 reported BMI 
(23-34), 7 reported WC (23-25,30-32,34), and 6 reported 
BFP (23,30-34). 

Assessment of the risk of bias

The overview of the risk of bias for the included studies is 
presented in Figure 2. All the studies were rated low risk 
of attrition bias and reporting bias. Majority of the studies 
were considered as low risks of detection bias. The Li et al.  
study [2020] was rated high risk of detection bias due to 
the self-reported weight outcomes by the participants (35).  
Almost every reviewed study, except Abraham et al.’s  
study (32), were rated high risk of performance bias due to 
not using a blind approach. Of the 13 studies, one study 
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did not use random sequence generation or allocation 
concealment (28), and one study did not report assignment 
and allocation related information (34). Some other biases 
were reported or detected in five studies. In Li et al. study 
[2016], significantly higher drop-out rate was reported in 
the control group, compared to the intervention group 
(47% vs. 12%), and the authors used an intention-to-
treat (ITT) analysis to minimize the potential bias (25). 
In Dong et al. study [2017], the intervention group had 
higher participation rates than the control group, which 
might influence the observed difference in the outcomes 
of interest (27). In He et al. study [2021], the attrition 
reason mentioned by the participants was that it was hard 
to follow the intervention plans, which can lead to the 
intervention effect estimate bias (28). Lastly, in Jiao et al. 
study [2017], higher compliance rate was reported among 
the intervention group participants, which can bias the 
effect estimate in favor of the experimental intervention (29). 

Evolution of mHealth interventions in China

China has witnessed immense development in mobile 
technology in the past few decades. In the 1990s, the 
Ministry of Posts and Telecommunications of China started 
the wireless telephone communication in the modern 
sense and a nationwide network was then developed  

afterwards (36). The number of cell phones rose from 
near zero in 1990 to around 100 million in 2001, and to 
650 million users in 2009. By this time, these cell phone 
developed at the advent of 3G networks in China referred 
to the so-called “feature phone”, which used an embedded 
operating system and had no features beyond basic calling 
and messaging (37). Starting from around 2009, China 
issued new generation phone licenses with faster and 
better capability to handle the internets and multimedia  
messages (36). Advanced than feature phones, these cell 
phones with additional functionalities other than calling 
and texting were defined as “smartphones”. Smartphones 
enabled various applications to be installed by the users for 
multiple use, including networking, online payment, online 
shopping, video streaming, news and content providing, 
etc. (36). According to the Newzoo’s Global Mobile Market 
Report 2022, the smartphone penetration increased from 
46.9% to 66% from 2013 to 2021, indicating a dramatic 
boom in the number of smartphone users in China (38). 
Thanks to the rapid development of technology and mobile 
phone services, China has experienced a significant growth 
in the reach and quality of mHealth services all over the 
country, with the overall mHealth market value increased 
from US$241.5 million in 2011 to US$2 billion in 2017 (39). 

The rapid development of mobile technology and 
communication systems provided a great opportunity to 

Records identified from:
• PubMed (n=644)
• Medline (Ovid) (n=208)
• Web of Science (n=89)
• CINAHL Complete (n=102)
• Embase (n=5,375)
• Wanfang (n=1,135)
• Google Scholar (n=57)

Records removed before screening:
• Duplicate records removed (n=1,530)

Records excluded: 
• Non-mHealth interventions (n=1,320)
• Non-Chinese population (n=2)
• Ineligible study design (n=4,600)
• Not population of interest (n=18) 

Reports excluded: 
• No outcome of interest (n=19)
• Participants with other illness (n=11)
• Intervention including other treatments (n=97)

Records screened and sought 
for retrieval (n=6,080)

Reports assessed for eligibility
(n=140)
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Figure 1 Study search and selection procedure according to the PRISMA statement. 
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Figure 2 Summary of risk of bias.

develop mobile health (mHealth) interventions to support 
medical and public health practices in improving population 
health. Mobile Health interventions often compress the 
functionalities of mobile devices in Short Message Service 
(SMS), phone calls, web browsing, mobile applications 
(apps) supported by mobile phones and wearable devices. 
The traditional mHealth intervention modalities like SMS 
and phone call, were usually based on the feature phones 
and served as a way of reminder, alert, education, and 
motivation (40,41). The intelligent mHealth intervention 
modalities like mobile apps and wearable devices, which 
were often based on smartphones, were considered to be 
more advanced than the traditional modalities, featured 
by their multifunctionality and scalability. For instance, 
WeChat-based apps can efficiently carry the patient 
physiological parameters to geographically distant locations 
of the physicians and health professionals. Wearable sensors 
that collect human physiological parameters, such as 
blood pressure, pulse rate, and blood oxygen level assisted 

accurately and timely evaluation on patients’ status. Overall, 
the mHealth interventions have been proved to effectively 
improve access to health services, treatment adherence, and 
change in lifestyle (12,42). 

In our review, we have observed a transformation in 
mHealth service from traditional modalities to intelligent 
modalities along with the development of mobile 
technologies. Among the 13 studies published during 
2014–2021 in our review, only 2 of them used traditional 
intervention modalities (23,24), while the rest 11 studies 
all used intelligent intervention strategies (25-35). This 
illustrated a trend that an increasing number of intelligent 
mHealth interventions were employed in treating obesity 
and weight management along with the explosion of 
smartphone penetration in China after 2009, while the 
traditional mHealth intervention modalities like using SMS 
and phone call seemed to be under lower exposure in either 
clinical applications or research focuses in recent years in 
China (41,43). Table 2 summarized the key interventions 
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Table 2 Characteristics of the interventions and comparison descriptions and main findings from the reviewed studies

Study 
ID

Author,  
year

Type of mHealth 
services

Duration of 
intervention

Intervention group Control group Main findings

1 Lin et al., 
2014 (23)

Traditional (SMS 
and phone calls)

6 months Three 90-min group sessions, five coaching calls and daily text messages A brief information session BW change from baseline (P<0.0001)—I: −1.60±0.28 kg; C: 0.24±0.28 kg

BMI change from baseline (P<0.0001)—I: −0.61±0.10 kg/m2; C: 0.07±0.11 kg/m2

WC change from baseline (P<0.0001)—I: −2.69±0.43 cm; C: −0.13±0.43 cm

BFP change from baseline (P=0.0003)—I: −0.66±0.19; C: 0.36±0.20

2 Zhang,  
2018 (24)

Traditional (phone 
call)

24 months Individualized obesity management, including bi-monthly workshop, self-management 
log, and follow-up phone calls

No intervention BMI change from baseline (P=0.000)—I: −2.87±0.94 kg/m2; C: 2.56±4.04 kg/m2

WC change from baseline (P=0.038)—I: −1.55±7.72 cm; C: −0.05±8.68 cm

3 Li et al.,  
2016 (25)

Intelligent (social 
media-based)

3 months + 3-month 
follow-up

Usual outpatient care, daily intensive education sessions and individualized dietary 
feedback via WeChat for the first 4 weeks, and social media-based education and social 
networking in the rest weeks

Standard outpatient care BMI change from baseline (P=0.000)—I: −3.2±2.0 kg/m2; C: −2.1±2.5 kg/m2

WC change from baseline (P=0.000)—I: −5.2±3.5 cm; C: −3.1±3.2 cm

4 Zhou,  
2020 (26)

Intelligent (social 
media-based)

2 months Weekly nutrition workshop, nutrition and weight control news promotion, weight loss log 
and competition, and nutrition consultation via WeChat

No intervention BMI change: I: 32.69±3.75 to 31.78±3.62 kg/m2 (P=0.000); C: 32.88±3.85 to 32.75±3.75 kg/m2 (P=0.261) 

5 Dong et al., 
2017 (27)

Intelligent (social 
media-based)

12 months Usual care, plus education sessions, individualized diet and exercise plans and  
feedback, goal setting and daily log via WeChat for 12 months

Weekly onsite group education sessions for the first 3 months, 
with monthly follow-up phone call in the rest 9 months

BMI change (P=0.0000): I: 28.6±3.7 to 24.3±2.8 kg/m2; C: 29.3±3.8 to 27.8±2.9 kg/m2 

6 He et al., 
2021 (28)

Intelligent (social 
media-based)

12 months Usual care plus grouped with dietitian and health manager, for health consultation and 
support, goal setting and daily log via WeChat, and using “Tizhong Guanjia” app for 
exercise management for 12 months

Self-weight management with individualized diet and exercise 
prescriptions

BMI change (P<0.001): I: 27.93±2.70 to 24.85±2.52 kg/m2; C: 27.82±2.34 to 27.76±2.28 kg/m2 

7 Jiao et al., 
2017 (29)

Intelligent (self-
management)

9 months + 6-month 
follow-up 

3-month VLCD + exercise intervention, and 6-month app care by interdisciplinary 
professional team

3-month VLCD + exercise intervention, and 6-month outpatient 
care

BMI change from baseline (P<0.01): I: −4.27±4.10 kg/m2; C: −1.55±2.01 kg/m2

8 Wang,  
2018 (30)

Intelligent (self-
management) 

4 months Self-management using KEEP app and WeChat group for 4 months, including regular 
exercise, weekly training session, goal setting, exercise log, and social networking

No intervention BMI change (P<0.01)—I: 29.98±4.28 to 26.69±4.02 kg/m2; C: 29.09±4.51 to 28.19±3.54 kg/m2

WC change (P<0.05)—I: 98.55±13.08 to 90.37±10.08 cm; C: 97.9±11.77 to 95.15±9.89 cm

BFP change (P<0.01)—I: 37.11±4.57 to 30.58±4.38; C: 37.03±5.02 to 36.39±4.94

9 Xiao et al., 
2020 (31)

Intelligent (self-
management)

6 months Received personalized weight management guidance using “mint health” and “KEEP” 
apps

Standard outpatient care BW change (P<0.05)—I: 79.22±9.23 to 71.85±5.22 kg; C: 79.13±9.05 to 74.36±6.57 kg

BMI change (P<0.01)—I: 27.49±1.51 to 24.13±1.05 kg/m2; C: 27.42±1.48 to 25.85±1.26 kg/m2

WC change (P<0.05)—I: 89.72±7.16 to 83.26±5.18 cm; C: 89.83±7.11 to 85.61±6.46 cm

BFP change (P<0.05)—I: 33.15±2.83 to 30.07±1.67; C: 33.11±2.78 to 32.16±2.15

10 Abraham  
et al.,  
2015 (32)

Intelligent (web-
based)

6 months Usual care together with 12-week internet-based curriculum and semi-personalized cell 
phone and SMS follow-up over 6 months 

Usual care BMI change—I: 29.3 (IR: 26.7–30.9) to 28.4 (IR: 26.7–31.9) kg/m2; C: 30.1 (IR: 28.4–32.3) to 30.5 (IR: 
28.7–32.0) kg/m2

WC change—I: 96.6 (IR: 92.2–106.7) to 94.9 (IR: 92.0–100.5) cm; C: 103.0 (IR: 96.1–108.7) to 101.6 (IR: 
93.5–107.9) cm

BFP change—I: 33.6 (IR: 27.3–42.0) to 31.6 (IR: 26.0–42.4); C: 36.5 (IR: 31.3–41.0) to 37.6 (IR: 30.5–43.6)

11 Chung et al., 
2014 (33)

Intelligent (web-
based)

3 months Dietary log and evaluation using the electronic dietary recording system—the eDietary 
Intake Portal

No intervention BW change (P=0.009)—I: 70.0±17.7 to 68.4±17.1 kg; C: 71.7±14.4 to 70.2±13.7 kg

BMI change (P=0.003)—I: 27.8±4.4 to 27.3±4.2 kg/m2; C: 28.1±2.3 to 28.0±2.6 kg/m2

BFP change (P=0.795)—I: 33.8±6.7 to 33.4±6.5; C: 32.9±6.1 to 33.9±7.1

12 Zhou,  
2016 (34)

Intelligent  
(wearable device)

2.5 months Personalized exercise prescription and regular exercise wearing MIO FUSE and MIO 
Alpha 2 watches for 10 weeks 

No intervention BW change from baseline (P<0.01)—I: −0.96±0.74 kg; C: 0.72±0.85 kg

BMI change from baseline (P<0.01)—I: −0.40±0.32 kg/m2; C: 0.28±0.33 kg/m2

WC change from baseline (P<0.01)—I: −2.0±2.83 cm; C: 1.46±2.6 cm

BFP change from baseline (P<0.01)—I: −0.01±0.01; C: 0.01±0.01

13 Li et al.,  
2020 (35)

Intelligent  
(wearable device)

3 months + 3-month 
follow-up

Usual care plus 3-month remote exercise support via wearable device and “Gudong” 
exercise app (including personalized exercise plan, monitoring, evaluation and 
adjustment)

Standard outpatient care BW change (P<0.01): I: 75.39±5.54 to 66.34±5.31 kg; C: 76.49±5.31 to 72.88±5.44 kg

Main findings were expressed as mean and SD except for Abraham et al. study [2015]. SMS, Short Message Services; VLCD, very low carbohydrate diet; RCT, randomized control trial; BW, body weight; BMI, body mass index; WC, waist circumference; BFP, body fat percentage; IR, interquartile range; I, 
Intervention group; C, Control group.
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features among the 13 reviewed studies. 

The overall effects of mHealth intervention on weight 
management

Overall, the pooled effect estimations based on all the 
reviewed studies showed that the mHealth intervention 
groups had significant reductions in BW (WMD =−1.84 kg,  
95% CI: −1.94, −1.74, I2=0%, P=0.93), BMI (WMD = 

−1.98 kg/m2, 95% CI: −2.94, −1.03, I2=98%, P<0.00001), 
WC (WMD =−2.32 cm, 95% CI: −2.83, −1.81, I2=27%, 
P=0.22), and BFP (WMD =−1.52, 95% CI: −2.31, −0.74, 
I2=99%, P<0.00001), when compared to the control/usual 
care groups (Figure 3). 

In the following subgroup analysis, we examined and 
compared the effects of traditional and intelligent mHealth 
interventions on weight loss among healthy Chinese who 
were overweight/obese. Moreover, we further categorized 

Figure 3 Forest plots for the pooled effects of mHealth interventions on weight. BW, body weight; BMI, body mass index; WC, waist 
circumference; BFP, body fat percentage.

3.1 The pooled effects of mHealth interventions on BW

3.2 The pooled effects of mHealth interventions on BMI

3.3 The pooled effects of mHealth interventions on WC

3.4 The pooled effects of mHealth interventions on BFP
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intelligent intervention modalities into four sub-types: (I) 
social media-based (25-28); (II) self-management-based 
(29-31), (III) web-based (32,33), and (IV) wearable devices 
(34,35), and examined their effects on weight outcomes 
respectively. 

The effects of traditional mHealth interventions on weight 
management

Two studies assessed the effects of tradition mHealth 
interventions using SMS and/or phone calls on weight 
loss (23,24). Both studies examined BMI and WC changes 
as weight outcome measures, while only one study also 
reported BW and BFP changes (23,24). The pooled effect 
test results showed that participants in the intervention 
group had significant changes in BW of −1.84 kg (95% CI: 
−1.94, −1.74), and WC of −2.17 cm (95% CI: −3.17, −1.17), 
and BFP of −1.02 (95% CI: −1.09, −0.95), while the change 
in BMI (WMD =−3.05 kg/m2, 95% CI: −7.71, 1.60) was 
not statistically significant, compared to the control/usual 
care groups. High to medium heterogeneity was observed 
between the two studies when examining the pooled effects 
on BMI (I2=100%, P<0.00001) and WC (I2=73%, P=0.06) 

(Figure 4).

The effects of intelligent mHealth interventions on weight 
management

Eleven studies assessed the effects of intelligent mHealth 
interventions on reducing BW, BMI, WC and/or BFP 
among the healthy overweight/obese participants (25-35). 
Overall, compared to those in control groups who received 
no or regular care, participants in the intervention groups 
experienced significant reductions in their BW (WMD 
=−2.66 kg, 95% CI: −4.42, −0.89), BMI (WMD =−1.72 kg/m2,  
95% CI: −2.48, −0.96), WC (WMD =−2.31 cm, 95% CI: 
−3.17, −1.45), and BFP (WMD =−2.41, 95% CI: −4.52, 
−0.31) (Table 3). There was substantial heterogeneity for BFP 
(I2=92%), BMI (I2=90%) and BW (I2=59%), while very low 
heterogeneity was observed for WC (I2=4%). 

The effects of subtypes of intelligent mHealth 
interventions on BW
None of the reviewed studies reported the effects of 
social media-based intervention on BW reduction. 
The Xiao et al. study [2020] assessed the effects of self-

Figure 4 Forest plot for the pooled effects of traditional mHealth interventions on weight outcomes. BW, body weight; BMI, body mass 
index; WC, waist circumference; BFP, body fat percentage.

4.1 The pooled effect size of traditional mHealth intervention on BW

4.1 The pooled effect size of traditional mHealth intervention on BMI

4.3 The pooled effect size of traditional mHealth intervention on WC

4.4 The pooled effect size of traditional mHealth intervention on BFP
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management intervention on BW change and reported 
a BW reduction of 2.60 kg (95% CI: −5.76, 0.56) in 
the intervention group, when compared to the control 
group (31). One study assessed the effects of web-based 
intervention on BW and found a BW decrease of 0.10 kg 
(95% CI: −9.91, 9.71) in the intervention group, compared 
to the control group (33). Two studies (34,35) assessed 
the effects of wearable devices and the pooled effects on 
BW change was significant (WMD =−2.89 kg, 95% CI: 
−5.56, −0.22) among the participants in the intervention 
group, compared to those in the control group. High 
heterogeneity was observed between the two studies 
(I2=86%, P=0.008). Among the four intelligent mHealth 
intervention subtypes, the wearable device intervention 
stood out for contributing to the most significant BW 
reduction (Figure 5).

The effects of subtypes of intelligent mHealth 
interventions on BMI
Four studies (25-28) assessed the effects of social media-
based intervention, and the pooled effect on BMI was  
−2.04 kg/m2 (95% CI: −3.28, −0.80) among the participants 
in the intervention groups, compared to those in the 
control groups, with a high heterogeneity (I2=88%, 
P<0.0001). Three studies (29-31) examined the effects of 
self-management interventions and showed a pooled effect 
on BMI of −1.90 kg/m2 (95% CI: −2.39, −1.40) among the 
intervention groups when compared to the control group, 
with no evidence of heterogeneity (I2=0%, P=0.58). The 
pooled effects of web-based intervention on BMI based on 
two studies (32,33) was −1.12 kg/m2 (95% CI: −2.09, −0.14) 
in the intervention groups, compared to the control groups, 
with no evidence of heterogeneity (I2=0%, P=0.47). Only 

Table 3 The pooled effect sizes of overall and subgroups of mHealth interventions

Subgroups BW (kg) BMI (kg/m2) WC (cm) BFP (%)

Intelligent interventions

Social media-
based

N/A MD: −2.04; 95% CI:  
(−3.28, −0.80); I2 index: 88%; 

Z=3.21, P=0.001

MD: −2.10; 95% CI: 
(−3.07, −1.13); I2 index: 
NA; Z=4.23, P<0.0001

N/A

Self-
management-
based

MD: −2.60; 95% CI:  
(−5.76, 0.56); I2 index: NA; 

Z=1.61, P=0.11

MD: −1.90; 95% CI:  
(−2.39, −1.40); I2 index: 0%; 

Z=7.55, P<0.00001

MD: −3.09; 95% CI: 
(−5.85, −0.33); I2 index: 
19%; Z=2.19, P=0.03

MD: −3.89; 95% CI:  
(−7.57, −0.22); I2 index: 90%; 

Z=2.08, P=0.04

Web-based MD: −0.10; 95% CI:  
(−9.91, 9.71); I2 index: NA; 

Z=0.02, P=0.98

MD: −1.12; 95% CI:  
(−2.09, −0.14); I2 index: 0%; 

Z=2.25, P=0.02

MD: −0.30; 95% CI: 
(−3.66, 3.06); I2 index: NA; 

Z=0.17, P=0.86

MD: −2.37; 95% CI:  
(−5.06, 0.31); I2 index: 0%; 

Z=1.73, P=0.08

Wearable 
devices

MD: −2.89; 95% CI:  
(−5.56, −0.22); I2 index: 
86%; Z=2.12, P=0.03

MD: −0.68; 95% CI:  
(−0.93, −0.43); I2 index: NA; 

Z=5.23, P<0.00001

MD: −3.46; 95% CI: 
(−5.60, −1.32); I2 index: 
NA; Z=3.18, P=0.001

MD: −0.02; 95% CI:  
(−0.03, −0.01); I2 index: NA; 

Z=5.00, P<0.00001

All intelligent 
interventions

MD: −2.66; 95% CI:  
(−4.42, −0.89); I2 index: 
59%; Z=2.95, P=0.003

MD: −1.72; 95% CI:  
(−2.48, −0.96); I2 index: 90%; 

Z=4.41, P<0.0001

MD: −2.31; 95% CI: 
(−3.17, −1.45); I2 index: 
4%; Z=5.26, P<0.00001

MD: −2.41; 95% CI:  
(−4.52, −0.31); I2 index: 92%; 

Z=2.25, P=0.02

Traditional interventions

All traditional 
interventions

MD: −1.84; 95% CI: 
(−1.94, −1.74); I2 index: NA; 

Z=36.43, P<0.00001

MD: −3.05; 95% CI:  
(−7.71, 1.60); I2 index: 100%; 

Z=1.28, P=0.20

MD: −2.17; 95% CI: 
(−3.17, −1.17); I2 index: 
73%; Z=4.24, P<0.0001

MD: −1.02; 95% CI:  
(−1.09, −0.95); I2 index: NA; 

Z=28.97, P<0.00001

All mHealth intervention

All mHealth 
interventions

MD: −1.84; 95% CI:  
(−1.94, −1.74); I2 index: 0%; 

Z=36.88, P<0.00001

MD: −1.98; 95% CI:  
(−2.94, −1.03); I2 index: 98%; 

Z=4.06, P<0.0001

MD: −2.32; 95% CI: 
(−2.83, −1.81); I2 index: 

27%; Z=8.87, P<0.00001

MD: −1.52; 95% CI:  
(−2.31, −0.74); I2 index: 99%; 

Z=3.79, P=0.0002

BW, body weight; BMI, body mass index; WC, waist circumference; BFP, body fat percentage; N/A: not applicable; MD, mean difference.
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Figure 5 Forest plot for the overall and subgroup effects of the intelligent interventions on BW. BW, body weight.

one study reported the effect of using wearable devices 
on BMI of −0.68 kg/m2 (95% CI: −0.93, −0.43) among 
participants in the intervention group when compared 
to the control group (34). Among the four subtypes of 
intelligent intervention modalities, social-media-based 
mHealth stood out for contributing to the most significant 
BMI reduction (Figure 6).

The effects of subtypes of intelligent mHealth 
interventions on WC
Li et al. study [2016] evaluated the effect of social media-
based intervention on WC and reported a significant 
change of −2.10 cm (95% CI: −3.07, −1.13) in the 
intervention group, compared to the control groups (25). 
Two studies (30,31) assessed the effects of self-management 
interventions on WC reduction and the pooled effect was 
−3.09 cm (95% CI: −5.85, −0.33) among the intervention 
groups when compared to the control groups, with a low 
heterogeneity (I2=19%, P=0.27). Abraham et al. study 
reported the effect of web-based intervention on WC 
of −0.30 cm (95% CI: −3.66, 3.06) in the intervention 
group; however, it was not statistically significant (32). 
Zhou’s study using the wearable device as the intervention 
modality found that the intervention group had a significant 
reduction in WC, compared to the control group (WMD 
=−3.46 cm, 95% CI: −5.60, −1.32) (34). Among the four 
intelligent subtypes, wearable device intervention stood 
out for contributing to the most significant WC reduction 

(Figure 7).

The effects of subtypes of intelligent mHealth 
interventions on BFP
None of the reviewed studies examined the effects of 
social media-based intervention on BFP reduction. The 
pooled effect of the self-management intervention on BFP 
based on two reviewed studies (30,31) was −3.89 (95% CI: 
−7.57, −0.22) among the intervention groups, with a high 
heterogeneity (I2=90%, P=0.001). The pooled effect of 
web-based interventions on BFP based on two reviewed 
studies (32,33) was −2.37 (95% CI: −5.06, 0.31) among the 
intervention groups, with no evidence of heterogeneity 
(I2=0%, P=0.54). One study (34) assessed the effect of 
wearable device and found a significant decrease in BFP 
among the participants in the intervention group when 
compared to the control group (WMD =−0.02, 95% CI: 
−0.03, −0.01). Among the four intelligent intervention 
subtypes, self-management modality appeared to be 
superior to other subtypes, in terms of reducing BFP among 
healthy overweight/obese population (Figure 8).

Comparison of the effects of the traditional and intelligent 
interventions on weight outcomes

BW
Only one study (23) reported the effect of the mHealth 
interventions using traditional modality-daily SMS and 
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coaching phone calls on BW and reported a significant 
reduction in BW of −1.84 kg (95% CI: −1.94, −1.74). The 
pooled effect of intelligent interventions on BW was −2.66 kg  
(95% CI: −4.42, −0.89), with a medium heterogeneity among 
the four studies (I2=59%, P=0.06) (Table 3). The effect size 

of the intelligent interventions on BW reduction was 0.82kg 
larger than that of the traditional interventions. 

BMI
The pooled effect of the traditional mHealth interventions 

Figure 6 Forest plot for the overall and subgroup effects of the intelligent interventions on BMI. BMI, body mass index.

Figure 7 Forest plot for the overall and subgroup effects of the intelligent interventions on WC. WC, waist circumference.
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on BMI based on two reviewed studies (23,24) was not 
statistically significant (WMD =−3.05 kg/m2, 95% CI: −7.71, 
1.60), with a high heterogeneity (I2=100%, P<0.00001). On 
the other hand, the pooled effect of the intelligent mHealth 
interventions on BMI was estimated as −1.72 kg/m2  
(95% CI: −2.48, −0.96)  among the intervention when 
compared to the control groups, with high heterogeneity 
observed among the studies (I2=90%, P<0.00001) (Table 3). 
According to the results, no valid comparison conclusion 
can be drawn between the two types of interventions, 
because the traditional mHealth interventions showed no 
statistically significant effect on decreasing BMI, although 
its pooled effect size was larger than that of the intelligent 
interventions.

WC
The pooled effect of the traditional mHealth interventions 
on reducing WC was significant among the intervention 
groups, compared with the control group (WMD = 
−2.17 cm, 95% CI: −3.17, −1.17),  with a medium 
heterogeneity (I2=73%, P=0.06). On the other hand, 
the pooled effect test result showed that participants 
receiving the intelligent mHealth interventions had a 
significant decrease in WC, compared to the control groups 
(WMD =−2.31 cm, 95% CI: −3.17, −1.45), with very low 
heterogeneity (I2=4%, P=0.39) (Table 3). The intelligent 
interventions appeared to be slightly superior to the 
traditional interventions in terms of reducing WC. 

BFP
Lin et al. study [2014] reported a significant effect of the 
traditional mHealth interventions on BFP of −1.02 (95% 
CI: −1.09, −0.95) (23). The pooled effect of intelligent 
interventions on BFP change was −2.41 (95% CI: −4.52, 
−0.31), with a high heterogeneity among the five reviewed 
studies (I2=92%, P<0.00001). The effect size of the 
intelligent interventions on BFP reduction was 1.39 larger 
than that of the traditional interventions (Table 3).

Discussion

This systematic review and meta-analysis study described 
the evolution of the mHealth interventions in weight 
management in China and evaluated the overall and 
subgroup effects of mHealth interventions on weight loss 
among healthy overweight/obese Chinese population. In 
the study, we observed a transformation of the mHealth 
intervention modalities from traditional to intelligent 
interventions along with the development of mobile 
technology and communication systems during the reviewed 
period 2014–2021 in China. There was significantly higher 
volume of mHealth interventions based on smartphone 
platform to deliver weight management care, than that of 
traditional interventions based on feature phones in recent 
years. This trend can be explained by the rapid increase 
of smartphones ownerships in China after 2009, and the 
advantages of intelligent intervention modalities compared 

Figure 8 Forest plot for the overall and subgroup effects of the intelligent interventions on BFP. BFP, body fat percentage.
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to the traditional ones. Traditional ways of managing the 
patients’ weights were limited to sending text messages 
or delivering phone calls as reminders for regular clinical 
follow-up visit, medicine taking, and education delivery, 
while the intelligent mHealth interventions optimized the 
information delivery system by providing simultaneous 
communication channel such as WeChat friends, group chat 
to ensure sufficient and timely contact between patients and 
health care workers. Advanced features such as providing 
exercise instructions, daily recommendations of dietary 
and physical activities, and personal calorie consumptions 
further expanded the function of mobile apps on weight 
management. 

The meta-analysis results showed that the intelligent 
mHealth interventions were effective in reducing all the 
four weight-related outcomes (BW, BMI, WC, and BFP). 
Previous studies reviewed effects of mHealth intervention 
on weight loss, and reported an average pooled intervention 
effects of 1.49 kg BW loss and 0.56 kg/m2 BMI reduction, 
compared to the control groups (42,44,45). Our study 
results, in general, aligned with the previous studies, but 
found larger pooled effect sizes of mHealth interventions 
on both BW and BMI reductions (1.84 kg and 1.98 kg/m2, 
respectively) among the healthy overweight/obese Chinese 
population. Future studies are needed to validate the 
findings from the present study. 

The comparison results between the traditional 
and intelligent mHealth interventions showed that the 
intelligent interventions appeared to be more effective in 
weight loss, especially in reducing BW (2.66 vs. 1.84 kg), 
WC (2.31 vs. 2.17 cm) and BFP (2.41 vs. 1.02). When 
further comparing the four subtypes of the intelligent 
mHealth interventions, wearable device-based interventions 
were found to be the most effective in reducing BW and 
WC, while the social-media-based interventions seemed 
to yield more reduction in BMI and the self-management-
based interventions appeared to be more effective in 
reducing BFP among healthy overweight/obese population 
in China. 

The effectiveness of the wearable device-based 
interventions in weight loss, especially in BW and WC 
reduction, may be attributable to the unique features 
introduced by the wearable devices. Compared to the 
conventional exercise interventions, the wearable devices 
and their supporting systems allowed real-time health 
statistics monitoring, provided more personalized and 
effective exercise interval, training intensity and optimal 
duration of exercise training. These features not only made 

it easier for the participants to follow and complete the 
exercise plans, but also allow the participants to self-monitor 
and adjust exercise settings based on their own situations, 
which could increase their confidence and compliance with 
the exercise plans and achieve the short- and long-term 
weight management goals. Moreover, in Li et al. study, 
there was a daily ranking that participants could watch 
the daily exercise completed by other participants, which 
stimulated the participants into initiating and completing 
exercise, improved their self-regulation and compliance 
with the intervention plans. 

The social-media-based interventions in the reviewed 
studies were majorly using WeChat as the media platform. 
WeChat is a leading communication tool dominating the 
Chinese social life with over 600 million citizens as its users 
(46). The common strategies used in the social-media-
based interventions included sending group massages that 
were beneficial to weight management, providing one-
on-one professional feedback from experts, and creating 
“the community effect”. The educational messages made a 
subtle but significant impact on establishing correct health 
maintaining values to the patients. The highly personalized 
weight management advice provided by medical experts was 
an essential booster for patients to make consistent efforts 
in the correct direction. When participants in the same 
group chat, WeChat applet or official account saw each 
other’s progress like exercising data and weight loss records, 
this generated the “the community effect” to motivate and 
encourage the participants to perform better (like do more 
exercise and win a higher rank in step count competition), 
and make them feel that they are supported by the whole 
community, and they are not alone in this weight loss 
journey. On the other hand, the effectiveness of the self-
management intervention in weight management may be 
attributable to its tailoring to the individuals by using the 
users’ personal data and generating individualized plans 
for users’ everyday physical activities and dietary habits in 
different phases through algorithms. The algorithms were 
usually designed by multiple medical experts to give advice 
regarding different situations provided by the users. 

With the fastest growing ageing populations and 
the increasing prevalence of obesity among the elderly 
population in China, the development of effective, tailored 
interventions for this population is needed (47). However, 
although mHealth interventions based on smartphone 
platform could be a more effective approach in weight 
management, there were significant concerns about the 
acceptance and adoption of such interventions among 
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the elderly populations. According to Qi’s study [2021], 
although there was 65.5% overall rate of mobile phone 
use among the Chinese elderly people aged 60 and above, 
only 14.3% of them used smartphone (48). This means 
that the elderly population could only have access to the 
basic or traditional functions of a mobile phone to receive 
text messages and phone calls. They may not be able to 
experience the “advantages” the intelligent services bring as 
they may have limited or no access to smartphones or it is 
challenging for them to use the smartphones even they are 
equipped with one. Moreover, according to our review, only 
a few of the studies (24,34) have experimented the mHealth 
interventions among elderly population in China, and the 
results revealed that traditional interventions like phone 
calls seemed to yield more reduction in BMI, compared 
to the intelligent interventions that used wearable devices 
among this population (−2.87±0.94 vs. −0.40±0.32 kg/m2). 
More studies are needed to validate the findings from the 
current study and further examine the barriers that elderly 
population may encounter in adopting and using the 
intelligent services for weight management. 

To the authors’ knowledge, this study is among the first 
few to review the development of the mHealth intervention 
on weight management in China, examine the effects 
of mHealth interventions on weight loss among healthy 
overweight/obese Chinese population, and distinguish the 
effects of traditional and intelligent mHealth interventions 
on different weight outcomes. There are several limitations 
in this study. First, the risks of bias presented in some of 
the reviewed studies need to be noted when interpreting 
the findings from this review. For instance, majority of 
the reviewed studies did not blind the participants and 
personnel, which may lead to potential bias. However, we 
should note that the main reason of this failure was the 
impracticality of blinding interventions given the nature of 
the intervention. Moreover, since the outcome measures 
in the reviewed studies were biomarkers like BMI and 
BFP, which were relatively objective, it is less likely that 
the results of the studies were compromised. Second, the 
findings of our study should be interpreted with caution 
considering the high heterogeneity among the reviewed 
studies. For instance, the I2 value was 88% among the 
four studies that were used to examine the pooled effects 
of social media-based mHealth interventions on BMI 
reduction (25-28). The high heterogeneity could be caused 
by the significant variations of study characteristics like 
study design (three RCTs and one quasi-experimental 
study), sample sizes (ranged from 50 to 446), geolocation 

(two conduced in Northern China, and two in the South), 
gender (female participants in the studies ranged from 
49% to 70%), and intervention activities and intervention 
durations (ranged from 2 to 12 months) across the four 
studies. Third, each subgroup only contained a very small 
number of studies, which can limit the accuracy and 
generatability of the findings from the subgroup analysis. 
We therefore propose larger-scale RCTs with long duration 
and diverse age groups to confirm the findings from this 
review. Lastly, there was a large discrepancy in the number 
of the traditional and intelligent intervention studies in 
this review, which could cause bias and lead to inaccuracy 
of the findings from the current study. Moreover, no study 
in this review examined the effects of traditional mHealth 
interventions on BW or BFP change, which limited our 
ability to comprehensively evaluate and compare the effects 
of intelligent and traditional interventions on all the four 
weight-related outcomes. More RCTs that examine the 
effects of traditional interventions on different weight 
outcomes among Chinese population are needed in future. 

Conclusions

There was a transformation of the weight management 
mHealth intervention modalities in China along with the 
development of mobile technology and communication 
system in recent years. The mHealth interventions, 
especially those using intelligent modalities like social 
media and self-management apps, appeared to be promising 
in reaching larger target populations, yielding ideal weight 
loss results, and reversing the obesity crisis in China. 
Future studies are needed to validate the findings from the 
current study and examine the effects of mHealth in weight 
management among vulnerable and elderly population.
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