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Abstract

IMPORTANCE The effectiveness of mobile health (mHealth) apps for reducing obesity is not ideal in
daily life. Therefore, it would be useful to explore factors associated with user satisfaction with
weight loss apps. Currently, research on these factors from the perspective of user-generated
content is lacking.

OBJECTIVE To mine the themes and topics frequently discussed in user-generated content in
mHealth apps for weight loss, explore correlations of the topics with user satisfaction and
dissatisfaction, and assess whether these correlations were asymmetric.

DESIGN, SETTING, AND PARTICIPANTS In this population-based cross-sectional study,
unsupervised machine learning was used to identify themes and topics in online discussions
generated between January 1, 2019, and May 20, 2021, by Chinese users of mHealth apps for
weight loss.

MAIN OUTCOMES AND MEASURES Based on the 2-factor theory, a tobit regression model was
used to explore the correlation of various app discussion topics with user satisfaction and
dissatisfaction. Differences of the coefficients in models of positive rating deviation (PD) and
negative rating deviation (ND), defined as the difference between the users’ rating of the app and the
app’s comprehensive rating in the app stores, were analyzed by the Wald test.

RESULTS In total, 191 619 reviews and ratings from unique usernames were collected for 2139
weight loss apps; 86 423 reviews (45.1%) from 339 apps (15.8%) were included in the study. Most
users (65 249 [75.5%]) were satisfied with the mHealth app. Eighteen topics were identified and
summarized into 9 themes. Nine topics had significant positive correlations with the PD of user
satisfaction, and 6 had significant negative correlations. The factor with the strongest positive
correlation with the PD was celebrity effect (β = 0.307; 95% CI, 0.290-0.323), and the factor with
the weakest correlation was economic cost (β = −0.426; 95% CI, −0.447 to −0.406). Nine topics had
significant positive correlations with the ND of user satisfaction, whereas 7 topics had significant
negative correlations. The factor with the strongest positive correlation with the ND was fitness
effect (β = 1.369; 95% CI, 1.283-1.455), and the factor with the strongest negative correlation was
economic cost (β = −2.813; 95% CI, −2.875 to −2.751). There were significant differences in the PD
and ND of user satisfaction. Nine motivation factors (ie, value-added attributes) and 7 hygiene factors
(ie, user-expected attributes) for mHealth apps were identified.

CONCLUSIONS AND RELEVANCE In this cross-sectional study, 16 factors had asymmetric
correlations with user satisfaction and dissatisfaction with weight loss apps; 7 were related to basic
expected attributes of the apps and 9 to value-added attributes. By distinguishing between expected
and value-added factors, the use of weight loss apps may be improved.
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Key Points
Question What factors are correlated

with user satisfaction and dissatisfaction

with mobile health (mHealth) apps for

weight loss in practical use, and are

there differences in these correlations?

Findings In this cross-sectional study of

191 619 Chinese-language user reviews

from 339 mHealth apps for weight loss,

16 factors had significant asymmetrical

correlations with app satisfaction; 7

were related to expected attributes of

the apps (hygiene factors) and 9 to

value-added attributes

(motivation factors).

Meaning The findings suggest that in

the design of mHealth apps for weight

loss, avoiding app abandonment and

promoting continued use should be

prioritized by including hygiene factors

and increasing motivation factors.
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Introduction

The prevalence of obesity or overweight has been increasing yearly, and there has been rapid
development of effective, efficient, and low-cost mobile health (mHealth) apps for managing obesity.
In 2016, more than 900 million adults worldwide were overweight, and more than 650 million adults
were obese.1 In 2019, 34.3% of Chinese adults were overweight and 16.4% were obese.2

Approximately 250 000 mHealth apps were available in 2016,3 of which more than half involved
weight, diet, and exercise.4 Usability, feasibility, and acceptability of mHealth apps for management
of obesity have been shown in the experimental context.5,6 One study showed that after a 12-week
diet and exercise intervention, 30 individuals who used a weight loss app lost 5% of their body
weight.7 In another study, after a 6-month diet intervention, the mHealth app group had a higher
follow-up patient retention rate (100% vs 37%) and lower treatment costs ($855.15 vs $1428.00)
than the weight management group that did not use an mHealth app.8

However, in practical use, the continuance and effects of weight loss apps have been poor
because lack of user satisfaction may manifest as low user participation and discontinued use. A
study on data from weight loss apps indicated that only 14.94% of users experienced reductions of
5% of their body weight.4 One reason for this may be low user participation, with 62% of mHealth
apps having fewer than 1000-monthly active users.9 User participation is significantly associated
with weight loss results.4 Second, there may be a lack of user continuance; in 1 study, 56% and 84%
of users discontinued app use by the first and sixth months, respectively.6 Short-term behavioral
changes are associated with some weight loss, but substantial weight loss requires long-term
persistence.10 User satisfaction is an important factor associated with participation and
continuance.11-13

Traditional research on user satisfaction with weight loss apps has focused mostly on surface
satisfaction and user experience, with few studies focusing on factors associated with satisfaction
and practical use data. Research has mostly explored users’ preferences and satisfaction through
survey questionnaires,14,15 interviews, and focus groups.16,17 Limitations of these methods include
small sample sizes, high cost, and high likelihood of bias. In the digital ecosystem, the content
generated by the user’s actions is called user-generated content (UGC). User reviews are an
important type of UGC.18 They are large in scale, have extensive representation, are low cost, and
have timely updates; they also reflect practical use and reduce the “laboratory effect.”19 Current
research on user reviews has focused mostly on mining text to analyze reviews of weight loss apps in
an app store.20,21 However, the number of studies is small, and the degree of mining is relatively low;
only subjects are classified, and there are limitations in the comprehensiveness of research topics.
For example, 1 study only included apps with a satisfaction rating greater than 3 on a scale from 1
(low) to 5 (high).20 User reviews of low-rated apps may provide reasons for user dissatisfaction,
serving as a reference for improvement.

Existing studies have found that factors associated with user satisfaction are asymmetric. For
example, Herzberg’s 2-factor theory22 describes user satisfaction and dissatisfaction of internet
services as 2 different concepts associated with different factors23; hygiene factors (referring to basic
attributes that users expect) are associated with user dissatisfaction, whereas motivation factors
(referring to value-added attributes that users usually do not expect) are associated with user
satisfaction. Ignoring the asymmetry of factors associated with satisfaction may lead to confusion in
terms of the functions of hygiene and motivation factors.24 Therefore, we proposed that user
satisfaction with mHealth apps would also be asymmetric. When certain user expectations are not
met, users will not be satisfied. However, this asymmetry is often ignored in current research. To
account for this limitation, we applied the 2-factor theory to research of mHealth apps for obesity
and explored motivation (ie, value-added) and hygiene (ie, expected) factors correlated with app use
to help identify methods to improve user satisfaction with mHealth apps.
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Methods

Ethics Approval and Consent to Participate
In this cross-sectional study, we used natural language processing and unsupervised text mining to
mine the topics of user-generated reviews of mHealth apps for weight loss. With use of the 2-factor
theory, a tobit regression model was constructed to test the association of various app discussion
topics with satisfaction and dissatisfaction, and motivation factors and hygiene factors were
identified. The study received an institutional review board exemption from the ethics committee of
the School of Public Health, Jilin University. Informed consent was waived owing to the retrospective
design of the study and the public availability of the data. This study followed the Strengthening the
Reporting of Observational Studies in Epidemiology (STROBE) reporting guideline for cross-
sectional studies.

Identifying mHealth Apps for Weight Loss
We used app stores from the 2 major operating systems—the Apple iOS app store and 4 Chinese
Android app stores (Huawei, Xiaomi, OPPO, and VIVO)—according to active number ranking.25 In
March 2021, the following search terms were used in these 5 app stores: weight loss, slimming, and
weight management. Screening criteria (eTable 1 in the Supplement) were determined based on
preliminary research.26 The same app in different app stores was regarded as a different search
object. The screening process is shown in Figure 1.

Collection of User-Generated Reviews of Apps
The app stores’ rating mechanisms support users in comprehensively scoring apps from 1 to 5 points.
We used self-developed scripts to obtain iOS operating system data and the Qimai app data analysis
platform27 to obtain Android data. All user reviews and ratings from January 1, 2019, to May 20, 2021,
were obtained.

Figure 1. Weight Loss App Extraction and Exclusion Procedures

 Excluded (no independent functions that 
could be used on auxiliary equipment)

Excluded (no rating score or user reviews 
after January 1, 2019)

2139 Apps identified with search terms 
"weight loss" or "weight management" 

Excluded (not health or medical apps)880

Excluded (required payment)14

192

Excluded (did not target users for weight 
loss or management)

632

82

2125 Free apps 

1245 Health or medical apps  

613 Targeted users for weight loss 
or management

339 With independent functions that could be used 
on auxiliary equipment  and included for researcha

421 With rating scores and user reviews after 
January 1, 2019 

The Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guideline was used for
the screening process.
a Examples of auxiliary equipment are body fat scales

and sports bracelets.
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Data Cleaning
Several false and spam reviews were cleaned and reviewed by eliminating blank and duplicate values.
Then, contradictory data and inconsistent user ratings and reviews were removed.28 Baidu sentiment
analysis service29 was used to judge the sentiment polarity of user reviews, which was compared with
ratings. When ratings were 4 or 5 points, the sentiment polarity of reviews was considered positive.
When the ratings were 1 or 2 points, the sentiment polarity of reviews was considered negative. Based
on this assumption, the mismatched data between user reviews and ratings were eliminated (Figure 2).
Finally, garbled codes and irrelevant information were manually removed.

Synonym Merging
Different expressions with the same semantics in the data were uniformly labeled (eTable 2 in the
Supplement). User reviews after label processing were then incorporated into the latent Dirichlet
allocation (LDA) topic model.

Semantic Analysis of User Reviews to Identify Topics
Topic Modeling
Topic modeling is a statistical model for clustering latent semantic structure in text data sets in an
unsupervised learning manner. Latent Dirichlet allocation is a widely used topic modeling algorithm
based on probability. It has a convenient operation, high efficiency,30 and good effects on topic
analysis and prediction.31 Its basic assumption is that each word is extracted independently from the
whole corpus. A topic is composed of different words, and each word has a weight to quantify the
importance of the word in the topic. Latent Dirichlet allocation uses a 3-level hierarchical bayesian
model to calculate the distribution probability of words and topics. Gibbs sampling was used to
assess distribution over topics and distribution over words for each review to achieve the purpose of
extracting topics from text.

Figure 2. Matching Between User Reviewers’ Polarities and User Ratings
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Mismatched data between reviews and ratings were
eliminated, and reviews with garbled codes and
irrelevant information were omitted.
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Specific Steps
First, Chinese reviews were preprocessed with natural language processing tools. The input of the LDA
model is a collection of reviews after word segmentation. Unlike English, which uses spaces as natural
separators, Chinese text needs to be segmented separately. Jieba is a Chinese word segmentation li-
brary in Python that supports traditional Chinese word segmentation and custom dictionaries.32 There-
fore, this study used Jieba in Python, version 3.8 (Python Software Foundation) to divide the Chinese
character sequence of user reviews into separate words. Then, stop words (function words that have
no actual meaning) and non-Chinese characters in the review collection were removed. Three common
stop word lists (Baidu, Harbin Institute of Technology, and Chinese stop vocabulary lists) were inte-
grated into a comprehensive stop word list, and the Jieba library was used to remove stop words.

Second, the number of topics was determined. To construct an LDA model, the number of topics
parameter must be input. The optimal number of topics is generally determined jointly by the perplex-
ity and the actual clustering performance of the LDA model. Perplexity is an effective indicator for
evaluating the quality of language models; the lower the perplexity, the less uncertainty about the topic
prediction probability and the better the model performance.33 Therefore, we first drew the perplexity
curve by calculating the perplexity of the LDA model corresponding to the number of topics. According
to the inflection point before the perplexity curve was smoothed, it was preliminarily judged that the
optimal number of topics ranged from 17 to 20. Combined with the effect of topic clustering visualiza-
tion (eFigures 1 and 2 and eTable 3 in the Supplement), when the number of topics was 18, the clustered
topics were more dispersed and the performance of topic modeling was the best.

Third, topics were identified and named. The Gensim library in Python, version 3.8, was used to
build the LDA topic model.34 The number of topic parameters was set to 18 to obtain 18 topics of
words with weights. For the 18 topics identified, 2 researchers (T.W. and X.Z.) summarized the
meaning of the words represented in each topic, conceptualized and named 18 topics, and then
combined similar topics. Altogether, 9 themes and their names were agreed on after discussion, and
the results were submitted to a third researcher (J.L.) for review.

Fourth, the topics of each user review were determined. The LDA model generated the
distribution probability of each user review on all topics, and the topic of each review was
determined according to the maximum probability.35

Statistical Analysis
For analyses, we set 2 dependent variables: positive rating deviation (PD) and negative rating
deviation (ND).36 These were defined as the difference between the users’ rating of the weight loss
app and the app’s comprehensive rating in the app stores and indicated the bias and degree of the
user’s rating compared with the mean rating of the app. The value range of the PD was 0 to 4, and of
the ND, –4 to 0. The independent variable was the probability distribution of each topic determined
by the LDA model for each user review. The normalized probability of each topic for each review was
used as the input of the subsequent statistical model.37

The tobit regression model was used to evaluate the correlation of factors with satisfaction and
dissatisfaction. The tobit regression model is a type of model in which the dependent variable is
continuously distributed on the positive value but contains some observations with a value of 0.38

Considering that the 2 dependent variables in our study were truncated data, it was appropriate to
use the tobit regression model, which is defined as follows:

PDi =
K

k = 1
βPD,k xki + δPD,i

NDi =
K

k = 1
βND,k xki + δND,i

βk refers to the correlation coefficient between the kth topic xki of review i and PDi or NDi, K is the
number of topics included in the model, and δi is the error term. All parameters were different in the
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2 models, and the subscripts PD and ND indicate the model to which they belonged. The Wald test36

was used to test the differences of the coefficients in the PD and ND models to assess whether the
factors had asymmetric correlations with satisfaction and dissatisfaction. Analyses were conducted
using Stata, version 16.0 (StataCorp LLC). Significance was set at 2-sided P < .05.

Results

Relevant Apps and Corresponding Reviews
Overall, 2139 weight loss apps were found on the app platforms, with a total of 191 619 reviews from
unique usernames; 339 apps (15.8%) and 86 423 reviews (45.1%) were included in the study. Of the
included reviews, 65 249 had 4 or more stars, for a satisfaction level of 75.5%.

Topics of User Reviews on mHealth Apps for Weight Loss
Based on content analysis of the results obtained by LDA and the keywords involved in the topic
classifications, we divided the 18 topics into 9 themes; 9 motivation factors and 7 hygiene factors
were determined. Table 1 shows the topics and representative keywords corresponding to each
theme. Sample reviews are shown in eTable 4 in the Supplement, and eTable 5 in the Supplement
shows explanations of each topic.

Tobit Regression Results
Factors Associated With PD and ND
The variance inflation factor was calculated to test the multicollinearity between the variables
(eTables 6 and 7 in the Supplement). For all factors, this was less than 5, indicating no serious
multicollinearity problem.13 The 2 topics in the “attitude” theme were “support” and “negative
evaluation”; they lacked specific views on app functions or effects and therefore were not included
in the tobit regression model.

Table 2 presents the results for model 1 (PD) and model 2 (ND). Except for organizational
activities (β = −0.002; 95% CI, −0.031 to 0.026; P = .87), the remaining 15 topics had significant
correlations with the PD of user satisfaction. Among these, the variable with the strongest correlation
was celebrity effect (β = 0.307; 95% CI, 0.290-0.323; P < .001), and that with the strongest negative
correlation was economic cost (β = −0.426; 95% CI, −0.447 to −0.406; P < .001). All 16 factors
included in model 2 had a significant correlation with the ND. Among these, fitness effect had the
strongest positive correlation (β = 1.369; 95% CI, 1.283-1.455; P < .001) and economic cost had the
strongest negative correlation (β = −2.813; 95% CI, −2.875 to −2.751; P < .001).

Difference Test of PD and ND Correlation Coefficients
The Wald test was used to test the difference between the correlation coefficients of factors in
models 1 and 2.36 The 16 correlation coefficients in the 2 models were significantly different
(Table 3), which indicates that the correlation of each factor with user satisfaction was asymmetric.
Interface design, exercise tutorial, fitness effect, calorie calculation, data record, celebrity effect,
function confirmation, weight management effect, and a healthy lifestyle had significant positive
correlations in models 1 and 2. Conversely, data collection, customer service, reliability, login and
registration, advertising distribution, organizational activities, and economic costs had significant
negative correlations in models 1 and 2.

Discussion

In this study, we identified 18 topics from 191 619 reviews of mHealth apps for weight loss, including
the user attitude toward the app; discussions on technology, functions, and services; and factors
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related to use. Sixteen factors derived from these topics had significant correlations with user
satisfaction or dissatisfaction, and the correlations were asymmetric.

There have been few studies on Chinese mHealth app user reviews, and our findings contribute
novel data to this field by exploring the opinions of Chinese app users. Comparing the themes and
topics identified in this study with those in previous studies20,21,39 revealed support, sports fitness
management, diet management, outcomes such as weight loss and fitness, usability, and use cost as
common areas of focus among app users in China, Europe, and the US. However, Chinese users’
attention to non–health intervention services and user interface was rarely found in app store
research.20,21,39 This may be attributable to the competitive app market in China. In addition to
focusing on functional design, developers also value marketing strategies and interaction design.
Compared with previous research on an app store,40,41 Chinese app users have less discussion on
gamification and social networks. However, the gamification and social network design of mHealth
apps in China is becoming more common.13 Chinese users might have a low demand for gamification
and social networking in weight loss apps, or there might have been no successful gamification and
social network design in weight loss apps to attract users’ attention.

Table 1. Themes, Topics, and Keywords Formulated by Latent Dirichlet Allocation Topic Modeling

Theme and topic Keywords
Reviews, No. (%)
(N = 86 423)

Attitude

Support Easy to use, like, great, practical, simple, pretty good,
useful

16 746 (19.38)

Negative evaluation Can’t find, trash, settings, smart, bad, try it, disappointed 837 (0.97)

User interface

Advertising distribution Advertisement, download, function, video, comment,
version, experience

8693 (10.06)

Interface design Very good, concise, interface, support, page, function, clear 4728 (5.47)

Sports fitness management

Exercise tutorial Course, plan, training, membership, exercise, fitness, time 7147 (8.27)

Fitness effect Recommend, exercise, fitness, action, download, clock in,
abdominal muscle

6021 (6.97)

Diet management

Calorie calculation Food, heat quantity, calories, calculation, control, intake,
diet

4187 (4.84)

Data management

Data record Records, weight, exercise, diet, recommendations, goals,
changes

8233 (9.53)

Data collection Data, display, network, mobile phone, inaccurate
measurement, error, equipment

3431 (3.97)

Non–health intervention
services

Customer service User, customer service, information, platform, feedback,
service, mode

1816 (2.10)

Celebrity effect Artists, Li Xian, surrender, Xiao Zhan, Qian Xi, Wang Yibo,
Wang Junkai

3733 (4.32)

Organizational activities Activity, upload, fail, participate, no way, picture, run 902 (1.04)

Effect

Function confirmation Weight loss, fat loss, plan, running, success, exercise, fit 4837 (5.60)

Weight management effect Weight loss, long use time, lost weight, hard work, weight,
thin to, thanks

3067 (3.55)

Healthy life Health, slimming, life, body, science, style, nutrition 1684 (1.95)

Usability

Reliability Can’t open, update, flash back, can’t get in, uninstall, open,
lag

3413 (3.95)

Login and registration Content, verification code, simple and clear, memory, input,
login, home page

1179 (1.36)

Use cost

Economic cost Fee, free, charge, automatic, download, membership, ask
for money, deduction

5769 (6.68)
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An in-depth analysis of the asymmetry of the correlations of factors with user satisfaction may
be valuable in assessing the best purpose of a weight loss app. In this study, each factor had
significantly different correlations with the PD and ND of satisfaction, which supports the
applicability of the 2-factor theory in the field of weight loss apps.

Table 2. Tobit Regression of the Correlation of Factors With Rating Deviations

Theme and topic

Model 1a Model 2b

β (95% CI) SE P value β (95% CI) SE P value
User interface

Advertising distribution −0.013 (−0.026 to 0.000) 0.007 .05 −0.446 (−0.514 to −0.379) 0.035 <.001

Interface design 0.122 (0.108 to 0.137) 0.007 <.001 1.367 (1.270 to 1.464) 0.050 <.001

Sports fitness management

Exercise tutorial 0.067 (0.053 to 0.080) 0.007 <.001 0.285 (0.212 to 0.358) 0.037 <.001

Fitness effect 0.159 (0.146 to 0.172) 0.007 <.001 1.369 (1.283 to 1.455) 0.044 <.001

Diet management

Calorie calculation 0.055 (0.042 to 0.069) 0.007 <.001 0.364 (0.281 to 0.446) 0.042 <.001

Data management

Data record 0.066 (0.055 to 0.077) 0.006 <.001 0.635 (0.565 to 0.706) 0.036 <.001

Data collection −0.421 (−0.443 to −0.398) 0.012 <.001 −2.623 (−2.689 to −2.557) 0.034 <.001

Non–health intervention services

Customer service −0.101 (−0.124 to −0.078) 0.011 <.001 −1.298 (−1.394 to −1.202) 0.049 <.001

Celebrity effect 0.307 (0.290 to 0.323) 0.008 <.001 1.214 (1.103 to 1.324) 0.056 <.001

Organizational activities −0.002 (−0.031 to 0.026) 0.015 .87 −0.864 (−0.985 to −0.743) 0.062 <.001

Effect

Function confirmation 0.155 (0.143 to 0.168) 0.006 <.001 1.178 (1.092 to 1.265) 0.044 <.001

Weight management effect 0.216 (0.201 to 0.231) 0.008 <.001 1.183 (1.077 to 1.288) 0.054 <.001

Healthy life 0.106 (0.088 to 0.125) 0.009 <.001 0.619 (0.507 to 0.731) 0.057 <.001

Usability

Reliability −0.381 (−0.404 to −0.358) 0.012 <.001 −2.448 (−2.516 to −2.380) 0.035 <.001

Login and registration −0.095 (−0.121 to −0.069) 0.013 <.001 −1.113 (−1.222 to −1.005) 0.056 <.001

Use cost

Economic cost −0.426 (−0.447 to −0.406) 0.010 <.001 −2.813 (−2.875 to −2.751) 0.032 <.001

a Positive ratings deviation model. The maximum likelihood estimate was −46 289.567. b Negative ratings deviation model. The maximum likelihood estimate was −70 481.292.

Table 3. Asymmetry Tests Comparing Coefficients of Models 1 and 2a

Topic χ2 P value

Reviews
Total,
No. PD, No. (%) ND, No. (%)

Advertising distribution 196.37 <.001 8693 5596 (64.37) 3097 (35.63)

Interface design 715.71 <.001 4728 4083 (86.36) 645 (13.64)

Exercise tutorial 40.95 <.001 7147 5336 (74.66) 1811 (25.34)

Fitness effect 875.23 <.001 6021 5211 (86.55) 810 (13.45)

Calorie calculation 63.89 <.001 4187 3173 (75.78) 1014 (24.22)

Data record 300.06 <.001 8233 6496 (78.90) 1737 (21.10)

Data collection 5948.65 <.001 3431 629 (18.33) 2802 (81.67)

Customer service 793.52 <.001 1816 834 (45.93) 982 (54.07)

Celebrity effect 302.48 <.001 3733 3311 (88.70) 422 (11.30)

Organizational activities 256.82 <.001 902 496 (54.99) 406 (45.01)

Function confirmation 613.69 <.001 4837 4164 (86.09) 673 (13.91)

Weight management effect 368.59 <.001 3067 2638 (86.01) 429 (13.99)

Healthy life 93.87 <.001 1684 1385 (82.24) 299 (17.76)

Reliability 4903.45 <.001 3413 596 (17.46) 2817 (82.54)

Login and registration 447.55 <.001 1179 564 (47.84) 615 (52.16)

Economic cost 7827.47 <.001 5769 1016 (17.61) 4753 (82.39)

Abbreviations: ND, negative deviation; PD, positive
deviation.
a The Wald test was used to test the differences of the

coefficients in models 1 (PD) and 2 (ND) to assess
whether the factors had asymmetric correlations
with satisfaction and dissatisfaction.
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The factors shown to have a negative correlation with the PD and ND of satisfaction included
data collection, customer service, reliability, login and registration, economic costs, advertising
distribution, and organizational activities. Wald test results indicated that the results for the same
factor in the PD and ND models were significantly different, demonstrating asymmetry of the
correlations of these factors with overall satisfaction. This finding suggests that these topics are
negatively correlated with user satisfaction. As the probability of users discussing such topics
increased, user satisfaction decreased, suggesting that these factors are associated with user
dissatisfaction. When the probability of users discussing the aforementioned topics decreased, the
users’ overall satisfaction increased, suggesting that that these factors are not associated with user
satisfaction. Thus, according to the 2-factor theory,22,36 these factors are hygiene factors. Improving
the hygiene factors of a weight loss app may have an important role in eliminating user
dissatisfaction, thereby reducing app abandonment behavior.

The factors with a positive correlation with the PD and ND of satisfaction included interface
design, exercise tutorial, fitness effect, calorie calculation, data record, celebrity effect, function
confirmation, weight management effect, and healthy life. Wald test results showed that the
correlations of these factors with PD and ND were significantly different. Further analysis of these
topics demonstrated a positive correlation with PD and ND, suggesting that as the probability of
users discussing such topics increased, user satisfaction increased and that these factors are
associated with user satisfaction. When the probability of users discussing these topics decreased,
user dissatisfaction increased, suggesting that these factors are not associated with user
dissatisfaction. Thus, these factors are motivation factors. Improving the motivation factors of
weight loss apps may be associated with increased user satisfaction, thereby increasing adherence
among users.

Methodologically, this study demonstrated how UGC can be used to explore the factors
associated with user satisfaction and dissatisfaction. Through the LDA modeling of unsupervised text
mining, we identified user opinions of weight loss apps from user reviews. We also analyzed the
correlation of user opinions with satisfaction and dissatisfaction through the tobit regression model
and tested the asymmetry of the correlations. The 2-factor method of analyzing UGC based on
unsupervised text mining may also be generally applied to the evaluation of other mHealth apps.

This study provides insights for research on weight loss apps. Our framework (containing 18
factors summarized into 9 themes) provides a theoretical basis for in-depth understanding of the
effects and user experience of weight loss apps in practical use. In addition, to our knowledge, this is
the first study to use the 2-factor theory to explore the hygiene factors and motivation factors
associated with weight loss app user satisfaction from the perspective of UGC. The results suggest
that technical issues and marketing methods of apps, represented by data collection and economic
costs, are hygiene factors for using weight loss apps and that weight loss intervention functions and
effects, represented by exercise tutorials and weight management effects, are motivation factors;
these findings may provide a basis for the improvement of weight loss apps. Hygiene factors are
associated with user dissatisfaction, and improving them may be associated with reduced user
dissatisfaction, thus reducing user abandonment of apps. Motivation factors are associated with user
satisfaction; considering these factors may be associated with improved user satisfaction and,
ultimately, user adherence. When considering user continuity, it is recommended that developers
give priority to hygiene factors; otherwise, user dissatisfaction and subsequent use could be directly
affected. For example, the hygiene factor “reliability” shows that the current app technology was still
inadequate; reviews indicated use was hindered owing to inaccurate data measurement, app
freezes, and registration and login failures. Developers should pay attention to these factors to
prevent discontinued use of an app.42 To improve user adherence, developers should gradually
improve and increase the motivation factors and build the best model of a weight loss app to
promote a sustainable lifestyle for individuals with obesity and overweight.
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Limitations
This study has limitations. First, the study obtained user reviews from only the past 2 years. There
were no reviews before 2019; thus, the characteristics of user experience and factors associated with
satisfaction during a longer time were not revealed. However, apps are frequently updated or phased
out; user reviews within the past 2 years may be more valuable because these reflect the experience
of current users. Second, some users used the apps but did not leave reviews. We could not explore
the satisfaction of such users; therefore, there may have been bias in population selection. However,
considering that 191 619 reviews were included, we believe our results provide useful data for
discovering factors and attributes associated with mHealth app user satisfaction.

Conclusions

In this cross-sectional study, correlations of factors with user satisfaction or dissatisfaction with
weight loss apps were asymmetric. Hygiene factors included technical issues in the apps and
marketing methods–related factors, whereas motivation factors were weight loss intervention and
effects-related factors. These findings may serve as a basis for building a model for sustainable
weight loss app use, and developers should pay attention to these factors when designing mHealth
apps for obesity management.
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