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Abstract
Background: In obesity management, whether patients lose ≥5% of their initial weight is a critical factor in clinical outcomes.
However, evaluations that take only this approach are unable to identify and distinguish between individuals whose weight
changes vary and those who steadily lose weight. Evaluation of weight loss considering the volatility of weight changes through
a mobile-based intervention for obesity can facilitate understanding of an individual’s behavior and weight changes from a
longitudinal perspective.
Objective: The aim of this study is to use a machine learning approach to examine weight loss trajectories and explore factors
related to behavioral and app use characteristics that induce weight loss.
Methods: We used the lifelog data of 13,140 individuals enrolled in a 16-week obesity management program on the health care
app Noom in the United States from August 8, 2013, to August 8, 2019. We performed k-means clustering with dynamic time
warping to cluster the weight loss time series and inspected the quality of clusters with the total sum of distance within the clusters.
To identify use factors determining clustering assignment, we longitudinally compared weekly use statistics with effect size on
a weekly basis.
Results: The initial average BMI value for the participants was 33.6 (SD 5.9) kg/m2, and it ultimately reached 31.6 (SD 5.7)
kg/m2. Using the weight log data, we identified five clusters: cluster 1 (sharp decrease) showed the highest proportion of participants
who reduced their weight by >5% (7296/11,295, 64.59%), followed by cluster 2 (moderate decrease). In each comparison between
clusters 1 and 3 (yo-yo) and clusters 2 and 3, although the effect size of the difference in average meal record adherence and
average weight record adherence was not significant in the first week, it peaked within the initial 8 weeks (Cohen d>0.35) and
decreased after that.
Conclusions: Using a machine learning approach and clustering shape-based time series similarities, we identified 5 weight
loss trajectories in a mobile weight management app. Overall adherence and early adherence related to self-monitoring emerged
as potential predictors of these trajectories.
(J Med Internet Res 2022;24(4):e29380) doi: 10.2196/29380
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Introduction
Background
The worldwide prevalence of overweight or obesity has doubled
since 1980 [1]. In the United States, the prevalence of obesity
has increased dramatically among both adults and children [2].
Meanwhile, epidemiologic research has identified high BMI
values as a risk factor for an expanding set of chronic diseases,
including cardiovascular disease, diabetes mellitus, kidney
disease, and several cancers [1].
There is a need for effective obesity interventions that can reach
large population sectors at low cost. With 66% of the world’s
population owning tablets or smartphones [3], web-based
interventions can facilitate the implementation of wide-reaching,
self-directed approaches to tackle obesity. Self-directed
interventions require minimal contact with professionals and
empower participants to control and regulate their thoughts
themselves [4]. Relevant guidelines and systematic reviews
have widely recognized self-directed interventions as effective
intervention techniques for obesity treatment [5]. Several studies
have examined the effectiveness of self-directed interventions
[5-10] and have suggested that such approaches could be used
to deliver improved and personalized care while reducing health
care costs [5].

Weight Loss and Its Predictors
Individuals who lose 5%-10% of their initial weight are
generally considered as responding to their obesity treatment:
these proportions are clinically associated with improvement
in cardiovascular risk factors [11]. In several weight loss
intervention trials, participants who lost 5%-10% of their initial
weight by the end were considered responders [12-14].
However, this approach does not distinguish between individuals
with widely varying weight changes and those who steadily
lose weight throughout the intervention period. Furthermore,
little is known about patterns of individual week-to-week weight
changes and about how these changes may relate to weight loss
achievement (or a lack thereof) [14]. Such evidence could shed
light on the relationship between weight loss and its predictors
from a longitudinal perspective and would be of potential use
in tailoring weight management and behavior change
interventions, especially for groups at risk of suboptimal
outcomes [15].
Research has yet to outline weight loss trajectories in individuals
who have participated in self-directed interventions using mobile
phones. Therefore, this study aims to (1) identify weight loss
trajectories and (2) explore factors related to behavioral and
health care app use characteristics eliciting weight loss.

Methods
Study Design and Participants
In this retrospective study, we obtained deidentified user log
data from Noom, Inc, which provides mobile app services.
Noom is a mobile-based wellness app that focuses on behavior
changes to enable weight loss. Through this app, users can
receive personalized and one-on-one coaching from health
https://www.jmir.org/2022/4/e29380
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experts and self-monitor their food intake and exercise.
Coaching encourages users to record their weight on a weekly
basis and meals on a daily basis. In addition, this app enables
users to record their energy intake with higher reliability than
professional software [16]. Users select the volume of their
intake or units from which calorie intake can be measured. By
spurring users to record their meals, exercise sessions, and
weight, this app keeps them aware of their weight status and
dietary patterns. This program was modeled after the Diabetes
Prevention Program, sponsored by the National Institute of
Diabetes and Digestive and Kidney Diseases, where participants
received 16 weeks’ worth of content over the first 6 months.
There is additional curriculum past the 16-week mark to support
users for approximately 1 year.
The retrospective cohort for this study included 93,814 users
in the United States who were enrolled in the coaching program
provided by Noom from August 8, 2013, to August 8, 2019. To
target users with the same intervention duration, we only
included those users who participated in the program for 16
weeks. Among these, we excluded app users without weight
records because we could not evaluate their outcomes. We also
excluded users with a height <125 cm or >230 cm, which is a
loosened criterion of US Census protocol and these cutoff points
correspond to 0.01% or 99.99%, respectively, of height
distribution of our cohort [17]. Next, we excluded users with
age data not meeting the inclusion criteria, such as young users
or those who did not enter their age when signing up. To focus
on individuals who needed to manage their weight, we included
adult users with a BMI higher than the criterion for overweight
(≥25 kg/m2), which could potentially pose health problems such
as cardiovascular disease based on the recommendations of the
Centers for Disease Control and Prevention [18]. In addition,
because this app (Noom) can include users who are underweight
and want to gain weight from dietary management, this allowed
us to focus on individuals who would be classified as
overweight. Furthermore, we selected users with weight records
available during the last week of the program or between the
end of the program and 1 week after the end of the program to
identify the final outcome of the weight loss program. Finally,
we excluded users with inconsistent weight records that showed
a difference in BMI of ≥3.5 kg/m2 between consecutive time
points within 1 month or of ≥7.0 kg/m2 between consecutive
time points within 2 months [19].

Data Acquisition and Preprocessing
We obtained deidentified log data for the users’ dietary log,
steps, weight, texting records (server logs of messages sent to,
and received from, the coach absent any content), and
demographic characteristics from Noom. Initially, we reviewed
data for 93,814 users from five tables—meal logs, text sent and
received log, step logs, weight logs, and user profile—and we
extracted and included for analysis data for users who fulfilled
the study criteria.
Dietary logs comprised records in which users entered details
about consumption time and names of dishes. Weight logs
contained manually entered records of their weight. Step logs
included passive data automatically collected from the users’
mobile devices. Message logs comprised server records of
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message transmission when user messages were sent to, or
received from, coaches.

secondary objective is to determine factors related to behavioral
and app use characteristics eliciting weight loss.

In detail, from an individual i at a Ti length of univariate time
series li, we obtained an i time series with a heterogeneous length

We defined both initial and final weights. Initial weight does
not refer to the weight the user entered when signing up to use
the app. Rather, it represents the first weight entered in the
period before coaching and 1 week after the commencement of
coaching. This first weight logged is closer to the users’ actual
initial weight because they may not have measured their actual
weight before entering it during registration. Before coaching,
they may have tended to underestimate their weight. Final
weight refers to the last weight measured at week 16 (the last
program week) or last weight measured at week 17 only if the
user did not enter their weight at week 16. We defined final
weight in terms of the percentage of weight loss after 16 weeks
(stable weight [<2% change], gain of >2%, loss of 2%-5%, loss
of 5%-10%, loss of 10%-15%, and loss of >15% compared with
initial weight) [30].

(li ∈ Ti). For a time series with a length <30 observations,
linear interpolation was adopted because previous research
suggested that linear interpolation of weight can estimate
missing data [20]. As a moving average can make a time series
shorter, the time series needs to be elongated in advance. Thus,
for the long length of time series, we sampled values with the
same interval and obtained the same length for each time series
by resampling. In doing so, we were able to alleviate noise in
the time series stemming from within-observer variability; for
example, when weight was not measured at the same time every
day, we smoothed the data after applying a centered moving
average with a window size of 15 observations and finally
obtained a time series with a length of 16 observations [21].
Exponential moving average methods such as double
exponential smoothing or Holter-Winter smoothing were not
considered because these methods use the most recent past
value, which is often indicative of the near future rather than
the remote past. Furthermore, these methods are more
appropriate for economic indicators that entail a trend or
seasonality in a long-term perspective [22,23]. To reduce time
series noise in the distance between 2 time series, rather than
considering the long-term trend or slope over time, a simple
moving average was adopted, especially considering that this
weight loss program was conducted only for a short period of
16 weeks.
Furthermore, we performed mean-variance scaling to normalize
the weight range for each user by adjusting the mean of the time
series as 0 and the SD as 1. Subsequently, to identify weight
loss trajectories, we performed k-means clustering with dynamic
time warping (DTW), which is considered the distance between
2 time series. k-means clustering is one of the most commonly
used algorithms for partitioning clusters in which each cluster
has a centroid (prototype), which reflects the mean value of its
objects (Multimedia Appendix 1) [24].
This clustering algorithm minimizes the total distance between
all objects in a cluster and the centroid. In this algorithm, we
used DTW as the distance between 2 objects to calculate the
total sum of distances. DTW is a similarity measure between
time series that considers the shape of 2 time series [25,26].
Using DTW, we could cluster time series with similar patterns
of change, regardless of the time points of the weight records
[24]. As k-means clustering requires researchers to choose the
number of clusters (called k), the quality of clusters may vary
by k [27]. To evaluate the quality of clusters, we used elbow
methods by inspecting the total sum of distances in all clusters
(inertia) through a comparison of the number of clusters from
2 to 10 (Multimedia Appendix 2) [28,29].

Outcome
Our primary objective is to identify weight loss trajectories over
16 weeks among mobile app users who are overweight. The
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Statistical Analysis
To identify behavioral and app use characteristics in each
cluster, we first applied the Kolmogorov-Smirnov test to identify
the normality of distribution. According to these results, we
performed the Kruskal-Wallis test for normally distributed
variables and 1-way ANOVA for normally distributed variables.
We used ANOVA for continuous variables to identify whether
the means in each k group were equal (H0:μ1 = μ2 , ... , = μK)
and the Kruskal-Wallis test to determine whether population
medians were equal (null hypothesis) [31].
The chi-square test was used to identify whether the distributions
of categorical variables in each group were equal. Among the
clusters, we chose three (clusters 1, 2, and 3) that showed a
converging pattern over 8 weeks and compared the use
characteristics of these 3 clusters before and after 8 weeks. To
identify differences in app use and behavioral characteristics
among these clusters, we compared characteristics by week,
from week 1 to week 16, using 2-sample, 2-tailed t tests and
ANOVA.
For each comparison, effect sizes were calculated depending
on the type of variable and number of groups compared to
determine the possibility of type 1 statistical error. As the
statistical significance was not adequate enough to compare
groups of a large population, which will almost always
demonstrate a significant difference because of statistical power,
we additionally calculated effect sizes referring to the magnitude
of group differences as means or proportions [32]. For
continuous variables, Cohen d was calculated when 2
independent means were compared and eta squared (η2) was
calculated when >2 independent means were compared
(ANOVA) [33,34]. For categorical variables, phi (Φ) was
calculated for a 2×2 contingency table and Cramer V was used
for >2 categories [35].
In this study, a 2-sided P value of <.05 and an effect size greater
than small, depending on its type (η2≈0.01: small, Cramer
V≈0.01: small, and Cohen d≈–0.20 to +0.20: small), were
considered significant. Statistical analyses were performed with
Python (version 3.68; Python Software Foundation) and with
the tslearn (version 0.4.1) library [36,37].
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Ethics Approval
This study was approved by the institutional review board at
Advarra (Columbia, Maryland, United States; CR00123125).
The deidentified nature of the retrospective log data made
obtaining informed consent unnecessary.

Results
Overview
Of the 93,584 unique users who have used Noom, 14,203
(15.18%) were excluded for the following reasons: did not
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participate in weight loss program, did not enter weight records,
target weight more than initial weight, or height out of range.
Of the remaining 79,381 users, 7459 (9.40%) were excluded
because they were not overweight or they did not meet the age
criteria, leaving 71,922 (90.60%) users. Of these 71,922 users,
58,635 (81.53%) were excluded for not completing the program,
leaving 13,287 (18.47%) users. Finally, of these 13,287 users,
147 (1.11%) with inconsistent weight records were excluded,
leaving 13,140 (98.89%) users who had exhibited adherence to
the app (Figure 1).

Figure 1. Process of selection of eligible users.

Baseline Characteristics
At baseline, the proportion of female users (12,093/13,140,
92.03%; Table 1) was larger than that of male users

https://www.jmir.org/2022/4/e29380

XSL• FO
RenderX

(1047/13,140, 7.9%). The average age of the users was 43.9
(SD 10.9) years, and the average height was 166.4 (SD 7.4) cm.
Overall, the mean initial BMI was 33.6 (SD 5.9) kg/m2, which
decreased to 31.6 (SD 5.7) kg/m2 on average.
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Table 1. Baseline characteristics (N=13,140).
Variables

Values

Sex, n (%)
Female

12,093 (92.03)

Male

1047 (7.9)

Age (years), mean (SD)

43.9 (10.9)

Height (cm), mean (SD)

166.4 (7.4)

Initial weight (kg), mean (SD)

93.2 (18.1)

Initial BMI (kg/m2), mean (SD)

33.6 (5.9)

Final weight (kg), mean (SD)

87.6 (17.2)

Final BMI (kg/m2), mean (SD)

31.6 (5.7)

Weight loss (kg), mean (SD)

–5.7 (5.5)

BMI loss (kg/m2), mean (SD)

–2.0 (1.9)

Weight Loss Trajectories
We explored the optimal number of clusters (k) by changing
the number of clusters from 2 to 10. Using elbow methods with
visualization, we determined the optimal number of clusters (k)
to be 5 (Multimedia Appendix 2) for clustering users with
adherence. Each user was assigned to a cluster: 85.96%
(11,295/13,140) of the users were assigned to cluster 1, followed
by 6.34% (833/13,140) assigned to cluster 2. Users in cluster 1
(sharp decrease) exhibited a decrease in their weight without
plateaus. Users in cluster 2 (moderate decrease) initially showed
a sharp reduction in weight, after which the slope of weight loss
plateaued. Users in cluster 3 (yo-yo) exhibited a decrease in
weight, but in the middle of the program, they exhibited a gain
in weight. Although cluster 2 (moderate decrease) and cluster
3 (yo-yo) exhibited convergence in weight loss patterns for the
initial 8 weeks, users in cluster 2 maintained their weight,
whereas those in cluster 3 gained weight after 8 weeks. Users
in cluster 4 (stable or increase) gained weight, and those in
cluster 5 (other) did not show a convergence pattern because of
the partitioned-clustering approach (Figure 2).
There were no significant differences in medians of the initial
BMIs of the clusters (η2<0.001; P=.43). However, there was a
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significant difference in weight reduction class (Cramer
V=0.241; P<.001). In cluster 1 (sharp decrease), of the 11,295
users, 4541 (40.20%) exhibited weight loss of 5%-10%, which
was the largest proportion among the clusters. In addition, this
cluster comprised the largest proportion of users recording
weight loss ranging from 10% to 15% (2206/11,295, 19.53%).
In cluster 2 (moderate decrease), of the 833 users, 281 (33.7%)
exhibited weight loss of 2%-5% (Table 2).
Furthermore, the 5 clusters showed different use characteristics
in terms of frequency of meal and weight record adherence
(η2=0.056; P<.001, and η2=0.024; P<.001, respectively). Cluster
1 users recorded their meals and weight most frequently (median
18.5, IQR 4.1 times per week and median 4.9, IQR 1.8 times
per week, respectively), followed by cluster 2 users for meal
record adherence (median 16.1, IQR 5.2 times per week). Cluster
2 users entered their weight a median of 4.4 (IQR 1.8) times
per week.
The median number of sent and received messages among the
clusters did not show a significant difference (η2<0.001; P=.12,
and η2=0.001; P=.001, respectively). However, there was a
significant difference in the median number of steps (η2=0.002;
P<.001).
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Figure 2. Clustered weight loss trajectories using k-means with dynamic time warping. Each black line signifies an individual user’s weight loss
journey. The red line represents the weight loss trajectory of each cluster.

Table 2. Comparison of app use and behavioral characteristics among the 5 clusters (N=13,140).
Variables

Clusters
Cluster 1 (sharp
decrease),
n=11,295

Initial BMI (kg/m2), medi- 32.5 (7.7)
an (IQR)

Effect sizea

.43

<0.001

<.001

0.241

Cluster 2 (mod- Cluster 3 (yo-yo), Cluster 4 (stable Cluster 5 (other),
erate decrease), n=384
or increase),
n=227
n=833
n=401
32.6 (7.5)

32.6 (6.7)

33.5 (7.5)

32.0 (7.4)

Weight loss class, n (%)

a

P value

Gained >2%

438 (3.87)

96 (11.52)

94 (24.48)

124 (30.92)

25 (11.01)

Stable

1107 (9.80)

331 (39.74)

205 (53.39)

195 (48.63)

102 (44.93)

Lost 2%-5%

2454 (21.73)

281 (33.73)

62 (16.15)

52 (12.97)

72 (31.72)

Lost 10%-15%

2206 (19.53)

19 (2.28)

10 (2.60)

6 (1.50)

4 (1.76)

Lost >15%

549 (4.86)

8 (0.96)

0 (0)

8 (2)

2 (0.88)

Meal record adherence
18.5 (4.1)
(records per week), median
(IQR)

16.1 (5.2)

15.1 (6.2)

15.5 (6.1)

16.2 (6.7)

<.001

0.056

Weight record adherence
(n per week), median
(IQR)

4.9 (1.8)

4.4 (1.8)

4.0 (2.0)

4.162 (2.3)

3.6 (2.7)

<.001

0.024

Sent messages (n per
week), median (IQR)

2.1 (1.6)

2.1 (1.6)

1.9 (1.4)

1.9 (1.7)

1.9 (1.8)

.12

<0.001

Received messages (n per
week), median (IQR)

3.0 (1.7)

3.0 (1.6)

2.8 (1.5)

2.8 (1.925)

2.8 (1.954)

.001

0.001

Steps (per day), median
(IQR)

5469.2 (4236.7)

5190.6 (3979.2) 5101.5 (3943.0)

<.001

0.002

5070.0 (3944.5) 4809.6 (3974.8)

Effect size was calculated using eta squared (η2) for continuous variables and Cramer V for categorical variables (η2≈0.01: small, η2≈0.09: moderate,

and η2≈0.25: large; Cramer V≈0.01: small, Cramer V≈0.30: moderate, and Cramer V≈0.50: large).

Weight Regain and Steady Loss
By the middle of the 16-week program, clusters 1, 2, and 3
showed similar weight loss slopes. However, after this point,
the trajectory of cluster 3 showed a rebound. Therefore, we
further compared the characteristics of these clusters.
Longitudinal app use and behavioral characteristics of clusters
https://www.jmir.org/2022/4/e29380
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1, 2, and 3, including weight record, meal record, and steps, as
well as messages sent and received, were plotted over 16 weeks
(Figure 3). Overall, although no differences were observed in
both meal and weight record adherence among the clusters in
the first week, a significant difference peaked within the initial
8 weeks (Figures 3A, 3B, and 3C). The Cohen d values of
clusters 1 and 2 were maintained between 0.17 and 0.28 even
J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 6
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after 8 weeks, and there was a drastic decrease after 15 weeks;
however, those of clusters 2 and 3 peaked at 4 weeks and
decreased thereafter. Among these clusters, adherence peaked
between 2 and 4 weeks and then showed divergence on average,
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with the highest adherence maintained in the clusters 1, 2, and
3, in that order (Multimedia Appendix 3). In contrast, there were
no significant differences in average daily steps or messages
sent and received for the entire 16-week period.

Figure 3. Comparison of longitudinal app use and behavioral characteristics for individual clusters. (A) Eta squared from analysis of variance test with
clusters 1, 2, and 3. (B) Cohen d from t test between clusters 1 and 3. (C) Cohen d from t test between clusters 2 and 3 (η2≈0.01: small, η2≈0.09:
moderate, and η2≈0.25: large; Cohen d≈–0.20 to +0.20: small, Cohen d≈0.50: moderate, and Cohen d≈0.80: large).

Discussion
Principal Findings
In this retrospective study, we examined the weight loss
trajectories of a large population of individuals who completed
a mobile app intervention program. Using a machine learning
approach and applying a clustering method and shape-based
time series similarity, we found 5 primary clusters. By
comparing the use characteristics of each cluster, we found that
meal and weight record adherence affected weight trajectory
more than the sent and received messages and daily steps.
To evaluate the validity of the clusters, we assessed both
cross-sectional and longitudinal differences in use characteristics
indicative of cluster attributes, as well as basic clustering validity
indices such as inertia. In doing so, we noted that the magnitude
of self-monitoring–related app use, such as adherence to
recording one’s meals and weight, depended more on clustering
membership, especially between individuals with a steady
weight loss and those who initially lost weight but later regained
it. Longitudinally, app use between steadily losing or regaining
weight differed greatly after initial use. During the first week,
almost all users showed high adherence to the app; however,
divergence in adherence began to appear from week 2. Cohen
d values for meal and weight adherence between cluster 2
(moderate decrease) and cluster 3 (yo-yo) peaked at week 4 and
gradually decreased until the end of the program. Although
clusters 2 and 3 similarly showed high adherence to recording
meal and weight until week 3, adherence decreased at the end
of the program (Multimedia Appendix 3): adherence decreased
more steeply in cluster 3 than in cluster 2. From these results,
we discerned that cluster membership depended largely on how
users maintained app and program adherence, reflecting a
willingness to perform self-monitoring, from week 3 onward.
Unlike studies that used a variable-centered approach, which
assumes that a set of average parameters can be estimated for
https://www.jmir.org/2022/4/e29380
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all individuals drawn from a population, this study was based
on a person-centered approach, categorizing individuals into
common subpopulations and determining whether subgroups
of similar participants exist [38]. Although our method did not
assume any parameters, we found 5 subpopulations that showed
differences in use patterns. Our method is consistent with
previous research demonstrating that it is necessary to divide
an entire population into subgroups and then perform more
detailed analysis, rather than to analyze the entire population
as a single group [14,39,40]. Considering the well-recognized
heterogeneity of weight loss outcomes and variability of
outcomes in the intervention period, these results lay the
foundation for the design of an obesity management program
using mobile phones [41].

Identification of Weight Loss Trajectories
Previously, to discover patterns of weight loss, research has
applied statistical clustering methods, principal component
analysis, and latent class analysis. In doing so, three primary
weight loss patterns over time have been proposed (modest loss,
moderate loss, and substantial loss) [14,42-44]. Most of these
analyses were based on on-site interventions, although some
studies focused on weight loss trajectories using samples from
clinical trials. As there might be gaps in the efficacy of
interventions between a clinical trial setting and a real-world
setting [45], our results, which were obtained using a large data
set, could be considered to broadly reflect a real-world context
[46]. Thus, our study expounds on previous evidence of
mobile-based interventions by considering the shape, and
calculating the similarity, of time series with DTW and by
comparing the behavioral characteristics of individual app users.
The methods used in this study can be adopted in research
related to long-term weight loss or maintenance. It is known
that it can be difficult to keep weight off because of various
reasons, such as having an obesogenic environment or difficulty
in managing physiological responses to weight loss [47]. In
J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 7
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
addition, hurdles such as the occurrence of a weight loss plateau
appear during long-term maintenance. For long-term weight
management, it may be possible to identify long-term weight
loss trajectories using our method as a patient-centered approach.
Although some studies have attempted to identify long-term
weight loss trajectories in on-site management [48,49], no study
has examined long-term weight trajectories using nonparametric
analyses. Further research identifying weight loss plateaus or
rebounding trajectories in the long term could reveal factors
contributing to, or mitigating, long-term weight loss.

Application of Weight Loss Trajectories
Obesity management using mobile health technology enables
the design of just-in-time adaptive interventions for behavioral
support that directly correspond to needs determined by using
real-time data collected from user records [50]. Given the use
of time series clustering at each week, our method was able to
infer membership in a time series despite the different number
of observations on each device. Using these data on membership
at each time point, clinicians or counselors can estimate what
a user’s weight trajectory might look like. Accordingly, by
providing feedback, they can support the user to self-monitor
their weight timely.
Nevertheless, when the scale of 2 time series shows a large
difference (eg, weight time series of users weighing 170 kg vs
those weighing 70 kg), DTW, the distance between 2 time series,
may be increased. To measure only the shape of a time series
and not actual weight values, our method reflects factors that
may be contributing to weight loss by rescaling. In this study,
we comprehensively clustered weight loss patterns among
participants who needed to lose weight (ie, those in the preobese
or higher category) by adjusting the weight scale.
In addition, research has shown that weight loss trajectories can
be related to clinical indicators associated with comorbidity,
wherein weight loss patterns corresponded with improvements
in blood pressure, triglyceride, and blood glucose levels [49].
Similarly, our approach provides added clinical meaning beyond
mere weight loss. In addition, researchers have demonstrated
that it is possible to predict the amount of weight a user will
lose at the end of a program using interpretable artificial
intelligence (AI), which can be used in the coaching process
[51]. With explainable AI–used adherence as a feature,
adherence becomes a contributing factor to weight loss.
Furthermore, the membership of a cluster is interpreted as a
contributing factor; for example, membership of cluster 3
(yo-yo) contributed to weight loss, but users in this cluster
gained weight after 8 weeks. Interpreting the AI results, coaches
can consult with users about their current app use, trajectory,
and predicted weight loss, allowing them to intervene early in
a program to improve otherwise suboptimal outcomes.

Use Factors Related With Weight Loss
In this study, although individuals were not classified by
variables related to self-monitoring, the results revealed that
two variables (meal and weight record adherence) showed an
association with weight loss after clustering. Among behavioral
strategies, self-monitoring is recommended for maintaining lost
weight, even when using mobile apps [19,52,53]. It has been
https://www.jmir.org/2022/4/e29380
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posited that self-monitoring serves as the initial step in a
feedback loop that includes observation and recording,
self-evaluation, and self-reinforcement, which can help
individuals decide to adjust behaviors [54]. Individuals with a
high meal adherence may review their dietary behavior more
frequently and arrive at opportunities for self-evaluation and
self-reinforcement.
Although we did not explicitly show that weight loss of 5% to
10% would be suitable as a cutoff for responders, our findings
indicated that among individuals who used the app, those who
adhered to the app more regularly lost more weight, which could
be regarded as a weight loss response. Nevertheless, our findings
also showed that the weight trajectory can rise again if
compliance is not maintained, despite being high initially.
Sufficient evidence suggests that early weight loss can be a
predictive factor for long-term weight loss [55-58]. Similarly,
our results showed that an early use pattern can also be a
predictive factor for weight loss outcomes in a 16-week
program. This study compared a group that lost and regained
weight with a group that exhibited a moderate decrease in
weight. The 2 groups showed a difference in app adherence
after only 2 weeks, and this difference increased continuously
for 8 weeks. In line with our results, a previous study also
showed that early intervention affects short- and long-term
weight loss in a weight loss program, although it did not
examine web-based or mobile programs [59].

Limitations
Our study includes some inherent limitations because of its
selection of participants and the retention rate, which could pose
a selection bias. First, the participants in this study had
purchased a subscription to a weight loss program. As our
sampled participants may have had a higher intention to lose
weight than individuals who use free web-based interventions,
the former may have exhibited a relatively higher retention rate
than the latter. The average 30-day retention rate for health and
fitness apps in the United States is 3.4% and that for mental
health apps is 3%-8% [60-62]. Considering these values, some
selection bias may have occurred in this study.
Second, this work may have introduced latent sampling bias
through the process of participant selection because of the
criterion by which we included only users with weight records
during the last week of the program or between the end of the
program and 1 week after the end of the program. Although it
was necessary to include this criterion to identify the final
outcome of the weight loss program, it may have led to the
inclusion of users who may have been more compliant and more
likely to be successful with weight loss. Therefore, our findings
need to be interpreted considering these limitations. In addition,
our participants were selected from users who entered their
records as a minimal requirement, which could affect the
interpretation and generalization of our findings. For example,
because some of the users who did not enter their records
showed nonadherence, the factors related to use patterns may
not predict their weight trajectories. Our results may be reliable
for users who have at least minimal adherence. If the inclusion
criteria were stricter, such as recording all 3 meals 1 day per
week or recording 1 meal per day per week, approximately 3000
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or 15,000, respectively, of the participants would have been
additionally excluded. Therefore, we set inclusion criteria that
required 1 recording of a meal per week as a condition for
minimal self-monitoring.
In addition, our participants consisted of 92.03%
(12,093/13,140) women and 7.9% (1047/13,140) men. Although
it can be thought that there may be a bias in the selection process
of the participants, with a high proportion of women, statistics
for participants in previous studies of mobile weight loss apps
showed high proportions of women [63-65]. Although there are
some magnitudes of difference in the proportion of women
among the participants, our may be adopted in that the statistics
of participants in previous studies were consistent with ours.
In addition, we conducted an experiment to identify whether a
latent selection bias was present in the exclusion of participants
with inconsistent weight in 2 consecutive records (Multimedia
Appendix 4). Despite including these participants, the number
of optimal clusters remained at 5, and each cluster showed the
same 5 shapes presented in this paper. Although the membership
of each cluster differed (clusters with participants with erroneous
records comprised 11,184, 955, 363, 575, and 245 users,
respectively, for clusters 1 to 5, whereas those excluding these
participants comprised 11,295, 833, 384, 401, and 277 users,
respectively), the comparative analysis showed consistent
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results, wherein (1) the mean initial BMI did not differ
significantly; (2) after the program, cluster 1 users exhibited
the highest weight loss; and (3) weight and meal record
adherence was relatively higher in clusters 1 and 2 than in the
other clusters.
In terms of data reliability, although we accounted for noise in
the weight loss time series, it was difficult to determine whether
each user had correctly entered meal skipping and weight (data
reliability stems from user entries).
Finally, although sustainable weight loss in the long term is
important in obesity management, we did not explore long-term
outcomes because of missing values from the users’ logs. Thus,
a long-term cohort study is needed to obtain more reliable
evidence on long-term outcomes. Despite these limitations, our
work provides evidence indicating that weight loss trajectories
depend on overall adherence and early adherence to
self-monitoring in a limited observation period (16 weeks).

Conclusions
Using time series clustering, we identified 5 distinct profiles of
weight change over a 16-week weight management intervention
through a mobile app. We found that overall adherence and
early adherence to self-monitoring could be predictive factors
for greater weight loss success.

Acknowledgments
This study was supported by a grant from the National Research Foundation of Korea funded by the South Korean government
(NRF-2019M3E5D4064682), the Foundational Technology Development Program (NRF2019M3E5D406468212) funded by the
South Korean Ministry of Science and ICT, and the Bio-Industrial Technology Development Program (20014841) funded by the
South Korean Ministry of Trade, Industry, and Energy.

Conflicts of Interest
AM is employed by Noom, Inc.

Multimedia Appendix 1
Pseudocode for weight loss trajectories: k-means clustering with dynamic time warping.
[DOCX File , 21 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Sum of distance with reference to number of clusters (excluding users with inconsistent weight records).
[DOCX File , 89 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Boxplot of the use factors by week.
[DOCX File , 91 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Robustness of clustering with modified selection flow.
[DOCX File , 445 KB-Multimedia Appendix 4]

References
1.

The GBD 2015 Obesity Collaborators. Health effects of overweight and obesity in 195 countries over 25 years. N Engl J
Med 2017 Jul 06;377(1):13-27. [doi: 10.1056/nejmoa1614362]

https://www.jmir.org/2022/4/e29380

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 9
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
2.
3.
4.
5.
6.
7.
8.

9.
10.

11.

12.

13.

14.

15.

16.

17.
18.
19.

20.

21.
22.
23.

24.
25.

Apovian CM. The obesity epidemic — understanding the disease and the treatment. N Engl J Med 2016 Jan
14;374(2):177-179. [doi: 10.1056/nejme1514957]
The device trends to know. GWI. URL: https://www.gwi.com/reports/device [accessed 2022-03-13]
Kessler D. The End of Overeating Taking Control of the Insatiable American Appetite. Pennsylvania, United States: Rodale
Books; 2010.
Tang J, Abraham C, Greaves C, Yates T. Self-directed interventions to promote weight loss: a systematic review of reviews.
J Med Internet Res 2014 Feb 19;16(2):e58 [FREE Full text] [doi: 10.2196/jmir.2857] [Medline: 24554464]
Nikolaou CK, Lean ME. Mobile applications for obesity and weight management: current market characteristics. Int J Obes
(Lond) 2017 Jan;41(1):200-202. [doi: 10.1038/ijo.2016.186] [Medline: 27780974]
Haapala I, Barengo NC, Biggs S, Surakka L, Manninen P. Weight loss by mobile phone: a 1-year effectiveness study.
Public Health Nutr 2009 Dec;12(12):2382-2391. [doi: 10.1017/S1368980009005230] [Medline: 19323865]
Liu F, Kong X, Cao J, Chen S, Li C, Huang J, et al. Mobile phone intervention and weight loss among overweight and
obese adults: a meta-analysis of randomized controlled trials. Am J Epidemiol 2015 Mar 01;181(5):337-348 [FREE Full
text] [doi: 10.1093/aje/kwu260] [Medline: 25673817]
Wickham C, Carbone ET. Who's calling for weight loss? A systematic review of mobile phone weight loss programs for
adolescents. Nutr Rev 2015 Jun;73(6):386-398. [doi: 10.1093/nutrit/nuu018] [Medline: 26011913]
Flores Mateo G, Granado-Font E, Ferré-Grau C, Montaña-Carreras X. Mobile phone apps to promote weight loss and
increase physical activity: a systematic review and meta-analysis. J Med Internet Res 2015 Nov 10;17(11):e253 [FREE
Full text] [doi: 10.2196/jmir.4836] [Medline: 26554314]
Douketis JD, Macie C, Thabane L, Williamson DF. Systematic review of long-term weight loss studies in obese adults:
clinical significance and applicability to clinical practice. Int J Obes (Lond) 2005 Oct;29(10):1153-1167. [doi:
10.1038/sj.ijo.0802982] [Medline: 15997250]
Dhurandhar NV, Kyle T, Stevenin B, Tomaszewski K, ACTION Steering Group. Predictors of weight loss outcomes in
obesity care: results of the national ACTION study. BMC Public Health 2019 Oct 30;19(1):1422 [FREE Full text] [doi:
10.1186/s12889-019-7669-1] [Medline: 31666040]
Michaelides A, Major J, Pienkosz E, Wood M, Kim Y, Toro-Ramos T. Usefulness of a novel mobile diabetes prevention
program delivery platform with human coaching: 65-week observational follow-up. JMIR Mhealth Uhealth 2018 May
03;6(5):e93 [FREE Full text] [doi: 10.2196/mhealth.9161] [Medline: 29724709]
Yank V, Xiao L, Wilson SR, Stafford RS, Rosas LG, Ma J. Short-term weight loss patterns, baseline predictors, and
longer-term follow-up within a randomized controlled trial. Obesity (Silver Spring) 2014 Jan 15;22(1):45-51 [FREE Full
text] [doi: 10.1002/oby.20510] [Medline: 23740619]
de Vos BC, Runhaar J, Verkleij SP, van Middelkoop M, Bierma-Zeinstra SM. Latent class growth analysis successfully
identified subgroups of participants during a weight loss intervention trial. J Clin Epidemiol 2014 Aug;67(8):947-951. [doi:
10.1016/j.jclinepi.2014.03.007] [Medline: 24774470]
Fallaize R, Zenun Franco R, Pasang J, Hwang F, Lovegrove JA. Popular nutrition-related mobile apps: an agreement
assessment against a UK reference method. JMIR Mhealth Uhealth 2019 Feb 20;7(2):e9838 [FREE Full text] [doi:
10.2196/mhealth.9838] [Medline: 30785409]
National health and nutrition examination survey. Centers for Disease Control and Prevention. URL: https://wwwn.cdc.gov/
Nchs/Nhanes/2017-2018/P_BMX.htm#BMIHT [accessed 2022-03-13]
Defining adult overweight and obesity. Centers for Disease Control and Prevention. URL: https://www.cdc.gov/obesity/
adult/defining.html [accessed 2022-03-13]
Chin SO, Keum C, Woo J, Park J, Choi HJ, Woo J, et al. Successful weight reduction and maintenance by using a smartphone
application in those with overweight and obesity. Sci Rep 2016 Nov 07;6(1):34563 [FREE Full text] [doi: 10.1038/srep34563]
[Medline: 27819345]
Turicchi J, O'Driscoll R, Finlayson G, Duarte C, Palmeira AL, Larsen SC, et al. Data imputation and body weight variability
calculation using linear and nonlinear methods in data collected from digital smart scales: simulation and validation study.
JMIR Mhealth Uhealth 2020 Sep 11;8(9):e17977 [FREE Full text] [doi: 10.2196/17977] [Medline: 32915155]
Ellis CA, Parbery SA. Is smarter better? A comparison of adaptive, and simple moving average trading strategies. Res Int
Business Finance 2005 Sep;19(3):399-411. [doi: 10.1016/j.ribaf.2004.12.009]
Pozzi F, Di Matteo T, Aste T. Exponential smoothing weighted correlations. Eur Phys J B 2012 Jun 4;85(6). [doi:
10.1140/epjb/e2012-20697-x]
Time series based forecasting techniques using holt-winters. HCL. URL: https://www.hcltech.com/blogs/time-series-based
-forecasting-techniques-using-holt-winters#:~:text=Holt%2DWinter%20is%20used%20for,gamma%20parameters%20in%20Holt's%20model
[accessed 2022-03-13]
Aghabozorgi S, Seyed Shirkhorshidi A, Ying Wah T. Time-series clustering – A decade review. Inf Syst 2015 Oct;53:16-38.
[doi: 10.1016/j.is.2015.04.007]
Sakoe H, Chiba S. Dynamic programming algorithm optimization for spoken word recognition. IEEE Trans Acoust Speech
Signal Process 1978 Feb;26(1):43-49. [doi: 10.1109/tassp.1978.1163055]

https://www.jmir.org/2022/4/e29380

XSL• FO
RenderX

Kim et al

J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 10
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
26.
27.

28.
29.

30.

31.
32.
33.
34.
35.
36.
37.
38.
39.

40.
41.

42.

43.

44.

45.
46.

47.
48.

Ney H, Ortmanns S. Dynamic programming search for continuous speech recognition. IEEE Signal Process Mag
1999;16(5):64-83. [doi: 10.1109/79.790984]
Hamerly G, Elkan C. Learning the k in k-means. In: Proceedings of the 16th International Conference on Neural Information
Processing Systems. 2003 Presented at: NIPS'03: Proceedings of the 16th International Conference on Neural Information
Processing Systems; Dec 9 - 11, 2003; Whistler British Columbia Canada.
Kodinariya T, Makwana P. Review on determining number of cluster in K-means clustering. Int J Advance Res Comput
Sci Manag Stud 2013;1(6):90-95 [FREE Full text]
Syakur MA, Khotimah BK, Rochman EM, Satoto BD. Integration k-means clustering method and elbow method for
identification of the best customer profile cluster. In: Proceedings of the IOP Conference Series: Materials Science and
Engineering and the 2nd International Conference on Vocational Education and Electrical Engineering (ICVEE). 2017
Presented at: IOP Conference Series: Materials Science and Engineering and the 2nd International Conference on Vocational
Education and Electrical Engineering (ICVEE); Nov 9, 2017; Surabaya, Indonesia. [doi: 10.1088/1757-899x/336/1/012017]
Wing RR, Lang W, Wadden TA, Safford M, Knowler WC, Bertoni AG, Look AHEAD Research Group. Benefits of modest
weight loss in improving cardiovascular risk factors in overweight and obese individuals with type 2 diabetes. Diabetes
Care 2011 Jul;34(7):1481-1486 [FREE Full text] [doi: 10.2337/dc10-2415] [Medline: 21593294]
Kim H. Analysis of variance (ANOVA) comparing means of more than two groups. Restor Dent Endod 2014 Feb;39(1):74-77
[FREE Full text] [doi: 10.5395/rde.2014.39.1.74] [Medline: 24516834]
Sullivan GM, Feinn R. Using effect size-or why the P value is not enough. J Grad Med Educ 2012 Sep;4(3):279-282 [FREE
Full text] [doi: 10.4300/JGME-D-12-00156.1] [Medline: 23997866]
Faul F, Erdfelder E, Lang A, Buchner A. G*Power 3: a flexible statistical power analysis program for the social, behavioral,
and biomedical sciences. Behav Res Methods 2007 May;39(2):175-191. [doi: 10.3758/bf03193146] [Medline: 17695343]
Field A. Discovering Statistics Using SPSS. London: SAGE Publications; 2009.
Ellis P. The Essential Guide to Effect Sizes Statistical Power, Meta-Analysis, and the Interpretation of Research Results.
Cambridge, UK: Cambridge University Press; 2010.
Osteen P, Bright C. Effect sizes and intervention research. In: Proceedings of the Society for Social Work and Research
Conference. 2010 Presented at: Society for Social Work and Research Conference; Jan 14-17, 2010; San Francisco, CA.
Tavenard R, Faouzi J, Vandewiele G, Divo F, Androz G, Holtz C, et al. Tslearn, a machine learning toolkit for time series
data. JMLR 2020;21(118):1-6 [FREE Full text]
Howard MC, Hoffman ME. Variable-centered, person-centered, and person-specific approaches. Org Res Methods 2017
Dec 10;21(4):846-876. [doi: 10.1177/1094428117744021]
Kumanyika S, Espeland M, Bahnson J, Bottom J, Charleston J, Folmar S, TONE Cooperative Research Group. Ethnic
comparison of weight loss in the trial of nonpharmacologic interventions in the elderly. Obes Res 2002 Feb;10(2):96-106
[FREE Full text] [doi: 10.1038/oby.2002.16] [Medline: 11836455]
Teixeira PJ, Going SB, Sardinha LB, Lohman TG. A review of psychosocial pre-treatment predictors of weight control.
Obes Rev 2005 Feb;6(1):43-65. [doi: 10.1111/j.1467-789X.2005.00166.x] [Medline: 15655038]
Marek RJ, Coulon SM, Brown JD, Lydecker JA, Marek S, Malcolm R, et al. Characteristics of weight loss trajectories in
a comprehensive lifestyle intervention. Obesity (Silver Spring) 2017 Dec 31;25(12):2062-2067. [doi: 10.1002/oby.21942]
[Medline: 29086487]
Neiberg RH, Wing RR, Bray GA, Reboussin DM, Rickman AD, Johnson KC, Look AHEAD Research Group. Patterns of
weight change associated with long-term weight change and cardiovascular disease risk factors in the Look AHEAD Study.
Obesity (Silver Spring) 2012 Oct;20(10):2048-2056 [FREE Full text] [doi: 10.1038/oby.2012.33] [Medline: 22327053]
Szabo-Reed AN, Lee J, Ptomey L, Willis E, Schubert M, Washburn R, et al. Longitudinal weight loss patterns and their
behavioral and demographic associations. Ann Behav Med 2016 Feb 30;50(1):147-156 [FREE Full text] [doi:
10.1007/s12160-015-9740-1] [Medline: 26423446]
Morales KH, Kumanyika SK, Fassbender JE, Good J, Localio AR, Wadden TA. Patterns of weight change in black
Americans: pooled analysis from three behavioral weight loss trials. Obesity (Silver Spring) 2014 Dec 24;22(12):2632-2640
[FREE Full text] [doi: 10.1002/oby.20904] [Medline: 25251464]
Tinetti ME. The gap between clinical trials and the real world: extrapolating treatment effects from younger to older adults.
JAMA Intern Med 2014 Mar 01;174(3):397-398. [doi: 10.1001/jamainternmed.2013.13283] [Medline: 24424303]
Kim H, Lee S, Kim JH. Real-world evidence versus randomized controlled trial: clinical research based on electronic
medical records. J Korean Med Sci 2018 Aug 20;33(34):e213 [FREE Full text] [doi: 10.3346/jkms.2018.33.e213] [Medline:
30127705]
Hall KD, Kahan S. Maintenance of lost weight and long-term management of obesity. Med Clin North Am 2018
Jan;102(1):183-197 [FREE Full text] [doi: 10.1016/j.mcna.2017.08.012] [Medline: 29156185]
Gray CM, Wyke S, Zhang R, Anderson AS, Barry S, Boyer N, et al. Long-term weight loss trajectories following participation
in a randomised controlled trial of a weight management programme for men delivered through professional football clubs:
a longitudinal cohort study and economic evaluation. Int J Behav Nutr Phys Act 2018 Jun 28;15(1):60 [FREE Full text]
[doi: 10.1186/s12966-018-0683-3] [Medline: 29954449]

https://www.jmir.org/2022/4/e29380

XSL• FO
RenderX

Kim et al

J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 11
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
49.
50.

51.

52.

53.
54.
55.

56.

57.

58.

59.

60.
61.

62.

63.

64.

65.

Kim et al

Kuk JL, Wharton S. Differences in weight change trajectory patterns in a publicly funded adult weight management centre.
Obes Sci Pract 2016 Jun;2(2):215-223 [FREE Full text] [doi: 10.1002/osp4.35] [Medline: 29071099]
Hardeman W, Houghton J, Lane K, Jones A, Naughton F. A systematic review of just-in-time adaptive interventions
(JITAIs) to promote physical activity. Int J Behav Nutr Phys Act 2019 Apr 03;16(1):31 [FREE Full text] [doi:
10.1186/s12966-019-0792-7] [Medline: 30943983]
Kim HH, Kim Y, Park YR. Interpretable conditional recurrent neural network for weight change prediction: algorithm
development and validation study. JMIR Mhealth Uhealth 2021 Mar 29;9(3):e22183 [FREE Full text] [doi: 10.2196/22183]
[Medline: 33779574]
Jensen M, Ryan D, Apovian C, Ard J, Comuzzie A, Donato K, et al. 2013 AHA/ACC/TOS guideline for the management
of overweight and obesity in adults: a report of the American college of cardiology/American heart association task force
on practice guidelines and the obesity society. J Am College Cardiol 2014 Jul;63(25):2985-3023. [doi:
10.1016/j.jacc.2013.11.004]
Jacobs S, Radnitz C, Hildebrandt T. Adherence as a predictor of weight loss in a commonly used smartphone application.
Obes Res Clin Pract 2017 Mar;11(2):206-214. [doi: 10.1016/j.orcp.2016.05.001] [Medline: 27292942]
Laitner MH, Minski SA, Perri MG. The role of self-monitoring in the maintenance of weight loss success. Eat Behav 2016
Apr;21:193-197 [FREE Full text] [doi: 10.1016/j.eatbeh.2016.03.005] [Medline: 26974582]
Smith SR, O'Neil PM, Astrup A, Finer N, Sanchez-Kam M, Fraher K, et al. Early weight loss while on lorcaserin, diet and
exercise as a predictor of week 52 weight-loss outcomes. Obesity (Silver Spring) 2014 Oct 18;22(10):2137-2146 [FREE
Full text] [doi: 10.1002/oby.20841] [Medline: 25044799]
Fujioka K, Plodkowski R, O'Neil PM, Gilder K, Walsh B, Greenway FL. The relationship between early weight loss and
weight loss at 1 year with naltrexone ER/bupropion ER combination therapy. Int J Obes (Lond) 2016 Sep 22;40(9):1369-1375.
[doi: 10.1038/ijo.2016.67] [Medline: 27328752]
Fujioka K, O'Neil PM, Davies M, Greenway F, Lau DCW, Claudius B, et al. Early weight loss with liraglutide 3.0 mg
predicts 1-year weight loss and is associated with improvements in clinical markers. Obesity (Silver Spring) 2016 Nov
02;24(11):2278-2288 [FREE Full text] [doi: 10.1002/oby.21629] [Medline: 27804269]
Tronieri J, Wadden T, Chao A, Pearl R, Alamuddin N, Berkowitz R. Early weight loss in behavioral treatment predicts
later rate of weight loss and response to pharmacotherapy. Ann Behav Med 2019 Mar 01;53(3):290-295 [FREE Full text]
[doi: 10.1093/abm/kay036] [Medline: 29800080]
Williamson DA, Anton SD, Han H, Champagne CM, Allen R, Leblanc E, et al. Early behavioral adherence predicts short
and long-term weight loss in the POUNDS LOST study. J Behav Med 2010 Aug;33(4):305-314 [FREE Full text] [doi:
10.1007/s10865-010-9253-0] [Medline: 20195742]
App engagement: the matrix reloaded. Flurry. URL: https://www.flurry.com/post/113379517625/
app-engagement-the-matrix-reloaded [accessed 2022-03-10]
Baumel A, Muench F, Edan S, Kane JM. Objective user engagement with mental health apps: systematic search and
panel-based usage analysis. J Med Internet Res 2019 Sep 25;21(9):e14567 [FREE Full text] [doi: 10.2196/14567] [Medline:
31573916]
Tison G, Hsu K, Hsieh J, Ballinger B, Pletcher M, Marcus G. Achieving high retention in mobile health research using
design principles adopted from widely popular consumer mobile apps. Circulation 2017;136(suppl_1):A21029. [doi:
10.1161/circ.136.suppl_1.21029]
Kim Y, Oh B, Shin HY. Effect of mHealth with offline antiobesity treatment in a community-based weight management
program: cross-sectional study. JMIR Mhealth Uhealth 2020;8(1):e13273 [FREE Full text] [doi: 10.2196/13273] [Medline:
31961335]
Krukowski RA, Harvey-Berino J, Ashikaga T, Thomas CS, Micco N. Internet-based weight control: the relationship between
web features and weight loss. Telemed J E Health 2008;14(8):775-782 [FREE Full text] [doi: 10.1089/tmj.2007.0132]
[Medline: 18954247]
Alexander E, Tseng E, Durkin N, Jerome GJ, Dalcin A, Appel LJ, et al. Factors associated with early dropout in an
employer-based commercial weight-loss program. Obes Sci Pract 2018;4(6):545-553 [FREE Full text] [doi: 10.1002/osp4.304]
[Medline: 30574348]

Abbreviations
AI: artificial intelligence
DTW: dynamic time warping

https://www.jmir.org/2022/4/e29380

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 12
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Kim et al

Edited by T Leung; submitted 05.04.21; peer-reviewed by A Leichtle, J Buekers; comments to author 27.05.21; revised version received
21.07.21; accepted 17.02.22; published 15.04.22
Please cite as:
Kim HH, Kim Y, Michaelides A, Park YR
Weight Loss Trajectories and Related Factors in a 16-Week Mobile Obesity Intervention Program: Retrospective Observational Study
J Med Internet Res 2022;24(4):e29380
URL: https://www.jmir.org/2022/4/e29380
doi: 10.2196/29380
PMID:

©Ho Heon Kim, Youngin Kim, Andreas Michaelides, Yu Rang Park. Originally published in the Journal of Medical Internet
Research (https://www.jmir.org), 15.04.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The
complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and
license information must be included.

https://www.jmir.org/2022/4/e29380

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 4 | e29380 | p. 13
(page number not for citation purposes)

