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Abstract
Background: Globally, 71% of deaths occur due to noncommunicable diseases (NCDs). Poor diet quality and physical activity
have a significant impact on NCDs. At present, behavior change interventions using smartphone apps have rapidly increased
worldwide to prevent NCDs. However, most previous studies on the use and effectiveness of apps have been conducted in
Organization for Economic Co-operation and Development (OECD) countries. As such, relevant research in low-income countries
is scarce.
Objective: This retrospective cohort study aims to investigate the characteristics of adherence to the use of the Noom app. We
also aim to compare the effects of using the app on body weight changes over time according to adherence to the use of the app
between users in low-income and OECD countries. In addition, the differences in weight loss are compared among users who
use the free and paid versions of the app.
Methods: A secondary data analysis was conducted using repeated measures. The data were collected from users in low-income
countries (n=312) and OECD countries (n=8041) who used the app for 12 months. The app provided programs for the
self-monitoring of physical activity, dietary intake, and body weight. Descriptive statistics, independent two-tailed t tests, chi-square
tests, and linear mixed models were used for the analysis.
Results: During the first 3 months of using the Noom app, users from OECD countries entered data into the app more frequently;
however, users in low-income countries entered data more frequently from 3 months to 12 months. Users in OECD countries
consumed significantly more calories than those in low-income countries for 12 months. The body weight of all users significantly
decreased over time (−1.8 kg; P<.001); however, no statistically significant differences in the change in body weight for 12
months were observed between users from low-income and OECD countries (β=−.2; P=.19). The users who frequently monitored
their lunch (β=−.1; P<.001), dinner (β=−.1; P<.001), body weight (β=−.1; P<.001), evening snack (β=−.1; P<.001), and exercise
(β=−.03; P<.001) exhibited significant weight loss over time. We found no significant differences in the body weight changes
between users who used the free and paid versions of the app (β=−.2; P=.19).
Conclusions: This study found that using the app has a significant effect on weight loss regardless of users’ country of residence.
The results of this study suggest that the frequency of monitoring health-related behaviors by entering data into the app plays a
pivotal role in losing weight. In conclusion, regardless of where users live and what versions of the app they use, it is important
to monitor health-related behaviors by frequently entering data into the app to efficiently lose weight.
(JMIR Mhealth Uhealth 2021;9(7):e13496) doi: 10.2196/13496
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Introduction
Background
Annually, approximately 41 million people (or 71% of all deaths
globally) die of noncommunicable diseases (NCDs), such as
cardiovascular diseases, cancers, and diabetes [1]. Accordingly,
poor diet quality and physical inactivity, which are the key
factors for the prevalence of NCDs and mortality worldwide,
are considered priority areas for global action [2]. Improving
physical activity (PA) and dietary intake have been emphasized
to prevent NCDs [3].
Given the global scale of NCDs, effective preventative
interventions that can reach a wide range of populations at low
costs are urgently needed [4]. It has been recognized that
technology can support health improvements worldwide [1].
Specifically, because of the lowering prices of smartphones and
the easy access they provide, mobile technology is expected to
play a particularly important role in improving health-related
behaviors in low-, middle-, and high-income countries [5].
Currently, smartphones are arguably the most prosperous and
expeditiously adopted modern technology in the world. In
low-income countries, access to smartphones increased from
4% to 94% from 2000 to 2015 [6].

Objectives
The growth in mobile technologies has stimulated the growth
of smartphone health and fitness apps [7]. The apps that target
health promotion have become a central part of people’s lives
and have demonstrated large increases in use [8]. According to
previous studies, smartphone health apps have a positive impact
on the improvement of health-related behaviors and outcomes,
such as dietary intake, PA, and weight loss [9].
However, despite the growing use of apps that target
health-related behavior change, the long-term effects of such
apps on targeted health behaviors and outcomes, such as diet,
PA, and weight loss, particularly among users in low-income
countries, remains unclear [10,11]. Most previous studies were
conducted in wealthy countries with highly developed
technologies. To fill this gap in the literature, this study was
conducted to compare the characteristics of adherence with
using a smartphone app (Noom) and the effectiveness of the
apps between low-income and Organization for Economic
Co-operation and Development (OECD) countries.
The hypotheses tested in this study were as follows:
•

•

H1: There would be differences in adherence to the use of
self-monitoring data entry of diet, PA, and body weight
between users from low-income countries and OECD
countries.
H2: There would be differences in body weight changes
over time between users from low-income and OECD
countries.
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•

H3: There would be differences in body weight changes
between users of the paid and free versions of the app.

Methods
Study Design
This study was a retrospective cohort study that aimed to
compare the use and effectiveness of a smartphone health app
on changes in body weight over time between low-income and
OECD countries.

Setting
Low-Income Countries
The list of low-income countries was derived from a report by
the International Statistical Institute. The gross national income,
derived from the World Bank County classification, was used
as a measure of a country’s income. Countries with gross
national income per capita slightly over US $12,476 were
considered as low-income countries [12]. In this study, we
focused on data from 31 low-income countries (Multimedia
Appendix 1).

OECD Countries
The OECD is an intergovernmental economic organization with
36 member countries [13]. Most OECD countries are
high-income economies with a high human development index
and are regarded as high-income countries [14]. The data of
users from 32 OECD countries were included in this study
(Multimedia Appendix 2).

Participants
The data were provided by the Noom Coach (Noom Inc) app
company. Individuals who used the Noom Coach app for 12
months between October 2012 and April 2014 and provided
relevant data (demographic characteristics, exercise, dietary
intake, and weight) were included. The participants used the
exercise data entry function, dietary data entry function, or
weight data entry function. As the age of 42 years is the default
value in the age tab of the app, we excluded all users who
indicated 42 years as their age, assuming that all these users did
not correctly indicate their age when they started using the app.
Accordingly, from 48,095 cases in the original data set, 4026
cases were removed. From the remaining 44,069 users, we
selected 12,173 users who used the app for 12 months. On
deletion of users who did not enter all necessary data (n=3638),
the final data set contained a total of 8353 users.

Intervention: Noom Coach
Noom Coach is a smartphone app for weight loss that tracks
dietary intake, PA, and body weight. Created in 2012, this app
is now available in 5 languages (English, Korean, Japanese,
German, and Spanish) from the Google Play store; the iOS
version is also available. With more than 10 million downloads
worldwide, this app has been consistently ranked as the most
effective weight loss app [15,16].
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e13496 | p. 2
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When app users log in for the first time, they are asked to enter
the expected body weight and record their present body weight
and height. During the period of using the Noom Coach app,
users are requested to record their daily dietary intake and the
number of footsteps as their PA. On the basis of the data entered
by users, the app reports the trends in body weight changes,
calories, and nutritional summaries. To support the achievement
of the desired body weight, the app provides tailored feedback,
including types of exercise. The app is available in 2 versions:
free and paid. The free version includes functions such as food
logging, weight tracking, and helpful tips. The paid version
offers more services, including supportive advice from a
specialist, new recipes of dietary intake, workout guides,
tracking progress, and one-to-one coaching.

Statistical Methods
All statistical analyses were performed using SPSS (version
24.0; IBM Corporation). Appropriate descriptive statistic
analyses were conducted on baseline variables, such as age,
sex, body weight, BMI, and the frequency of data entry on each
section of diet and exercise. To analyze the differences between
users of the app in OECD countries and low-income countries,
independent two-tailed sample t tests were conducted. Moreover,
the progression of body weight over time was described
graphically. A linear mixed model (LMM) was used to evaluate
the differences in body weight changes over time between the
low-income and OECD countries. Statistical significance was
determined at P<.05 (2-sided). Before conducting the analysis,
all assumptions were checked and met. The dispersion of the
outcome variable of body weight was checked before conducting
the LMM. All assumptions were met to conduct an LMM.
LMM with random intercepts was used to evaluate the effects
of time and the effects of gender, age, group (OECD countries
vs low-income countries), frequency of exercise data entry,
frequency of breakfast data entry, frequency of morning snack
data entry, frequency of lunch data entry, frequency of afternoon
snack data entry, frequency of dinner data entry, and frequency
of evening snack data entry on the weight changes over time.
From the unconditional model, the value of intraclass
correlations was 0.9, which confirmed the use of the LMM for
further analysis. From the results of the conditional model, the
random effects model was selected for the LMM. Individual
univariate LMMs were conducted with each independent
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variable to select all significant variables. All significant
variables were entered into the LMM model, and then backward
eliminations were conducted until the minimum values of
Akaike information criterion and Bayesian information criterion
were reached, indicating the best model that predicted the body
weight changes over time.

Variables
In this study, adherence to app use was defined as the frequency
of exercise, diet (breakfast, breakfast snacks, lunch, afternoon
snacks, dinner, and dinner snacks), or the frequency of weight
data entry [11]. The outcome variable was body weight (kg)
changes from baseline to 12 months. If there were no body
weight indications at baseline or at 3, 6, 9, and 12 months, the
values were replaced with the average weight calculated by
averaging the body weight before and after 7 days at each time
point. Age and sex were used as the self-reported baseline
values. BMI (kg/m2) was calculated using weight in kilograms
divided by height in meters squared. BMI was divided into the
following 4 categories: underweight (≤18.5 kg), normal
(18.5-24.9 kg), overweight (25-29.9 kg), and obese (≥30 kg)
[17]. The frequencies of data entry for exercise, breakfast,
morning snack, lunch, afternoon snack, dinner, and evening
snack were the sum of the number of days with values every 3
months. The average calories for exercise, breakfast, morning
snack, lunch, afternoon snack, dinner, and evening snack were
calculated by averaging the calories consumed before and after
7 days at each time point.

Results
Characteristics of Participants
The baseline characteristics of the participants (N=8343) are
summarized in Table 1. Of the 8343 users, 8041 (96.38%) were
from OECD countries and 312 (3.88%) were from low-income
countries. The mean ages of users from low-income countries
and OECD countries were 32.43 years (SD 9.5; range 18-66)
and 36.1 years (SD 11.7; range 13-76), respectively. Most users
in each group were female (6024/8343, 72.2%). The mean
values of body weight of users from low-income and OECD
countries were 74.6 kg and 82.2 kg at baseline, respectively.
Most users in low-income countries (208/312, 66.7%) and
OECD countries (5468/8041, 68%) were obese.
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Table 1. Demographic characteristics at baseline (N=8353).
Characteristics

Organization for Economic Co-operation and Development countries Low-income countries (n=312)
(n=8041)

Age (years), mean (SD; range)

36.1 (11.7; 13.0-76.0)

32.4 (9.5; 18.0-66.0)

Male

2017 (25.08)

112 (35.9)

Female

6024 (74.92)

200 (64.1)

82.2 (21.2; 39.0-188.7)

74.6 (17.1; 49.0-158.8)

Underweight

63 (0.78)

2 (0.64)

Normal weight

1400 (17.41)

60 (19.23)

Overweight

1110 (13.80)

42 (13.46)

Obese

5468 (68)

208 (66.67)

Gender, n (%)

Weight (kg), mean (SD; range)
BMI (kg/m2), n (%)

Frequency of exercise entry, mean (SD; 123.6 (97.4; 0.0-360.0)
range)

126.2 (96.6; 0.0-360.0)

Frequency of breakfast data entry, mean 198.5 (99.6; 0.0-360.0)
(SD; range)

199.3 (103.8; 0.0-360.0)

Frequency of morning snack data entry, 89.0 (85.8; 0.0-360.0)
mean (SD; range)

114.8 (99.7; 0.0-360.0)

Frequency of lunch data entry, mean
(SD; range)

179.7 (104.5; 0.0-360.0)

183.1 (99.0; 0.0-360.0)

Frequency of afternoon snack data entry, 102.0 (84.9; 0.0-360.0)
mean (SD; range)

120.4 (97.1; 0.0-360.0)

Frequency of dinner data entry, mean
(SD; range)

152.5 (100.8; 0.0-360.0)

149.4 (106.3; 0.0-360.0)

Frequency of evening snack data entry,
mean (SD; range)

57.5 (70.1; 0.0-360.0)

62.7 (76.0; 0.0-360.0)

Exercise, mean (SD; range)

305.8 (192.2; 0.0-1300.0)

280.4 (190.1; 0.0-1300.0)

Breakfast, mean (SD; range)

288.1 (110.3; 0.0-700.0)

293.8 (112.0; 0.0-700.0)

Morning snack, mean (SD; range)

179.7 (95.4; 0.0-1244.4)

187.4 (107.6; 0.0-1200.0)

Lunch, mean (SD; range)

413.9 (151.0; 0.0-1419.7)

226.6 (107.2; 0.0-1400.0)

Afternoon snack, mean (SD; range)

225.0 (122.0; 0.0-1500.0)

401.9 (171.2; 0.0-1108.2)

Dinner, mean (SD; range)

458.8 (173.0; 0.0-1436.7)

223.7 (125.0; 0.0-714.7)

Evening snack, mean (SD; range)

235.5 (123.7; 0.0-978.0)

157.9 (74.6; 0.0-157.9)

The average frequencies of data entry of users from OECD
countries for exercise, breakfast, morning snack, lunch,
afternoon snack, dinner, and evening snack were 123.6, 198.5,
89.0, 183.1, 102.0, 152.5, and 57.5, respectively. The average
frequencies of data entry of users from low-income countries
for exercise, breakfast, morning snack, lunch, afternoon snack,
dinner, and evening snack were 126.2, 199.3, 114.8, 179.7,
120.4, 149.4, and 62.7, respectively. The mean calories of
exercise, breakfast, morning snack, lunch, afternoon snack,
dinner, and evening snack of users from OECD countries were
305.8, 288.1, 179.7, 413.9, 225.0, 458.8, and 235.5, respectively.
The mean calories of exercise, breakfast, morning snack, lunch,
afternoon snack, dinner, and evening snack of users from
low-income countries were 280.4, 293.8, 187.4, 226.6, 401.9,
223.7, and 157.9, respectively. The values corresponding to
each item represent the average value over a period when users
use the app.
https://mhealth.jmir.org/2021/7/e13496
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Comparison of Frequency of Self-Monitoring Data
Entry Between Low-Income and OECD Countries at
Each Time Point
Independent two-tailed sample t tests were conducted to
compare the frequency of data entry and calories between users
from low-income and OECD countries. There were significant
differences in the frequency of data entering for breakfast
(t8351=−2.6; P=.009), morning snack (t8351=3.1; P=.002), lunch
(t8351=−3.1; P=.002), and dinner (t8351=−2.9; P=.003) data
between baseline and 3 months. At this time point, users from
OECD countries entered their data (except for those on morning
snack) more frequently than those from low-income countries.
Between 3 and 6 months, users from low-income countries
entered morning snack (t8351=5.0; P<.001) and afternoon snack
data (t8351=3.6; P<.001) significantly more frequently. Users in
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e13496 | p. 4
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low-income countries entered morning snack (t8351=4.3; P<.001)
and afternoon snack data (t8351=2.8; P=.005) more times than
those in OECD countries between 6 and 9 months. Between 9
and 12 months, there was a significant difference in the values
for morning snack (t8351=3.8; P<.001) and afternoon snack data

(t8351=2.3; P<.02) entering between the users from low-income
and OECD countries (Table 2). These results support hypothesis
1, as there were differences in adherence to the use of
self-monitoring data entry between users from low-income
countries and OECD countries.

Table 2. Results of independent two-tailed t tests to compare the difference in frequency of data entry between Organization for Economic Co-operation
and Development (n=8041) and low-income countries (n=312).
Characteristics

a

Time 1 (baseline to 3 months),
mean (SD)

Time 2 (3-6 months), mean
(SD)

Time 3 (6-9 months), mean
(SD)

Time 4 (9-12 months), mean
(SD)

OECDa

Low-income

OECD

OECD

OECD

Frequency of exercise
data entry

35.1 (23.0)

36.2 (24.5)

28.4 (23.6) 29.7 (24.3)

22.2 (22.5) 23.3 (23.0)

18.5 (21.1) 19.4 (21.1)

Frequency of breakfast
data entry

51.5 (30.0)b

46.9 (32.1)b

50.9 (28.1) 51.7 (27.3)

40.0 (29.7) 40.4 (30.5)

32.9 (29.1) 33.9 (29.9)

Frequency of morning
snack data entry

22.4 (22.2)b

26.4 (26.4)b

21.7

Frequency of lunch data 48.4 (29.4)b
entry

43.1 (32.1)b

47.1 (47.5) 47.5 (28.4)

Frequency of afternoon 27.7 (23.0)
snack data entry

29.2 (26.4)

25.5

(22.3)b

(22.6)

b

Low-income

28.2 (25.8)b

30.3 (24.9)b

16.4
(20.5)b

Low-income

21.5 (24.6)b

36.2 (28.9) 36.8 (30.3)
18.8
(21.2)

b

22.3 (24.3)b

13.4
(19.2)b

Low-income

17.8 (23.4)b

29.5 (28.2) 30.3 (29.3)
15.2
(19.8)

b

17.9 (22.6)b

Frequency of dinner
data entry

42.8 (29.1)b

37.8 (30.7)b

38.7 (28.0) 38.8 (22.6)

29.1 (27.8) 29.3 (28.2)

23.6 (26.3) 23.8 (27.1)

Frequency of evening
snack data entry

16.5 (18.1)

17.1 (20.5)

13.6 (17.5) 15.0 (19.3)

21.1 (16.8) 21.1 (18.0)

8.0 (14.9)

8.9 (16.1)

OECD: Organization for Economic Co-operation and Development.

b

Significant at the P<.05 level.

Body Weight Changes Between Users in Low-Income
and OECD Countries From Baseline to 12 Months
Figure 1 shows the body weight (kg) changes of users from the
low-income and OECD countries at each time point. The body
weight of users from the low-income and OECD countries was
78.3 and 82.3 at baseline, respectively. From baseline to 6
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months, users in both types of countries exhibited a dramatic
reduction in their body weight, about 5 kg, which then slightly
decreased until 12 months (Figure 1). There were no statistically
significant differences in the degree of weight loss between
users from the low-income and OECD countries at each time
point (baseline to 3 months, 3-6 months, 6-9 months, and 9-12
months; Table 3).
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Figure 1. Comparison of body weight changes over time between Organization for Economic Co-operation and Development (n=8041) and low-income
countries (n=312). OECD: Organization for Economic Co-operation and Development.

Table 3. Difference in the degree of weight loss between Organization for Economic Co-operation and Development (n=8041) and low-income (n=312)
countries at each time point.
Time

Organization for Economic Co-operation and Development Low-income countries,
countries, mean (SD)
mean (SD)

t test (df)

P value

95% CI

Baseline to 3
months

−2.7 (5.1)

−2.4 (7.7)

0.7 (8351)

.46

−0.4 to 0.8

3-6 months

−2.4 (3.8)

−2.3 (3.2)

0.4 (8351)

.67

−0.3 to 0.5

6-9 months

−0.8 (3.7)

−0.9 (2.1)

−0.5 (8351)

.63

−0.5 to 0.3

9-12 months

−0.2 (4.8)

−0.03 (2.1)

0.6 (8351)

.54

−0.4 to 0.7

Comparison of Body Weight Changes Over Time
Between Users From Low-Income and OECD
Countries and Between Users of the Paid and Free
Versions of the App
The change in body weight over time was not significantly
different between the users from low-income and OECD
countries (β=−.2; P=.19). However, there were differences in
body weight changes over time according to adherence to the
app. For every increase of 1 unit in frequency of exercise
(β=−.004; P<.001), lunch (β=−.01; P<.001), dinner (β=−.01;
P<.001), evening snack (β=−.01; P<.001), or weight (β=−.01;
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P<.001), body weight statistically significantly decreased. The
changes in body weight differed by gender, as demonstrated by
the interaction between time and sex (β=.7; P<.001). For every
increase of 1 unit in age, the body weight increased by 0.002
(P=.03; Table 4). There was no significant difference in body
weight changes over time based on the version of the app (free
version vs paid version; β=−.01; P=.91). On the basis of the
results, the hypothesis that there would be differences in body
weight change over time according to smartphone adherence
between users from low-income and OECD countries and the
hypothesis that there would be differences in body weight
changes between users of the paid and free versions of the app
had to be rejected.
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Table 4. Compare the difference in body weight changes over time between low-income (n=312) and Organization for Economic Co-operation and
Development (n=8041) countries.

a

Parameter

Estimate (SE; 95% CI)

t test (df)

P value

Intercept

89.8 (1.2; 87.4–92.3)

72.2 (8380.0)

<.001

Time

−1.7 (0.1; −1.9 to −1.4)

−12.8 (8524.7)

<.001

Age

0.1 (0.01; 0.04–0.1)

6.6 (8347.3)

<.001

Gender

−19.0 (0.5; −20.0 to −18.0)

−37.4 (8809.2)

<.001

OECDa

5.7 (1.2; 3.4–8.0)

4.8 (8346.2)

<.001

Frequency of lunch data entry

−0.04 (0.01; −0.1 to −0.03)

−7.7 (30380.0)

<.001

Frequency of dinner data entry

0.03 (0.01; 0.02–0.1)

5.2 (30493.1)

<.001

Frequency of weight data entry

−0.02 (0.003; −0.02 to −0.01)

−5.0 (31933.7)

<.001

Frequency of evening snack data entry

0.02 (0.01; 0.01–0.03)

3.2 (31694.5)

.001

Interaction between time and gender

0.7 (0.1; 0.6–0.8)

12.7 (8369.0)

<.001

Interaction between time and frequency of lunch data entry

0.01 (0.001; 0.01–0.01)

5.7 (32911.1)

<.001

Interaction between time and frequency of dinner data entry

−0.01 (0.002; −0.01 to −0.01)

−4.9 (33057.6)

<.001

Interaction between time and frequency of body weight data entry

−0.01 (0.001; −0.01 to −0.003)

−4.1 (33075.5)

<.001

Interaction between time and frequency of evening snack data entry

−0.01 (0.002; −0.01 to −0.004)

−4.4 (33007.3)

<.001

Interaction between time and frequency of exercise data entry

−0.003 (0.0004; −0.004 to −0.003)

−7.6 (33510.8)

<.001

Interaction between time and age

0.002 (0.001; −0.0001 to 0.003)

1.8 (8299.9)

.03

Interaction between time and OECD

−0.2 (0.12; −0.4 to 0.1)

−1.3 (8304.4)

.19

OECD: Organization for Economic Co-operation and Development.

Comparison of Consumed Calories Between Users
From the Low-Income and OECD Countries at Each
Time Point
There were significant differences in calorie consumption for
each category between the users from low-income and OECD
countries. Between baseline and 3 months, users from OECD
countries consumed significantly more calories for breakfast
(t8351=−2.5; P=.01), lunch (t8351=−3.5; P<.001), afternoon snack
(t8351=−2.0; P=.04), dinner (t8351=−6.7; P<.001), and evening
snacks (t8351=−2.2; P=.03). Compared with users from
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low-income countries, users from OECD countries also
consumed significantly more calories for exercise (t8351=−2.7;
P=.008) and dinner (t8351=−5.2; P<.001) between 3 and 6
months. There was also a statistically significant difference in
calories of exercise (t8351=−2.6; P=.01) and dinner (t8351=−3.9;
P<.001) for both groups between 6 and 9 months. Users from
OECD countries consumed more calories for exercise and
dinner. Between 9 months and 12 months, users from the OECD
countries consumed significantly higher amounts of dinner
calories than users from low-income countries (t8351=−4.7;
P<.001; Table 5).
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Table 5. Results of independent two-tailed t tests of average consumed calories between Organization for Economic Co-operation and Development
(n=8041) and low-income countries (n=312).
Characteristics

Calories of exercise

Time 2 (baseline to 3 months),
mean (SD)

Time 3 (3-6 months), mean
(SD)

Time 4 (6-9 months), mean
(SD)

Time 5 (9-12 months), mean
(SD)

OECDa

Low-Income

OECD

Low-Income

OECD

OECD

Low-Income

277.0 (189.1)

259.8 (192.6)

286.3

252.9 (182.8)b 277.6
(232.3)b

243.4 (202.7)b 270.4
(241.1)

231.6 (214.9)

(217.9)b
Calories of breakfast
data

263.6 (130.8)b

245.0 (145.1)b

280.8
(125.7)

280.0 (126.7)

276.5
(134.2)

280.3 (141.1)

270.1
(142.3)

281.8 (151.9)

Calories of morning
snack

152.1 (149.6)

149.6 (122.1)

169.1
(120.8)

169.4 (105.0)

158.5
(126.6)

171.6 (132.7)

149.6
(136.4)

162.4 (132.5)

Calories of lunch

366.8 (175.9)b

331.0 (192.1)b

402.0
(163.8)

388.0 (170.4)

392.4
(382.6)

382.6 (199.1)

381.5
(197.9)

374.6 (210.2)

Calories of afternoon
snack

188.9 (113.7)b

175.2 (121.6)b

207.4
(118.4)

216.2 (108.8)

197.8
(132.6)

203.8 (133.6)

185.6
(140.0)

188.5 (134.8)

Calories of dinner

402.5 (208.4)b

321.4 (192.9)b

442.2

383.1 (176.6)b 417.7
(223.0)b

367.5 (227.0)b 405.4
(244.1)b

339.1 (235.8)b

192.4 (138.7)b

174.3 (146.2)b

203.0
(149.4)

187.9 (152.3)

173.8 (163.0)

149.5 (164.8)

Calories of evening
snack
a

Low-Income

(197.2)b

178.2
(171.4)

162.3
(166.3)

OECD: Organization for Economic Co-operation and Development.

b

Significant at the P<.05 level.

Comparison of the Total Frequency of Data Entry and
Overall Calorie Consumption Between Users From
Low-Income and OECD Countries
Independent two-tailed sample t tests were conducted to
compare the total frequency and overall calorie consumption
between users from low-income and OECD countries. There

was a statistically significant difference in the frequency of data
entry of morning snack (t8351=−5.4; P<.001) and afternoon snack
(t8351=3.9; P<.001) between the two groups of users (Table 6).
There were also significant differences in the average calories
for exercise (t8351=−2.4; P=.02) and dinner (t8351=−5.9; P<.001;
Table 7).

Table 6. Results of independent two-tailed t tests to compare the total frequency of data entry between Organization for Economic Co-operation and
Development (n=8041) and low-income countries (n=312).
Characteristics

Organization for Economic Co-operation and Development countries (n=8041), mean (SD)

Low-income countries
(n=321), mean (SD)

t test (df)

P value

t-value (95%
CI)

Total frequency of exercise
data entry

123.6 (97.4)

126.2 (96.6)

0.1 (8351)

.65

−8.4 to 13.6

Total frequency of breakfast 198.5 (99.4)
data entry

199.3 (103.8)

−0.2
(8351)

.88

−10.4 to
12.1

Total frequency of morning
snack data entry

88.0 (85.1)

114.8 (99.7)

−5.4
(8351)

<.001

17.1 to 36.5

Total frequency of lunch
data entry

183.2 (98.7)

179.7 (104.5)

−0.9
(8351)

.53

−14.8 to 7.6

Total frequency of afternoon 101.3 (84.4)
snack data entry

120.4 (97.1)

3.9 (8351)

<.001

9.5 to 28.7

Total frequency of dinner
data entry

152.6 (100.6)

149.36 (106.3)

1.1 (8351)

.58

−15.3 to 8.8

Total frequency of evening
snack data entry

57.3 (69.9)

62.74 (76.0)

−0.3
(8351)

.18

−7.3 to 9.2
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Table 7. Results of independent two-tailed t tests to compare the overall calories between Organization for Economic Co-operation and Development
(n=8041) and low-income countries (n=312).
Characteristics

Organization for Economic Co-operation and Development countries, mean (SD)

Low-income countries,
mean (SD)

t test (df)

P value

t-value (95%
CI)

Exercise

306.8 (192.2)

280.4 (190.1)

−2.4
(8351)

.02

−48.2 to −4.7

Breakfast

287.9 (110.2)

293.8 (112.0)

1.0 (8351)

.35

−6.6 to 18.4

Morning snack

179.4 (94.8)

187.4 (107.6)

1.1 (8351)

.15

−2.8 to 18.8

Lunch

414.1 (150.5)

408.6 (163.4)

−0.6
(8351)

.53

−22.5 to 11.6

Afternoon snack

224.9 (122.5)

226.6 (107.2)

1.2 (8351)

.81

−12.1 to 15.5

Dinner

461.0 (172.7)

401.9 (171.2)

−5.9
(8351)

<.001

−78.7 to −39.6

Evening snack

236.0 (123.6)

223.7 (125.0)

−1.8
(8351)

.09

−26.2 to 1.8

Discussion
Principal Findings
The results of this study suggest that there are significant
differences in using the app between users from low-income
and OECD countries. At most time points, users from
low-income countries entered more data into the app than users
from OECD countries. However, all users exhibited a decrease
in the frequency of app use over time. There has been
insufficient research on adherence to mobile health (mHealth)
apps, especially regarding users in low-income countries.
Accordingly, it is difficult to understand the level of adherence
to the use of mHealth apps and to compare differences in
adherence rates among different groups of users. However,
achieving long-term health-related goals, such as weight loss,
requires constant and committed participation in using the
mHealth app. In addition, the low retention rate of using
mHealth apps has been recognized as a critical problem.
Therefore, further research on adherence to using mHealth apps
is needed.
According to a recent study, more than two-thirds of people
who downloaded an mHealth app used it only once or stopped
using it within a short time [18]. Similarly, Lee et al [19]
reported the use of mHealth apps to gradually reduce over time.
To benefit from an mHealth app, users should continue to use
it for a sufficient amount of time so that it can be incorporated
into their daily lives [20]. Furthermore, users should put much
effort into using mHealth apps for a long time because changing
habitual behavior takes a substantial amount of time [19].
Accordingly, researchers and app developers should investigate
and adopt essential features that would encourage users to keep
using mHealth apps to accomplish their health outcomes.
In our results, the frequency of data entry was significantly
associated with weight loss over time. Specifically, users who
frequently monitored their lunch, dinner, body weight, evening
snack, or exercise exhibited significant weight loss over time.
As previous studies established that eating a late and large
amount of dinner is associated with weight gain [21,22], it can
be assumed that those users who more frequently track their
exercise and dinner calories try to increase their movement and
https://mhealth.jmir.org/2021/7/e13496
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reduce dinner calories or make an effort to eat dinner in small
quantities and earlier than usual. Similar to our findings, a
systematic review found a significant relationship between the
frequency of self-monitoring for diet and PA and weight loss
[23]. Furthermore, Conroy et al [24] found that higher mean
rates of PA self-monitoring were associated with a greater
reduction in weight. Moreover, Peterson et al [25] reported that
the total number of food records can be a predictor of weight
loss, regardless of the type of meals. On the basis of this
evidence, it can be concluded that people who more consistently
track their food, exercise, and body weight by using the app are
more likely to lose weight [26].
In fact, there is insufficient research on the importance of having
separate data entries for meals and snacks on weight loss.
However, it can be assumed that people can understand their
current eating habits and the nutrient value of food by tracking
meals and snacks. Through this process, they might enhance
their ability to balance total calories and macronutrients
throughout the day and reduce their body weight in the long
term [27]. Regular weighing is another essential and simple
way to lose weight by boosting motivation [28]. A study found
that people who never weighed themselves or only weighed
themselves once per week did not exhibit weight reduction.
However, those who weighed themselves almost daily exhibited
significant weight loss within 1 year [29]. The monitoring and
logging of exercise can encourage people to move more
throughout the day; therefore, people can efficiently reduce
their body weight [30]. To summarize, many studies have found
that monitoring health-related behaviors or weight can increase
people’s perceptions of the effects of changing behaviors related
to weight loss [29,31,32].
It was found that there were no significant differences in weight
change between users living in low-income or OECD countries.
Specifically, we found that self-monitoring of PA, diet, or body
weight through a smartphone app can be a useful tool to lose
weight regardless of the users’ country of residence. Users from
the low-income and OECD countries showed statistically
significant weight loss at 9 months after starting using the app;
however, users from OECD countries regained their weight and
returned to their original body weight in 12 months. Lifestyle,
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including not only diet and PA patterns, varies considerably
across countries [33]. Specifically, although high-income
countries generally have better diets based on healthy foods,
they also have substantially poorer diets because of a higher
intake of unhealthy foods compared with low-income countries
[34]. In addition, high-income countries are often linked to low
levels of PA levels [35]. These reasons could have influenced
the weight gain of users from OECD countries in this study.
However, further research on the reasons that made users from
OECD countries gain weight is needed.
In this study, we assumed that the users of the paid version of
the app would show more body weight reduction than users
who used the free version of the app. Our prediction was based
on the fact that the paid version offers a variety of features,
including customized diet planning, one-on-one coaching, social
support, weight recording logs, and food and exercise tracking,
whereas the free version only allows users to log and track their
data on diet, exercise, and weight [36]. However, the results
showed that there were no statistically significant differences
in body weight changes over time between the users of the 2
versions of the app. A previous systematic review found that
self-monitoring of diet, exercise, and weight is the core feature
of behavioral weight loss intervention programs [37]. However,
there is a lack of information about the features of smartphone
health apps that are the most valuable in terms of weight loss.
To develop an efficient and effective app for weight loss, further
research is required to identify such features.
The imminent global threat of NCDs calls for urgent solutions
that would extend existing health systems into the community
[38]. In recent years, smartphone health care apps have attracted
significant attention as effective interventions to prevent NCDs
[39]. However, despite the widespread use of smartphone apps
as interventions to lose weight, previous research on body
weight changes according to using smartphone health apps in
low-income countries remains scarce [40]. This study compared
the use of an app and its effectiveness on body weight changes
over time in low-income and OECD countries. The results
showed no significant differences in the use and effectiveness
of the app between users from the two groups of countries.
Although the app provides a specialized diet and PA monitoring
programs in many languages and targets diverse populations
around the world, the number of users in OECD countries is
more than 4 times the number in low-income countries.
Although it is difficult to conclude that our data set contained
all users’ information about the app, this information provides

Han & Rhee
a need to consider the barriers and challenges of smartphone
use in low-income countries. As smartphone apps can provide
extraordinary health opportunities to users from low-income
countries, which seriously lack health infrastructure and clinical
resources, many efforts to enhance the use of smartphone health
apps are needed so that these apps to reach their full potential
in low-income countries [6].
This study has several limitations. First, as our study was a
retrospective cohort study, the results may be limited by the
observational nature of the data set. To accurately evaluate the
effectiveness of the app, well-developed randomized controlled
trials should be conducted. Second, our data set included only
a representative selection of OECD and low-income countries,
which might have affected the generalizability of our findings.
Third, our analysis did not include some important demographic
factors, socioeconomic factors, and lifestyle variables that could
affect the use of the smartphone app and body weight changes.
Fourth, the users downloaded and used the app with the intention
of monitoring their diet and PA and to voluntarily lose weight.
Therefore, this might have made the results significant in this
analysis. Fifth, it is possible that users may engage in a suitable
diet and PA without logging or self-reporting. Finally, the
analyzed data were self-reported, which might have affected
the accuracy of our conclusions. Despite the aforementioned
limitations, the results of this study provide valuable insights
for investigators, engineers, politicians, policymakers,
government authorities, health care providers, and the general
population worldwide in terms of highlighting the benefits of
using health care smartphone apps in health promotion. Our
results also highlight the strong potential of the studied app [41].

Conclusions
In conclusion, this study is the first to investigate the
effectiveness of using a smartphone app on losing body weight
between users from low-income and OECD countries. On the
basis of the results, it can be concluded that the frequent input
of self-monitoring data, the main function of the Noom app,
can be an effective approach to weight loss. We also found no
significant differences in body weight changes between users
from the two groups of countries, suggesting that the smartphone
app can be an effective and general way to lose weight
regardless of the users’ country of residence. In addition, we
also found that using even the free version of the app increases
the frequency of self-monitoring and thus positively affects
weight loss.
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