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Background: Air pollution causes many diseases and deaths. It is important to see how air pollution affects obesity, which is com-
mon worldwide. Therefore, we analyzed data from a smartphone application for intentional weight loss, and then we validated
them.

Methods: Our analysis was structured in two parts. We analyzed data from a cohort registered to a smartphone application in 10
large cities of the world and matched it with the annual pollution values. We validated these results using daily pollution data in
United States and matching them with user information. Body mass index (BMI) variation between final and initial login time
was considered as outcome in the first part, and daily BMI in the validation. We analyzed: daily calories intake, daily weight, daily
physical activity, geographical coordinates, seasons, age, gender. Weather Underground application programming interface pro-
vided daily climatic values. Annual and daily values of particulate matter PM10 and PM2.5 were extracted. In the first part of the
analysis, we used 2,608 users and then 995 users located in United States.

Results: Air pollution was highest in Seoul and lowest in Detroit. Users decreased BMI by 2.14 kg/m” in average (95% confidence
interval, -2.26 to -2.04). From a multilevel model, PM10 (=0.04, P=0.002) and PM2.5 ($=0.08, P<0.001) had a significant neg-
ative effect on weight loss when collected per year. The results were confirmed with the validation (Paqrime=1.5%10"% P<0.001)
by mixed effects model.

Conclusion: This is the first study that shows how air pollution affects intentional weight loss applied on wider area of the world.
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INTRODUCTION

Currently, overweight and obesity are serious public health is-
sues, which have increased in prevalence in recent years [1,2].
The proportion of overweight adults increased between 1980
and 2013 from 28.8% to 36.9% in men and from 29.8% to
38.0% in women worldwide [1]. Moreover, these conditions
are associated with numerous comorbidities such as hyperten-
sion, diabetes [3,4], stroke, and cancer [5,6].

Efforts to reduce the weight of individuals are important for

coping with various chronic diseases associated with obesity.
However, weight loss is a very difficult goal to achieve. There-
fore, we need to look closely at the various contributing factors
that affect obesity in humans and to study the effects of inter-
vention on these factors.

Indeed, traditional factors that play an important role in in-
dividual weight loss, such as physical activity and calorie re-
striction, are well known [7,8]. In recent years, it has been
known that various environmental factors besides these tradi-
tional factors can affect individual weight changes [9,10].
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Air pollution effects on body weight

However, most of these studies were conducted on only specif-
ic subjects in some parts of the world, making it difficult to
generalize the results [11].

Recently, we conducted studies using global scale data col-
lected from a smartphone application to analyze how environ-
mental factors affect human weight loss efforts [12,13]. In this
manner, novel factors, such as climate variables that were not
well-known in the past, have been recognized as contributing
to intentional weight loss [13].

This study was designed to investigate the effect of air pollu-
tion on human weight loss efforts. The study consisted of two
independent analyzes. First, we verified the overall correlation
between the annual air pollution value particulate matter <10
um (PM10) and the weight change of the subjects using infor-
mation of the smartphone application users collected in 10
large cities around the world. Second, a more detailed correla-
tion between air pollution and changes in body weight was ob-
tained using daily air pollution data collected in the United
States and user information of the application. Based on all this
information, we were able to analyze the effects of both annual
and daily variability of air pollution on human intentional ef-
forts for weight loss.

METHODS

Noom Coach

Noom Coach is a popular smartphone application designed
for weight loss. Since 2012, it has been the top grossing health
and fitness application in the Google Play Store, and more than
1 million people have installed it on their smartphones [14,15].
During the first login, the user is asked to provide some infor-
mation: target body weight, current body weight, waist cir-
cumference, daily food intake, etc. This application allows to
record information on physical activity, as the number of steps
that the phone walked daily. Using these data, the application
gives a report on the user’s weight trend as well as a dietary
summary of caloric intake for meals.

Study protocol (first part)

Initially, we extracted data from subjects registered in the ap-
plication who wanted to lose weight located in 10 large cities of
the world (Chicago, Los Angeles, Detroit, New York, Seoul,
Tokyo, Amsterdam, Berlin, Sydney, and London) and, collect-
ing information regarding user locations (people who regis-
tered this application on their devices were aware that anony-
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mized information could be used in large-scale medical stud-
ies), we extracted annual pollution data from the World Health
Organization’s (WHO’s) Global Urban Ambient Air Pollution
Database [16].

Users who installed this application from October 2012 to
April 2014 were selected for this study. Users who used the ap-
plication for at least 12 months, who provided their weights
with information regarding meals at least once a month, and
who were not 42 years of age (this is the default age given by
the application if a value is not inputted) were included in this
study. Users who never provided data for all meals were re-
moved from the analysis, as it was not possible to obtain an es-
timated daily calories intake. Also, only users located in cities
where PM10 and PM2.5 data were available for the years 2013
to 2014 were included in the analysis.

We extracted some information of the users: age, sex, caloric
intake during meals (breakfast, lunch, and dinner), height,
weight, and the login days during this study. Using the height
and weight of each user, it was possible to compute the body
mass index (BMI) on the first and final days of the follow-up
period, and also to calculate the difference between final and
initial BMI. Using the caloric intake of each meal, we defined
the mean value of the daily caloric intake computed over the
entire study period of the user (approximately 1 year). We also
took into account whether the user utilized the application of-
ten, defining the frequency of input of information regarding
meals. This application allowed us to also have information on
the physical activity of the user (number of steps that the
phone recorded daily). Therefore, we defined the frequency of
days of physical activity measured by the application over the
entire study period of the user. Using these information, we
analyzed 2,608 subjects.

Study protocol (second part)

Having user locations (latitude and longitude) in United States,
we matched the information of the users provided by the ap-
plication with the daily pollution data (ozone, PM10 and
PM2.5) provided by AirNow application programming inter-
face (AirNow API) [17]. These pollutants were expressed as air
quality index (AQI) with a range from 0 to 500 to define the
health risk level [17].

We extracted the same information of the first part of the
analysis but measuring per login day. Also, using the informa-
tion in Weather Underground API [18], we considered the
daily values of precipitation and temperature that are known to
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affect weight loss and air pollution [19]. Therefore, for each
login day of users in United States, using the information of
latitude and longitude, we extracted also the climatic variables.
Since the seasonality seems to alter the level of pollution and
change of the body weight [20], we kept also into account of it.

Regarding the daily air pollution, we defined a pollution in-
dex as the maximum value of AQI registered between ozone,
PM10 and PM2.5 per each login day. We analyzed 995 users
located in United States (Midwest: Chicago, Detroit; North-
east: New York; and West: Phoenix, Denver, Boise, Anchorage,
Honolulu, Los Angeles)

Statistical analysis

We described the general characteristics of the users with Stu-
dent t-test for continuous variables (age, height, weight, and
BMI) and chi-square test for categorical variables (BMI catego-
ries based on the WHO BMI classification system). Then, we
used a paired t-test to compare the BMI values at baseline and
at last login day for each user. To compare the variation of the
BMIs among areas, we used an analysis of variance model.
Then, a multilevel model with users (level 1) nested in cities

Table 1. Demographic characteristics (first part)

(level 2) was performed to measure the possible associations
between two pollutant factors (PM10 and PM2.5) and weight
loss. This model took into account the possible correlations
among users located in the same area (e.g., similar lifestyle, so-
cial costumes, and environmental factors). Pollutant factors
were analyzed as second level variables, and the remaining
variables (such as age, sex, daily caloric intake, input frequency
of physical activity, etc.) were analyzed as first level variables.

In the second part of the analysis, we performed a mixed ef-
fects model to measure the effect of the pollution index on
weight loss while also considering other variables (age, gender,
season of login, time of login, daily calories intake, daily inten-
sity of precipitation, and daily temperature). With this model,
we could keep track of the BMI trend for each user considering
the correlated measures for each subject, since we assumed
that each user had his or her own pattern due to intrinsic indi-
vidual characteristics. Using the coefficients of interaction be-
tween the time of login and the predictor of pollution index, it
was possible to determine how BMI changed over time when
the air pollution varied.

The entire statistical analysis was performed using SAS soft-

Characteristic Male (n=642) Female (1=1,966) Pvalue Total (n=2,608)
Age, yr 42.575 (41.699 to 43.451)  36.939 (36.426 to 37.451) <0.001 38.326 (37.874 t0 38.778)
Height, cm 177.80 (177.30to 178.40)  164.60 (164.30 to 164.90) <0.001 167.881 (167.542 to 168.221)
Weight, kg 91.718 (90.286 t0 93.150)  75.556 (74.669 to 76.443) <0.001 79.535 (78.734 to 80.336)
BMF, kg/m2 30.948 (30.515t031.381)  29.476 (29.144 to 29.807) <0.001 29.838 (29.565 t0 30.111)
Underweight (BMI <18.5) 0 10 (0.51) NS 10(0.38)
Normal (18.5< BMI<25) 71 (11.06) 614 (31.23) <0.001 685 (26.27)
Overweight (25<BMI<30) 258 (40.19) 583 (29.65) <0.001 841 (32.24)
Obesity class I (30<BMI<35) 186 (28.97) 365 (18.57) <0.001 551 (21.13)
Obesity class IT (35<BMI<40) 77 (11.99) 211 (10.73) NS 288 (11.04)
Obesity class III (BMI >40) 50 (7.79) 183 (9.31) NS 233(8.93)

Daily calories, kcal/person insertion days 1,382.40 1,096.70 <0.001 1,166.76

(1,357.10 to 1,407.70)
Paired t-test (difference between final and initial BMI)
Diff. BMI

(P<0.001)
Users who lost weight (diff. BMI <0) 542 (84.42)
Users with stable weight (diff. BMI=0) 8(1.25)
Users who gained weight (diff. BMI >0) 92 (14.33)

~2.412 (-2.652t0-2.172) -2.051 (-2.181 to —1.919)

(1,084.30 to 1,109.10) (1,154.57 to 1,178.96)

~2.139 (-2.255 to -2.024)

(P<0.001) (P<0.001)

1,545 (78.59) 2,087 (80.02)
34(1.73) 42 (1.61)

387 (19.68) 479 (18.37)

Values are presented as mean (95% confidence interval) or number (%).

BMI, body mass index; NS, not significant; diff. BMI, final BMI-initial BMI per user.

*BMI classification based on World Health Organization criteria.
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ware (SAS Institute Inc., Cary, NC, USA) and a python pro-
gram to match air pollution and climatic data with general in-
formation of the users provided by the application.

Ethics statement

This study was conducted in accordance with the guidelines
laid down in the Declaration of Helsinki, the privacy policy of
Noom Inc. (New York, NY, USA), and approved by the Kyung
Hee University Hospital Institutional Review Board (KMC
IRB 1435-04), which confirmed the absence of risk for the de-
identified personal information leakage. The informed con-
sents from the subjects were waived by the KMC IRB due to
the retrospective design of this study.

RESULTS

Characteristics of the users
A total of 2,608 people located in 10 cities of the world (Chica-
go, Los Angeles, Detroit, New York, Seoul, Tokyo, Amsterdam,

Fig. 1. Distribution of the initial body mass index per town. Darker colors define increasing levels of weight (“normal;

» «
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Berlin, London, and Sydney; male 642, female 1,966) were in-
cluded in this study (Tables 1-3).

The mean initial BMI was 29.838, indicating that users of
this application were classified in the “overweight” group ac-
cording to the WHO BMI classification system (Table 1). Male
users had a higher initial BMI than females (P<0.001). Users
located in Seoul and Tokyo had smaller initial BMI indeed,
62.72% and 66.67% respectively were classified in “normal”
level when started to use the application (Fig. 1). Instead, more
people located in United States were classified in “obesity” level
(approximately 60%) (Fig. 1).

Users of the application during 2013 to 2014 were located in
several cities of the world and exposed to different levels of
PM10 and PM2.5 during that time (Tables 2 and 3). Users lo-
cated in Seoul were exposed to higher levels of pollutants
(mean PM10, 46 ng/m’ PM2.5, 24 pg/m’) than those located
in other cities. Users located in Detroit were exposed to lower
levels of pollution during these years (mean PM10, 13 pg/m’;
PM2.5,7 ug/m’).

» «

over-

weight,” “obesity”). Pie charts and map were realized with SAS software.
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People located in Seoul were characterized by a lower initial
BMI (24.27 kg/m* 95% confidence interval [CI], 23.89 to
24.64), and users in New York were characterized by a higher
initial BMI (33.15 kg/m?* 95% CI, 32.35 to 33.96) and were
mainly classified as “obesity class I” by the WHO BMI classifi-
cation system. Regarding the use of this smartphone applica-
tion, the average number of logins for each user was 112 days,
which means that each user had a login approximately every 3

Table 2. Distribution of pollutants and mean BMI variation by
area (first part)

Mean  Mean

pg/m’  pg/m’
Chicago (n=399) 22 12 -2.474 (-2.811 to -2.137)
Detroit (n=285) 13 7 -2.506 (-2.897 to -2.114)
Los Angeles (n=225) 20 11 -2.313 (-2.737 to -1.888)
New York (n=355) 16 9 -2.502 (-2.887 to -2.117)
Seoul (n=393) 46 24 -1.261 (-1.452to -1.071)
Amsterdam (n=135) 23 16 -1.853 (-2.259 to —1.447)
Tokyo (n=67) 28 15 -1.392 (-1.809 to -0.975)
Berlin (n=512) 24 16 -2.046 (-2.259 to —1.833)
Sydney (n=57) 17 8 -2.775(-3.636 to -1.913)
London (n=180) 22 15 -2.358 (-2.824 to -1.893)

BMI, body mass index; PM, particulate matter; CI, confidence interval.
*Values extracted from World Health Organization Global Urban
Ambient Air Pollution Database, 2013 to 2014.

Table 3. Comparison of mean BMI variation (final BMI-ini-
tial BMI) between areas*

Difference
Area in mean BMI 95% Cl Pvalue
variation
Seoul vs. Amsterdam 0.592 -0.346 to 1.529 NS
Seoul vs. Tokyo 0.131 -1.112t0 1.373 NS
Seoul vs. Berlin 0.785 0.155to 1.415 <0.05
Seoul vs. Los Angeles 1.052 0.266t01.838  <0.05
Seoul vs. London 1.097 0.251 to 1.943 <0.05
Seoul vs. Chicago 1.213 0.545t01.881  <0.05
Seoul vs. New York 1.241 0.553t0 1.929 <0.05
Seoul vs. Sydney 1.513 0.181t02.845  <0.05
Seoul vs. Detroit 1.245 0.513 t0 1.976 <0.05

BMI, body mass index; CI, confidence interval; NS, not significant.
*Only the comparisons vs. Seoul were significant (a=0.05).
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days. Subjects in Tokyo and Berlin tended to log in to the ap-
plication more frequently than users in other cities (average
logins 154 and 127, respectively). Men used the application
more often than women (125 logins vs. 107 logins). The major-
ity of people who used the smartphone application experi-
enced weight loss after 1 year (Table 1): 80.02% of the users
achieved their goal, 18.37% gained weight, and 1.61% main-
tained their initial weight. Subjects showed an average decrease
in BMI of 2.139 kg/m* (P<0.001; 95% CI, -2.255 to -2.024)
(Table 1) at the last login day, and this result was also found
when the users were divided by sex (P<0.001) (Table 1). Com-
paring users from different cities, we noticed that users in
Seoul had a smaller decrease in weight (BMI variation, -1.261
kg/m?) compared those located in the other cities (P<0.05),

Table 4. Effects of PM2.5 and PM10 on weight loss (first and
second part)

Coeflicients

Variable . 95% CI Pvalue
estimate
Multilevel model with users nested in cities (first part)
PM2.5 0.085 0.054t00.115 <0.001
PM10 0.043 0.021 to 0.064 0.002
Sex (ref=male) 0.735 0.400 to 1.070 0.001
Input frequency of -1.932 -2.340to -1.523  <0.001
dinner information
Age 0.025 0.015t0 0.035 <0.001
Input frequency of -0.642 -1.079t0-0.205  0.004
physical activity
information
Mean daily caloric 0.001 0.001t00.002  <0.001
intake
Mixed effects model (second part)*
Time -0.0178 -0.0181 to -0.0175 <0.001
Pollution 1.5x10°  9.01x10°to2x10° <0.001
index x time
Sex (ref=male) 0.704 0.391 to 1.019 <0.001
Input frequency of -1.732 -2.168t0-1.296  <0.001
dinner information
Age 0.026 0.015 to 0.036 <0.001
Input frequency of -0.918 -1.391t0-0.445 <0.001
physical activity
Mean daily caloric 0.004 0.003t00.006  <0.001
intake

PM, particulate matter; CI, confidence interval.
*Second model was correcting for daily precipitation, daily tempera-
ture, and season.
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with the exception of Amsterdam and Tokyo (Tables 2 and 3).
Regarding use of the smartphone application, the frequent en-
tering of food intake information during dinner promoted
weight loss (B=-1.932; 95% CI, -2.340 to -1.523) (Table 4). In
addition, the physical activity information reported in the ap-
plication supported greater weight loss (3=-0.642; 95% CI,
-1.079 to —0.205) (Table 4).

Regarding the second part of the analysis, users of the appli-
cation in United States (1=995; female 751, male 244) were lo-
cated in Northeast (New York, 256 users), in Midwest (Chica-
go, Detroit, 434 users) and West area (Phoenix, Denver, Boise,
Anchorage, Honolulu, Los Angeles, 305 users). These people
were mainly obese when they started to use the application
(Northeast 60.16%, West 47.21%, and Midwest 58.29%) (Fig.
2). They had a login approximately each 4 days and male users
logged in the application more often than female group (114
logins vs. 93 logins). Users in United States who used this ap-
plication achieved their goal to lose weight after 1 year (Bume=
~0.0178, P<0.001) (Table 4).

D West
[[]Northeast

[ Midwest Overweight __

Midwest

dmj

Effect of the air pollution on weight loss

People exposed to pollutants (both PM10 and PM2.5) tended
to have less of a decrease in body weight than users exposed to
a lower level of pollutants (Table 4). The estimates of the pol-
lutant coefficients were positive and significant (Brm25=0.085,
Brmi0=0.043; P<0.05) showing that an increase in pollution
exposure correlated with a positive increase in BMI variation
(final BMI-initial BMI). When we removed from the analysis
the users in Seoul and Tokyo having initial BMIs that are far
from the BMIs in the other cities, we obtained that PM2.5 con-
tinued to be significant (P<0.001) showing an association with
weight changes.

We confirmed this result also when the daily BMI variation
was measured in the second part of the study: analysing the
coeflicient of interaction between pollution variable and time,
we noticed that the variation in BMI, varying the time with a
single unit, tended to be less negative when the level of pollu-
tion increased (B=1.5x10" P<0.001) (Table 4). Therefore,
high levels of pollution had negative impact on the weight loss.

Northeast

(/ 30.65%

Overweight

58.29%

Midwest

Obesity

Fig. 2. Distribution of the initial body mass index per area in United States (northeast, west, and midwest). The cities were
grouped per area for the small size. Pie charts and map were realized with SAS software.
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Fig. 3. Scatter plot of the weight loss and intensity of air pollution. *Diff. BMI=final BMI-initial body mass index per user,
*Pollution=mean of the air quality index computed on the entire observation period per user.

This result can be also observed in the graph (Fig. 3), in which
the values of weight loss (final BMI-initial BMI) for each sub-
ject and the mean values of pollution variable are plotted. Also,
analysing the coeflicient of the “time,” it is shown that people
located in United States lose their weight over time (<0,
P<0.001) (Table 4).

DISCUSSION

Our analysis guaranteed us to consider the correlation between
people located in the same town; indeed, Seoul and Tokyo
showed a bigger percentage of people with normal BMIs at the
starting point. Conversely, other cities of the world were char-
acterized mainly by obese users; this feature was making clear
the differences in social costumes present in several cities of
the world. Therefore, through this analysis, we were able to
keep into account of the differences between cities all over the
world (such as culture, race, diet, etc.) that can affect the out-
come.

When we analyzed the association between air pollution and
variation of BMI, we found that high values of PM10 and
PM2.5 reduced weight loss, suggesting that exposure to them
makes intentional weight loss more difficult. This tendency
was maintained also when we removed Seoul and Tokyo from
the analysis, which as we said above are characterized by a low-
er initial BMI.

Our result was also confirmed in the second phase of the
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analysis, where we used more detailed data on air pollution.
They were collected per login day and allow us to keep into ac-
count also of climatic factors (temperature and rain) that are
known to affect both the air pollution and weight body change
[13,19]. Analyzing the information of the users in each login
day, we have been able to consider also the seasonality, that it is
known to be associated with the pollution levels and with the
change of the life style that has a direct effect on body weight
[21,22].

We also found that the use of this application helped people
to lose weight, confirming the results obtained in previous
studies [12,13]. People who frequently entered food intake in-
formation during dinner and who were physically active (mea-
sured as the number of steps per day) had better performance
in loosing weight.

Unfortunately, in the first part of the analysis, where the
sample was extended in more regions of the world, we had less
precise values of the air pollution (per year) and we cannot
consider the seasonal variation and the impact that climatic
factors have on the association between air pollution and
weight loss. Nevertheless, collecting daily information on the
air pollution in specific zones in the United States defined by
geographical coordinates (longitude and latitude), guaranteed
us to keep into account of the different levels of air pollution
that can exist in rural and urban areas, keeping into account
also of the seasonality and weather variables (rain and temper-
ature).

Diabetes Metab ] 2018;42:320-329  http://e-dmj.org
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Regarding the variables accounted in our analysis, there are
some limitations: physical activity was measured as number of
steps recorded on mobile phone avoiding the consideration of
activities done without phone such as swimming, cycling, etc.
Nevertheless, running activity is one of the most popular exer-
cise among people with the only purpose to lose weight, and
therefore, we considered this measure as index of physical ac-
tivity. Also, regarding the calories intake in the meals, the calo-
ries counter in the application was not precise but anyway we
considered this characteristic in the model since the variation
of weight is conditioned by the total daily calories intake.

Another limitation is that our study could not collect infor-
mation such as the presence of some diseases, medication,
smoking status, occupational air pollution, etc. Indeed,
through the smartphone application, we could not extract this
information. Nevertheless, the smartphone technology pro-
vided the possibility to combine environmental information
(through login time and geographical coordinates) and body
weight changes.

Some studies in the literature have suggested that air pollu-
tion can be a risk factor for childhood obesity. Children in
southern California aged 9 to 10 years old were followed until
age 18, and traffic density (one of the main sources of air pollu-
tion) was associated with BMI [23]. A study analyzing expo-
sure to polycyclic aromatic hydrocarbons during pregnancy
and the weights of children ages 5 to 7 showed an association
between maternal exposure to these pollutants and childhood
obesity in children living in New York [24]. Animal studies
have also shown that pregnant rats exposed to unfiltered Bei-
jing air were significantly heavier at the end of pregnancy than
pregnant rats exposed to filtered air [25].

All of these studies in the literature have focused on the ef-
fects of air pollution on weight changes in childhood, or using
animal models. These studies were also limited to specific areas
without considering that pollution intensity changes signifi-
cantly in different zones. In our study instead, we analyzed data
in a wider spectrum considering people located in different
geographical area. Even if the pollution data collected for dis-
tinct geographical areas were collected per year, we validated
these results through a methodology that analysed the trend
for each user and computed an average effect of the evaluated
associations. Therefore, the results in agreement guaranteed us
the power of our results and, as it is explained in some articles
[25], air pollution could be a factor that induces some mecha-
nisms associated with adipose inflammation and metabolic
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changes that increase body weight.

This study provides the first indication of an association be-
tween air pollution and weight changes in an adult population
extended to several geographical areas.

In conclusions, this is the first study that measures how air
pollution can impact the efforts to lose weight on an adult
population located in several geographical areas by applying
also a validation of the findings. Our results are in agreement
with analogous results obtained in some animal based models.
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