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Abstract
Objectives To identify patterns of non-dietary obesogenic behaviors, and social and environmental factors associated with

overweight and obesity (OWOB).

Methods A representative sample (n = 5520) of high school students (55.4% girls, 16.3 ± 1.0 years) from Pernambuco

State, Brazil. Latent profile analyses were performed using self-reported daily sleep duration, television use, computer use,

videogame use, seated time during the week and weekend days, physical activity, and active commuting to school during

the week. Social and environmental factors and body mass index were included to identify classes. Multinomial analysis

explored differences in social, environmental factors, and BMI by classes.

Results Five patterns were identified [Computer users (C1), Short sleepers (C2), Typical behaviors (C3), Techno-active-

gamers (C4), and Lower screen engagement (C5)]. Three groups (C1, C3 and C4) included students from better social

conditions and a more urbanized environments. The prevalence of OWOB was higher in C1 (34.5%; 95% CI 31.1–38.0)

and in C2 (29.7%; 95% CI 26.1–33.5) compared to C5 (23.3% 95% CI 21.3–25.3).

Conclusions In one of the poorest regions of Brazil, different groups of social/environmental factors and behavior patterns

emerged associated with OWOB.
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Introduction

Over the last decade, special attention has been given to the

rising prevalence of overweight and obesity (OWOB)

among youth in developing countries (Swinburn et al.

2011; Afshin et al. 2017; Ng et al. 2014; Abarca-Gómez

et al. 2017; Finucane et al. 2011; CSDH 2008; Popkin et al.

2012; Prentice 2006; Ford et al. 2017; Hruby and Hu 2015;

Rivera et al. 2014; Popkin et al. 2006). It is estimated that

1-in-4 youth in Latin America is OWOB, representing

16.5–21.1 million adolescents and 22.5–25.9 million

school-age children (Rivera et al. 2014).

OWOB is the result of a complex web of interrelated

obesogenic behaviors, as well as social and environmental

factors. Urbanization (i.e., changing in lifestyle and living

conditions from rural to urban) has been highlighted as a

major driver for changes in global food systems (e.g.,

reductions in the time–cost of food, quality, and price) and

the built environment (Swinburn et al. 2011; Monteiro

et al. 2007), and this shift has facilitated the growth of a

more obesogenic environment. In contrast to developed

countries, urbanization in developing countries, especially

middle-income countries, is occurring rapidly and, in some

cases, there is differential reach of urbanization across the

population (Chen et al. 2014). This differential reach has

led to inequities in the social determinants of health dis-

parities related to unhealthy weight. In Brazil, for example,

rates of OWOB are accelerating faster in lower-income
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populations and in youth compared to high-income popu-

lations and adults. In addition, between 1974/1975 and

2008/2009, the prevalence of overweight has increased six-

fold for boys (3.7–21.7%) and three-fold for girls

(7.6–19.4%) (IBGE 2010). Data from the Brazilian

National School Health Survey indicated a high prevalence

of ultra-processed food consumption and physical inactiv-

ity, but that remained stable between 2009 and 2015 (Levy

et al. 2010; Azeredo et al. 2015; Costa et al. 2018; Ferreira

et al. 2018). However, considering the rapid and recent rise

of access to screen-based media in Brazil, little is known

about the impact of these additional drivers on the rate of

obesity.

It is well recognized that behaviors can co-occur with

one another through several pathways (Prochaska et al.

2008; Ottevaere et al. 2011; Leech et al. 2014; Fleary

2017), and often behaviors do not occur in isolation (Laxer

et al. 2017). Based on the framework by Prochaska et al.

(2008), identifying multiple health behaviors can help

create an integrative approach to effective interventions.

Currently, there are few studies that examine the co-oc-

curring patterns of obesogenic behaviors, and social and

environmental factors in relation to obesity, especially in

middle-income countries (Ferrar et al. 2013; Leech et al.

2014). The purpose of this study was to: (1) identify dif-

ferent classes of adolescents based on non-dietary obeso-

genic behaviors in a middle-income country, Brazil; (2)

verify the difference of social and environmental factors

associated with the classes; (3) verify the variation in the

prevalence of OWOB among the classes.

Methods

Sample and procedures

All data for this cross-sectional studywere part of the 2016 data

collection of thePhysical Activity andHealthRiskBehaviors in

High School Students of Pernambuco State (Brazil) study. The

Ethics Committee of Pernambuco State University approved

this study (CAAE: 56341416.9.0000.5192). Pernambuco State

(GrossDomesticProduct (GDP)per capita in2016 -U$5097) is

located in the Northeast of Brazil (poor region by GDP/per

capita in 2016-U$ 4502) with 9,473,266 inhabitants across 185

cities (57.8% classified as low Human Development Index).

The capital (i.e., Recife) and metropolitan region comprises

45.5% of the inhabitants (95% in urban area), and 62%

(n = 115) of the cities have less than 30,000 inhabitants.

The population of this study was high school students

attending state funding public schools. In 2016, 288,770

students were enrolled in 740 public schools across 16 State

Education Boards (SEB). Since 2011, there has been a

transition in educational policy and as a result, the distinction

of three different attendance times for public schools was

formed: ‘regular’, ‘semi-integral’ and ‘integral’. In a regular

school, the adolescents could attend classes from 7:30 am to

12:00 pm, 1:30 pm–6:00 pm, or 6:40 pm–10:00 pm. Ado-

lescents from a semi-integral school attend classes from

either 7:30 am–12:00 pm or 1:00 pm–5:30 pm, and in

addition spend two or three weekdays attending school

during the other shift. In the integral schedule they attend

classes all weekdays from 7:30 am to 5:00 pm. Schools

differed in student population size (\ 200 students, 200–499

students, and[ 500 students).

The sample size criteria were: population of 288,770

students, 95% confidence interval; 2% points of margin of

error; estimated prevalence was set to 50%; design effect

established at 2.0, and 20% increase in the minimum

sample size due to dropouts and students who declined to

participate. The minimum required sample size was 5,668

subjects. The sample was selected using a two-stage cluster

sampling process. For the first stage, schools were ran-

domly selected using probability proportionate to size

sampling (PPS) based on SEB’s, school attendance and

school size. The second stage incorporated PPS for youth

in each classroom. The sampling of schools and classrooms

were performed using a research randomizer program

(www.randomizer.org).

Measurement

Data were collected between September and December

2016. Adolescents reported their city, sex (male or female),

age (years), race (white or non-white), employment status

(yes or no), home location (urban or rural), mother‘s edu-

cation (\ high school, high school or[ high school),

television at home (yes or no), computer at home (yes or

no) and computer with internet at home (yes or no). School

attendance (regular, semi-integral or integral) was obtained

from the SEB. After data collection, the following infor-

mation for each city was retrieved from the official site of

Brazilian Institute of Geography and Statistics database:

population (range: 5648–1,537,704), population density

(ranged: 5.29–9603.0 Hab/km2), GDP per capita (ranged:

U$1647–U$10,778), external funding dependency (ranged

97.5–47.1%) and sanitation (ranged: 9.8–81.3%). These

variables were transformed into z-scores, summed and

classified into tertiles with tertile 1 representing a less

urbanized environment and tertile 3 representing the most

urbanized environment.

Information on the non-dietary obesogenic behaviors

was obtained through an interview using an adapted ver-

sion of the Global School-Based Student Health Survey

(GSHS) developed by the World Health Organization. The

non-dietary obesogenic behaviors assessed were sleep
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duration, television time, computer time, videogame time,

sitting during leisure time during weekdays and weekend

days, and moderate-to-vigorous physical activity, and

active commuting to school.

Sleep duration ‘‘During the weekdays, on average, how

many hours do you sleep per day?’’ and ‘‘During the

weekend days, on average, how many hours do you sleep

per day?’’. The answers were expressed in hours/per day.

Television time ‘‘During weekdays, how much time do you

spend per day watching television? and ‘‘During weekend

days, how much time do you spend per day watching televi-

sion?’’. The answers were expressed in minutes/per day.

Computer time ‘‘During weekdays, how much time do you

spend per day using computer? and ‘‘During weekend days,

how much time do you spend per day using computer?’’.

The answers were expressed in minutes/per day.

Videogame time ‘‘During weekdays, how much time do you

spend per day playing videogame? and ‘‘During weekend

days, how much time do you spend per day playing video-

game?’’. The answers were expressed in minutes/per day.

Sitting during leisure time ‘‘During weekdays, how much

time do you spend per day sitting talking with friends,

playing cards, speaking on phone, reading, studying (do not

consider the time on television, videogame, computer,

smartphone or tablet)?’’ and ‘‘During weekend days, how

much time do you spend per day sitting talking with

friends, playing cards, speaking on phone, reading, study-

ing (do not consider the time on television, videogame,

computer, smartphone or tablet)?’’. The answers were

expressed in hours and minutes/per day.

Moderate-to-vigorous physical activity Total time was

computed in minutes/per week from the combination of two

questions:During a typical or usualweek, onhowmanydaysdo

you practice moderate-to-vigorous physical activity?

(0–7 days) and ‘‘In the days that you practice moderate-to-

vigorous physical activity, how long time you spend?’’.

Answers were expressed in minutes, and a final variable was

created bymultiplying both questions presented in minutes/per

week.

Active commuting to school The following two questions

measured active commuting to school: ‘‘During a week, on

how many days do you walk or ride a bicycle to and from

school?’’, answers ranged from 0 to 5 days. The second

question asked, ‘‘During a week, on average, how much time

per day do you spend commuting to and fromschool (consider

the total time of the round-trip to and from school)?’’, and the

answers were expressed in minutes/per day. A final variable

was created by multiplying the answers of both questions

presented in minutes/per weekdays.

OWOB Weight and height were measured by trained

research staff using a digital scale (Beurer, Beurer, Ulm,

Germany) and portable stadiometer (Wiso E210, Wiso,

Florianópolis, Brazil). Each height was estimated to the

nearest 0.1 cm and all weights were estimated to the

nearest 0.1 kg. Students were measured in light clothes and

without shoes. Body mass index (BMI) was calculated as

[weight (kg)/height (m2)]. International sex-and age-

specific cut points (IOTF) were used to define nutritional

status (Cole and Lobstein 2012).

Statistical analyses

A latent profile analyses (LPA) was used to identify the

number of groups (k-classes) and class membership based

on non-dietary obesogenic behaviors as indicator variables.

All other categorical (e.g., sex, race, mother scholarship,

occupational status, living zone, television at home, com-

puter with internet at home, school type and city index) and

continuous (e.g., age) variables were used as covariates in

the model. For all analyses, categorical variables were

dummy coded as 0 or 1. The procedure to determine the

number of classes and class membership followed three

steps (Beets and Foley 2010; Muthén and Muthén 2012):

(a) Model fit based on Bayesian information criteria (BIC),

Akaike Information Criterion (AIC) and loglikelihood

value (b) the Lo–Mendell–Rubin value that compares a

model of k minus 1 (k - 1) classes with significant p val-

ues representing that the k - 1 is rejected (c) the entropy

value (0.0–1.0) as criterion of the quality of class mem-

bership classification, which higher value is better. One-

way analyses of variance (ANOVA) with Tukey Post hoc

analysis was performed for all non-dietary obesogenic

behavior to compare the differences between classes. Non-

dietary obesogenic behaviors were transformed into z-

scores to interpret the variation across class. Multinomial

logistic regression was performed with group (i.e., class) as

the dependent variable with individual, school, and envi-

ronmental information predicting group membership.

Finally, a binary logistic regression was performed using

OWOB as an outcome and class membership as the pri-

mary exposure, adjusted for covariates. Significance was

set at p\ 0.05. All analyses were performed using Mplus

version 7.1 (Muthen & Muthen, Los Angeles, California).

Results

A total of 5514 adolescents were interviewed and 5250

(95.2%) had complete data for all variables. The LPA

identified 5 classes as the best solution (Table 1) Fig. 1

presents the means z-score of non-dietary obesogenic

behaviors for each class, where z-score-based positive
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values indicate spending time on a given behavior above

the average, while negative values indicate spending time

on a given behavior below the average.

Table 2 summarizes characteristics of the total sample

and differences between classes. Class 1 (n = 713;13.6%)

was characterized by adolescents who had higher time

using computers (labeled as ‘‘Computers users’’), and spent

a relatively average amount of time on others behaviors;

Class 2 (n = 592;11.3%) were adolescents with shorter

sleep duration on average who were also employed, labeled

as ‘‘Short sleepers’’; Class 3 (n = 1872; 35.7%) comprised

adolescents who spent an average amount of time on most

behaviors, labeled as ‘‘Typical behaviors’’, and represented

the largest class and set as the reference for analyses; Class

4 (n = 335;6.4%) included adolescents who had higher

time playing videogames, greater screen time, MVPA and

active commuting to school, labeled as ‘‘Techno-active-

gamers’’; Class 5 (n = 1738; 33.1%) consisted of

Table 1 Model fit estimates for

K class solutions for latent

profile analysis, Brazil, 2016

(n = 5250)

Classes Loglikelihooda AICb BICc Entropyd aLMR P for K - 1e

2 - 325,753.94 651,707.91 651,935.81 0.97 \ 0.001

3 - 325,734.36 651,668.73 646,818.09 0.94 \ 0.001

4 - 323,221.41 646,642.85 643,708.75 0.96 \ 0.001

5 - 320,343.74 640,887.56 641,731.64 0.95 \ 0.001

6 - 325,136.27 650,472.58 651,522.10 0.94 0.50

7 - 325,757.67 651,715.33 652,970.34 0.91 0.24

8 - 323,092.35 646,384.71 647,845.03 0.89 0.23

9 - 322,558.10 645,316.28 646,981.90 0.88 0.21

aThe larger Loglikelihood value represents the better model
bThe smaller or lower Bayesian information criteria (BIC) value represents the better fit model
cThe smaller or lower Akaike Information Criterion (AIC) value represents the better fit model
dEntropy is a measure of correct classification and range 0.0–1.0. High values are desirable
eAdjusted Vuong–Lo–Mendell–Rubin likelihood ratio test adjusted (aLMR) for k - 1 class indicates that

the value is significant than the current model fits the data better than a model specifified with k - 1 class

Fig. 1 Mean Z-score of all non-dietary obesogenic behaviors by week and weekend days and classes membership, Brazil, 2016
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Table 2 Descriptive characteristics of each cluster, Brazil, 2016 (n = 5250)

Computer users

(C1)

Short sleepers

(C2)

Typical behaviors

(C3)

Techno-active-

gamers (C4)

Lower screen

engagement (C5)

Total

sample

n = 713

13.6%

n = 592

11.3%

n = 1872

35.7%

n = 335

6.4%

n = 1738

33.1%

n = 5250

Sex

Boys 58.4b,c,d 59.1e,f,g 37.4b,e,h,i 86.3c,f,h,j 33.8d,g,i,j 44.6

Girls 41.6 40.9 62.6 13.7 66.2 55.4

Age

14 3.8a 0.7a,e,f,g 4.2e 4.2f 3.5 g 3.5

15 23.2 10.8 24.3 20.3 18.6 20.5

16 33.1 23.8 34.0 31.9 31.5 31.8

17 28.0 37.3 27.2 30.4 31.1 30.0

18 11.9 27.4 10.3 13.1 15.4 14.3

Skin color

White 25.2a,d 20.4a 23.3i 20.0c 18.3d,i 21.4

Non-white 74.8 79.6 76.7 80.0 81.7 78.6

Occupational status

No 98.5a 0a,e,f,g 100e 92.2f 100 g 88.0

Yes 1.5 100 0 7.8 0 12.0

Zone

Urban 87.0a,d 78.9a,e,f,g 86.8e,i 87.2f,j 68.9d,g,i,j 80.0

Rural 13.0 21.1 13.2 12.8 31.1 20.0

Mother education

\High school 31.3a,d 54.5a,e,f,g 33.1e,i 34.8f,j 62.5d,g,i,j 44.9

High school 43.6 30.2 42.3 48.8 30.5 37.9

[High school 25.1 12.4 24.6 16.4 7.0 17.3

Television at home

Yes 98.3 98.3 99.4 100 98.8 99.0

No 1.7 1.7 0.6 0.0 1.2 1.0

Computer at home

Yes 97.5a,d 54.7a,e,f,g 100b,e,h,i 79.7c,f,h,j 0d,g,i,j 60.2

No 2.5 45.3 0 20.3 100 39.8

Computer with internet
at home

Yes 94.5a,b,c,d 52.5a,e,f,g 87.8b,e,h,i 75.5c,f,h,j 0d,g,i,j 56.2

No 5.5 47.5 12.2 24.5 100 43.8

School type

Regular 41.0a,d 86.5a,e,f,g 40.7e,i 48.1f,j 56.7d,g,i,j 51.7

Semi-integral 25.5 8.3 25.3 24.8 23.5 22.7

Integral 33.6 5.2 34.0 27.2 19.8 25.6

City index

1st tertile 38.0a,d 34.8a,e,f,g 38.1e,i 36.4f,j 45.7d,g,i,j 40.1

2nd tertile 21.8 38.2 25.4 26.3 33.0 28.9
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adolescents who predominantly spent less time on com-

puters and videogames, and was labeled as ‘‘Lower screen

engagement’’. Adolescents from Computer users, Typical

behaviors, and Techno-active-gamers classes were typi-

cally from urban areas, with mothers had who have more

than a high school education, lived in an area with a higher

city profile index, and had access to a computer with

internet at home, compared to adolescents from Short

sleepers and Lower screen engagement classes (p\ 0.05).

In Table 3 the mean values of non-dietary obesogenic

behaviors by class membership are presented. Regardless

of class membership (except for videogame use in Techno-

active-gamers class), adolescents reported more time

sleeping, watching television, using computers and video-

games, and sitting during leisure time, during the weekend

days compared to weekdays. Computer users (34.5% 95%

CI 31.1–38.0) and Short sleepers (29.7% 95% CI

26.1–33.5) had a statistically significant higher rate of

OWOB compared to the Lower screen engagement class

(23.3% 95% CI 21.3–25.3).

The hierarchical multinomial analyses indicated that the

odds of boys were at least two times greater to be in classes

with higher computer and videogame time, and in a class

with lower time spent sleeping, compared to girls in rela-

tion to the typical behaviors class (Table 4). Younger

adolescents who reported a lower levels of maternal edu-

cation, living in a more urbanized city, and were from an

integral school had lower odds to be in Short sleepers and

Lower screen engagement classes compared to the

reference.

Finally, adjusted regression analysis indicated that

adolescents from Computer users are more likely to be

OWOB [1.52 (CI 95% 1.25–1.86)] compared to the

reference.

Discussion

This study identified five distinct non-dietary obesogenic

behavior classes associated with social and environmental

factors in adolescents from a single state in a middle-in-

come country. While similar patterns of some non-dietary

obesogenic behaviors (i.e., sitting during leisure time and

television time) and daily variation (weekdays vs weekend

days) were observed across the classes, differences among

classes that carry important implications for the prevention

and treatment of childhood obesity emerged. Specifically,

some behaviors were more prevalent in computer users,

typical behaviors and techno-active-gamers classes. Ado-

lescents in these classes typically had better social condi-

tions and lived in a more urbanized environment. The

behaviors that distinguished these groups were computer

and videogame use, more engagement in MVPA, and

active commuting to school. Sleep duration seemed to be

more related with environmental (i.e., city-dependent fac-

tors like access to internet in a low city index) than social

conditions (i.e., income-driven factors like mother educa-

tion). Findings also indicate differences in OWOB by

classes and ranged between 23.3% (21.3–25.3) and 34.5%

(31.1–38.0).

The findings of this study have important implications

for public health efforts seeking to address OWOB in

adolescents living in middle-income countries. Low- and

middle-income countries are undergoing social and eco-

nomic transitions (Chen et al. 2014). These transitions are

characterized by increased access to screens, unhealthy

processed foods, and motorized transportation (Swinburn

et al. 2011; Popkin et al. 2012;Prentice 2006; Ford et al.

2017; Hruby and Hu 2015; Monteiro et al. 2013). Thus,

Table 2 (continued)

Computer users

(C1)

Short sleepers

(C2)

Typical behaviors

(C3)

Techno-active-

gamers (C4)

Lower screen

engagement (C5)

Total

sample

n = 713

13.6%

n = 592

11.3%

n = 1872

35.7%

n = 335

6.4%

n = 1738

33.1%

n = 5250

3rd tertile 40.2 27.0 36.5 37.3 21.3 31.0

aDifference between C1 and C2
bDifference between C1 and C3
cDifference between C1 and C4
dDifference between C1 and C5
eDifference between C2 and C3
fDifference between C2 and C4
gDifference between C2 and C5
hDifference between C3 and C4
iDifference between C3 and C5
jDifference between C4 and C5
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subpopulations of adolescents in the midst of these tran-

sitions may be at risk for adopting unhealthy behaviors.

One potential reason for differences in obesogenic

behaviors and OWOB rates across classes could be the

urbanization process. Studies have reported a positive

relationship between urbanization and rising OWOB rates

in middle-income countries (Popkin et al. 2012; Prentice

2006; Ford et al. 2017; Monteiro et al. 2007), especially in

youth (Popkin et al. 2006). Social and environmental

inequity is also well documented between and within

Brazilian regions, states, and cities. These inequities affect

the availability and accessibility of goods (e.g., computer)

and services (e.g., internet, leisure physical activity facili-

ties) associated with obesogenic behaviors (PNAD 2016).

Even though previous research has reported disparities in

obesogenic behaviors and OWOB by comparing groups

based on socioeconomic status or region in Brazil (IBGE

2010; Ferreira et al. 2018; Bloch et al. 2016), little is

known about the behaviors and OWOB in subpopulations.

The current evidence indicates that adolescents of a higher

socioeconomic status (e.g., income, parent scholarship,

private school vs public school) in a more urbanized

regions (i.e., South and Southeast) are more likely to be

physically active in leisure time and less active during

commuting to school and have higher prevalence of

OWOB (IBGE 2010; Ferreira et al. 2018; Bloch et al.

2016). In addition, a recent systematic review indicated a

positive association between socioeconomic status (i.e.,

income and parent scholarship) and total screen time,

computer and videogame time, but not television time, in

adolescents from low-middle-income countries (most data

from Brazil) (Mielke et al. 2017). Our results support this

evidence and the urbanization process related to avail-

ability and accessibility of goods and services. As seen in

the majority of Brazilian households, TV is widespread

regardless of social status; however, the access to computer

with internet at home is not yet commonplace.

Extending upon previous findings, our study shows that

even in a state located in the poorest region of Brazil, social

and environmental disparities exist in adolescents from

public schools. Further, there are distinct patterns of

behaviors and OWOB rates that differ by socioeconomic

status. Three classes demonstrated social and environ-

mental factors that were comparatively better than the other

two classes. These classes were Computer users, Typical

behaviors and Techno-active-gamers. For example, in

these three classes mother’s completion of high school and

access to a computer with internet at home were higher

than expected for students enrolled in public schools from

Northeast (PNAD 2016; Ferreira et al. 2018). This indi-

cates that theses adolescent’s families had higher income

than the others two classes. In other words, they have more

access to goods and services, and, thus, differential patterns

related to screen time use is expected across adolescents

from different social and environmental conditions.

Table 4 Adjusted multinomial logistic regression and relative risk ratio (95% CI) for background variables in cluster solutions, Brazil, 2016

(n = 5250)

Variables Computer users (C1) Short sleepers (C2) Techno-active-gamers (C4) Lower screen engagement (C5)

713 (13.6%) 592 (11.3%) 334 (6.4%) 1738 (33.1%)

RRR (95% CI) p RRR (95% CI) p RRR (95% CI) p RRR (95% CI) p

Boys 2.38 (1.97–2.87) \ 0.01 2.44 (1.98–3.00) \ 0.01 10.37 (7.35–14.62) \ 0.01 0.93 (0.80–1.10) 0.39

14–16 years 0.94 (0.78–1.13) 0.52 0.37 (0.30–0.47) \ 0.01 1.01 (0.77–1.31) 0.95 0.79 (0.67–0.91) 0.01

White 1.03 (0.83–1.28) 0.77 0.81 (0.63–1.05) 0.11 0.88 (0.63–1.09) 0.49 0.74 (0.62–0.89) 0.01

Mother scholarship

High school 1.03 (0.80–1.33) 0.78 0.51 (0.36–0.73) \ 0.01 1.02 (0.76–1.37) 0.88 0.39 (0.33–0.46) \ 0.01

C High school 1.05 (0.85–1.31) 0.31 0.53 (0.41–0.74) \ 0.01 0.57 (0.38–0.83) 0.01 0.16 (0.12–0.50) \ 0.01

School type

Semi-integral 0.97 (0.78–1.21) 0.84 0.13 (0.09–0.18) \ 0.01 0.81 (0.60–1.10) 0.17 0.61 (0.51–0.72) \ 0.01

Integral 0.99 (0.80–1.24) 0.97 0.05 (0.04–0.08) \ 0.01 0.65 (0.48–0.88) 0.01 0.37 (0.31–0.44) \ 0.01

Urban 0.99 (0.76–1.28) 0.94 0.89 (0.68–1.15) 0.37 1.10 (0.76–1.57) 0.61 0.45 (0.37–0.53) \ 0.01

City index

2nd tertile 1.16 (0.91–1.48) 0.21 1.33 (1.04–1.70) 0.02 1.20 (0.70–2.06) 0.49 1.18 (0.99–1.41) 0.06

3rd tertile 1.28 (1.02–1.61) 0.03 0.51 (0.40–0.65) \ 0.01 1.33 (0.81–2.20) 0.26 0.51 (0.43–0.61) \ 0.01

Typical behaviors class (n = 1872) was used as a reference class; Intraclass correlation coefficient ICC class level = 5.48e-31; ICC School

level = .0019575, and ICC School Education Board level = 2.77e-32; RRR = Relative risk ratio
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Additionally, the present study identified different pat-

terns of screen time use, MVPA and active commuting to

school among adolescents in these three classes. This is an

important finding since the prevalence of OWOB of ado-

lescents from Computer users were significantly higher

compared to those in the Typical behaviors class. Put

simply, excessive time on the computer could be an

important factor that is related to increased risk for OWOB.

It is also important to note that no significant differences

between prevalence of OWOB and sex were observed

among adolescents in the same class (data not shown).

Moreover, the Techno-active-gamers had similar duration

of total screen time compared to Computer users, but the

prevalence of OWOB was lower (p = 0.07) and similar to

the Typical behaviors class. This result could be interpreted

in two ways. High computer usage could be a more

important risk factor for OWOB than the total screen time,

or is it the distribution of time across screen time devices?

In this case higher screen time with a large proportion of

time spent playing videogames was related to higher

MVPA and active commuting to school. This is an

important finding since we did not expect to find different

patterns of MVPA and active commuting to school in these

students. The authors of the present study speculate that

videogame use could have influenced active choices, such

as commuting to school and engagement in more MVPA.

However, the majority (* 80%) of adolescents in this

class were male, therefore this finding may be a function of

sex rather than the other characteristics. This class is

similar to other classes of children that report high activity

and video game use in previous studies. For example, a

recent, systematic review reported that their ‘‘technoac-

tives’’ cluster/class were identified by eight of 18 studies of

obesogenic behaviors which employed latent class analysis

or cluster analysis (Ferrar et al. 2013). Our study reinforces

the global monoculture associated with technology in

youth worldwide.

Short sleep duration in adolescents has been associated

with increased risk for OWOB (Sluggett et al. 2019), and

our study shows that the environment plays a larger role in

sleep duration compared to social factors of adolescents in

lower social conditions. Our findings both confirm and

extend previous evidence by considering the environment

for youth in middle-income countries. All adolescents in

the Short sleepers class are workers and the observed

higher association with OWOB could be related to occu-

pational factors. For example, adolescents of this class

have the same school start time as the other classes,

therefore may have late bedtimes due to work commit-

ments and the quality of sleep may be worse than the other

classes given laboral activity and/or the workplace envi-

ronment that they are exposed.

It is difficult to directly compare the results of this study

to other studies due to the methodological differences

(Ferrar et al. 2013). Additionally, most previous studies

have been conducted in high-income countries. For

example, Iannotti and Wang (2013) using the same statis-

tical approach in a nationally representative sample of U.S

adolescents and found differences in obesity between the

identified classes, although these differences were smaller

when compared to our results. This could be due to the

prevalence of obesity being higher and the trajectory of

OWOB becoming more ‘stable’ in developed countries as

reported in recent time series studies (Ng et al. 2014;

Abarca-Gómez et al. 2017; Finucane et al. 2011), or on the

other hand, this may be explained by the improved ‘access’

to goods and services (i.e., becoming more urbanized) for

the total population and, thus, differences are less likely to

be identified in these rapidly-changing countries. In addi-

tion, findings from two systematic reviews of co-occur-

rence behavioral patterns indicated that the identified

subpopulations are specific to the cultures and population

(Leech et al. 2014; Ferrar et al. 2013).

Our findings provide more evidence of adolescents’

behavioral patterns related to OWOB and have implica-

tions for targeted health interventions to adolescents from

different social conditions and environments. Interventions

for classes with better social conditions could target

schools’ extra-curricular programs since the majority of

time is spent at school. In that case, expand and/or extend

opportunities of physical activity during the school time to

replace sedentary time (Beets et al. 2016). Moreover,

intervention efforts should also focus on weekend days,

particularly youth characterized as computer users and

techno-active-gamers, due to the high levels of observed

screen time. For working adolescents, a comprehensive

approach should be considered due to the various they

attend during the day. This study has several strengths.

First, BMI was measured in a representative sample of

adolescents from a state in the poorest region in a middle-

income country. Second, this study used a latent profile

analysis, allowing for the input of simultaneous covariates

in the model to identify classes, and thereby, has demon-

strated different patterns associated to OWOB. Third, a

broad number of non-dietary obesogenic behaviors were

measured on weekdays and weekends, compared to pre-

vious studies. However, there are limitations that must be

considered when interpreting the results. First, even though

a large and representative sample of adolescents from

public schools were used, the results cannot be generalized

to adolescents from the same region or other regions, or

adolescents enrolled in private schools in the same state.

Second, all behaviors were self-reported, and it could be

representing a bias. Third, data on dietary behaviors were

not collected. Fourth, we used demography, economic and
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environmental indicators as a proxy for urbanization.

While these are commonly reported metrics from the

Brazilian government there is no universally accepted

measure of urbanization. Thus, the findings of this study

related to urbanization may only apply to Brazil.

Future studies should investigate the attitudes and

behaviors related to specific screen devices to determine

when and how it could affect other risk behaviors related to

OWOB (e.g., MVPA and diet). In addition, longitudinal

studies are crucial to better understand how social and

environmental factors are associated with non-dietary

obesogenic behaviors patterns over time and how this

impacts OWOB in youth.
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