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Lifestyle behaviors and associated factors among individuals 
with diabetes in Brazil: a latent class analysis approach

Comportamentos de estilo de vida e fatores associados entre 
indivíduos portadores de diabetes no Brasil: uma abordagem 
com análise de classes latentes

Resumo  Neste estudo de caráter transversal 
objetivou-se identificar os padrões de comporta-
mento de estilo de vida e sua associação com ca-
racterísticas sociodemográficas. Utilizou-se como 
base de dados a Pesquisa Nacional de Saúde de 
2019, com adultos (≥ 18 anos) diabéticos. Os pa-
drões de saúde foram definidos pela Análise de 
Classes Latentes em quatro domínios: tabagismo, 
consumo de bebidas alcoólicas, atividade física 
e alimentação. Foi aplicada análise de regressão 
multinominal para identificar a associação entre 
os padrões de comportamento e as variáveis so-
ciodemográficas de interesse. Identificou-se três 
padrões de comportamento: a Classe 1 correspon-
de a 17% da amostra e compreende indivíduos 
com maior probabilidade de comportamentos de 
risco ligados à alimentação; a Classe 2 (baixos ní-
vel de atividade física e consumo de frutas e hor-
taliças) compreende 71,2% da amostra; e a Classe 
3 (11,8% da população) reúne os indivíduos com 
menor chance de desenvolver comportamentos de 
risco. Indivíduos com 45 anos ou mais, com bai-
xa escolaridade e sem plano de saúde têm menos 
chances de pertencer à Classe 1. Homens, que não 
fazem visitas regulares ao médico têm maiores 
chances de pertencer à Classe 2, bem como aque-
les com 45 anos ou mais, com baixa escolaridade.
Palavras-chave Comportamento de saúde, Aná-
lise de classes latentes, Diabetes mellitus, Inquéri-
tos de saúde 

Abstract  The purpose of the cross-sectional 
study was to identify patterns of modifiable life-
style behaviors and examine the relationship be-
tween sociodemographic characteristics and dis-
tinct lifestyle behaviors. The data were gathered 
from the National Health Survey 2019, a study 
that included adults with diabetes. Four domains 
of lifestyle behaviors were used to define these 
behaviors: smoking, alcohol consumption, phys-
ical activity, and diet. The association between 
patterns of lifestyle behaviors and variables of 
interest was assessed using multinomial regres-
sion analysis. The three lifestyle patterns identi-
fied were: Class 1, referred to as “unhealthy diet,” 
comprised 17.0% of the sample and was charac-
terized by unhealthy eating habits; Class 2 (less 
active and insufficient fruit and vegetable intake) 
represented 71.2% of the sample; Class 3 referred 
to as “low risk” (11.8%) is characterized by a low-
er probability of engaging in most risky behav-
iors. A person over 45 years of age with little or 
no education and no health care coverage was less 
likely to be a member of Class 1. Male individuals 
who do not attend a doctor regularly exhibited 
more chances of belonging to Class 2. Mixed-race 
individuals aged 45 years or more with a low level 
of education have a lower chance of belonging to 
this class.
Key words Health behavior, Latent class analy-
sis, Diabetes mellitus, Health surveys 
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introduction

Global health challenges are currently affecting 
the majority of the population. It is notewor-
thy that chronic non-communicable diseases 
(NCDs) are becoming increasingly prevalent, 
such as diabetes mellitus (DM), cardiovascular 
disease (CVD), cancer, and respiratory disease, 
are regarded worldwide as the leading causes of 
death1. There were 451 million diabetics world-
wide in 2017, based on the International Dia-
betes Federation’s estimate2. These figures are 
expected to increase to 693 million by 20452. 
Currently, 70% of those with diabetes live in low- 
and middle-income countries, and the number 
of people with diabetes will more than double in 
these countries over the next 20  years3,4. These 
estimates are worrying as diabetes was respon-
sible for 294,203 deaths in Brazil between 1996 
and 20115.

The issue of diabetes is not only one of health 
but also of economics. People with diabetes are 
predominantly middle-aged and are at the top of 
their professional and economic careers6, and its 
complications can result in disability and prema-
ture death in individuals with diabetes, causing 
substantial healthcare system costs7. Diabetes has 
a multifactorial etiology involving genetic and 
modifiable lifestyle factors. The main behavioral 
risk factors for the onset of NCDs are excessive 
consumption of alcoholic beverages, smoking, 
physical inactivity, and an unhealthy diet8,9. Stud-
ies have also revealed that changes in lifestyle 
patterns through the adoption of health behav-
iors can effectively improve an individual’s health 
conditions or alleviate symptoms and complica-
tions of chronic diseases, such as diabetes10. 

Health behaviors do not occur in isolation, 
and there is often synergy between them11, so it 
is pertinent to investigate the combined occur-
rence of these behaviors to better predict an indi-
vidual’s overall healthy lifestyle12,13. Research on 
the clustering of health behaviors has increased 
recently since it is a potential tool for organizing 
individuals into mutually exclusive groups by 
considering similarities in characteristics and be-
haviors14-16, allowing the verification of which be-
haviors coexist among individuals. Researchers 
have identified clustering patterns and the co-oc-
currence of negative and positive health-related 
behaviors through observational studies16-18. In 
order to make interventions more targeted and 
customized, it is essential to be able to identify 
subgroups with similar behaviors among people 
with diabetes.

Nevertheless, evidence from diabetes stud-
ies19,20 indicates that lifestyle behaviors are often 
examined separately. Additionally, there is a lack 
of evidence regarding clusters of health-related 
behaviors among people with diabetes living in 
low-, lower-middle-, and upper-middle-income 
countries, and it is assumed that health behavior 
patterns are closely associated with demograph-
ics. We used latent class analysis (LCA) on a na-
tionally representative sample dataset in order to: 
(1) identify the patterns of modifiable lifestyle 
behaviors (physical activity, sedentary behavior, 
diet, smoking, and drinking); (2) assess the rela-
tionship between sociodemographic characteris-
tics and distinct patterns, thereby identifying the 
most vulnerable subgroups of patients.

Methods

Data source and participants

We obtained data from the National Health 
Survey (PNS – Portuguese acronym for Pesquisa 
Nacional de Saúde), a population-based house-
hold survey conducted in Brazil in 2019, by the 
Brazilian Institute of Geography and Statistics 
(IBGE – Portuguese acronym for Instituto Bra-
sileiro de Geografia e Estatística) in partnership 
with the Ministry of Health (MH) and the Os-
waldo Cruz Foundation (Fiocruz – Portuguese 
abbreviation for Fundação Oswaldo Cruz)21. The 
2019 PNS included people aged 15 years or old-
er residing in private households throughout the 
country. Using a three-stage cluster sampling 
technique, census sectors were used as the pri-
mary unit, households were used as the second-
ary unit, and the adults of each household were 
selected as tertiary units to complete the PNS 
questionnaire. There are more details regarding 
the sample available elsewhere21.

We included individuals over the age of 18 
who answered positively to the question on the 
survey questionnaire, “Has your doctor already 
diagnosed you with diabetes?” (n = 7,358), as 
part of this study (n = 88,531). A total of 7,327 
individuals were included in this study after ex-
cluding pregnant women (n = 31).

Study variables

We constructed the LCA based on the pat-
terns of lifestyle behaviors that include the fol-
lowing ten modifiable lifestyle risk factors, all 
of them as dichotomous indicators: (i) current 
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smoking; (ii) binge drinking (more than five 
doses on a single occasion)1; (iii) physically inac-
tive (< 150 minutes of light or moderate activity/
week)22; (iv) excessive time spent watching televi-
sion (> 2 hours/day)23;  (v) excessive time spent on 
the computer (> 2 hours/day)24; (vi) insufficient 
intake of fruits/natural juices and vegetables (< 
25 times a week/< 5 servings a day)25; (vii) regu-
lar consumption of sweets (≥ 5 days/week)26; (viii) 
overconsumption of red meat (> 3 times/week)27; 
(ix) regular consumption of soft drinks (≥ 5 times/
week); and (x) regular consumption of artificial 
juices (≥ 5 times/week)26.

Sociodemographic variables were: sex (male/
female), age group (18-24 years; 25-34 years; 35-
44 years; 45-54 years; 55-64 years; ≥ 65 years), 
race/color (white, black, mixed race and others), 
schooling (illiterate and incomplete elementary 
school level, complete elementary and incomplete 
high school level, complete high school and in-
complete higher education level, complete high-
er education level), socioeconomic classification 
(high: A and B1; middle: B2 and C1; and low: C2, 
D, and E)28, self-perceived health (very bad/bad/
regular, and good/very good), lives with a partner 
(yes/no), marital status (married, separated/di-
vorced/widower, and single), regular visits to the 
doctor (yes/ no) and health care insurance (yes/
no).

Latent class analysis (LcA) 

The binary latent class indicators were created 
to reflect existing health recommendations and in-
cluded ten items representing multiple dimensions 
of lifestyle behaviors. As part of the LCA, we first 
identified heterogeneous groups of health behav-
iors among individuals with diabetes to examine 
lifestyle behavior clusters (outcome variable) pat-
terns. We intended to emphasize the importance 
of health behavior patterns among heterogeneous 
individuals by analyzing clusters of health behav-
iors rather than single behaviors29. The LCA is 
used to identify latent classes within a population 
based on individual responses to discrete manifest 
variables (observed indicators). This technique 
has been widely adopted in medical studies and 
health research. In our study, we derived mutual-
ly exclusive groups of individuals whose discrete 
manifest responses to health behaviors were mini-
mal within groups and whose differences between 
groups were maximal. LCA examines unobserved 
heterogeneity, mitigating the possibility of biased 
estimates due to heterogeneity in conventional re-
gression. A person-centered approach reveals the 

smallest differences in health behaviors among in-
dividuals within the same class. LCA is based on a 
finite mixture model30. 

To classify the latent classes of patterns of life-
style behaviors, we used a series of model fit cri-
teria, including the Akaike information criterion 
(AIC), conditional Akaike information criterion 
(cAIC), and Bayesian or adjusted Bayesian infor-
mation criterion (BIC/aBIC). In order to compare 
the model fit between sequential classes, we used 
the Vuong–Lo–Mendell–Rubin likelihood ratio 
test (LMR). 

Data analyses

We calculated the relative frequencies and the 
95% confidence intervals (CI) for the descriptive 
analysis, considering the sample’s complex design. 
Using a multinomial logistic regression model 
with Class 3 as the reference category, we exam-
ined the associations between each latent class of 
lifestyle behaviors (outcome variable), sociode-
mographic variables, and other variables of inter-
est (independent variables). All sociodemographic 
variables and the time since the disease diagnosis 
were considered in the multivariate model. LCA 
analysis was performed using the Statistical Pro-
gram R 4.1.1, package poLCA. SAS On-Demand 
for Academics was used for descriptive analysis 
and multinomial logistic regression. SAS survey 
procedures (proc surveyfreq, proc surveymeans, 
proc surveylogistic) were used to account for the 
complex sampling design of the study. The signif-
icance level of the study was 5%.

The PNS received approval from the National 
Research Ethics Commission (CONEP – Portu-
guese abbreviation for Comissão Nacional de Éti-
ca em Pesquisa) of the National Health Council 
(CNS – Portuguese acronym for Conselho Na-
cional de Saúde). Respondents who were part of 
the sample agreed to participate in the study by 
signing the Term of Free and Informed Consent.

 

Results

The sociodemographic characteristics of the sam-
ple are shown in Table 1. Most respondents were 
women aged 65 years or older, with white skin 
color, illiterate or with an incomplete elementa-
ry level of education, low socioeconomic status 
(most belong to classes C2, D, and E), married, or 
living with a partner. Most individuals with dia-
betes reported having a negative self-perception 
of their health, regularly visiting the doctor, not 
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having a private health insurance plan, and not 
having a private health insurance plan.

table 1. Sociodemographic characteristics of individuals 
with diabetes in Brazil. National Health Survey, 2019.

Variables
% (95%ci)
Diabetics 

(n = 7,327)
Sex
   Male 40.4 (38.4 – 42.4)
   Female 59.6 (57.6 – 61.6)
Age (in years)
   18-34 4.4 (3.5 – 5.4)
   35-44 9.1 (8.0 – 10.3)
   45-54 17.9 (16.2 – 19.6)
   55-64 28.0 (26.3 – 29.8)
   ≥ 65 40.5 (38.6 – 42.3)
Race/color
   White 44.8 (42.8 – 46.7)
   Black 11.6 (10.4 – 12.8)
   Mixed race 41.7 (39.7 – 43.6)
   Other§ 2.0 (1.4 – 2.6)
Schooling
   Illiterate to incomplete 
elementary school

56.8 (54.9 – 58.8)

   Complete elementary school to 
incomplete high school

11.9 (10.5 – 13.3)

   Complete high school to 
incomplete higher education

21.4 (19.8 – 23.1)

   Complete higher education 
(graduate)

9.9 (8.8 – 11.0)

Socioeconomic classification£

   High (A – B1) 8.5 (7.2 – 9.8)
   Middle (B2 – C1) 33.8 (31.9 – 35.7)
   Low (C2/D/E) 57.7 (55.7 – 59.7)
Lives with a partner
   No 37.2 (35.5 – 38.9)
   Yes 62.8 (61.1 – 64.5)
Marital status
   Married 52.5 (50.6 – 54.4)
   Separated, divorced, or widower 26.1 (24.5 – 27.7)
   Single 21.4 (19.9 – 23.0)
Regular visits to the doctor
   No 28.5 (26.6 – 30.5)
   Yes 71.5 (69.5 – 73.4)
Health care insurance
   No 72.3 (69.5 – 73.4)
   Yes 27.7 (25.9 – 29.5)
Self-perception of health
   Very good/good 33.5 (31.6 – 35.4)
   Regular/bad/very bad 66.5 (64.6 – 68.4)

 § Corresponds to the yellow + indigenous race; £ according to 
ABEP criteria.

Source: Authors.

table 2. Distribution of individuals with diabetes 
and 95%CI according to lifestyle variables. National 
Health Survey, 2019. 

Variable
% (95%ci)
Diabetics

(n = 7,327)
Smoking

Yes 10.1 (8.9 – 11.4)
No 89.9 (88.6 – 91.1)

Excessive alcohol consumption
Yes 8.3 (7.2 – 9.3)
No 91.7 (90.7 – 92.8)

Leisure-time physical activity
Active ≥ 150 min./week 20.5 (18.8 – 22.1)
Inactive < 150 min./week 79.5 (77.9 – 81.2)

Time spent watching TV
> 2 hours/day 51.6 (49.5 – 53.7)
≤ 2 hours/day 48.4 (46.3 – 50.5)

Time spent on the computer
> 2 hours/day 18.3 (16.7 – 19.9)
≤ 2 hours/day 81.7 (80.1 – 83.3)

Intake of Fruits and vegetables 
≥ 5 portions/day 16.9 (15.4 – 18.4)
< 5 portions/day 83.1 (81.6 – 84.6)

Red meat consumption
> 3 portions/week 34.7 (33.0 – 36.5)
≤ 3 portions/week 65.3 (63.5 – 67.0)

Consumption of sweets
≥ 5 portions/week 8.5 (7.4 – 9.7)
< 5 portions/week 91.5 (90.3 – 92.6)

Soft drinks
≥ 5 times/week 6.4 (4.9 – 7.9)
< 5 times/week 93.6 (92.1 – 95.1)

Artificial juices
≥ 5 times/week 9.7 (8.5 – 10.9)
< 5 times/week 90.3 (89.1 – 91.5)

Source: Authors

According to the distribution of individuals 
with diabetes according to lifestyle variables (Ta-
ble 2), almost 90% of those with diabetes were 
non-smokers and did not consume excessive 
amounts of alcohol. Almost 80% of respondents 
reported practicing less than 150 minutes of phys-
ical activity per week. Approximately half spent 
more than two hours watching television each 
day, and only 20% spent more than two hours 
on the computer each day. Most individuals with 
diabetes (83.1%) reported consuming less than 
25 servings of FVs weekly, eating red meat three 
times a week or less (65.3%), sweets (cakes, pies, 
chocolates, candies, cookies, or sweet biscuits) 
less than five times per week (91.5%), and sweet-
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ened beverages (soft drinks and artificial juices, 
respectively) less than five times per week (93.6% 
and 90.3%, respectively).

According to the latent class model fit cri-
terion, small AIC or adjusted BIC values and 
large entropy values indicate a good model fit in-
dex. Also, we used the LMR approach to compare 
the improvements in model fit between sequen-
tial classes; from one up to six classes, we found 
significant test statistics, indicating that the mod-
el with K classes is superior to the model with 
K-1 latent classes. Based on the model fit indices 
(Table 3) and parsimony (i.e., interpretability), 
we identified three latent classes of patterns of 
lifestyle behaviors, each with notable character-
istics (Figure 1). The lifestyle behaviors of Class 
1 corresponded to 17.0% of the population (n 
= 1,249 individuals) and comprised individuals 
with a higher probability of engaging in the five 
risk behaviors related to eating. There were 5 215 
individuals in Class 2 (71.2% of the population) 
who were more likely to engage in risk behaviors 
related to their low leisure-time physical activity 
and low intake of FVs. Class 3 represented 11.8% 
of the sample (863 individuals) and is character-
ized by the lower probability of engaging in most 
risk behaviors, and that is why it was used as a 
reference for comparisons.

Almost 90% of the respondents in Class 1 re-
ported consuming insufficient FVs, and 18% re-
ported excessive consumption of red meat, arti-
ficial juices, soft drinks, and sweets, respectively. 
In Class 2, 90.7% of respondents reported a low 
level of leisure-time physical activity, whereas 
90.4% reported a low intake of FVs. In Class 3, 
the probability of adopting all risk behaviors was 

low compared to the other classes, and none of 
the respondents reported regular consumption of 
artificial juices and soft drinks. 

Table 4 presents the odds ratio (OR) for the 
three latent classes of patterns of lifestyle behav-
iors associated with sociodemographic and other 
variables of interest estimated by a multinomial 
logistic model. Comparing Classes 1 and 3, we 
observed that individuals aged 45 years or over 
were less likely to adopt risky eating behaviors 
than those aged between 18 and 24. Similarly, 
those with a lower level of education (OR: 0.30; 
95%CI: 0.19-0.48) and without health care insur-
ance (OR: 0.55; 95%CI: 0.41-0.75) were less like-
ly to adopt an unhealthy diet compared to their 
counterparts. 

Comparing Classes 2 and 3, we identified that 
male individuals had more chance (OR: 2.03; 
95%CI: 1.59-2.58) of being physically inactive 
with an insufficient intake of FVs than women. 
Also, the individuals who did not visit a doctor 
regularly (OR: 1.46; 95%CI: 1.11-1.92) tended to 
present the same behavior. In contrast, mixed-
race individuals aged 35 years or more (OR: 0.75; 
95%CI: 0.59-0.96) with a low level of education 
(OR: 0.54; 95%CI: 0.37-0.79) had fewer chances 
of belonging to Class 2.

Discussion

This is the first study to identify lifestyle be-
havior among individuals with diabetes in Latin 
America, particularly Brazil. The study identifies 
lifestyle behaviors using the LCA method, an in-
novative approach to exploratory analysis. The 
results of our study indicated that three distinct 

table 3. Model fit statistics of LCA models (n = 7,327).

Number of 
classes

log-
likelihood

resid. 
df Aic Bic aBic cAic likelihood-

ratio

p-value 
LMR 
test

entropy

1 1013 58153.33 58222.32 58190.55 58232.32 1636.394 -
2 -28791.57 1002 57625.15 57770.03 57703.3 57791.03 1086.208 < 0.001 0.315
3 -28671.43 991 57406.86 57627.63 57525.95 57659.63 845.9182 < 0.001 0.316
4 -28631.56 980 57349.11 57645.78 57509.14 57688.78 766.1756 < 0.001 0.329
5 -28605.3 969 57318.61 57691.17 57519.57 57745.17 713.6674 < 0.001 0.32
6 -28582.78 958 57295.55 57744.01 57537.45 57809.01 668.6152 < 0.001 0.325

Bold font signifies the selected model; df – degrees of freedom; AIC – Akaike’s information criterion; BIC – bayesian information 
criterion; aBIC – sample-size adjusted BIC; cAIC – conditional Akaike’s information criterion; LMR Vuong-Lo-Mendell-Rubin 
likelihood ratio test.

Source: Authors.
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patterns of lifestyle behaviors are associated with 
risk patterns of lifestyle behaviors. These patterns 
include sex, education, age, race, and regular 
doctor visits. Considering these results, it may be 
possible to design specific intervention strategies 
for high-risk subgroups.

Class 1 (unhealthy diet) comprised 17% of 
the sample and showed the highest probabili-
ty of items for unhealthy eating behaviors than 
other groups. Although most participants did 
not adopt this pattern, this result is worrying 
since individuals classified in this group reported 
regularly consuming foods rich in sugar, such as 
sweets and sugar-sweetened beverages (artificial 
juices and soft drinks). The consumption of FVs, 
foods considered healthy sources of fiber, was 
also irregular. Adopting healthy eating habits, in-
cluding the regular consumption of FVs, whole 
grains, lean meats, and plant-derived proteins, is 
essential for preventing, treating, and controlling 
NCDs25,31,32. In the same way, limiting the con-
sumption of sweetened foods is the main recom-
mendation for DM patients, representing a direct 
relationship with blood glucose control.

Several studies16-18,20 have analyzed lifestyle 
behavior patterns among adults in recent years. 

Nevertheless, these studies are conducted in 
different populations, use different analytical 
methods, and employ different lifestyle behav-
iors, making comparing results across studies 
difficult. According to our study, individuals over 
45 and those with a low level of education were 
less prevalent in Class 1. A study with American 
adults33 who used the LCA to identify behavior 
patterns has shown that younger adults are more 
likely to be in the non-healthy groups. As a re-
sult, this may significantly impact future genera-
tions’ health since their children are highly likely 
to adopt similar lifestyle behaviors. In addition, 
they are more prone to chronic diseases as well. 
Efforts should be made to reverse this trend by 
targeting young adults who have a direct impact 
on children’s health as well as children and ado-
lescents.

Some studies16,33-35 have found that high levels 
of education facilitate compliance with self-man-
agement of diabetes, in contrast to our data. Our 
results may be explained by the fact that individ-
uals with a low level of education engage in fewer 
risky eating behaviors. It is because of the diffi-
culty of accessing financial resources since edu-
cation can be considered a proxy for income. In 

Figure 1. Item-response probabilities of lifestyle behaviors for the three-class model: the probability of endorsing 
an item given a latent class. Item-response probabilities are the probabilities of participants responding to different 
items. National Health Survey, 2019.

Source: Authors.

Regular consumption of artificial juices

Excessive frequency of red meet consumption

Regular consumption of soft drinks

Regular consumption of sweet

Insufficient consumption of fruits/natural juices 
and vegetables
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Binge drinking

Curent smoking

  0,0       0,1      0,2       0,3       0 ,4     0,5       0,6      0,7       0,8       0,9      1,0
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addition, our findings are consistent with qual-
itative research among diabetes patients, which 
found that respondents from low socioeconomic 
backgrounds followed self-management behav-
ior (SMB) instructions strictly and almost literal-

ly. In contrast, those from higher socioeconomic 
backgrounds interpreted SMB instructions rela-
tively freely.

Class 2, the less active and insufficient FV 
intake group, was the most prevalent category 

table 4. Association analysis between variables of interest and patterns of lifestyle behaviors among individuals 
with diabetes. National Health Survey, 2019.

class 1 vs. class 3 class 2 vs. class 3
oR€ (95%ci) oR€  (95%ci)

Sex
   Male 0.88 0.65-1.19 2.04** 1.59-2.61
   Female Ref Ref
Age (in years)
   18-34 Ref Ref 
   35-44 0.63 (0.30-1.32) 0.43* (0.23-0.79)
   45-54 0.36* (0.18-0.73) 0.27* (0.16-0.48)
   55-64 0.19* (0.11-0.34) 0.19* (0.10-0.37)
   ≥65 0.19* (0.10-0.37) 0.16* (0.09-0.27)
Race/color§

   White Ref Ref
   Black 0.87 (0.53-1.41) 0.89 (0.63-1.26)
   Mixed race 1.00 (0.75-1.33) 0.75* (0.59-0.96)
Schooling
   Illiterate to incomplete elementary school 0.30* (0.19-0.48) 0.59* (0.39-0.87)
   Complete elementary school to incomplete high school 0.63 (0.37-1.08) 0.87 (0.50-1.53)
   Complete high school to incomplete higher education 0.86 (0.56-1.31) 1.03 (0.69-1.54)
   Complete higher education (graduate) Ref Ref
Socioeconomic classification£

   High (A-B1) Ref Ref
   Middle (B2-C1) 0.95 (0.60-1.49) 0.74 (0.45-1.19)
   Low (C2/D/E) 0.61 (0.37-1.01) 0.56* (0.34-0.95)
Self-perception of health
   Very good/good Ref Ref
   Regular/bad/very bad 0.89 (0.66-1.20) 0.97 (0.75-1.25)
Lives with a partner
   No Ref Ref
   Yes 1.03 (0.69-1.52) 0.97 (0.69-1.36)
Marital status
   Married Ref Ref
   Separated, divorced or widower 0.81 (0.51-1.24) 1.12 (0.77-1.64)
   Single 0.79 (0.55-1.12) 1.27  (0.88-1.82)
Regular visits to the doctor
   No 0.83 (0.61-1.11) 1.46* (1.11-1.92)
   Yes Ref Ref
Health care insurance
   No 0.56* (0.41-0.77) 0.76 (0.57-1.02)
   Yes Ref Ref

OR€: odds ratio adjusted for time since diabetes diagnosis and all table variables; CI: confidence interval; Class 1 unhealthy diet 
group; Class 2 less active and insufficient FV intake group; Class 3 low-risk group; § yellow + indigenous race were excluded due to 
minor frequency (n = 123); £ according to ABEP criteria; * p < 0.05.

Source: Authors.
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(71.2%). Most individuals with diabetes reported 
not engaging in the recommended level of phys-
ical activity. This is a concern since adopting and 
maintaining physical activity is critical for blood 
glucose management and overall health in indi-
viduals with diabetes and prediabetes37. Some au-
thors have observed that exercise improves blood 
glucose control in type 2 diabetes, reduces cardio-
vascular risk factors, contributes to weight loss, 
and improves well-being38,39. Furthermore, regu-
lar exercise may prevent or delay type 2 diabetes 
development. Furthermore, optimal consump-
tion of FVs has been identified as a protective fac-
tor against diabetes development and control40,41. 
Fiber content, shallow to moderate energy densi-
ty, and a wide range of nutrients (e.g., potassium 
and vitamin C) and phytochemicals (e.g., poly-
phenols and carotenoids) are among the many 
health benefits provided by FVs42,43.

Men and individuals who do not regularly 
visit a doctor had more chance of belonging to 
Class 2 than their counterparts. Other previous 
studies have also reported higher male preva-
lence in more unhealthy clusters44,45. In fact, men 
have a different self-care pattern than women. 
They seek fewer health services and, consequent-
ly, receive less guidance regarding the risks and 
consequences of inappropriate health behaviors 
related to NCDs46,47.

A recent study has shown that not making reg-
ular doctor visits increases the chance of Brazilians 
with diabetes not engaging in healthy behaviors 
independently of sex, age, schooling, and eco-
nomic status48. Similar results were also observed 
among hypertensive individuals49. In contrast, 
mixed-race individuals aged 35 years or more, 
with a lower level of education, were less likely to 
belong to Class 2. There is a difference between 
our results and those in the literature regarding 
the educational level and color/race. One possible 
explanation could be that social desirability bias is 
present. As a result, participants may respond in a 
way that does not reflect their reality, adapting to 
guidance previously received. Additionally, many 
individuals who receive a diagnosis may begin 
to adopt healthier behaviors after following the 
guidelines provided by the health team.

Some limitations of the study should be men-
tioned. Firstly, all information on health behav-
iors is self-reported, and the nature of these data 
introduces the possibility of social desirability bias 
as the survey content is evident. However, gold 
standards or objective measures are less feasible 
and cost-prohibitive to collect in large population 

studies. Another limitation lies in the cross-sec-
tional design of this study, as we can only provide 
a snapshot of the association between current 
lifestyle behaviors and other characteristics in in-
dividuals with diabetes. Additionally, we did not 
consider the complex sampling design in LCA, so 
results should be interpreted with caution due to 
possible underestimates of the associations be-
tween covariates and class membership50. Finally, 
the behaviors evaluated in this study are not the 
only ones involved in the lifestyle concept. Be-
haviors such as hours of sleep, use of other drugs, 
and differences between types of physical activity, 
among others, were not considered in this study.

In this study, some limitations should be men-
tioned. First, all health behavior information was 
self-reported, and because of the survey content, 
there is a possibility of social desirability bias. In 
extensive population studies, however, gold stan-
dards and objective measures are less feasible and 
more expensive to collect. The cross-sectional 
design of this study presents another limitation 
since we can only provide a snapshot of the as-
sociation between current lifestyle behaviors and 
other characteristics in individuals with diabetes. 
Moreover, the complex sampling design of LCA 
was not considered, so the results should be in-
terpreted with caution due to the possibility of 
an underestimate of the associations between 
covariates and class membership50. Furthermore, 
lifestyle is not limited to the behaviors examined 
in this study. We did not consider behaviors such 
as sleep hours, drug use, and differences between 
types of physical activity in this study.

Among the strengths of this study are the use 
of an innovative analysis model and the use of 
recent extensive population-based data. Future 
studies that include in their analysis other vari-
ables related to lifestyle that prioritize directly 
measured information and that do not only con-
sider the individual’s self-perception may contrib-
ute to a better understanding of these patterns.

In a diabetic population, three groups have 
been identified based on lifestyle behavior factors. 
Individualized behavioral modification strategies 
should be tailored to high-risk groups based on 
their demographic and clinical characteristics. A 
lot still needs to be done to improve preventive 
health behaviors for specific high-risk groups. 
Moreover, disparities across demographic groups 
suggest that population-level interventions may 
not be as effective as anticipated and may not 
reach at-risk groups. As a result, some groups 
may benefit from more targeted interventions.



1991
C

iência &
 Saúde C

oletiva, 28(7):1983-1992, 2023

collaborations

GB Peres contributed to the interpretation, dis-
cussion of the data and drafted the initial manu-
script. LB Nucci contributed to the data analysis, 
interpretation and writing of the manuscript. 
ALM Andrade contributed to the interpretation 
and writing of the manuscript. CC Enes contrib-
uted to the conception, design, analysis, inter-
pretation and discussion of the data, and wrote 
the final version of the manuscript. All authors 
approved the final version of the manuscript.

References

1. Pan American Health Organization (PAHO). Dez 
ameaças à saúde que a OMS combaterá em 2019 [In-
ternet]. [acessado 2022 fev 15]. 2019. Disponível em: 
https://www.paho.org/bra/index.php?option=com_
content&view=article&id=5848:dez-ameacas-a-sau-
de-que-a-oms-combatera-em-2019&Itemid=875

2. Cho NH, Shaw JE, Karuranga S, Huang Y, Fernandes 
JDR, Ohlrogge AW, Malanda B. IDF Diabetes Atlas: 
global estimates of diabetes prevalence for 2017 and 
projections for 2045. Diabetes Res Clin Pract 2018; 
138:271-281. 

3. Blas E, Kurup AS. Equity, social determinants and pu-
blic health programmes. Geneva: World Health Orga-
nization; 2010. 

4. GBD 2015 Eastern Mediterranean Region Diabetes 
and Chronic Kidney Disease Collaborators. Diabetes 
mellitus and chronic kidney disease in the Eastern 
Mediterranean Region: findings from the Global Bur-
den of Disease 2015 study. Int J Public Health 2018; 
63(Suppl. 1):177-186. 

5. Schmidt MI, Duncan BB, Ishitani L, Conceição Fran-
co G, de Abreu DM, Lana GC, França E. Trends in 
mortality due to diabetes in Brazil, 1996-2011. Diabe-
tol Metab Syndr 2015; 7:109. 

6. Centers for Disease Control and Prevention. The 
power of prevention: chronic disease… the public he-
alth challenge of the 21st century [Internet]. 2009. [ci-
ted 2022 fev 10]. Available from: http://www.cdc.gov/
chronicdisease/pdf/2009-power-of-prevention.pdf

7. Zheng Y, Ley SH, Hu FB. Global aetiology and epide-
miology of type 2 diabetes mellitus and its complica-
tions. Nat Rev Endocrinol 2018; 14(2):88-98. 

8. Malta DC, Bernal RTI, Vieira-Neto E, Curci KA, Pa-
sinato MTM, Lisbôa RM, Cachapuz RF, Coelho KSC. 
Tendências de fatores de risco e proteção de doenças 
crônicas não transmissíveis na população com planos 
de saúde no Brasil de 2008 a 2015. Rev Bras Epidemiol 
2018; 21(Suppl. 1):e180020. 

9. Melo SPDSC, Cesse EAP, Lira PIC, Rissin A, Cruz 
RSBLC, Batista Filho M. Doenças crônicas não trans-
missíveis e fatores associados em adultos numa área 
urbana de pobreza do Nordeste brasileiro. Cien Saude 
Colet 2019; 24(8):3159-3168. 

10. Myers J, Atwood JE, Froelicher V. Active lifestyle and 
diabetes. Circulation 2003; 107(19): 2392-2394. 

11. Kremers SPJ. Theory and practice in the study of in-
fluences on energy balance-related behaviors. Patient 
Educ Couns 2010; 79(3):291-298.

12. Dodd LJ, Al-Nakeeb Y, Nevill A, Forshaw MJ. Lifesty-
le risk factors of students: a cluster analytical approa-
ch. Prev Med 2010; 51(1):73-77. 

13. Leech RM, McNaughton SA, Timperio A. Clustering 
of children’s obesity-related behaviours: associations 
with sociodemographic indicators.  Eur J Clin Nutr 
2014; 68(5):623-628. 

14. Wang X, Chen J, Liu X, Gao F, Zhao H, Han D, Jing X, 
Liu Y, Cui Z, Li C, Ma J. Identifying patterns of lifes-
tyle behaviors among people with type 2 diabetes in 
Tianjin, China: a latent class analysis. Diabetes Ther 
2017; 8(6):1379-1392. 

15. Liberali R, Del Castanhel F, Kupek E, Assis MAA. 
Latent class analysis of lifestyle risk factors and as-
sociation with overweight and/or obesity in children 
and adolescents: systematic review. Child Obes 2021; 
17(1):2-15. 

16. Leventhal AM, Huh J, Dunton GF. Clustering of mo-
difiable biobehavioral risk factors for chronic dise-
ase in US adults: a latent class analysis. Public Heal-
th 2014; 134(6):331-338. 

17. Saint Onge JM, Krueger PM. Health lifestyle beha-
viors among U.S. adults.  SSM Popul. Health  2017; 
3:89-98. 

18. Tian WH, Tien JJ. Health behaviors and health status 
among middle-aged and older adults with chronic di-
seases in Taiwan. Int J Environ Res Public Health 2020; 
17(19):7196. 

19. Jeppesen C, Bjerregaard P, Jørgensen ME. Dietary pat-
terns in Greenland and their relationship with type 2 
diabetes mellitus and glucose intolerance. Public Heal-
th Nutr. 2014; 17(2):462-470. 

20. Gariepy G, Malla A, Wang J, Messier L, Strychar I, Le-
sage A, Schmitz N. Types of smokers in a community 
sample of individuals with Type 2 diabetes: a latent 
class analysis. Diabet Med 2012; 29(5):586-592. 

https://www.paho.org/bra/index.php?option=com_content&view=article&id=5848:dez-ameacas-a-saude-que-a-oms-combatera-em-2019&Itemid=875
https://www.paho.org/bra/index.php?option=com_content&view=article&id=5848:dez-ameacas-a-saude-que-a-oms-combatera-em-2019&Itemid=875
https://www.paho.org/bra/index.php?option=com_content&view=article&id=5848:dez-ameacas-a-saude-que-a-oms-combatera-em-2019&Itemid=875
http://www.cdc.gov/chronicdisease/pdf/2009-power-of-prevention.pdf
http://www.cdc.gov/chronicdisease/pdf/2009-power-of-prevention.pdf


1992
Pe

re
s G

B 
et

 a
l.

21. Instituto Brasileiro de Geografia e Estatística (IBGE). 
Pesquisa Nacional de Saúde 2019: Percepção do estado 
de saúde, estilos de vida, doenças crônicas e saúde bu-
cal. Rio de Janeiro: IBGE; 2020.

22. World Health Organization (WHO). Global status 
report on non-communicable diseases 2010. Geneva: 
WHO; 2011.

23. Council on Communications and Media. Chil-
dren, adolescents, and the media. Pediatrics 2013; 
132(5):958-961. 

24. Thomée S, Härenstam A, Hagberg M. Computer use 
and stress, sleep disturbances, and symptoms of de-
pression among young adults--a prospective cohort 
study. BMC Psychiatry 2012; 12:176. 

25. World Health Organization (WHO). Healthy Diet 
Fact Sheet N394. Geneva: WHO; 2018.

26. Brasil. Ministério da Saúde (MS). Vigitel Brasil 2019: 
vigilância de fatores de risco e proteção para doenças 
crônicas por inquérito telefônico: estimativas sobre fre-
quência e distribuição sociodemográfica de fatores de 
risco e proteção para doenças crônicas nas capitais dos 
26 estados brasileiros. Brasília: MS; 2020.

27. World Health Organization (WHO). A healthy diet 
sustainably produced: information sheet. Geneva: 
WHO; 2018.

28. Associação Brasileira de Empresas de Pesquisa 
(ABEP). Critério Brasil de classificação econômica. São 
Paulo: ABEP; 2020.

29. Graf S, Cecchini M. Identifying patterns of unheal-
thy diet and physical activity in four countries of the 
Americas: a latent class analysis. Rev Panam Salud Pu-
blica 2018; 42:e56. 

30. Lee JW, Chung H. Latent class analysis with multi-
ple latent group variables.  Commun Stat Appl Me-
thods 2017; 24:173-191. 

31. Neale EP, Batterham MJ, Tapsell LC. Consumption of 
a healthy dietary pattern results in significant reduc-
tions in C-reactive protein levels in adults: a meta-a-
nalysis. Nutr Res 2016; 36(5):391-401. 

32. Aune D, Giovannucci E, Boffetta P, Fadnes LT, Keum 
N, Norat T, Greenwood DC, Riboli E, Vatten LJ, 
Tonstad S. Fruit and vegetable intake and the risk 
of cardiovascular disease, total cancer and all-cau-
se mortality: a systematic review and dose-response 
meta-analysis of prospective studies. Int J Epidemiol 
2017; 46(3):1029-1056. 

33. Fleary SA, Nigg CR. Trends in health behavior pat-
terns among U.S. adults, 2003-2015. Ann Behav Med 
2019; 53(1):1-15.

34. Jiang X, Jiang H, Li M, Lu Y, Liu K, Sun X. The media-
ting role of self-efficacy in shaping self-management 
behaviors among adults with type 2 diabetes. World-
views Evid Based Nurs 2019; 16(2):151-160. 

35. Milo RB, Connelly CD. Predictors of glycemic ma-
nagement among patients with type 2 diabetes. J Clin 
Nurs 2019; 28(9-10):1737-1744. 

36. Fink A, Fach E-M, Schröder SL. ‘Learning to shape 
life’ – a qualitative study on the challenges posed by a 
diagnosis of diabetes mellitus type 2. Int J Equity He-
alth 2019; 18(1):19. 

37. Colberg SR, Sigal RJ, Yardley JE, Riddell MC, Duns-
tan DW, Dempsey PC, Horton ES, Castorino K, Tate 
DF. Physical activity/exercise and diabetes: a position 
statement of the American Diabetes Association. Dia-
betes Care 2016; 39(11):2065-2079. 

38. Chen L, Pei JH, Kuang J, Chen HM, Chen Z, Li ZW, 
Yang HZ. Effect of lifestyle intervention in patients 
with type 2 diabetes: a meta-analysis.  Metabolism 
2015; 64(2):338-347. 

39. Lin X, Zhang X, Guo J, Roberts CK, McKenzie S, Wu 
WC, Liu S, Song Y. Effects of exercise training on car-
diorespiratory fitness and biomarkers of cardiometa-
bolic health: a systematic review and meta-analysis of 
randomized controlled trials. J Am Heart Assoc 2015; 
4(7):e002014. 

40. Schwingshackl L, Hoffmann G, Lampousi AM, 
Knüppel S, Iqbal K, Schwedhelm C, Bechthold A, 
Schlesinger S, Boeing H. Food groups and risk of type 
2 diabetes mellitus: a systematic review and meta-a-
nalysis of prospective studies.  Eur J Epidemiol 2017; 
32(5):363-375. 

41. Li M, Fan Y, Zhang X, Hou W, Tang Z. Fruit and vege-
table intake and risk of type 2 diabetes mellitus: me-
ta-analysis of prospective cohort studies.  BMJ Open 
2014; 4(11):e005497. 

42. Padayachee A, Day L, Howell K, Gidley MJ. Com-
plexity and health functionality of plant cell wall 
fibers from fruits and vegetables.  Crit Rev Food Sci 
Nutr 2017; 57(1):59-81. 

43. Dreher ML. Whole fruits and fruit fiber emerging he-
alth effects. Nutrients 2018; 10(12):1833. 

44. Noble N, Paul C, Turon H, Oldmeadow C. Which 
modifiable health risk behaviours are related? A syste-
matic review of the clustering of Smoking, Nutrition, 
Alcohol and Physical activity (‘SNAP’) health risk fac-
tors. Prev Med 2015; 81:16-41. 

45. Rabel M, Laxy M, Thorand B, Peters A, Schwettmann 
L, Mess F. Clustering of health-related behavior pat-
terns and demographics. Results from the popula-
tion-based KORA S4/F4 Cohort Study.  Front Public 
Health 2019; 6:387. 

46. Gomes AP, Bierhals IO, Vieira LS, Soares ALG, Flores 
TR, Assunção MCF, Gonçalves H. Padrões alimen-
tares de idosos e seus determinantes: estudo de base 
populacional no Sul do Brasil. Cien Saude Colet 2020; 
25(6):1999-2008. 

47. Medeiros PA, Cembranel F, Figueiró TH, Souza BB, 
Antes DL, Silva DAS, Zanelatto C, d’Orsi E. Prevalên-
cia e simultaneidade de fatores de risco cardiovascu-
lares em idosos participantes de um estudo de base 
populacional no Sul do Brasil. Rev Bras Epidemiol 
2019; 22:e190064. 

48. Dionato FAV, Nucci LB, Enes CC. Factors associated 
with non-adoption of healthy behavior among indivi-
duals with diabetes: a population-based study in Bra-
zil. J Public Health (Oxf) 2023; 45(1):e114-e120.

49. Dionato FAV, Enes CC, Nucci LB. Factors associated 
with not adopting healthy behavior among hyperten-
sive individuals: a population-based study in Brazil. J 
Hum Hypertens 2021; 35(8):718-725. 

50. Vermunt, J. Latent class modeling with covariates: two 
improved three-step approaches.  Political Analysis 
2017; 18(4):450-469. 

Article submitted 08/04/2022
Approved 21/12/2022 
Final version submitted 23/12/2022  

Chief editors: Romeu Gomes, Antônio Augusto Moura da 
Silva

This is an Open Access article distributed under the terms of the Creative Commons Attribution LicenseBYCC


	_Hlk535769711

