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Abstract

Background: Like many developing countries, Thailand has experienced a rapid rise in obesity, accompanied by a rapid
change in occupational structure. It is plausible that these two trends are related, with movement into sedentary
occupations leading to increases in obesity. National health examination survey data contains information on obesity and
socioeconomic conditions that can help untangle the relationship, but analysis is challenging because of small sample sizes.

Methods: This paper explores the relationship between occupation and obesity using data on 10,127 respondents aged 20–
59 from the 2009 National Health Examination Survey. Obesity is measured using waist circumference. Modelling is carried
out using an approach known as Multiple Regression with Post-Stratification (MRP). We use Bayesian hierarchical models to
construct prevalence estimates disaggregated by age, sex, education, urban-rural residence, region, and occupation, and use
census population weights to aggregate up. The Bayesian hierarchical model is designed to protect against overfitting and
false discovery, which is particularly important in an exploratory study such as this one.

Results: There is no clear relationship between the overall sedentary nature of occupations and obesity. Instead, obesity
appears to vary occupation by occupation. For instance, women in professional occupations, and men who are agricultural
or fishery workers, have relatively low rates of obesity.

Conclusion: Bayesian hierarchical models plus post-stratification offers new possibilities for using surveys to learn about
complex health issues.
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Background
Thailand has, in recent decades, experienced a rapid rise
in obesity, with 42% of women and 33% of men having a
BMI greater than 25 kg/m2 in 2014 [1]. This rise has co-
incided with a movement into sedentary occupations.
Between 1990 and 2011, the proportion of workers
employed in agriculture shrank from 63 to 41%, while

the proportion employed in the services sector rose from
23 to 40% [2].
Work is an important component of overall physical

activity, even if it is not the only one. A study in
Barbados [3], for instance, found the work make up 57%
of total physical activity energy expenditures. Evidence
from high-income countries suggests that more seden-
tary occupations with less physical activity may be asso-
ciated with higher obesity, though the relationship
between occupation and obesity is confounded with
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socio-economic status especially education, and can dif-
fer between women and men [4–15].
Estimating how obesity rates vary across the Thai

population is useful for understanding the recent
changes, and for designing a policy response. Evidence
on the relationship between occupation and obesity is,
however, limited, in Thailand, and in middle-income
countries more generally.
Constructing detailed estimates of Thai obesity rates is

challenging. Thailand undertakes a National Health
Examination Survey (NHES) every 5–10 years, which in-
cludes measures of obesity [16–19]. But once the sample
has been disaggregated by occupation and by geograph-
ical and demographic variables, the number of observa-
tions in each cell is small, and direct estimates of
prevalence are unreliable.
In this paper, we use Bayesian hierarchical models [20]

to estimate obesity prevalence from data from the 2009
National Health Examination Survey. Our most detailed
estimates are disaggregated by occupation, age, sex, edu-
cation, region within Thailand, and urban-rural resi-
dence, though disaggregation to the level is driven partly
by the need to account for the complex design of the
Health Examination Survey. In our analyses, we work
with population-weighted averages of the most detailed
estimates. Findings from the analysis are of substantive
interest, given that, internationally, there is limited infor-
mation about the demographic and occupational profile
of obesity within middle-income countries. The paper
also illustrates how modern statistical methods can be
used to obtain detailed prevalence estimates from house-
hold surveys. Our analysis is exploratory. We seek to
understand the relationship between obesity and occupa-
tion, how this relationship varies with age, sex, and edu-
cation level, and whether sedentary occupations have
higher obesity than non-sedentary ones.

Methods
Data
Our main data source is the 2009 round of the Thai Na-
tional Health Examination Survey (NHES). The survey
uses a complex design, with stratification and clustering
based on region and village or urban community. Inter-
views were conducted by local health personnel. The
dataset we use in our analysis consists of records for 10,
127 working-age (20–59 years) adults. Table 1 shows the
unweighted sample classified by age, education, urban-
rural residence, occupation, and obesity.
The classification of occupations in Table 1 is based

on categories from the International Labour
Organization classification ISCO-88 [21]. The survey
asked the respondents’ current occupation, without dis-
tinguishing between permanent and temporary occupa-
tions. In our analyses, we divide occupations into two

groups – sedentary and non-sedentary – based on the
classification suggested by Choi et al. [22] as shown in
Table 2. Choi et al. derive their classification from an
analysis of detailed data from the Korean Working Con-
ditions Survey. We assume that, particularly in industries
other than agriculture, work conditions in Korea are
broadly similar to those in Thailand.
We measure obesity using waist circumference. Waist

circumference is generally a more sensitive measure of
risks of cardiovascular disease and premature mortality
than the Body Mass Index (BMI), in that it is less af-
fected by individual variation in lean muscle mass [1, 16,
23–25]. In the NHES, the trained local health personnel
measured each respondent’s waist circumference by pla-
cing a flexible plastic tape under the lower rib and 2 cm
over the navel while respondents breathed normally.
Two measurements were taken, and the average of the
two was recorded. As with the BMI, nutritionists recom-
mend using different thresholds to define obesity in dif-
ferent populations. International Diabetes Federation
(IDF) [26] and Alberti et al. [27] recommend using a
threshold of 90 cm for Asian men, 80 cm for Asian
women, 102 cm for European men, and 88 cm for Euro-
pean women. We adopt the Asian standard, but as a
sensitivity test we repeat our analyses using the Euro-
pean standard.
As can be seen in Table 1, the NHES dataset contains

a small number of missing values. We impute these
values using ‘k-nearest neighbour imputation’ as imple-
mented in the function kNN in R package VIM [28].
This method searches the dataset for records that most
closely resemble the ones with missing values, and bor-
rows values from those.
We use the official One Percent Sample from Thai-

land’s 2010 Population and Housing Census to calculate
population weights. The One Percent Sample is con-
structed by the National Statistical Office, using strati-
fied random sampling. As with our obesity data, we
calculate population weights for a classification defined
by age, sex, education, urban-rural residence, region, and
occupation.

Statistical models
We estimate obesity prevalence using a Bayesian hier-
archical model [20]. The model allows us to obtain sens-
ible estimates, including uncertainty measures, even for
combinations of variables with few observations. It does
this by ‘pooling strength’ across the entire dataset, and
by smoothing estimates based on sample size.
Our model in effect assumes that, within each combin-

ation of variables, people in our sample are a simple ran-
dom sample of people in the target population. To
satisfy this assumption, our model includes all the vari-
ables that affect people’s probability of being selected
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into the sample, even when these variables are not of
substantive interest in our study. However, rather than
use these very detailed results, we use population
weights derived from the population census to aggregate
up to a classification containing only the variables of
interest. Results for this more aggregate classification

have less uncertainty than the original highly-
disaggregated results. The general technique of fitting a
very detailed hierarchical model to account for the com-
plex survey design, and then using population weights to
aggregate up is known as Multilevel Regression and
Post-Stratification (MRP) [29, 30].

Table 1 Respondents in the 2009 National Health Examination Survey

Female (n) Male (n) Female (%) Male (%)

Age

20–29 781 764 14.3 16.4

30–39 1369 1144 25.0 24.6

40–49 1807 1431 33.0 30.8

50–59 1523 1308 27.8 28.1

Education

Primary or lower 3287 2437 60.0 52.4

Secondary or higher 2179 2202 39.8 47.4

Missing 14 8 0.3 0.2

Urban-rural residence

Urban 3129 2462 57.1 53.0

Rural 2347 2182 42.8 47.0

Missing 4 3 0.1 0.1

Occupation

Sedentary

Legislators, senior officials, and managers 3 12 0.1 0.3

Professionals 207 145 3.8 3.1

Technicians and associate professionals 1273 1071 23.2 23.0

Clerical support workers 214 110 3.9 2.4

Non-Sedentary

Service workers and shop and market sale workers 215 145 3.9 3.1

Elementary occupations 1182 1188 21.6 25.6

Skilled agricultural and fishery workers 1053 1155 19.2 24.9

Armed forces 1 89 0.0 1.9

Plant and machine operators and assemblers 31 163 0.6 3.5

Unknown

No occupation 1064 330 19.4 7.1

Other 214 228 3.9 4.9

Missing 23 11 0.4 0.2

Obesity (Asian cutoff)

Non-Obese 2898 3646 52.9 78.5

Obese 2575 995 47.0 21.4

Missing 7 6 0.1 0.1

Obesity (European cutoff)

Non-Obese 4269 4429 77.9 95.3

Obese 1204 212 22.0 4.6

Missing 7 6 0.1 0.1

Total 5480 4647 100.0 100.0
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The first layer of our model states that the number of
people with obesity in each cell within our classification
by age, sex, education, occupation, urban-rural resi-
dence, and region can be treated as a draw from a bino-
mial distribution,

yi∼Binomial ni;πið Þ:

Subscript i indexes cell within the classification: for in-
stance, i might refer to 20–29 year old females with sec-
ondary or more education, with a “technicians and
associated professional” occupation, living in an urban
area in northern Thailand. The levels of all classifying
variables are shown in Table 1. The quantity ni is the
number of respondents in cell i; yi is the number of re-
spondents in cell i who are obese; and πi is the probabil-
ity that a randomly-chosen person in cell i is obese. We
use πi as our measure of prevalence, and we seek to esti-
mate it for all i. We include education in the model be-
cause we expect at least some of any bivariate
relationship between occupation and obesity to reflect
the influence of education, rather than of occupation
itself.
Altogether, our classification includes 1760 cells. Once

obesity counts yi are disaggregated to this degree, 56% of
cells have value 0. The median count among non-zero
cells is 2 and the mean is 4.7. The median count of re-
spondents across all ni is 1 and the mean is 5.8. With
such small numbers, modelling individual-level random-
ness in obesity outcomes, as we do with the binomial
distribution, is essential.
The NHES is stratified by region and by urban-rural

residence, implying that a person’s probability of being
included in the survey varies according to the person’s
region, and whether the person lives in an urban or rural
area. By including region and urban-rural residence in
our model, we allow for these differences in selection
probabilities.
The NHES is also clustered, meaning that, to save col-

lection costs, the survey selects communities at random
within each stratum, and samples intensively within each
community. We do not explicitly model the clustering
process, as it would complicate the analysis considerably.
If outcomes are correlated within communities even
after controlling for background characteristics, then, by

omitting these correlations, our model is understating
uncertainty. However, because our model allows for
variation by age, sex, occupation and education, and all
combinations of these variables, it should do a good job
of controlling for background characteristics, so the
understatement of uncertainty due to clustering should
be relatively small.
In the second layer of the model, we apply a logit

transform to πi and treat the transformed value as a
draw from a normal distribution.

logit πið Þ∼N xiβ; σ2
� �

Vector β includes main effects for age, sex, education,
occupation, urban-rural residence, and region. It also in-
cludes all second-order interactions between age, sex,
education, and occupation. The presence of the second-
order interactions implies, for instance, that the age-
profile for obesity is expected to be different for male
and females, and that the occupational profile is ex-
pected to be different for people with and without sec-
ondary education. The vector xi is the i th row of the
design matrix. It consists entirely of 1 s and 0 s, and is
constructed so that each cell i receives the appropriate
combination of main effects and interactions.
In the third layer of the model, each main effect or

interaction is treated as a draw from a normal distribu-
tion with mean 0 and standard deviation τ. For instance,
the main effect for age is modelled using

βagea ∼N 0; τ2age
� �

:

Probabilistic sub-models like this are known within
Bayesian statistics as prior distributions. Prior distribu-
tions can serve various purposes, but here they are act-
ing as a soft constraint on the size of the main effects
and interactions. The prior distributions pull the final
estimates for the main effects and interactions towards
zero. When an estimate is based on many observations,
this pull is relatively unimportant, but when an estimate
is based on only a few observations, the use of a prior
distribution can have a strong moderating influence on
the final estimate. This moderating influence, which is
sometimes referred to as regularization or shrinkage,

Table 2 Classification of occupations as sedentary and non-sedentary

Sedentary Non-Sedentary Unknown

Legislators, senior officials, and managers Service workers and shop and market sale workers No occupation

Professionals Elementary occupations Other

Technicians and associate professionals Skilled agricultural and fishery workers

Clerical support workers Armed forces

Plant and machine operators and assemblers
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provides protection against over-fitting and false discov-
ery [31].
The strength of the pull towards zero is governed by

the standard deviation term τ. When a main effect or
interaction has three levels or fewer (as with the sex ef-
fect, for instance), so that there is little scope for esti-
mating τ, we set it equal to 1. When a main effect or
interaction has four or more levels, we treat it as a draw
from a half-normal distribution, that is, a normal distri-
bution restricted to non-negative values,

τage∼Nþ 0;A2
age

� �
:

The scale term A in the half-normal distributions is
set equal to 1 for main effects and to 0.5 for interactions.
Lower values for A tend to produce lower values for τ
and hence generate a stronger pull towards 0 and more
regularisation. Our choice of values for A is based on
the assumption that main effects tend to be larger than
interactions [32]. The standard deviation term σ is

assumed to be drawn from a half-normal distribution
with scale 1.
The outcome variable for our main model is obesity

based on the Asian standard for waist circumference.
However, as a sensitivity test, we also fit a model using
obesity based on the European standard. We fit both
models using function estimateModel in R package dem-
est, available at github.com/statisticsnz/demest. All code
for the analysis is available at [link to github repository.]
The function estimateModel uses a set of techniques
known as Markov chain Monte Carlo (MCMC) to gen-
erate its estimates [20].
The output from the modelling is a set of draws from

the “posterior distribution” for the model parameters. If
θ denotes a particular parameter in our model, then we
obtain a sample θ(1), θ(2), …, θ(S) of draws for θ. To ob-
tain a point estimate for θ we use the median of value
for the θ(s); to obtain a 95% credible interval (the Bayes-
ian analogue of a confidence interval), we use the 2.5
and 97.5% quantiles for θ(s).

Fig. 1 Point estimates and 95% credible intervals for obesity prevalence, for females in urban areas in the Northeast region of Thailand,
disaggregated by age, education, and occupation. Open black points denote sedentary occupations, and closed black points denote non-
sedentary occupations. Lines denote 95% credible intervals. ‘x’ marks denote direct estimates
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To calculate a point estimate and credible interval for
some function f of θ, we calculate f(θ(1)), f(θ(2)), …, f(θ(S)),
and take the median and upper and lower quantiles of
these values. The same principle extends to functions of
multiple parameters. When calculating point estimates
and credible intervals for population-weighted averages,
for instance, we calculate weighted averages across each
draw of the πi, and then calculate the medians and
upper and lower quantiles of the weighted averages.

Results
The sample from the posterior distribution includes
values for all 1760 prevalences πi, plus the parameters
from the higher levels of the model. To illustrate, Fig. 1
shows point estimates and 95% credible intervals for πi
for females in urban areas in the Northeast region of
Thailand. The ‘x’ marks are direct estimates–that is, the
estimates derived by dividing the observed number of
obese respondents by the number of respondents, inde-
pendently for each combination of the classifying
variables.

Some patterns are discernible in the point estimates:
for instance, obesity seems to rise with age. The widths
of the credible intervals vary from occupation to occupa-
tion. For example, the credible intervals for “legislators,
senior officials, and managers”, for whom there are rela-
tively few observations, are much wider than the credible
intervals for “elementary occupations”. Overall, however,
the level of uncertainty at this level of disaggregation is
too great to form conclusions about any patterns in esti-
mated prevalences. The model estimates are, however,
less variable than the direct estimates, illustrating how
Bayesian hierarchical models pull estimates towards cen-
tral values. Note that we would not expect 95% of direct
estimates to fall within the 95% credible intervals, as the
credible intervals refer to the true, underlying preva-
lence, rather than the observed proportions, which, with
small sample sizes, contain substantial random noise.
Figure 2 shows the result of taking population-

weighted averages of the most disaggregated estimates.
The figure presents obesity prevalence by age, education
level, and occupation, for females. The prevalences

Fig. 2 Estimated obesity prevalence by age, sex, education level, and occupation, for females. Open black points denote sedentary occupations,
and closed black points denote non-sedentary occupations. Lines denote 95% credible intervals. ‘x’ marks denote direct estimates
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average across region and urban-rural residence, and de-
scribe patterns at the national level. The figure shows
separate results for each occupation, but also distin-
guishes sedentary occupations from non-sedentary ones.
Most of the credible intervals in Fig. 2 are narrower

than those of Fig. 1, since they are based on more data.
The exception is credible intervals for combinations of
variables that are rare even at the national level, such as
women in the “legislators, officials, and managers” cat-
egory. Obesity appears to rise with age, and to be less
common among women with secondary education.
However, although there is variation between occupa-
tions, there is no clear tendency for sedentary occupa-
tions to have higher obesity than non-sedentary group
occupations. The results provide some evidence that,
among women in sedentary occupations, women in
“professional” occupations are less likely to be obese.
The modelled estimates and direct estimates in Fig. 2

are typically close to each other in categories with nar-
row credible intervals where there is substantial data,
and further away in categories with wide credible

intervals where there is limited data. When the modelled
and direct estimates differ, the modelled ones are more
conservative, in the sense that they lie closer to the
mean value for each combination of age, sex, and educa-
tion level. This is an example of the shrinkage or
regularization discussed in the Statistical Models section
above. In Fig. 2, and more generally, regularisation pro-
vides protection against misleadingly extreme estimates
based on small samples.
Figure 3 is equivalent to Fig. 2, but refers to males ra-

ther than females. Obesity is less common among men
than among women, though rates among men, like those
among women, rise with age. There is once again no
clear tendency for sedentary occupations as a whole to
have higher obesity rates than non-sedentary occupa-
tions. The results do, however, suggest that obesity is
relatively low among male “skilled agriculture and fish-
ery workers”.
Using the European standard (Figs. 4 and 5), rather

than the Asian standard, to define obesity leads to lower
estimated prevalences for both sexes, but particularly for

Fig. 3 Estimated obesity prevalence by age, sex, education level, and occupation, for males. Open black points denote sedentary occupations,
and closed black points denote non-sedentary occupations. Lines denote 95% credible intervals. ‘x’ marks denote direct estimates
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males, as can be seen by comparing Figs. 4 and 5 with
Figs. 2 and 3.
Roughly the same patterns appear with the European

standard results as appear with the Asian standard re-
sults. Among women, there is no overall tendency for
sedentary occupations to have higher obesity than non-
sedentary occupations, as professional women have rela-
tively low obesity rates. Among men, there is a tendency
for agricultural and fishery workers to have low obesity,
though the absolute differences in rates are tiny.

Discussion
Health surveys are a unique source of information about
socio-economic differentials in health conditions. When
analysing health surveys, however, researchers are con-
strained by sample size. To unlock the full potential of
these surveys, it is necessary to use modern statistical
methods that provide sensible estimates even when cell
counts are small, such as Bayesian hierarchical models.

Applying Bayesian hierarchical models to 2009 Thai
National Health Examination Survey data, in combin-
ation with post-stratification based on the 2010 census,
we are able to shed light on the complicated relationship
between age, sex, education, occupation, and obesity.
With traditional statistical approaches, we would need to
be concerned that any apparent findings were nothing
more than statistical noise. Because of the regularisation
build into our model, however, we are protected against
such problems.
The results from our analysis suggest that in Thailand

there is not a broad relationship, across all occupations,
between the sedentary nature of the occupation and the
degree of obesity. Instead, obesity varies from occupa-
tion to occupation. For instance, among women, profes-
sionals have a relatively low obesity rate, despite the
relatively sedentary nature of professional work, and
even after stratifying on education level. Among men,
agricultural and fishery workers are distinctive for their
low levels of obesity, even at higher ages.

Fig. 4 Estimated obesity prevalence using European rather than Asian standards for defining obesity: females. Open black points denote
sedentary occupations, and closed black points denote non-sedentary occupations. Lines denote 95% credible intervals. ‘x’ marks denote
direct estimates
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In future work, we intend to extend our analysis to in-
clude more recent rounds of the National Health Exam-
ination Survey. This will allow us to see whether the
patterns observed for 2009 have persisted. Combining
data from multiple surveys will also boost sample sizes,
allowing more precise estimates of parameters that are
relatively constant over time.

Conclusions
Bayesian hierarchical models offer new possibilities
for using survey data to study complex public health
issues. An exploratory analysis of the Thai Health
Examination Survey data suggests that there is no
simple relationship between the sedentary nature of
occupations and the level of obesity. Instead, obesity
rates vary across specific occupations, and patterns
are different for women and men.
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