Variations in Individual and Population Health and
Well-Being: a Multilevel Perspective
Citation
Kim, Rockli. 2017. Variations in Individual and Population Health and Well-Being: a Multilevel
Perspective. Doctoral dissertation, Harvard T.H. Chan School of Public Health.

Permanent link
http://nrs.harvard.edu/urn-3:HUL.InstRepos:42066821

Terms of Use
This article was downloaded from Harvard University’s DASH repository, and is made available
under the terms and conditions applicable to Other Posted Material, as set forth at http://
nrs.harvard.edu/urn-3:HUL.InstRepos:dash.current.terms-of-use#LAA

Share Your Story
The Harvard community has made this article openly available.
Please share how this access benefits you. Submit a story .
Accessibility

VARIATIONS IN INDIVIDUAL AND POPULATION HEALTH AND WELL-BEING:
A MULTILEVEL PERSPECTIVE

ROCKLI KIM

A Dissertation Submitted to the Faculty of
The Harvard T.H. Chan School of Public Health
in Partial Fulfillment of the Requirements
for the Degree of Doctor of Science
in the Department of Social and Behavioral Sciences
Harvard University
Boston, Massachusetts.

May 2017

Dissertation Advisor: Dr. S.V. Subramanian

Rockli Kim

VARIATIONS IN INDIVIDUAL AND POPULATION HEALTH AND WELL-BEING:
A MULTILEVEL PERSPECTIVE

Abstract
Understanding the complex heterogeneity in health outcomes and their determinants at multiple
levels are important to prevent further increase in inequalities between- and within- populations.
Population health research to date has been predominantly focused on the differences between
populations or social groups, despite the evidence suggesting that dispersion within populations are
mostly driving the overall inequalities. Multilevel modeling has become increasingly common in health
literature given its flexibility to partition and explain residual variance at multiple levels of shared
environment, but they have been mostly restricted to modeling complex variation at the contextual levels
only and confined to two levels at the most. In this dissertation exercise, I attempted to explore the full
richness of partitioning and explaining random variability at truly multiple (more than two) levels with
examples of body mass index (BMI) measures from 57 low- and middle- income countries and poverty in
India, and discuss their substantive significance. Chapter 1 evaluated the global BMI variability by
population-, subgroup-, and individual- levels, and found that the differences between populations can be
explained better with basic socioeconomic characteristics, but focusing on them alone will resolve only a
small fraction of the global inequality. In light of the large within-population variation that was found in
BMI, Chapter 2 further modeled individual heterogeneity and observed that there are systematic
underlying differences by basic sociodemographic characteristics, which allowed identification of
subgroups with particularly large BMI inequalities. Chapter 3 demonstrated that both micro and macro
levels are equally important in shaping the geographic patterning of poverty in India and highlighted the
importance of considering multiple meaningful units of analysis to correctly identify contextual level(s) at
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which interventions should be targeted. Findings from each of these chapters will not only contribute new
scientific evidence but will also help inform policies to reduce inequality in health and well-being.
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Introductory remarks
In the era of increasing inequalities, focusing exclusively on average summary measures at a
single level, while ignoring the differential distribution underlying a given population, does not convey
sufficient information (Murray et al., 1999; Razak et al., 2016). Instead, understanding the complex
heterogeneity in health outcomes and their determinants at multiple levels are important to prevent further
increase in inequalities between- and within- populations. Multilevel modeling has become increasingly
common in health literature (Arcaya et al., 2016) given its methodological flexibility in partitioning and
explaining residual variance into multiple levels of shared environment (Raudenbush & Bryk, 2002).
However, despite its ability to model complex variation at all levels, multilevel studies thus far have been
restricted to modeling heterogeneity at the higher level(s) only (i.e., between-populations). Moreover,
existing multilevel studies are largely confined to two levels at the most, which is also problematic since
most of the geographic differences are at a very small scale, either reflecting the truly meaningful
variation at the local levels or the large unexplained inter-individual variation. In this dissertation exercise,
I explore the full richness of partitioning and explaining random variability at truly multiple (more than
two) levels with examples of body mass index (BMI) measures from 57 low- and middle- income
countries and poverty in India, and discuss their substantive significance.

Population and individual level variations: contribution of basic socioeconomic factors
Fundamental to the fields of epidemiology and public health is the principle that the factors
driving within-population variability may be different from those that underlie between-population
variability (Rose, 1992, 2001; Lewontin, 2006; Schwartz & Diez-Roux, 2001). Assuming that the withinpopulation variation is relatively constant over time and across different populations, epidemiologic
studies have mostly focused on explaining and modifying the “group means” without quantifying the
unknown variability within groups and/or testing for percent variation explained. Yet, growing evidence
suggests non-uniform changes in BMI distribution over time within different populations (Razak et al.,
2016) and sociodemographic groups (Krishna et al., 2015). Hence, the first chapter of the dissertation
1

series uses three-level random intercept linear regression models to systematically decompose the global
variation in BMI by three levels - population, subgroup, and individuals - and quantify the extent to which
they can be explained by basic demographic and socioeconomic factors (age, household wealth, education,
place of residency, and marital status). Moreover, country-specific analyses are performed to evaluate
whether the magnitude of within-population variation in BMI, and the proportion explained, are constant
across the countries. For the analysis, the latest Demographic Health Surveys from 57 low- and middleincome countries were pooled. The disproportionately large amount of inter-individual variability in BMI
that is poorly explained would indicate that focusing solely on the differences between populations will
resolve only a small fraction the global inequality.

Importance of considering individual heterogeneity
In light of the findings from Chapter 1 that suggest nonrandom pattering of heterogeneity in BMI
within a population, the second chapter examines meaningful differences in variability by basic
sociodemographic characteristics across individuals. While modeling complex variation at the contextual
level(s) has become increasingly valued in health literature, residuals at the individual level continue to be
summarized with a single summary parameter under the homoscedasticity assumption. However,
assuming a single constant variance at the individual level (i.e., within-population) can be quite
unrealistic for many physiological, behavioral, and social outcomes (Browne et al., 2002). For instance,
people of different age, gender, race/ethnicity, and socioeconomic status may be healthier or sicker on
average, but also differently variable in terms of their health status. The technical advantages of an
alternative approach to explicitly model such “complex level-1 variation” as a function of specified
predictor variable(s) has been discussed previously (Browne et al., 2002; Goldstein, 2005). The
substantive importance of understanding systematic differences in the underlying individual heterogeneity
and its implications for individual and population health has not been fully recognized. Therefore, the
second chapter applies Goldstein’s method to model level-1 variation in BMI as a function of basic
sociodemographic characteristics and an interaction between them. I also examine the proportion of
2

variation in BMI explained by basic socioeconomic characteristics for different subgroups. The
complexity in BMI heterogeneity may be driven by the same set of factors having differential effects on
individuals and/or by a completely different set of factors driving the variation within different segments
of the population. Identifying subgroups with systematically large variation and understanding their
specific determinants has important implications for preventive strategies that aim to reduce health
inequality.

Multilevel Geographies of Poverty in India
The last chapter in the dissertation series further investigates the importance of considering
multiple meaningful units of analysis to correctly identify the contextual level(s) at which interventions
should be targeted. This is exemplified using the poverty data in India from the National Sample Survey
(2009 and 2011). Poverty is one of the most obvious causes of ill-health in developing countries, and has
been extensively studied in the context of India given the high prevalence and increasing geographic
inequalities in economic development. However, studies to date have used single-level analyses with
aggregated data either at the state level or, less commonly, at the region and district levels. Therefore, the
third chapter provides the first comprehensive and empirical quantification of the relative importance of
multiple geographic levels in shaping poverty distribution in India. Five-level random intercept logistic
models are used to partition variation in household poverty into levels of state, region, district and village,
each of which is known to have political, agricultural, and social importance. The residuals at each level
are mapped to further illustrate the spatial disparity in poverty. Adjusting for the household compositional
characteristics allows for estimation of contextual variations that is independent of the clustered
distribution of poor households. Comparing the results across different model specifications shows that
the relative importance of one contextual level is highly sensitive to other levels simultaneously
considered in the model, and that prior single-level analyses have over-emphasized the importance of the
regions and districts. Findings from this study suggest that further explorations using multilevel modeling
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are warranted to identify specific contextual determinants of poverty at the macro (state) and micro
(village) levels to reduce poverty and promote balanced regional development in India.

Research Implications
Findings from this dissertation exercise will emphasize that epidemiologic and public health
inquiries should not be limited to averages at a single level, and instead should routinely report and
investigate variations at multiple, conceptually meaningful, levels. Understanding the inequalities in
health, both between- and within-populations, is a major public health concern and does not need to
mutually exclusive. In fact, examination of the degree and systematic patterning of heterogeneity in health
outcomes within a population may provide information not evident from the analysis of mean values.
Understanding the complex heterogeneity in health outcomes and their determinants at multiple levels are
important to prevent further increase in inequalities.
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Chapter 1: Population and individual level variations in body mass index from 57 low- and middleincome countries: Contribution of basic socioeconomic factors

Abstract
Objective: Fundamental to the fields of epidemiology and public health is the principle that the factors
driving within-population variability may be different from those that underlie between-population
variability. Much effort has been devoted to explain and modify the “group means” while empirical
evidence on within-population variation is largely missing. This study decomposed global variation in
BMI by three levels (population, subgroup, and individuals), and quantified the extent to which they can
be explained by basic socioeconomic factors.
Methods: Our analytic study population was pooled from the latest Demographic Health Surveys from
57 low- and middle-income countries. To describe individual and population components of variance in
BMI, we specified a three-level random intercept linear regression model, and compared the changes in
variance terms before and after adjusting for age, household wealth, education, place of residency, and
marital status.
Results: In the pooled analysis consisting of 643,315 women (level-1) nested within 37,120 subgroups
(level-2) and 57 populations (level-3), we found that majority of the BMI variance was betweenindividuals (80%) rather than between-populations (14%) or between-subgroups (6%). Socioeconomic
factors explained a large proportion of population level inequality in BMI (10% at the population-level
and 40% at the sub-population level), but less than 2% of inter-individual variation. Moreover, the
magnitude of within-population variation in BMI, and the proportion explained, varied substantially
across the countries.
Conclusion: Our systematic evaluation of the relative and absolute amount of BMI variability withinand between- populations suggests that global inequality in BMI is likely driven by disproportionately
large within-population variation. While differences between populations can be explained better,
focusing on them alone will resolve only a small fraction the global inequality.
5

Introduction
Geoffrey Rose’s seminal article ‘Sick Individuals and Sick Populations’ (1985) and his book ‘The
Strategy of Preventive Medicine’ (1992) remains fundamental to the fields of epidemiology and public
health (Rose, 1992, 2001). His insight that the causes of cases of disease and the cause of disease
incidence may not necessarily be the same had major implications for research strategies and
interventions to focus on the characteristics of population (Hofman & Vandenbroucke, 1992; Rose, 2001;
Schwartz & Diez-Roux, 2001). A key element of the distinction Rose made between the two is rooted in
the basic principle that the factors driving within-population variability (causes of cases) may be
fundamentally different from those that underlie between-population variability (causes of incidence)
(Lewontin, 2006; Schwartz & Diez-Roux, 2001).
With the example of distribution of serum cholesterol levels and incidence of coronary heart
disease in East Finland and Japan, Rose wrote that it has proved almost impossible to demonstrate any
relation between an individual’s diet and serum cholesterol level within a given population. On the
contrary, he noted, that we can show strong associations between population mean values for saturated fat
intake versus serum cholesterol level and coronary heart disease incidence (Rose, 2001). For the same
reason, he urged that the determinants of distributions of blood pressure or overweight can only be
understood by the characteristics of the national diet levels of sodium intake or energy intake, respectively
(Rose, 2001). Another example that well illustrates this principle is the paradoxical finding that most
cases of lung cancer are attributable to smoking, yet many smokers do not develop lung cancer (Smith,
2011). At the population level, studies have found that smoking account for over 90% of lung cancer
mortality over time in the United States (Whittemore, 1989), and virtually all of the geographic
differences in lung cancer rates between areas within the Pennsylvania state (Weinberg et al., 1982).
However, cigarette smoking was estimated to account for <10% of the variance in lung cancer mortality
in the Whitehall Study of male civil servants in London (Anand et al., 2004).
Naturally, studies and interventions that aim to improve population health and reduce health
inequality have been predominantly focused on explaining and modifying the “group means” (Rockhill et
6

al., 2000; Schwartz & Carpenter, 1999; Smith, 2011). Indeed, the influence of political, social, and
environmental factors can be seen only by assessing the difference in incidence of disease between
populations or change over time (Rose, 2001; Schwartz & Diez-Roux, 2001). Moreover, such group level
exposures are both something that the public health policy can realistically intervene on and can
potentially account for the large majority of the cases of disease in a population even if they have small
effects in quantitative genetics terms (‘variance explained’) (Smith, 2011). While this view has been
widely accepted, it remains largely editorial and relies on circumstantial evidence (Hofman &
Vandenbroucke, 1992; Rose, 2001). Original epidemiologic studies do not routinely test for percent
variation explained and there are only a few studies that have systematically and empirically reported on
the different determinants of variation in a health outcome between- and within- populations.
The current global trend in Body mass index (BMI) and obesity makes it an appealing outcome to
systematically evaluate its variances within a set of multiple groupings of population (Murray et al., 1999).
Unlike the examples that Rose and others have alluded to in their arguments, for which individual values
varied (proportionately) to about the same extent, recent evidence suggests non-uniform changes in BMI
distribution within different populations (Fahad Razak et al., 2016). For instance, a secular increase in
BMI in the United States from 1993 to 2012 was found to be associated with more than 30% rise in
dispersion, and this has consistently occurred within diverse subgroups defined by sex, race-ethnicity, and
education (Krishna et al., 2015). A similar trend of widening dispersion in BMI distribution was observed
across 37 low- and middle- income countries (LMICs) (Razak et al., 2013), which reflects the severity in
the coexistence of continued undernutrition and rise in overweight/obesity in these countries (Jaacks et al.,
2015; Manyanga et al., 2014; Moore et al., 2010; Razak et al., 2013). Taken together, growing evidence
suggests that summarizing average BMI (or prevalence of obesity) at a single level is no longer adequate
(Razak et al., 2016), and that there may be a different set of unmeasured social, physiologic, and/or
genetic variables that may be driving the rising within-population inequality in BMI (Krishna et al., 2015).
Therefore, this study proposes to use multilevel modelling to first decompose the total variation
in BMI across 57 LMICs by three levels proposed by the McKinlay’s population health model of
7

prevention: macro-level of countries (ie. ‘populations’), micro-level of sub-national communities (i.e.
‘subgroups’), and individuals (McKinlay, 1995). Secondly, we compare the variations in BMI in each of
the three levels before and after accounting for the individual-level socioeconomic factors, and thereby
quantify the differential amount of proportion of variation explained. Lastly, we perform country-specific
stratified analysis to summarize the range of within-population variation and proportion explained in BMI
across the 57 LMICs.
Given that a substantial component of global inequality in income and several other health
measures is driven by increasing inequality within countries, rather than between countries (Anand &
Segal, 2008), we speculate that global inequalities in BMI are also likely to follow a similar pattern
whereby most of the variances are attributable to large unexplained within-population variations.
Moreover, as articulated by Rose and others, we expect to empirically show that the determinants of
population average differences may be fundamentally different from those causing individual cases, such
that the basic socioeconomic factors may explain large proportion of between-population variation in
BMI but only a small fraction of within-population variability. Lastly, if the amount of within-population
variation explained by socioeconomic factors substantially varies across the countries, then this would
indicate that a different set of factors are likely driving variations within countries. Based on this analysis,
we discuss the potential value of understanding both within- and between- population variations in
addressing global inequalities in BMI.

Methods
Data and sampling plan
The data for this study were extracted from the latest cross-sectional Demographic and Health
Surveys (DHS) conducted in 57 LMICs between 2005 and 2014 (DHS, 2012). DHS includes standardized
and representative sampling of participants, objective measurement of anthropometric measures, and high
response rates (Corsi et al., 2012; DHS, 2011). DHS collects individual observations following a
probability-based cluster sampling procedure, which is then adapted to specific contexts within each
8

country. First, sampling frames are developed on the basis of non-overlapping units of geography
(identified as the primary sampling units (PSUs)) that cover the entire country. Next, within selected
PSUs, a fixed proportion of households are selected using systematic sampling. The household response
rates of DHS typically exceed 90%. Detailed sampling plans are available at
www.measuredhs.com/pubs/search/search_ results.cfm?Type=5&srchTp=type&newSrch=1.

Study population and sample size
Our analytic study population was pooled from the DHS rounds V, VI, or VII, whichever was the
latest round for each of the 57 LMICs. Of the 912,444 women, 4,801 women younger than 15 or older
than 49 years, and 68,571 women who were pregnant at the time of the survey, did not meet the eligibility
criteria for the analysis. Moreover, there were 175,380 women for whom height or weight was
intentionally not measured. Among those for whom anthropometric measures should have been taken,
19,891 women were further excluded for missing anthropometric measures and 322 women for having
biologically implausible height (<100 cm or >200 cm) and/or weight (<20 kg or >200 kg) measures.
Lastly, 164 women were excluded for missing information on education level and marital status, leaving
643,315 women in the final analytic sample (Figure 1.1).

Defining three level structure
The data followed a three level structure, with population memberships defined in relation to
inhabitants of an area that are likely to influence BMI at the individual level (level-1), although we
recognize that there are myriad of ways to define ‘populations’ other than relying on geographic locale
(Figure 1.1). Level-3 was defined by country membership because the national status in terms of
economic development, demographic transitions, epidemiologic transition from infectious disease to noncommunicable diseases, technological advancement, and nutritional transition from traditional foods and
cuisines to more processed energy-dense food, are all known to be consistently associated with obesity
prevalence among its population (Swinburn et al., 2011). Level-2 was defined as subnational communities
9

Figure 1.1. Three level data structure of the final analytic sample from 57 low- and middle-income countries
(Demographic Health Surveys)

Level 3 (k):
Countries or “Population” groups
Nk = 57

Level 2 (j):
Primary Sampling Units or “Sub population”
groups
Njk = 37,120

Level 1 (i):
Individual women
Nijk = 643,315
Excluded due to missing covariates:
• 110 missing education level
• 54 missing marital status
643,479 women
Excluded due to:
• 19,891 missing anthropometric
measures
• 322 implausible measures of
height/weight
663,692 women
Not eligible:
• 4,801 not in age range 15-49 years
• 68,571 pregnant at the time of survey
• 175,380 not measured for
height/weight by measurement
protocol

912,444 women
Latest DHS waves (round V, VI, or
VII) from 57 LMICs
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or sub-populations. In DHS, PSUs represent units that are demographically more homogeneous and share
similar local environment. For instance, in many countries, the PSU boundaries correspond with
geographically-defined villages that relate to meaningful social and administrative divisions.

Outcome: Body mass index
The primary outcome of interest was BMI (kg/m2), calculated as weight (kg) divided by the
square of height (m2). Trained investigators weighed each woman by using a solar-powered scale with an
accuracy of 100 grams and measured height by using an adjustable board calibrated in millimeters, and
theoretically accurate to 1 mm (DHS, 2012). The continuous measure of BMI, as oppose to binary
outcome of obesity, captures the entire spectrum of nutritional status in a population.

Explanatory variables
There were four proxy variables to capture the socioeconomic status of individuals, including
household wealth, women’s education, place of residency, and marital status. In DHS, household wealth
was captured through a composite index of relative standard of living derived from country-specific
indicators of asset ownership, housing characteristics and water and sanitation facilities (Rutstein, 2008).
The DHS wealth index was constructed by conducting a principal component analysis (Filmer & Pritchett,
2001) on z-scores for each indicator variable, and then by diving the standardized score into quintiles for
each country (Gwatkin et al., 2007; Rutstein, 2008). Education was coded in four categories indicating no
formal schooling, and completion of primary, secondary, or higher schooling. A binary variable for place
of residence (census-based urban vs rural) and a categorical variable for marital status (never married;
married/living together; divorced/separated/widowed) were used. All models were adjusted for women’s
age (15-19 years, 20-24 years, 25-29 years, 30-34 years, 35-39 years, 40-44 years, 45-49 years).

11

Analysis Plan
The pooled dataset combining individual country files followed a three-level strict hierarchical
structure with women at level-1 (𝑖), nested within sub-populations at level-2 (𝑗), nested within
populations at level-3 (𝑘) (Figure 1.1). To describe individual and population components of variance in
BMI, we specified a series of three-level random intercept linear regression model. Model 1, without any
explanatory variables, provided a baseline for comparing the size of variations in BMI in subsequent
models.
𝐵𝑀𝐼𝑖𝑗𝑘 = 𝛽0 + (𝑒0𝑖𝑗𝑘 + 𝑢0𝑗𝑘 + 𝑣0𝑘 )

(Model 1)

For interpretation, 𝛽0 represents the average BMI across all populations and bracketed terms represent
random effects associated with population, sub-group, and individual woman. The term 𝑣0𝑘 is a
population-specific residual that gives each country its own average BMI, 𝑢0𝑗𝑘 is a sub-group-specific
residual, and 𝑒0i𝑗𝑘 is an individual-specific residual. Assuming a normal distribution of these residuals
2
with a mean of 0, this multilevel model estimates the first-level variance in BMI as 𝑒0𝑖𝑗𝑘 ~𝑁(0, 𝜎𝑒0
), or

the difference between individuals within a subgroup in population, the second-level variance as
2
2
𝑢0𝑗𝑘 ~𝑁(0, 𝜎𝑢0
), and the third-level variance as 𝑣0𝑘 ~𝑁(0, 𝜎𝑣0
).

Based on the variance estimates of random effects, the proportion of variation in BMI attributable
to each level, also known as variance partitioning coefficient (VPC), were calculated. For instance, the
proportion of total variation in BMI attributable to populations was calculated by dividing the between2
2
2
2
country variation by the total variance (ie. 𝜎𝑣0
/(𝜎𝑣0
+ 𝜎𝑢0
+ 𝜎𝑒0
)). VPC measures the extent to which

individuals in a study population resemble each other more than they resemble those from other study
populations in terms of BMI.
In subsequent models, we included age in the fixed part of the model to adjust for age-related
differences in BMI (Model 2), and further adjusted for all variables related to SES, including type of
residency, education, wealth, and marital status (Model 3). The proportion of the variance in BMI
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explained by individual covariates at each level were computed by subtracting the variance of the model
with more terms from the variance of the initial model, and converting to percentage.
Finally, variance estimates, VPCs, and proportion explained between- and within- subgroups for
each of the 57 LMICs were computed from a stratified analysis with a series of country-specific two-level
random effects model, with individuals (i) nested within subpopulations (j). The Akaike information
criterion (AIC) for the global three-level model and the sum of country-specific models were compared
for model fit.
As a sensitivity analyses, we estimated simplified two-level model structure, for which we
assumed women to be nested within one and only one higher level: (a) women nested within subpopulations, and (b) women nested within populations. We also modeled a four level structure with
individuals (i) nested within communities (j), states/regions (k), and countries (l). This allowed us to
evaluate the changes in variance estimates and VPCs when different model specifications were
considered.
Multilevel modeling was performed using MLwiN software version 2.34, and parameters were
estimated by using iterative generalized least squares. All analyses were based on public use data set,
which contained no personal identifiable information on study participants.

Results
A total of 643,315 women nested within 37,120 subgroups and 57 populations were included in
the final analytic sample (Figure 1.1). Table 1.1 shows the number of women and subgroups nested
within each of the 57 countries. India was by far the largest population, comprised of 3,849 subpopulations and 113,100 women. Sao Tome and Principe was the smallest population with 99 subpopulations and 2,179 women. Overall, the weighted average BMI across all populations was 23.2 kg/m2
with standard deviation (SD) of 17.8 kg/m2. There was a considerable range in terms of mean and SD of
BMI across the countries. Mean BMI ranged from 20.2 kg/m2 in Ethiopia, 20.3 kg/m2 Timor-Leste and
Madagascar, and 20.5 kg/m2 in India to 28.9 kg/m2 in Jordan and 30.3 kg/m2 in Egypt.
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Table 1.1. Distribution of BMI across 57 low- and middle-income countries
BMI (kg/m2)
Survey
#
Country
Year
# PSU
round
Women Mean (95% CI) SD
5th
Albania
2008-09 DHS V
450
7,386
24.5 (24.4, 24.6) 6.5
19.0

50th
23.9

95th
31.9

Armenia

2005

DHS V

308

6,067

25.0 (24.8, 25.2)

8.4

18.5

24.0

35.1

Azerbaijan

2006

DHS V

318

7,862

25.4 (25.2, 25.6)

9.2

18.5

24.6

35.2

Bangladesh

2014

DHS VII

600

16,631

22.3 (22.1, 22.4)

10.6

16.5

21.8

29.6

Benin

2011-12

DHS VI

750

14,588

23.7 (23.5, 23.8)

11.7

18.2

22.8

31.6

Bolivia

2008

DHS V

999

15,543

25.8 (25.7, 26.0)

6.6

19.6

25.0

34.8

Burkina Faso

2010

DHS VI

573

7,623

21.4 (21.3, 21.5)

5.4

17.2

20.8

27.9

Burundi

2010

DHS VI

376

4,106

21.1 (21.0, 21.2)

4.6

17.1

20.7

26.0

Cambodia

2014

DHS VII

611

10,821

22.0 (21.9, 22.1)

5.4

17.2

21.4

28.7

Cameroon

2011

DHS VI

578

7,129

23.9 (23.8, 24.1)

6.5

18.1

23.0

33.2

Chad

2014-15

DHS VII

624

9,733

21.3 (21.2, 21.4)

5.3

16.7

20.7

27.6

Colombia

2010

DHS VI

3,982

43,956

25.2 (25.2, 25.3)

6.7

18.5

24.5

34.1

Comoros
Congo
(Brazaville)
Congo (DRC)

2012

DHS VI

252

4,830

24.3 (24.0, 24.5)

7.6

18.1

23.4

33.4

2011-12

DHS VI

384

5,060

22.9 (22.6, 23.1)

8.9

17.2

21.8

31.9

2013-14

DHS VI

536

8,162

21.9 (21.7, 22.1)

9.1

17.3

21.3

28.6

Cote d'Ivoire
Dominican
Republic
Egypt

2011-12

DHS VI

351

4,314

23.2 (23.0, 23.4)

6.4

18.1

22.3

30.9

2013

DHS VI

524

8,669

25.8 (25.7, 26.0)

8.1

17.9

25.1

36.4

2014

DHS VI

883

19,374

30.3 (30.1, 30.4)

9.0

22.1

29.7

40.4

Ethiopia

2011

DHS VI

596

14,731

20.2 (20.1, 20.3)

6.1

16.4

19.9

25.3

Gabon

2012

DHS VI

336

4,957

25.2 (24.9, 25.5)

11.2

18.0

24.1

35.9

Gambia

2013

DHS VI

281

4,180

22.6 (22.4, 22.8)

6.8

16.9

21.5

32.4

Ghana

2014

DHS VII

427

4,393

24.8 (24.6, 25.1)

8.5

18.3

23.7

35.2

Guinea

2012

DHS VI

300

4,228

22.4 (22.2, 22.6)

6.6

17.5

21.7

29.8

Guyana

2009

DHS V

325

4,515

25.6 (25.3, 25.8)

9.1

17.2

24.7

36.9

Haiti

2012

DHS VI

445

8,870

22.9 (22.7, 23.0)

7.7

17.4

21.9

31.3

Honduras

2011-12

DHS VI

1,148

21,097

26.0 (25.9, 26.2)

8.1

18.5

25.2

36.3

India

2005-06

DHS V

3,849

113,100

20.5 (20.4, 20.5)

11.5

15.7

19.6

28.2

Jordan

2012

DHS VI

806

6,465

28.9 (28.6, 29.2)

13.1

20.1

28.1

40.0

Kenya

2014

DHS VII

1,592

13,454

23.7 (23.6, 23.8)

7.2

17.8

22.8

32.4

Kyrgyz Republic

2012

DHS VI

316

7,516

24.1 (24.0, 24.3)

6.7

18.0

23.1

33.0

Lesotho

2014

DHS VI

399

3,243

25.5 (25.3, 25.8)

7.7

18.7

24.3

36.1

Liberia

2013

DHS VI

322

4,180

23.3 (23.1, 23.6)

7.4

18.1

22.4

32.0

Madagascar

2008-09

DHS V

594

7,677

20.3 (20.2, 20.5)

4.9

16.3

20.0

25.5

Malawi

2010

DHS VI

849

6,886

22.4 (22.2, 22.5)

5.8

17.8

21.8

29.1

Maldives

2009

DHS V

270

5,153

24.8 (24.6, 25.0)

7.3

17.7

24.4

33.1

Mali

2012-13

DHS VI

413

4,645

22.3 (22.2, 22.5)

5.4

17.5

21.5

30.1

Moldova

2005

DHS V

400

7,068

25.1 (24.9, 25.3)

7.0

18.3

23.8

36.2
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Table 1.1. (Continued)
Mozambique

2011

DHS VI

610

12,200

22.4 (22.3, 22.5)

6.0

17.9

21.7

29.2

Namibia

2013

DHS VI

545

4,079

23.6 (23.4, 23.9)

6.8

16.9

22.3

34.3

Nepal

2011

DHS VI

289

5,848

21.4 (21.2, 21.6)

7.7

16.7

20.9

27.9

Niger

2012

DHS VI

475

4,417

21.9 (21.7, 22.1)

7.0

16.9

21.2

29.0

Nigeria

2013

DHS VI

896

33,902

23.0 (22.9, 23.1)

10.2

17.3

22.1

31.5

Pakistan

2012-13

DHS VI

495

4,130

24.3 (23.9, 24.6)

10.9

17.1

23.5

34.1

Peru

2012

DHS VI

1,426

22,704

26.1 (26.0, 26.2)

7.5

19.7

25.5

34.4

Rwanda
SaoTome and
Principe
Senegal

2014

DHS VII

492

6,217

22.8 (22.7, 22.9)

4.0

18.2

22.3

29.1

2008-09

DHS V

99

2,179

24.4 (24.0, 24.7)

7.3

18.1

23.2

34.1

2010-11

DHS VI

391

5,256

22.0 (21.8, 22.2)

7.8

16.3

21.0

30.5

Sierra Leone

2013

DHS VI

434

7,306

22.5 (22.3, 22.7)

7.7

17.7

21.8

29.9

Swaziland

2006-07

DHS V

274

4,593

26.4 (26.2, 26.6)

7.6

19.2

25.0

37.8

Tajikistan

2012

DHS VI

356

8,931

23.4 (23.2, 23.5)

6.7

17.6

22.4

32.3

Tanzania

2010

DHS VI

475

9,099

22.6 (22.4, 22.8)

8.3

17.6

21.7

30.7

Timor-Leste

2009-10

DHS VI

455

11,980

20.3 (20.2, 20.3)

4.4

16.4

20.0

25.1

Togo

2013-14

DHS VI

330

4,396

23.8 (23.7, 24.0)

6.2

18.1

22.7

33.6

Uganda

2011

DHS VI

403

2,420

22.3 (22.1, 22.4)

4.8

17.6

21.7

29.3

Yemen

2013

DHS VI

781

22,525

22.1 (22.0, 22.3)

12.3

16.0

21.0

31.7

Zambia

2013-14

DHS VI

721

14,829

22.8 (22.7, 22.9)

6.3

17.7

21.9

31.2

Zimbabwe

2010-11

DHS VI

406

8,092

23.8 (23.7, 24.0)

6.2

18.1

22.8

33.0

37,120

643,315

23.2 (23.2, 23.3)

17.8

16.9

22.2

32.9

Total

In general, individual level explanatory variables were associated with BMI in the expected
direction in the fully adjusted model (Table 1.2). For instance, women aged 45-49 years, on average, had
3.7 kg/m2 higher BMI than women aged 15-19 years, after controlling for other predictors. There was a
positive gradient by education level and wealth quintiles: women with highest education were 0.61 kg/m2
heavier than those with no education; those in the highest wealth quintiles were 2.00 kg/m2 heavier than
those from the poorest quintile.
Table 1.3 presents the variance estimates with 95% confidence intervals (CIs) at population-,
subgroup-, and individual-levels. Three important patterns emerged. First, majority of the variance in
BMI was attributable to the individual level. In the null model, 77% of the total variance in BMI was at
the individual level, while only15% and 8% were attributable to the population and subgroup levels,
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respectively. The decomposition pattern remained similar after fully adjusting for all the covariates: 80%
of the unexplained variation in BMI was between-individuals, 14% between-populations, and 6%
between-subgroups (Table 1.3).

Table 1.2. Null, age-adjusted, and fully-adjusted three level random intercept model for BMI (fixed effect
estimates)
Null model
Age adjusted
Fully adjusted
Estimate

(95% CI)

Estimate

(95% CI)

Estimate

(95% CI)

23.51

(23.01, 24.02)

21.34

(20.87, 21.81)

19.76

(19.31, 20.20)

20-24 yrs

1.01

(0.98, 1.05)

0.65

(0.62, 0.69)

25-29 yrs

2.03

(2.00, 2.07)

1.51

(1.47, 1.55)

30-34 yrs

2.89

(2.86, 2.93)

2.34

(2.30, 2.39)

35-39 yrs

3.45

(3.41, 3.48)

2.91

(2.86, 2.96)

40-44 yrs

3.92

(3.88, 3.96)

3.40

(3.35, 3.45)

4.15

(4.11, 4.19)

3.67

(3.62, 3.72)

-0.48

(-0.51, -0.44)

0.85

(0.82, 0.89)

0.88

(0.84, 0.91)

0.61

(0.56, 0.66)

Intercept
Age (ref: 15-19 years)

45-49 yrs
Type of residency (ref:
Urban)
Rural
Level of education (ref:
No education)
Primary education
Secondary education
Higher education
Wealth quintiles (ref:
Lowest)
Secondary

0.41

(0.37, 0.44)

Middle

0.74

(0.71, 0.78)

Fourth

1.23

(1.19, 1.27)

2.00

(1.95, 2.04)

1.03

(1.00, 1.07)

0.67

(0.62, 0.72)

Highest
Marital status (ref: Never
married)
Married/ Living
together
Widowed/ Divorced/
Separated

Second, despite the large variation between individuals, the proportion explained by covariate
adjustments was much smaller. Adjustment for all covariates explained up to 40% of the variation in BMI
between subgroups, 22% of the variation between populations, but only 13% of the variance between
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individuals. Lastly, socioeconomic variables (type of residency, education, wealth, and marital status)
together explained less than 2% of the variation at the individual level, whereas they explained up to 40%
of the variation at the subgroup level and 10% at the population level. In other words, SES factors
explained almost none of the between-individual variation, above and beyond what was explained by age
differences (Table 1.3).

Table 1.3. Variance estimates and % variance explained by covariates from three level random intercept
model for BMI
Population
Macro (𝝈𝟐𝒗𝟎 )
Micro (𝝈𝟐𝒖𝟎 )
Variance estimates (95% CI)
Null model
3.78
(2.39, 5.17)
1.97
(1.92, 2.02)
Age adjusted
3.27
(2.07, 4.47)
2.03
(1.99, 2.08)
Fully adjusted
2.93 (1.85, 4.01)
1.22
(1.19, 1.26)
Variance explained compared to null model (%)
Age
13.40%
-3.20%
Type of
10.60%
20.90%
residency
Education
-3.50%
-4.20%
Household
-3.10%
35.80%
wealth
Marital status
1.70%
-17.00%
All covariates
22.40%
37.90%
Variance explained compared to age-adjusted model (%)
Type of
11.60%
21.60%
residency
Education
17.00%
17.20%
Household
-3.10%
35.40%
wealth
Marital status
-1.70%
-4.60%
All covariates
10.30%
39.80%

Individual (𝝈𝟐𝒆𝟎 )
18.80
16.68
16.41

(18.73, 18.87)
(16.62, 16.74)
(16.35, 16.47)

Total
24.55
21.98
20.57

11.30%
0.00%
0.40%
0.50%
6.90%
12.70%
0.00%
0.30%
0.70%
0.60%
1.60%

The contribution of SES factors in BMI variation was substantially different across the 57
countries, although the general trend remained consistent: that is, within any country, inter-individual
inequality in BMI was disproportionately larger than between-subgroup variance, yet the former couldn’t
be explained well with socioeconomic characteristics. In the country-specific two level models fully
adjusted for all covariates, between-individual variance estimates ranged from 7.86 (95% CI: 7.60-8.12)
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in Madagascar and 8.84 (95% CI: 8.64-9.05) in Ethiopia to 29.75 (95% CI: 28.48-31.02) in Guyana and
32.10 (95% CI: 30.92-33.27) in Jordan. The fully adjusted between-group variance estimates ranged from
0.22 (95% CI: 0.07 – 0.38) in Malawi and 0.30 (95% CI: 0.21, 0.39) in Timor-Leste to 2.60 (95% CI:
1.94-3.26) in Pakistan and 3.88 (95% CI: 3.39-4.36) in Benin (Table 1.4). The AIC for the sum of
country-specific models was smaller than that of the global three-level model, indicating that modeling
within-country variation separately provides a better model fit (Supplementary Table 1.7).
In Figure 1.2, all the countries are ranked from those with the highest to the lowest percentage in
variance explained by socioeconomic characteristics on the x-axis. At the subgroup level, the proportion
explained by basic socioeconomic factors ranged from over 80% in Togo, Zambia, Ghana, and
Mozambique to less than 3% in Jordan, Maldives, Dominican Republic, and Guyana. At the individual
level, the proportion explained by the same factors ranged from over 5% in Bangladesh, Lesotho, and
Niger at most to 1% or less in 15 countries, including Kyrgyz Republic, Egypt, and Chad (Figure 1.2).
In general, populations with higher mean BMI also tended to have larger total unexplained
variation in BMI, but different patterns were observed when partitioned by subgroup and individual levels.
After fully adjusting for all individual covariates, the remaining variance unexplained between subgroups
was significantly smaller, compared to the estimates from the pooled analysis, for 43 countries. Of them,
24 countries, including India, Ethiopia, and Tanzania, had lower BMI than the global mean; 16 countries,
including Albania, Colombia, and Kenya, had higher BMI than the global mean; and 3 countries (Cote
d’Ivoire, Liberia, Tajikistan) fell in the 95% coverage range of the global mean (Table 1.5a). At the
individual level, however, populations with higher mean BMI tended to have significantly larger
unexplained between-individual variance (23 countries), whereas populations with lower mean BMI
tended to have significantly smaller between-individual variance (24 countries) (Table 1.5b).
The results from any multilevel analyses are inherently sensitive to omitted units/scales. Table
1.6 presents sensitivity analyses from two-level models, for each of which women were nested within one
and only of the higher geographic levels (populations or subgroups), and four-level model, which
incorporated an additional sub-population level of state/region. Compared to the main analysis, the
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Table 1.4. Variance estimates (95% CI) from null, age-adjusted, and fully adjusted three level random intercept model for BMI
Between-PSU
Between-Individual
Variance estimate (95% CI)
Variance estimate (95% CI)
Country
Null
Age Adjusted
Fully Adjusted
Null
Age Adjusted
Fully Adjusted
Albania
0.6 (0.4, 0.8)
0.7
(0.5, 0.9) 0.6
(0.4, 0.8)
15.6 (15.0, 16.1)
11.9 (11.5, 12.3) 11.8 (11.4, 12.2)
Armenia
0.8 (0.4, 1.1)
0.8
(0.5, 1.1) 0.8
(0.5, 1.1)
27.6 (26.6, 28.6)
20.0 (19.3, 20.7) 19.9 (19.1, 20.6)
Azerbaijan
1.4 (1.1, 1.8)
1.6
(1.2, 2.0) 1.2
(0.9, 1.5)
25.8 (25.0, 26.6)
18.3 (17.7, 18.9) 17.9 (17.4, 18.5)
Bangladesh
2.6 (2.2, 2.9)
2.4
(2.1, 2.7) 0.6
(0.5, 0.7)
14.9 (14.6, 15.2) 14.2 (13.9, 14.5) 13.3 (13.0, 13.6)
Benin
4.7 (4.1, 5.2)
4.9
(4.3, 5.4) 3.9
(3.4, 4.4)
18.5 (18.1, 18.9)
17.1 (16.7, 17.5) 17.0 (16.6, 17.4)
Bolivia
0.9 (0.7, 1.1)
1.1
(0.9, 1.3) 0.6
(0.4, 0.7)
22.2 (21.7, 22.7)
18.5 (18.0, 18.9) 17.9 (17.4, 18.3)
Burkina Faso
1.6 (1.4, 1.9)
1.8
(1.5, 2.1) 0.5
(0.4, 0.7)
9.8
(9.5, 10.2)
9.3
(9.0, 9.7)
9.1
(8.8, 9.3)
Burundi
1.6 (1.2, 2.0)
1.6
(1.2, 2.0) 0.6
(0.4, 0.9)
11.1 (10.6, 11.6)
11.0 (10.5, 11.5) 10.8 (10.3, 11.3)
Cambodia
0.5 (0.3, 0.6)
0.6
(0.4, 0.7) 0.3
(0.2, 0.4)
13.3 (12.9, 13.6)
11.5 (11.1, 11.8) 11.2 (10.9, 11.5)
Cameroon
3.5 (2.9, 4.1)
3.6
(3.0, 4.2) 1.1
(0.8, 1.4)
19.4 (18.8, 20.1)
17.4 (16.8, 18.0) 17.1 (16.6, 17.7)
Chad
1.9 (1.6, 2.2)
2.1
(1.7, 2.4) 1.0
(0.8, 1.2)
11.4 (11.1, 11.7)
10.8 (10.5, 11.1) 10.8 (10.5, 11.1)
Colombia
0.7 (0.6, 0.8)
0.8
(0.7, 0.9) 0.8
(0.6, 0.9)
24.1 (23.7, 24.4)
20.0 (19.8, 20.3) 19.9 (19.6, 20.1)
Comoros
1.2 (0.7, 1.6)
1.1
(0.8, 1.5) 1.0
(0.6, 1.3)
23.9 (22.9, 24.9)
20.5 (19.7, 21.3) 20.1 (19.3, 20.9)
Congo (Brazaville)
1.6 (1.2, 2.0)
1.9
(1.4, 2.3) 0.7
(0.4, 0.9)
15.9 (15.3, 16.6)
14.6 (14.0, 15.2) 14.2 (13.6, 14.8)
Congo (DRC)
2.0 (1.6, 2.3)
2.1
(1.8, 2.4) 1.0
(0.8, 1.2)
10.7 (10.4, 11.1)
10.2 (9.9, 10.5)
10.1 (9.7, 10.4)
Cote d'Ivoire
1.2 (0.9, 1.6)
1.6
(1.2, 2.1) 0.6
(0.3, 0.9)
15.6 (14.9, 16.3)
14.1 (13.5, 14.7) 13.8 (13.2, 14.4)
Dominican Republic
0.5 (0.2, 0.8)
0.4
(0.2, 0.7) 0.4
(0.2, 0.7)
32.1 (31.1, 33.1)
27.3 (26.5, 28.1) 26.7 (25.9, 27.6)
Egypt
2.6 (2.2, 2.9)
2.4
(2.1, 2.8) 2.3
(2.0, 2.7)
29.2 (28.6, 29.8)
25.9 (25.4, 26.4) 25.8 (25.3, 26.4)
Ethiopia
1.8 (1.6, 2.1)
1.9
(1.7, 2.2) 0.6
(0.5, 0.7)
9.3
(9.0, 9.5)
9.0
(8.8, 9.2)
8.8
(8.6, 9.0)
Gabon
1.5 (1.0, 2.0)
1.6
(1.1, 2.0) 0.6
(0.3, 1.0)
27.3 (26.2, 28.4)
23.5 (22.5, 24.4) 23.1 (22.2, 24.1)
Gambia
2.0 (1.4, 2.6)
2.1
(1.5, 2.7) 0.9
(0.5, 1.2)
21.4 (20.5, 22.4)
19.1 (18.2, 19.9) 18.9 (18.1, 19.8)
Ghana
3.5 (2.8, 4.3)
3.5
(2.7, 4.2) 0.6
(0.3, 1.0)
22.0 (21.0, 23.0)
18.7 (17.8, 19.5) 17.9 (17.1, 18.7)
Guinea
1.5 (1.1, 2.0)
1.9
(1.5, 2.4) 0.5
(0.2, 0.7)
14.6 (13.9, 15.2)
13.5 (12.9, 14.1) 13.4 (12.8, 13.9)
Guyana
0.8 (0.3, 1.4)
1.0
(0.5, 1.5) 1.1
(0.6, 1.6)
35.6 (34.1, 37.1)
30.1 (28.8, 31.3) 29.8 (28.5, 31.0)
Haiti
1.4 (1.1, 1.7)
1.3
(1.1, 1.6) 0.4
(0.2, 0.5)
17.3 (16.8, 17.9)
15.3 (14.8, 15.8) 14.6 (14.2, 15.1)
Honduras
2.0 (1.7, 2.3)
2.1
(1.8, 2.3) 1.3
(1.1, 1.5)
28.7 (28.2, 29.3)
23.6 (23.1, 24.0) 23.0 (22.6, 23.5)
India
2.9 (2.7, 3.0)
2.7
(2.5, 2.8) 0.9
(0.9, 1.0)
14.0 (13.9, 14.1)
12.7 (12.6, 12.8) 12.1 (12.0, 12.2)
Jordan
0.8 (0.2, 1.3)
1.0
(0.5, 1.5) 1.0
(0.5, 1.5)
38.4 (37.0, 39.8)
32.5 (31.3, 33.7) 32.1 (30.9, 33.3)
Kenya
3.6 (3.2, 4.0)
3.4
(3.0, 3.8) 0.7
(0.5, 0.9)
18.6 (18.1, 19.1)
16.8 (16.3, 17.2) 16.2 (15.8, 16.6)
Kyrgyz Republic
0.5 (0.3, 0.8)
0.5
(0.3, 0.7) 0.5
(0.3, 0.6)
22.1 (21.4, 22.8)
15.2 (14.7, 15.7) 15.1 (14.6, 15.6)
Lesotho
1.2 (0.5, 1.9)
1.2
(0.6, 1.8) 0.4
(-0.1, 0.9) 30.5 (29.0, 32.1)
25.7 (24.3, 27.0) 24.3 (23.0, 25.5)
Liberia
1.1 (0.7, 1.4)
1.3
(0.9, 1.7) 0.6
(0.3, 0.8)
16.5 (15.7, 17.2)
14.4 (13.8, 15.1) 14.2 (13.5, 14.8)
Madagascar
1.0 (0.8, 1.2)
1.1
(0.9, 1.3) 0.6
(0.5, 0.8)
8.4
(8.1, 8.7)
8.1
(7.8, 8.4)
7.9
(7.6, 8.1)
Malawi
0.7 (0.4, 0.9)
0.7
(0.5, 0.9) 0.2
(0.1, 0.4)
11.9 (11.5, 12.3)
11.3 (10.9, 11.7) 11.1 (10.7, 11.5)
Maldives
1.0 (0.7, 1.4)
1.0
(0.6, 1.3) 0.9
(0.6, 1.3)
21.1 (20.3, 22.0)
19.6 (18.9, 20.4) 19.4 (18.7, 20.2)
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Table 1.4. (Continued)
Mali
Moldova
Mozambique
Namibia
Nepal
Niger
Nigeria
Pakistan
Peru
Rwanda
SaoTome and Principe
Senegal
Sierra Leone
Swaziland
Tajikistan
Tanzania
Timor-Leste
Togo
Uganda
Yemen
Zambia
Zimbabwe

1.9
0.7
2.2
3.2
1.8
3.6
2.5
5.5
1.2
1.0
0.6
1.2
1.2
0.8
1.1
2.1
0.4
3.2
2.6
3.5
1.6
1.4

(1.4, 2.3)
(0.4, 1.1)
(1.9, 2.6)
(2.4, 4.1)
(1.4, 2.1)
(2.9, 4.3)
(2.2, 2.8)
(4.4, 6.5)
(1.0, 1.4)
(0.7, 1.2)
(0.1, 1.2)
(0.8, 1.6)
(1.0, 1.5)
(0.3, 1.2)
(0.8, 1.4)
(1.7, 2.4)
(0.3, 0.6)
(2.5, 4.0)
(2.0, 3.3)
(3.1, 3.9)
(1.3, 1.8)
(1.1, 1.7)

2.3
0.7
2.4
2.9
1.7
4.1
2.6
5.0
1.3
1.1
0.9
1.5
1.6
0.8
1.1
2.3
0.5
3.6
2.8
3.5
1.8
1.5

(1.8, 2.9)
(0.5, 1.0)
(2.1, 2.7)
(2.1, 3.7)
(1.4, 2.1)
(3.4, 4.9)
(2.3, 2.9)
(4.0, 6.0)
(1.1, 1.5)
(0.8, 1.3)
(0.3, 1.4)
(1.1, 1.9)
(1.2, 1.9)
(0.4, 1.2)
(0.8, 1.3)
(1.9, 2.7)
(0.3, 0.6)
(2.8, 4.4)
(2.1, 3.4)
(3.1, 3.9)
(1.5, 2.0)
(1.1, 1.8)

0.6
0.6
0.5
0.6
0.7
2.2
1.0
2.6
0.8
0.3
0.8
0.8
0.7
0.5
0.6
0.5
0.3
0.5
0.6
1.1
0.3
0.3

(0.3, 0.9)
(0.3, 0.9)
(0.3, 0.6)
(0.2, 1.1)
(0.5, 0.9)
(1.7, 2.7)
(0.8, 1.1)
(1.9, 3.3)
(0.7, 0.9)
(0.2, 0.5)
(0.2, 1.3)
(0.6, 1.1)
(0.5, 0.9)
(0.1, 0.8)
(0.4, 0.8)
(0.3, 0.7)
(0.2, 0.4)
(0.2, 0.8)
(0.3, 1.0)
(0.9, 1.3)
(0.2, 0.4)
(0.2, 0.5)
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17.9
31.6
14.2
29.7
10.1
14.8
18.6
23.1
19.9
11.4
28.0
17.5
14.9
33.8
22.5
16.2
10.8
19.9
11.6
22.5
16.0
20.7

(17.2, 18.7)
(30.5, 32.7)
(13.9, 14.6)
(28.3, 31.1)
(9.7, 10.5)
(14.1, 15.4)
(18.3, 18.9)
(22.1, 24.2)
(19.5, 20.2)
(11.0, 11.8)
(26.3, 29.7)
(16.8, 18.2)
(14.4, 15.4)
(32.4, 35.2)
(21.8, 23.1)
(15.7, 16.7)
(10.5, 11.1)
(19.1, 20.8)
(10.9, 12.3)
(22.1, 22.9)
(15.6, 16.4)
(20.1, 21.4)

16.4
22.6
13.1
25.0
9.3
13.1
16.1
21.7
16.4
11.0
25.8
15.0
13.7
26.6
17.4
15.0
10.6
17.6
11.1
19.4
14.8
18.1

(15.7, 17.1)
(21.8, 23.3)
(12.8, 13.4)
(23.8, 26.1)
(9.0, 9.7)
(12.5, 13.6)
(15.9, 16.4)
(20.7, 22.7)
(16.1, 16.7)
(10.6, 11.4)
(24.2, 27.4)
(14.4, 15.6)
(13.2, 14.1)
(25.5, 27.7)
(16.9, 17.9)
(14.6, 15.5)
(10.3, 10.9)
(16.8, 18.4)
(10.4, 11.8)
(19.1, 19.8)
(14.4, 15.1)
(17.6, 18.7)

16.3
22.3
12.9
23.9
9.0
12.4
15.7
21.5
16.0
10.6
25.4
14.8
13.5
25.5
17.3
14.6
10.5
17.3
10.9
19.3
14.4
17.6

(15.6, 17.0)
(21.6, 23.1)
(12.5, 13.2)
(22.8, 25.0)
(8.7, 9.3)
(11.9, 13.0)
(15.4, 15.9)
(20.5, 22.5)
(15.7, 16.3)
(10.2, 11.0)
(23.8, 26.9)
(14.2, 15.4)
(13.1, 14.0)
(24.4, 26.6)
(16.8, 17.9)
(14.1, 15.0)
(10.3, 10.8)
(16.6, 18.1)
(10.2, 11.6)
(18.9, 19.6)
(14.0, 14.7)
(17.0, 18.1)

Figure 1.2. Proportion of between-subgroup and between-individual variations in BMI explained by basic
socioeconomic factors (type of residency, education, wealth, and marital status) in 57 countries

AL
AM
AZ
BD
BJ
BO
BF
BU
KH
CM

Albania
Armenia
Azerbaijan
Bangladesh
Benin
Bolivia
Burkina Faso
Burundi
Cambodia
Cameroon

TD
CO
KM
CG
CD
CI
DR
EG
ET
GA

Chad
Colombia
Comoros
Congo(Brazaville)
Congo (DRC)
Cote d'Ivoire
Dominican Republic
Egypt
Ethiopia
Gabon

GM
GH
GN
GY
HT
HN
IA
JO
KE
KY

Gambia
Ghana
Guinea
Guyana
Haiti
Honduras
India
Jordan
Kenya
Kyrgyz Republic
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LS
LB
MD
MW
MV
ML
MB
MZ
NM
NP

Lesotho
Liberia
Madagascar
Malawi
Maldives
Mali
Moldova
Mozambique
Namibia
Nepal

NI
NG
PK
PE
RW
ST
SN
SL
SZ
TJ

Niger
Nigeria
Pakistan
Peru
Rwanda
SaoTome and Principe
Senegal
Sierra Leone
Swaziland
Tajikistan

TZ
TL
TG
UG
YE
ZM
ZW

Tanzania
Timor-Leste
Togo
Uganda
Yemen
Zambia
Zimbabwe

Table 1.5a. Cross-classification of countries by high/average/low mean BMI and within-country, between-sub
population variation
Mean BMI

Small

Fully
adjusted*
subpopulation
variation

Low
Bangladesh, Burkina Faso,
Burundi, Cambodia, Chad,
Congo (Brazaville), Congo
(DRC), Ethiopia, Guinea, Haiti,
India, Madagascar, Malawi,
Mali, Mozambique, Nepal,
Nigeria, Rwanda, Senegal,
Sierra Leone, Tanzania, TimorLeste, Uganda, Zambia

Average

High

Cote d’Ivoire, Liberia,
Tajikistan

Albania, Armenia , Bolivia,
Colombia, Dominican
Republic, Gabon, Ghana,
Kenya, Kyrgyz Republic,
Lesotho, Moldova, Namibia,
Peru, Swaziland, Togo,
Zimbabwe

(3)

(16)
(24)
Azerbaijan, Cameroon,
Comoros, Guyana, Honduras,
Jordan, Maldives, SaoTome
and Principe

Gambia, Yemen
Average
(2)

(8)

Niger

Benin, Egypt, Pakistan

(1)

(3)

Large

* Adjusted for age, type of residency, education, wealth, and marital status
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Table 1.5b. Cross-classification of countries by high/average/low mean BMI and within-country, between-individual
variation
Mean BMI

Small

Low
Bangladesh, Burkina Faso,
Burundi, Cambodia, Chad,
Congo (Brazaville), Congo
(DRC), Ethiopia, Guinea, Haiti,
India, Madagascar, Malawi,
Mozambique, Nepal, Niger,
Nigeria, Rwanda, Senegal,
Sierra Leone, Tanzania, TimorLeste, Uganda, Zambia

Average

High

Cote d’Ivoire, Liberia

Albania, Kyrgyz Republic

(2)

(2)

(24)
Fully
adjusted*
individual
variation

Mali

Kenya, Peru

(1)

(2)

Gambia, Yemen

Tajikistan

(2)

(1)

Armenia, Azerbaijan, Benin,
Bolivia, Cameroon,
Colombia, Comoros,
Dominican Republic, Egypt,
Gabon, Ghana, Guyana,
Honduras, Jordan, Lesotho,
Maldives, Moldova, Namibia,
Pakistan, SaoTome and
Principe, Swaziland, Togo,
Zimbabwe

Average

Large

(23)
* Adjusted for age, type of residency, education, wealth, and marital status
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Table 1.6. Variance estimates and % variance explained by covariates from two level and four level
random intercept models for BMI
Individuals
Population
Total
variance
Country
State/region
PSU
Two level model: ind-country
Null model variance
3.73
20.78
24.51
estimates (95% CI)
(2.36, 5.09)
(20.71, 20.86)
Age adjusted variance
3.22
18.71
21.94
estimates (95% CI)
(2.04, 4.41)
(18.65, 18.89)
Fully adjusted variance
2.89
17. 06
20.49
estimates (95% CI)
(1.83, 3.95)
(17.54, 17.66)
Variance explained by
10.40%
6.0%
SES factors (%)
Two level model: ind-PSU
Null model variance
6.73
18.79
25.52
estimates (95% CI)
(6.61, 6.84)
(18.73, 18.86)
Age adjusted variance
6.22
16.67
22.89
estimates (95% CI)
(6.12, 6.33)
(16.61, 16.73)
Fully adjusted variance
4.81
16.40
21.21
estimates (95% CI)
(4.73, 4.90)
(16.34, 16.46)
Variance explained by
22.69%
1.62%
SES factors (%)
Four level model: ind-PSU-state-country
Null model variance
3.58
1.07
1.09
18.79
24.53
estimates (95% CI)
(2.23, 4.94)
(0.97, 1.17)
(1.05, 1.12)
(18.73, 18.86)
Age adjusted variance
3.03
1.12
1.115
16.68
21.95
estimates (95% CI)
(1.88, 4.18)
(1.02, 1.22)
(1.08, 1.15)
(16.62, 16.74)
Fully adjusted variance
2.97
0.52
0.77
16.41
20.68
estimates (95% CI)
(1.86, 4.09)
(0.47, 0.57)
(0.75, 0.80)
(16.35, 16.47)
Variance explained by
1.91%
53.56%
30.67%
1.59%
SES factors (%)

magnitude of variance estimates and VPCs at each level were different, but the overall pattern remained
consistent. When women were specified to be nested within populations only, 83.3% of the total variation
in BMI was attributable to individuals, after adjusting for all covariates. In this case, 6.0% of the interindividual variation and 10.4% of the between-population variations were explained by SES factors alone.
When women were assumed to be nested within subgroups only, 77.3% of the total variation in BMI was
attributable to individuals, after adjusting for all covariates. In this case, 1.62% of the inter-individual
variation and 22.7% of the between-subgroup variation were explained by SES factors (Table 1.6). Lastly,
when women were specified to be nested within communities, states/regions, and countries, 79.4% of the
variation in BMI were attributable to individuals, 14.4% to countries, 3.72% to communities, and 2.5% to
states/regions. As per proportion explained by SES factors, more than half of the variation between-states
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were explained (54%) whereas less than 2% of the variation between-countries and between-individuals
were explained (Table 1.6).

Discussion
The overall objective of this study was to decompose global variation in BMI by levels of macroand micro-populations and individuals, and to quantify the extent to which they can be explained (or not)
by basic socioeconomic factors. We discuss three salient findings and their implications in relation to the
fundamental principle that determinants of individual inequalities within a population may be different
from those that drive increase in between population inequalities (Lewontin, 2006; Rose, 1992). First,
majority of the inequality in BMI was found to be between-individuals (80%) rather than betweenpopulations (14%) or between-subgroups (6%). Second, basic socioeconomic factors explained a large
proportion of population level inequality in BMI (10% at the population-level and 40% at the subpopulation level), but <2% of inter-individual variation. Third, the magnitude of within-population
variation in BMI, and the proportion explained, varied substantially across the countries.
The increasing inequalities in obesity or BMI, both nationally and globally, have been reported in
studies that have predominantly focused on comparing means of different populations/social groups
(Block et al., 2013; Helmchen & Henderson, 2004; Komlos & Brabec, 2011; Penman & Johnson, 2006;
Staub et al., 2010; Stenholm et al., 2015). More recently, a few studies have quantified the withinpopulation variation as an alternative measure for inequality (Murray et al., 1999), and consistently
reported the increasing dispersion between the tails of the BMI distribution within both high-income and
low-income populations (Krishna et al., 2015; Razak et al., 2013; Vaezghasemi et al., 2016). The present
study, by simultaneously partitioning BMI variance by population-, subgroup-, and individual- levels,
builds on the existing literature and offers new empirical evidence that the global inequality in BMI is
most likely driven by the disproportionately large inequality between individuals within population.
Very few studies have explored the geographic variations in BMI across a broad range of
countries, and almost none have attempted to systematically quantify the extent to which mean
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differences in sociodemographic factors explain the observed variations at multiple levels. One study has
analyzed the distribution of the BMI variance, and patterning by SES category, at the subnational-,
regional-, and individual-levels in the US and Canada, and our results were comparable to their findings
(Lebel et al., 2014). In their study, the BMI variance attributable to the higher geographic levels
(subnational and regional) ranged from 2.5% and 4.9% in the US and Canada; moreover, adjusting for
age, race, income, educational attainment and living in an urban environment resulted in almost 60%
reduction in variance at the sub-national level, 27% at the regional level, but only 7% at the individual
level for women in the USA (Lebel et al., 2014). The findings from this study indicated that analyzing the
variance by SES may be a useful approach to detect subtle influences of social forces underlying social
inequalities, and we found this to be true in our global analysis with 57 LMICs.
At the population level, the prevalence of obesity has increased in both genders, all ages, all
ethnic and socio-economic groups (Finucane et al., 2011; Flegal et al., 2012), and is most likely driven by
the broad shift in the energy balance resulting from the changes in social organization of food production,
distribution and promotion, together with policies influencing transportation, urban planning and leisure
opportunities (Smith, 2011). In our analysis, we found that a total of 20% of the BMI variance was at the
population and subgroup levels, and 10% and 40% of them, respectively, could be explained by the
limited set of basic socioeconomic factors. Given the large literature on the social determinants of BMI,
including the influence of national economic development and individual educational attainment and
working status (Jones-Smith et al., 2011; Kinge et al., 2015; McLaren, 2007; Neuman et al., 2013;
Silventoinen et al., 2013; Subramanian et al., 2011; Wang et al., 2014), in addition to the unequal
distribution of socioeconomic factors between populations and subgroups, it is not surprising that the
BMI variations at these levels were more sensitive to the covariate adjustment. Our analysis further
supports that both macro- and micro-level factors will continue to be important determinants of BMI
prevalence and obesity incidence in these countries (Rockhill et al., 2000; Rose, 2001; Smith, 2011).
At the same time, it must be stressed that 80% of the total variation in BMI was at the individual
level, of which less than 2% could be explained by the basic socioeconomic characteristics. This evidence
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further supports the well accepted distinction between the factors driving within- versus betweenpopulation variability, albeit it had been established based on predominantly circumstantial evidence
(Hofman & Vandenbroucke, 1992; Rose, 2001). The previous examples Rose and others alluded to had
relatively constant distribution of exposures within different countries, and therefore led them to conclude
that the inter-individual variation is likely driven by the same set of factors, mainly a stochastic or
“chance” phenomenon and genetic variation, with a lesser component from environmental and behavioral
differences (Rose, 2001; Smith, 2011).
However, our stratified analysis provides contrary evidence that the within-population variation
in BMI was not the same across the countries, with the largest fully adjusted between-individual variance
estimate being more than three times greater than the smallest variance estimate. In general, we found that
the populations with higher mean BMI systematically had significantly larger unexplained betweenindividual variance, which aligns with the previous finding that population weight gain in LMICs has
been occurring disproportionately among groups with already high BMI levels at the baseline (Razak et
al., 2013). But we also found that within countries with comparably high average BMI, some had small
individual variations (Albania, Kyrgyz Republic) while other had substantially larger variations (Benin,
Egypt, Pakistan). Hence, our country-specific findings indicate that the difference across individuals are
unlikely to be simply due to chance alone, and instead are very complex and composed of a combination
of chance, genes, the physical and social environmental factors, and the interaction between them (Merlo,
2014; Murray et al., 1999).
We do not claim that focusing solely on the causes of the differences between individuals is
sufficient to make important impacts on population health nor that it should be prioritized over population
level determinants. However, given the large within-population variation that is likely driving the global
inequality, which is also prohibiting interventions and policies to exert beneficial effect on those who
need them most, it makes sense to better quantify this variability and look for systematic sources (Merlo,
2014; Plomin & Daniels, 1987). There are several hypotheses as to what other unmeasured social,
physiologic, and genetic variability might be driving the large and rising inter-individual inequality in
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BMI. For instance, phenotypic preferences for similar body weights that influence partner selection are
known to propagate the clustering of genetic dispositions for body weights (Allison et al., 1996;
Silventoinen et al., 2003). Yet, no convincing evidence exists to justify that such assortive mating has
driven the observed increase in inter-individual inequality in BMI over a short period of time (Krishna et
al., 2015).
The genetic studies have been more successful in explaining individual level inequalities in BMI.
Around 40–70% of inter-individual variability in BMI has been attributed to genetic factors, albeit most
of the genetic variability in BMI remains unexplained (Locke et al., 2015). However, interpretations
should be made with caution since twin and adoption studies that have decomposed individual-level
variance into genetic and environmental components are known to seriously underestimate the
environmental effects (Carmichael & McGue, 1995; Rokholm et al., 2011; K Silventoinen et al., 2010).
Moreover, most of the identified germline genetic variants are shown to have contributed to increased
BMI across the population spectrum, and not particularly more to either tail of the distribution (Choquet
& Meyre, 2011; Paternoster et al., 2011). Current genetics explain <5% of the population level variation,
which is not surprising given that genetic heterogeneity is mostly much greater within than between
populations (Locke et al., 2015; Smith, 2011).
Several limitations must be kept in mind when interpreting results of this study. First, we pooled
cross-sectional data from DHS surveys V, VI, or VII, whichever was the latest round for each LMIC, and
resulted with surveys collected in years from 2005 to 2014. Future studies with repeated cross-sectional
surveys or longitudinal data in each country can provide richer evidence as to how the contribution of
socioeconomic factors in between-population and within-population variations has changed over time.
Second, our analysis was restricted to young- and middle-aged women with complete information on
BMI measure and all other covariates. Whether the observed pattern in variance partitioning in BMI for
women also holds for men in a comparable sample with objective measures of height and weight remains
an important empirical question for future studies.
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Third, we explored a small number of proxy variables for socioeconomic status that were
relatively consistently collected across all 57 LMICs, and was unable to include measures of
race/ethnicity, occupation, and/or SES measures at different stages of the life-course. Future studies
should explore data with diverse sociodemographic and genetic information to provide more
comprehensive evidence of their relative contributions to BMI variation. Lastly, the relative importance
of one level or population unit (ie. the amount of variation attributed to that level) estimated in any
multilevel analysis is inevitably sensitive other omitted units/scales (Kim & Subramanian, 2016). Our
sensitivity analyses with different multilevel specifications indicated that this was true, but the proportion
of variation attributable to individual level remained to be disproportionately large in all models.
Relatedly, comparing sub-population variance between countries is not straightforward since the selection
of PSU was specific to each country. That is, PSUs may closely approximate the true geographic structure
of administrative units where interventions are implemented in some countries, but not in others.
Nevertheless, our three-level model allowed novel comparisons of geographic partitioning of BMI
variance across a large number of countries, and indicated at which geographic levels (macro vs micro)
BMI measure tended to be clustered in.
In conclusion, we provide empirical evidence supporting Rose’s theoretical insight that the
determinants of the incidence rate experienced by a population may explain little of the variation in risk
between individuals within the population (Rose, 1992, 2001). The importance of studying and
intervening on population-level averages cannot be over-emphasized, but focusing solely on them may
compromise our understanding of variability in individuals’ health around the averages (Merlo, 2014).
Given the lack of systematic research quantifying and explaining the variation in health outcomes within
populations, our findings provide new insights on the relative and absolute amount of BMI variability that
exists within population and that they are not constant across 57 LMICs. The between-population
variation is easier to explain even with very basic socioeconomic factors, but will resolve only a small
fraction of the global inequality in BMI. Instead, partitioning variability by multiple macro- and microlevels, and exploring systematic components of variation at all levels, may enhance our ability to identify
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homogeneous groups of individuals who are actually susceptible to an exposure in different contexts, and
thereby promote interventions that effectively reduce inequalities both between- and within- populations
(Merlo, 2014; Zieliński, 2014). While this study has focused on assessing the contribution of basic
socioeconomic factors to the between- and within- population variations in BMI across 57 LMICs, future
investigations should explore other health outcomes with diverse explanatory factors and meaningful
population levels.
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Chapter 1 Appendix
Supplementary Table 1.7. Comparing model fit between the global three-level model vs country-specific
two level models (AIC)
Model

-2loglikelihood +2(#parameters)

AIC

Global three level (unadjusted)

3749579.3 + 2(3)

3749585.3

Global three level (age adjusted)

3676084.2 + 2(3)

3676090.2

Global three level (fully adjusted)

3655128.8 + 2(3)

3655134.8

Country specific two level (unadjusted)*

3712818.5 + 2(2x57)

3713046.5

Country specific two level (age adjusted)**

3633067.2+ 2(2x57)

3633295.2

Country specific two level (fully adjusted)***

3601428.1+ 2(2x57)

3601656.1

Model comparison

AIC comparison

Model with better fit

Global vs Country specific (unadjusted)

3749585.3 vs 3713046.5

Country specific

Global vs Country specific (age adjusted)

3676090.2 vs 3633295.2

Country specific

Global v Country specific (fully adjusted)

3655134.8 vs 3601656.1

Country specific

-2loglikelihood for country specific two levels
Country
Albania

Unadjusted*

Age adjusted**

Fully adjusted***

41451.7

39562.3

39437.6

Armenia
Azerbaijan

37481.8

35578.1

35530.6

48134.5

45531.7

45306.6

Bangladesh

93146.2

92384.0

90667.1

Burkina Faso
Benin

39707.8

39381.4

38749.1

85264.2

84216.5

83982.9

Bolivia

92763.8

90065.3

89298.7

Burundi

21895.0

21838.4

21616.0

Congo DRC

43236.6

42861.3

42485.1

Congo Rep

28684.8

28294.1

27976.7

Cotedivoire

24320.3

23968.2

23724.9

Cameroon

42032.2

41300.4

40829.5

Colombia

265681.4

257938.2

257474.9

Dominican Republic

54788.6

53396.5

53214.0

Egypt

121240.0

118977.0

118894.6

Ethiopia

75632.0

75206.0

74502.1

Gabon

30650.5

29934.8

29749.0

Ghana

26451.8

25768.7

25276.8

Gambia

24905.0

24444.5

24295.6

Guinea

23600.6

23315.9

23074.4

Guyana

29033.9

28302.5

28262.3

Honduras

131638.4

127616.6

126844.8
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Supplementary Table 1.7. (Continued)
Haiti

50888.6

49812.6

49164.4

India

626633.2

615666.9

607359.9

Jordan

42057.3

41031.0

40948.4

Kenya

79007.3

77665.2

76122.3

Cambodia

58973.1

57470.9

57074.1

Comoros

29202.9

28479.0

28357.4

Kyrgyz Repub

44743.6

41964.2

41922.8

Liberia

23761.7

23257.0

23077.2

Lesotho

20397.4

19853.3

19596.3

Moldova

44596.6

42265.9

42162.1

Madagascar

38672.1

38435.0

38037.8

Mali

26900.6

26575.1

26286.8

Maldives

30515.7

30138.2

30086.4

Malawi

36900.2

36588.7

36217.4

Mozambique

67877.1

66929.2

66114.9

Nigeria

196863.9

192187.2

190573.6

Niger

24966.7

24519.7

24106.5

Namibia

25719.4

25026.9

24618.1

Nepal

30564.9

30099.7

29719.0

Peru

133245.3

129095.7

128262.3

Pakistan

25219.2

24942.4

24723.9

Rwanda

33129.6

32937.0

32483.2

Sierra Leone

40846.5

40288.8

40029.5

Senegal

30212.4

29480.6

29300.3

Sao Tome

13486.3

13318.1

13278.2

Swaziland

29288.1

28215.4

27980.3

Chad

52084.9

51621.0

51332.2

Togo

26001.5

25510.4

25128.4

Tajikistan

53413.4

51189.4

51054.0

Timor Leste

62861.6

62640.6

62460.0

Tanzania

51739.4

51108.1

50426.8

Uganda

13139.9

13056.9

12767.4

Yemen

135344.4

132145.1

131317.1

Zambia

83990.4

82876.2

81846.8

Zimbabwe

47832.3

46793.4

46299.3

Sum of -2*loglikelihood

3712818.5

3633067.2

3601428.1
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Chapter 2: Importance of considering individual heterogeneity: Application using body mass index
from 57 low- and middle- income countries

Abstract
Objective: While modeling complex variation at the contextual level(s) has become increasingly valued
in health literature, residuals at the individual level continue to be summarized with a single summary
parameter under the homoscedasticity assumption. This study explicitly modeled individual
heteroscedasticity in body mass index (BMI) to illustrate the substantive importance of understanding
systematic differences within population and its implications for reducing health inequality.
Methods: Our analytic study population consisted of 643,315 women pooled from the latest
Demographic Health Surveys from 57 low- and middle-income countries. We applied Goldstein’s method
to model level-1 variation in BMI as a function of basic sociodemographic characteristics and an
interaction between them. We also examined the proportion of variation in BMI explained by basic
socioeconomic characteristics for different subgroups.
Results: We found that individual residuals in BMI were not independent of each of the
sociodemographic variables. The total BMI variance ranged from 9.84 (95% CI: 9.8, 9.9) for women aged
15-19 years to 23.2 (95% CI: 22.9, 23.5) for 45-49 year olds; from 14.2 (95% CI: 14.1, 14.3) for those
with no formal education to 19.7 (95% CI: 19.5, 19.9) for those who have completed higher education;
and from 13.6 (95% CI: 13.5, 13.7) for the poorest quintile group to 20.1 (95% CI: 20.0, 20.2) for the
wealthiest group. Additionally, there was a significant interaction in BMI heterogeneity by age and
socioeconomic factors, such that variance in BMI within the oldest and the wealthiest (and most educated)
group was more than three times larger than the youngest and the poorest (and least educated) group.
Lastly, the proportion of variation explained by basic socioeconomic predictors was small (<1%) and
remained consistent across all the age groups.
Conclusion: The constant residual variance at the individual level may erroneously mask the underlying
systematic differences in variability by individual characteristics. The complexity in BMI heterogeneity
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may be driven by the same set of factors having differential effects on individuals and/or by a completely
different set of factors driving the variation within different segments of the population. Identifying
groups with systematically large variation and understanding their specific determinants has important
implications for preventive strategies that aim to reduce health inequality.

34

Introduction
Multilevel modeling has become increasingly common in health literature (Arcaya et al., 2016)
given its methodological flexibility in partitioning residual variance into multiple levels of shared
environment (Raudenbush & Bryk, 2002). By doing so, this modeling approach accommodates the true
complexity in population heterogeneity and provides important evidence on the influence of contextual
environment on a broad range of individual health outcomes, which are informative for interventions that
promote population health and health equity (Frieden, 2010; Marmot et al., 2008; Subramanian, 2004;
Subramanian et al., 2003). However, despite its ability to model complex variation at all levels, multilevel
studies thus far have been restricted to modeling complex variation at the higher level(s) only (i.e.,
between-population).
Assuming a single constant variance at the individual level (i.e., within-population) can be quite
unrealistic for many physiological, behavioral, and social outcomes (Browne et al., 2002). For instance,
people of different age, gender, race/ethnicity, and socioeconomic status may be healthier or sicker on
average, but also differently variable in terms of their health status. The technical advantages of an
alternative approach to explicitly model such “complex level-1 variation” as a function of specified
predictor variable(s) has been discussed previously (Browne et al., 2002; Goldstein, 2005). The
substantive importance of understanding systematic differences in the underlying individual heterogeneity
and its implications for individual and population health has not been fully recognized.
Therefore, this paper aims to explicitly model individual-level variation in body mass index (BMI)
using a global data pooled from 57 low- and middle-income countries (LMICs). This application focuses
on BMI given the predominant focus on its average trends despite the recent evidence on increasing
within-group inequality in different populations and social groups. For instance, a secular increase in BMI
in the United States from 1993 to 2012 was found to be associated with more than 30% rise in dispersion
(Krishna et al., 2015), and a similar trend was observed for LMICs (Razak et al., 2013). Another study in
Indonesia found a decrease in between socioeconomic group differences in BMI over time (1993-2007)
and an increase in within group inequalities, especially among individuals with low education and low per
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capita expenditure groups (Vaezghasemi et al., 2016). However, no study to date has explored the level-1
variation in BMI across a broad range of countries.
We specifically investigate the following three questions. First, we explore whether women of
different sociodemographic characteristics are more or less variable in terms of their BMI measures. For
instance, there are physiological reasons to anticipate that older women, on average, have higher BMI
than younger groups, but it is also important to quantify whether variance in BMI also systematically
depends on age. Second, we attempt to model the full complexity of inter-individual variation in BMI as a
function of an interaction between more than one predictor variable, after accounting for the average
interaction effects in the fixed part. While older people may be much more variable in BMI than younger
people, there may be important social gradient in the degree of variation even among the same age group.
Lastly, to better understand the stochastic and systematic components of individual variation in BMI, we
examine the proportion of variance explained by basic socioeconomic characteristics, each individually
and collectively, for different subgroups.
In this novel application, we illustrate that conventional epidemiologic risk factor research
estimating probabilistic average associations at a single level, as well as multilevel analyses that do not
consider individual heterogeneity, are inadequate to reflect the true distribution of individual health within
population (Keyes & Galea, 2015; Merlo, 2014). Explicitly acknowledging and modeling individual
heterogeneity can be useful in identifying groups with particularly large variation in health outcomes.
Moreover, further evidence on factors that systematically contribute to inequality in health experiences
within particular contexts are important to design appropriate interventions that can necessarily benefit
the targeted individuals and effectively reduce variations between them (Merlo, 2014; Razak et al., 2016).

Methods
Data and sampling plan
The data for this study were extracted from the latest cross-sectional Demographic and Health
Surveys (DHS) conducted in 57 LMICs between 2005 and 2014 (DHS, 2012). DHS includes standardized
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and representative sampling of participants across a wide range of countries, objective measurement of
anthropometric measures by trained individuals using a standardized protocol, repeated surveys within
countries, and high response rates (Corsi et al., 2012; DHS, 2011). DHS collected individual observations
following a probability-based cluster sampling procedure, which was then adapted to specific contexts
within each country. First, sampling frames were developed on the basis of non-overlapping units of
geography (identified as the primary sampling units (PSUs)) that cover the entire country. Next, within
selected PSUs, a fixed proportion of households were selected using systematic sampling. The household
response rates of DHS typically exceeded 90%. Detailed sampling plans are available from survey final
reports at www.measuredhs.com/pubs/search/search_ results.cfm?Type=5&srchTp=type&newSrch=1.

Study population and sample size
Our analytic study population was pooled from the DHS rounds V, VI, or VII, whichever was the
latest round for each of the 57 LMICs. Of the 912,444 women, 4,801 women younger than 15 or older
than 49 years, and 68,571 women who were pregnant at the time of the survey, did not meet the eligibility
criteria for the analysis. Moreover, there were 175,380 women for whom height or weight was
intentionally not measured. Among those for whom anthropometric measures should have been taken,
19,891 women were further excluded for missing anthropometric measures and 322 women for having
biologically implausible height (<100 cm or >200 cm) and/or weight (<20 kg or >200 kg) measures.
Lastly, 164 women were excluded for missing information on education level and marital status, leaving
643,315 women in the final analytic sample (Figure 2.1).

Outcome: Body mass index
The primary outcome of interest was BMI (kg/m2), calculated as weight (kg) divided by the
square of height (m2). Trained investigators weighed each woman by using a solar-powered scale with an
accuracy of 100 grams and measured height by using an adjustable board calibrated in millimeters, and
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theoretically accurate to 1 mm (DHS, 2012). The continuous measure of BMI captures the entire
spectrum of nutritional status in a population.

Figure 2.1. Final analytic sample from 57 low and middle income countries (Demographic Health
Surveys, 2004-2014)

643,315 women

Excluded due to missing covariates:
• 110 missing education level
• 54 missing marital status
643,479 women
Excluded due to:
• 19,891 missing anthropometric
measures
• 322 implausible measures of
height/weight
663,692 women
Not eligible:
• 4,801 not in age range 15-49 years
• 68,571 pregnant at the time of survey
• 175,380 not measured for
height/weight by measurement
protocol

912,444 women
Latest DHS waves (round V, VI, or
VII) from 57 LMICs

Explanatory variables: socioeconomic and demographic characteristics
The following five socioeconomic and demographic variables, including age, place of residency,
household wealth, women’s education, and marital status, were considered in the analysis. Women’s age
was categorized into seven groups of 15-19 years, 20-24 years, 25-29 years, 30-34 years, 35-39 years, 4044 years, and 45-49 years. A binary variable for place of residence was defined as census-based urban
versus rural. In DHS, household wealth was captured through a composite index of relative standard of
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living derived from country-specific indicators of asset ownership, housing characteristics and water and
sanitation facilities (Rutstein, 2008). The DHS wealth index was constructed by conducting a principal
component analysis on z-scores for each indicator variable, and then diving the standardized score into
quintiles for each country (Gwatkin et al., 2007; Rutstein, 2008). Women’s education was coded in four
categories indicating a woman having no schooling, having completed primary schooling, secondary
schooling, or higher schooling. Finally, a variable with three categories of never married, married/living
together, divorced/separated/widowed was used for women’s marital status.

Analysis Plan
The individual country files from 57 LMICs were combined to create a pooled dataset. First, a
linear regression model assuming homoscedasticity and adjusting for a vector (𝑋′) of all the pre-specified
covariates (age, type of residence, education, wealth, and marital status) was constructed to serve as the
base model for comparison with subsequent models.
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 )

(Model 1)

In this ordinary least squares model, 𝑒0 represents an individual-specific residual that captures the
difference between BMI value for each observation and the population average, conditional on the
adjusted variables. Assuming that these homoscedastic residuals are normally distributed around a mean
2
of 0, Model 1 estimates the level-1 (between-individual) variance in BMI as 𝑒0 ~i. i. d. 𝑁(0, 𝜎𝑒0
).

Next we modeled BMI variance as a function of each of the explanatory variables, while
adjusting for the same set of variables in the fixed part. For example, to test whether within-population,
between-individual variation in BMI is truly constant across all ages, we derived separate level-1
variances for each of the seven age groups in Model 2a (where 𝑥0 = age 15-19, 𝑥1 = age 20-24, … , 𝑥6 =
age45-49):
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 𝑥0 + 𝑒1 𝑥1 + 𝑒2 𝑥2 + 𝑒3 𝑥3 + 𝑒4 𝑥4 + 𝑒5 𝑥5 + 𝑒6 𝑥6 )
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(Model 2a)

At level-1, the residuals can no longer be summarized with one variance, and instead a variance
covariance matrix is estimated.
𝑒0
𝝈𝟐𝒆𝟎
𝑒1
𝝈𝒆𝟎𝒆𝟏
𝑒2
𝝈𝒆𝟎𝒆𝟐
𝑒3 ~𝑁 0, 𝝈𝒆𝟎𝒆𝟑
𝑒4
𝝈𝒆𝟎𝒆𝟒
𝑒5
𝝈𝒆𝟎𝒆𝟓
[𝑒6 ]
( [𝝈𝒆𝟎𝒆𝟔

2
𝜎𝑒1
𝜎𝑒1𝑒2
𝜎𝑒1𝑒3
𝜎𝑒1𝑒4
𝜎𝑒1𝑒5
𝜎𝑒1𝑒6

2
𝜎𝑒2
2
𝜎𝑒2𝑒3
𝜎𝑒3
2
𝜎𝑒2𝑒4 𝜎𝑒3𝑒4 𝜎𝑒4
2
𝜎𝑒2𝑒5 𝜎𝑒3𝑒5 𝜎𝑒4𝑒4 𝜎𝑒5
2
𝜎𝑒2𝑒6 𝜎𝑒3𝑒6 𝜎𝑒4𝑒5 𝜎𝑒5𝑒4 𝜎𝑒6
])

For categorical variables, not all the terms in the matrix get estimated since individuals can only be in one
2
category on a single dimension. Due to the dummy/indicator coding approach, only the base variance (𝜎𝑒0
)

and the associated covariance terms (bolded) that represent the differential in the variation between the
reference group and each of the respective categories can be estimated (Goldstein, 2005). In this case, the
2
total between-individual variance in BMI for age 15-19 years (intercept) is estimated directly as 𝜎𝑒0
, and

a linear model can be estimated to derive the between-individual variation for all the other age categories.
2
For instance, the variation for individuals aged 20-24 years is derived as v𝑎𝑟(𝑒0 + 𝑒1 ) = 𝜎𝑒0
+ 2𝜎𝑒0𝑥1 ,
2
and the variation for age 25-29 years is derived as 𝑣𝑎𝑟(𝑒0 + 𝑒2 ) = 𝜎𝑒0
+ 2𝜎𝑒0𝑥2 .

We repeated this procedure of modeling the difference in variability between categories and then
deriving the variances indirectly for type of residency (Model 2b), wealth quintiles (Model 2c), education
(Model 2d), and marital status (Model 2e).
To explore potential interaction between age and socioeconomic factors, we first included the
interaction terms between age and education in the fixed part (Model 3a). Then, we further modeled BMI
variance as a function of all possible cross-classification of age groups and education levels (Model
3b).To obtain the total variance for each of the 28 social groups (7 age categories x 4 education levels)
directly from the model, we used separate coding in the random part. Similarly, we estimated interaction
effect between age and wealth quintiles (Model 4a) and further expanded the model to estimate individual
variance as a function of age and wealth (Model 4b).

40

Lastly, we performed a stratified analysis by age to test whether differential amount of variance
gets explained within in these subgroups after adjusting for each of the socioeconomic predictors
individually and all collectively. The proportion of variance explained by covariate adjustments were
computed by subtracting the variance of the model with more terms from the variance of the initial model,
and converting to percentage.
The equations for all the models are specified in Supplementary Table 2.6, and the results from
comparing the model fit by the Akaike information criterion (AIC) are presented in Supplementary
Table 2.7. Moreover, all the calculations used to derive the variances for models 2a-2e are reported in
Supplementary Tables 2.8 and 2.9. All analyses were adjusted for country fixed effects and PSU
random effects. Multilevel modeling was performed using MLwiN software version 2.32, and parameters
were estimated by using iterative generalized least squares (IGLS). All analyses were based on public use
data set, which contained no personal identifiable information on study participants.

Results
Of the 643,315 women included in the final analytic sample (Figure 2.1), the average BMI was
23.2 kg/m2 with a standard deviation (SD) of 17.8 kg/m2. Table 2.1 shows that both mean and dispersion
in BMI was variable by sociodemographic predictors, such that older women had higher mean and SD
compared to younger women (mean: 25.4 kg/m2, SD: 10.6 kg/m2 vs mean: 20.8 kg/m2, SD: 6.0 kg/m2)
while the urban population had higher mean but smaller SD compared to the rural population (mean: 24.5
kg/m2, SD: 15.2 kg/m2 vs mean: 22.2 kg/m2, SD: 16.8 kg/m2) (Table 2.1).
In general, individual level explanatory variables were associated with BMI in the expected
direction in the base model (Table 2.2). For instance, women aged 45-49 years, on average, had 3.6
kg/m2 (95% CI: 3.5, 3.7) higher BMI than women aged 15-19 years. In terms of education level, having
completed primary education and secondary education was each associated with 0.94 kg/m2 (95% CI:
0.90, 0.97) and 0.93 kg/m2 (95% CI: 0.88, 0.97) higher BMI than those with no formal education.
Additionally, there was a positive gradient by wealth quintiles, such that those in the secondary, third,
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fourth and the richest quintiles were, on average, 0.46 kg/m2 (95% CI: 0.43, 0.50), 0.81 kg/m2 (95% CI:
0.77, 0.85), 1.34 kg/m2 (95% CI: 1.30, 1.38), and 2.20 kg/m2 (95% CI: 2.16, 2.24) heavier compared to
2
women in the poorest quintile. In this model assuming 𝑒0 ~i. i. d. 𝑁(0, 𝜎𝑒0
), the variance at individual
2
level was estimated as 𝜎𝑒0
= 17.57 (95% CI: 17.51, 17.63) (Table 2.2).

Table 2.1. Mean BMI and standard deviation (SD) by individual predictors
BMI (kg/m2)
Predictors
N
Mean
SD
5th
50th
Age

95th

15-19

127,048

20.8

6.0

16.3

20.3

26.7

20-24

107,217

22.0

7.0

16.8

21.3

29.4

25-29

104,225

23.1

9.0

17.0

22.2

31.9

30-34

90,212

24.0

9.7

17.2

23.1

33.6

35-39

82,537

24.6

10.2

17.2

23.7

34.6

40-44

70,920

25.2

11.0

17.3

24.4

35.8

45-49

61,156

25.4

10.6

17.4

24.7

36.1

Urban

283,827

24.5

15.2

17.5

23.6

34.5

Rural

359,488

22.2

16.8

16.6

21.3

31.2

154,950
172,811

21.7
23.4

12.2
10.8

16.3
17.1

20.8
22.4

30.3
32.9

Secondary

251,918

23.7

13.1

17.1

22.7

33.6

Higher

63,636

24.9

8.5

18.0

24.1

34.3

Lowest

116,378

22.0

12.6

16.4

21.0

30.7

Secondary

120,233

22.5

11.5

16.6

21.5

31.9

Middle

125,815

23.0

11.7

16.8

22.0

32.6

Fourth

133,638

23.7

11.8

17.1

22.7

33.5

Highest

147,251

24.5

11.2

17.6

23.6

34.2

Never married

169,129

21.5

7.8

16.5

20.9

28.8

Married/ Living together

419,031

23.7

18.0

17.0

22.7

33.6

Widowed/ Divorced/ Separated

55,155

24.3

8.6

17.3

23.3

34.2

Type of Residence

Level of education
No education
Primary

Wealth quintiles

Marital status

42

Table 2.2. Fixed and random estimates for BMI, adjusted for country, age, type of residency, education
level, wealth quintiles, and marital status
Estimate
95% CI
Fixed
Intercept

20.01

(19.86, 20.15)

20-24 yrs

0.70

(0.65, 0.74)

25-29 yrs

1.53

(1.48, 1.58)

30-34 yrs

2.37

(2.32, 2.42)

35-39 yrs

2.89

(2.84, 2.95)

40-44 yrs

3.37

(3.31, 3.42)

45-49 yrs

3.60

(3.54, 3.66)

-0.39

(-0.42, -0.35)

Primary education

0.94

(0.90, 0.97)

Secondary education

0.93

(0.88, 0.97)

Higher education

0.67

(0.62, 0.73)

Q2

0.47

(0.43, 0.52)

Q3

0.87

(0.83, 0.91)

Q4

1.45

(1.41, 1.50)

Q5

2.28

(2.23, 2.33)

Married/ Living together

0.94

(0.90, 0.98)

Widowed/ Divorced/ Separated

0.67

(0.62, 0.73)

16.67

(16.61, 16.73)

Age (ref: 15-19 years)

Type of residency (ref: Urban)
Rural
Level of education (ref: No education)

Wealth quintiles (ref: Q1)

Marital status (ref: Never married)

Random
2
Variance (𝜎𝑒0
)

However, results in Table 2.3 indicate that individual residuals in BMI were not independent of
each of the sociodemographic variables. As expected, the fixed effect estimates remained mostly the same
(Supplementary Table 2.8), but the statistical fit of the model was better once BMI variance was
modeled as a function of the selected predictors (Supplementary Table 2.7). Not only were women with
certain sociodemographic characteristics more likely to have higher BMI on average, but they also tended
to be much more variable. Using the appropriate equations (Supplementary Table 2.9), the total
variation in BMI was 9.84 (95% CI: 9.8, 9.9) for women aged 15-19 years; 13.0 (95% CI: 12.8, 13.1) for
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20-24 year olds; 16.3 (95% CI: 16.2, 16.5) for 25-29 year olds; 18.8 (95% CI: 18.6, 19.0) for 30-34 year
olds; 20.5 for 35-39 year olds; 22.8 (95% CI: 22.6, 23.0) for 40-44 year olds; and 23.2 (95% CI: 22.9,
23.5) for 45-49 year olds (Table 2.3). In other words, the BMI variance within the oldest age group was
approximately 2.5 times larger than that within the youngest group.
Moreover, women were much more variable in terms of BMI in urban areas (variance estimate
(VE): 21.2; 95% CI: 20.1, 20.3) compared to rural areas (VE: 13.9; 95% CI: 13.8, 13.9). For education
level, BMI was found to be least variable among women with no formal education (VE: 14.2; 95% CI:
14.1, 14.3) and most variable among those who have completed higher education (VE: 19.7; 95% CI:
19.5, 19.9). A similar pattern was observed for wealth quintiles, with the VE being substantially smaller
for the poorest quintile group (VE: 13.6; 95% CI: 13.5, 13.7) compared to the wealthiest group (VE: 20.1;
95% CI: 20.0, 20.2). Lastly, in terms of marital status, the widowed/divorced/separated women had VE of
20.8 (95% CI: 20.6, 21.1), which was much larger than the VE for never married women (VE: 12.5; 95%
CI: 12.4, 12.6) (Table 2.3).
On average, there was a significant interaction between age and socioeconomic factors
(Supplementary Table 2.9), such that the positive association between age and BMI was stronger for
more educated and wealthier women (Supplementary Table 2.10). Independent of such interactive
effects in the fixed part, residual variance in BMI was also found to depend on the interaction between
age and socioeconomic factors (Table 2.4). Even within the same age group, the variance in BMI was
much larger for more educated and wealthier groups. For instance, while the overall variance for 15-19
year olds was 9.84 (95% CI: 9.8, 9.9), the VE ranged from 7.69 (95% CI: 7.5, 7.9) for 15-19 year olds
with no formal education to 11.9 (95% CI: 11.4, 12.4) for those who have completed higher education.
Among 45-49 year old individuals, the variance was smallest for the least educated group (VE: 19.1; 95%
CI: 18.7, 19.4) and largest for the secondary education group (VE: 27.6; 95% CI: 26.9, 28.1) (Figure 2.2).
A similar trend was observed by wealth quintiles. Within the youngest age group, the VE ranged from 8.3
(95% CI: 8.2, 8.5) for the poorest quintile to 11.7 (95% CI: 11.5, 11.9) for the wealthiest quintile. Within
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Table 2.3. Individual level variance in BMI modeled as a function of each of the selected socioeconomic demographic characteristic
Type of residency
Education
Marital status
Age heterogeneity
Wealth heterogeneity
heterogeneity
heterogeneity
heterogeneity
VE
95% CI
VE
95% CI
VE
95% CI
VE
95% CI
VE
95% CI
Random
Age
15-19 yrs

9.84

(9.76, 9.92)

20-24 yrs

12.95

(12.84, 13.06)

25-29 yrs

16.34

(16.20, 16.49)

30-34 yrs

18.82

(18.64, 18.99)

35-39 yrs

20.50

(20.30, 20.70)

40-44 yrs

22.79

(22.55, 23.03)

45-49 yrs

23.21

(22.94, 23.47)

Type of residency:
Urban
Rural

20.21

(20.10, 20.32)

13.88

(13.81, 13.94)

Level of education:
No education

14.20

(14.09, 14.30)

Primary education

16.57

(16.45, 16.68)

Secondary education

17.51

(17.41, 17.60)

Higher education

19.69

(19.46, 19.91)

Wealth quintiles:
Q1

13.62

(13.51, 13.73)

Q2

14.85

(14.73, 14.97)

Q3

15.92

(15.79, 16.05)

Q4

17.93

(17.78, 18.06)

Q5

20.10

(19.95, 20.25)

Marital status:
Never married
Married/ Living together
Widowed/ Divorced/
Separated

45

12.50

(12.42, 12.59)

17.81

(17.73, 17.88)

20.84

(20.59, 21.09)

Table 2.4. Individual level variance in BMI when interaction between age and socioeconomic variables
(wealth, education) are modeled (a) in the fixed part only and (b) both in the fixed and random parts
Age x Education
VE (95% CI)

Age x Wealth
VE (95% CI)

(a) Interaction only in the fixed part (homoscedasticity at level-1)
16.64
(16.58, 16.69)

16.64
(16.58, 16.69)

(b) Interaction in the fixed part and random parts
Age:

Level of education:

15-19 yrs

Wealth quintiles:

No education

7.69
(7.51, 7.87)

Q1

8.30
(8.15, 8.46)

Primary education

9.17
(9.03, 9.31)

Q2

8.45
(8.30, 8.61)

Secondary education
Higher education

10.38
(10.27, 10.49)
11.89
(11.37, 12.42)

Q3
Q4
Q5

20-24 yrs

No education

9.31
(9.12, 9.51)

Q1

10.43
(10.21, 10.65)

Primary education

12.41
(12.19, 12.64)

Q2

11.46
(11.23, 11.69)

Secondary education

14.15
(13.97, 14.33)

Q3

12.18
(11.94, 12.42)

Higher education

14.36
(14.02, 14.69)

Q4
Q5

No education
Primary education
25-29 yrs

11.46
(11.25, 11.66)
15.88
(15.61, 16.15)

Q1
Q2

Secondary education

19.06
(18.79, 19.34)

Q3

Higher education

19.00
(18.55, 19.46)

Q4
Q5

No education
Primary education
30-34 yrs

9.35
(9.18, 9.51)
10.73
(10.54, 10.91)
11.68
(11.49, 11.88)

Secondary education
Higher education

14.43
(14.18, 14.69)
18.84
(18.51, 19.18)
21.30
(20.95, 21.65)
22.38
(21.77, 23.00)

Q1
Q2
Q3
Q4
Q5
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14.15
(13.88, 14.41)
15.39
(15.12, 15.66)
12.78
(12.51, 13.04)
14.34
(14.05, 14.63)
14.97
(14.67, 15.26)
18.55
(18.19, 18.90)
19.99
(19.63, 20.35)
14.92
(14.60, 15.25)
17.13
(16.76, 17.51)
18.21
(17.82, 18.60)
19.93
(19.51, 20.34)
22.86
(22.42, 23.31)

Table 2.4. (Continued)
No education
Primary education
35-39 yrs

Secondary education
Higher education

15.62
(15.35, 15.90)
20.70
(20.32, 21.07)
24.38
(23.95, 24.82)
23.39
(22.65, 24.12)

Q1
Q2
Q3
Q4
Q5

No education
Primary education
40-44 yrs

Secondary education
Higher education

18.95
(18.59, 19.30)
22.68
(22.23, 23.12)
26.61
(26.09, 27.13)
23.84
(23.02, 24.67)

Q1
Q2
Q3
Q4
Q5

No education
Primary education
45-49 yrs

Secondary education
Higher education

19.06
(18.70, 19.42)
23.22
(22.72, 23.71)
27.55
(26.94, 2a8.16)
25.64
(24.64, 26.63)

Q1
Q2
Q3
Q4
Q5

15.72
(15.36, 16.07)
17.83
(17.43, 18.23)
19.88
(19.44, 20.32)
22.07
(21.59, 22.55)
25.73
(25.20, 26.27)
19.08
(18.61, 19.54)
20.49
(19.99, 20.98)
22.45
(21.91, 23.00)
24.33
(23.75, 24.90)
26.41
(25.82, 27.00)
19.26
(18.76, 19.77)
21.59
(21.03, 22.16)
23.15
(22.55, 23.75)
24.09
(23.49, 24.70)
26.62
(25.97, 27.26)

the oldest age group, the VE ranged from 19.3 (95% CI: 18.8, 19.8) for the poorest quintile to 26.6 (95%
CI: 26.0, 27.3) for the wealthiest quintile (Figure 2.3).
Lastly, Table 2.5 presents the results from stratified analysis by age. For all age groups, adjusting
for type of residency, education, wealth, and marital status explained less than 1% of the individual
variation in BMI. More specifically, the percentage in variance explained ranged from 0.3% for the
youngest age group to 0.7% for the oldest group, with wealth adjustment contributing the most in all
cases. The explanatory variables that had statistically significant association with BMI on average had
almost no systematic contribution to individual variation, and this remained consistent across all age
groups.

47

Figure 2.2. Individual level variance in BMI (95% CI) when interaction between age and education are modeled both in the fixed and random parts
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Figure 2.3. Individual level variance in BMI (95% CI) when interaction between age and wealth are modeled both in the fixed and random parts
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Table 2.5. Variance estimate stratified by seven age groups and proportion explained (%) by basic socioeconomic factors independently and jointly
15-19 yrs

20-24 yrs

25-29 yrs

30-34 yrs

35-39 yrs

40-44 yrs

45-49 yrs

N = 127,048

N = 107,217

N = 104,225

N = 90,212

N = 82,537

N = 70,920

N = 61,156

9.69
(9.61, 9.77)

12.85
(12.74, 12.96)

16.26
(16.11, 16.40)

18.55
(18.37, 18.73)

20.14
(19.94, 20.35)

22.06
(21.82, 22.30)

22.06
(21.80, 22.32)

9.69
(9.61, 9.77)
0.0%

12.86
(12.75, 12.97)
-0.1%

16.28
(16.14, 16.43)
-0.2%

18.59
(18.41, 18.76)
-0.2%

20.17
(19.97, 20.37)
-0.1%

22.07
(21.83, 22.31)
0.0%

22.10
(21.84, 22.36)
-0.2%

Education
VE
(95% CI)
% explained

9.69
(9.61, 9.77)
0.0%

12.86
(12.74, 12.97)
0.0%

16.29
(16.14, 16.43)
-0.2%

18.59
(18.41, 18.77)
-0.2%

20.13
(19.93, 20.33)
0.1%

22.07
(21.83, 22.31)
0.0%

22.10
(21.84, 22.36)
-0.2%

Wealth
VE
(95% CI)
% explained

9.68
(9.60, 9.76)
0.1%

12.84
(12.73, 12.96)
0.0%

16.24
(16.09, 16.38)
0.1%

18.53
(18.35, 18.70)
0.1%

19.97
(19.77, 20.17)
0.9%

21.92
(21.68, 22.15)
0.7%

21.92
(21.66, 22.17)
0.7%

Marital status
VE
(95% CI)
% explained

9.68
(9.60, 9.76)
0.2%

12.85
(12.74, 12.96)
0.0%

16.26
(16.11, 16.40)
0.0%

18.55
(18.37, 18.72)
0.0%

20.15
(19.94, 20.35)
0.0%

22.06
(21.82, 22.30)
0.0%

22.05
(21.80, 22.31)
0.0%

Full adjustment
VE
(95% CI)
% explained

9.66
(9.58, 9.74)
0.3%

12.85
(12.73, 12.96)
0.0%

16.24
(16.10, 16.38)
0.1%

18.51
(18.33, 18.69)
0.2%

19.96
(19.76, 20.16)
0.9%

21.90
(21.66, 22.13)
0.7%

21.90
(21.64, 22.15)
0.7%

Null
VE
(95% CI)
Type of residency
VE
(95% CI)
% explained
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Discussion
The objective of this study was to explore the complexity in individual level residual variances in
BMI as a function of basic demographic and socioeconomic predictors. In doing so, we provide empirical
evidence that assuming individual variation in BMI to be constant erroneously masks the underlying
systematic differences by sociodemographic characteristics. We focus on discussing the conceptual
motivation behind this modeling approach and its implications for intervention strategies that aim to
reduce within-group inequalities.
The technical advantages of modeling complex level-1 variation have been discussed previously
and will not be reiterated in details. Very briefly, heterogeneous models are recommended to obtain
unbiased estimates of standard errors for the fixed-effect and random-effect parameters for any data that
violate the homogeneity assumption (Vallejo et al., 2015) because the validity of inferences about model
parameters may be severely affected if the variances depend on the explanatory variables (Dedrick et al.,
2009; Raudenbush & Bryk, 2002). In multilevel analysis, the inappropriate assumption of
homoscedasticity at level-1 can lead to exaggerated estimates of contextual differences as heterogeneity
between-individuals can confound between-context variation (Browne et al., 2002; Goldstein, 2005). In
our analyses, we found that modeling the complex level-1 variation provided better statistical fit of all the
models (Supplementary Table 2.7).
The substantive interest in exploring the presence of individual heterogeneity has also been
recognized previously. For instance, it has been suggested that modeling the variance directly as a
function of explanatory variables and quantifying the extent to which individuals differ more from each
other in some groups than in other groups can potentially uncover important differences within group
context (Goldstein, 2005; Hoffman, 2007). Yet, the full flexibility and complexity of modeling
heterogeneity at level-1 has not been realized in public health research and practice with multilevel
investigations focusing solely on the elaborations of the higher-level random terms to capture betweencontext heterogeneity while treating the between-individual variance as a simple constant or
homogeneous variance model (Duncan & Jones, 2000). Hence, existing empirical evidence are limited to
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models that have accounted for compositional effects in terms of simple overall averages only (the fixed
parameters in the model), but not in terms of how different types of people vary among themselves
(Duncan & Jones, 2000).
The existence of large inter-individual variation and its systematic heterogeneity by basic
sociodemographic predictors were indeed confirmed in our application using BMI data pooled from 57
LMICs. We found that individuals of older age groups, urban, more educated, wealthier, and
widowed/divorced/separated marital status groups were much more variable in respect to their BMI
measures compared to their counterparts. In light of this large and systematic differences in individual
2
variation, the constant variance assumption (𝜎𝑒0
= 17.57) seems inappropriate and even misleading. Our

evidence suggests that current literature on the association between socioeconomic status and BMI (Ball
& Crawford, 2005) should be interpreted with the understanding that such average association
corresponds to abstractions that do not correctly represent the heterogeneity of individual effects.
The observed pattern in heterogeneity by socioeconomic predictors in our analysis was somewhat
contrary to what was found in the context of the United States. In the US, dispersion in BMI has increased
over time for all sociodemographic groups defined by race/ethnicity, sex, and education level, and the
increase was slightly greater for the disadvantageous groups of non-Hispanic blacks and individuals with
less than a high school education and high school graduates (Krishna et al., 2015). According to the
“Schmalhausen’s Law”, for organisms within their normal range of environment, perturbations in the
conditions of life and most genetic differences between individuals should have little or no effect on their
manifested physiology and development, whereas under severe or unusual general stress conditions (i.e.,
poverty) even small environmental and genetic differences can lead to major effect (Lewontin & Levins,
2000). Assuming that predictors such as education and wealth are a reasonable proxy for an individual’s
social condition, BMI was indeed shown to be more sensitive to random disturbances caused by more
stressful conditions in the US, but more variable in the better off conditions in the LMICs. This reinforces
the need to further examine how diverse aspects of the social and physical environments can interact with
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individual characteristics or susceptibilities to result in varied effects in different contexts (Schwartz &
Diez-Roux, 2001).
Understanding the magnitude of individual heterogeneity within a population is critical because
average effects as reported by clinical trials and observational studies may reflect a mixture of substantial
benefits for some, little benefit for many, and even harmful effects for different segments of the
population (Kravitz et al., 2004). We’ve explored the following two explanations for the observed
presence of complex variation in BMI. First, the same set of factors may have differential effects on
individuals, which is also known as treatment-effect heterogeneity or treatment heterogeneity in clinical
settings and equivalent to the interaction between treatment effect and individual patient effect in
statistical terms (Longford, 1999). Interaction effect is routinely tested in the fixed part of the model when
the same exposure-outcome relationship is, on average, expected to be different for particular subgroups.
Our findings suggest that, independent of such average interactive effects, there may be important
interaction in the variance estimates in the random part.
For instance, in addition to individual BMI variation being larger for older age groups, the
observed age heterogeneity in BMI was also systematically patterned by education level and wealth
quintiles. Within the same age group, the more educated and wealthier women tended to be 1.5 times
more variable in their BMI measures compared to less educated and poorer groups. Inequality in BMI
within the oldest and the wealthiest (or most educated) group was more than three times larger than the
youngest and the poorest (or least educated) group. The increase in BMI heterogeneity by age may be
explained by differential long-term weight gain that results from a combination of accumulated effects of
obesogenic behaviors, including changes in the consumption of specific foods and beverages and amount
of physical activity, as well as biological changes over lifecourse (Mozaffarian et al., 2011; Ogden et al.,
2007). The consistent social gradient in the BMI heterogeneity by age further supports that some health
behaviors or proclivities that affect long-term weight are likely conditioned by some common social
processes, including childhood conditions (Lynch et al., 1997).
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The second explanation for the observed complexity in BMI heterogeneity may be attributed to a
completely different set of factors driving the variation within different segments of the population. In this
extreme case, in-depth substantive expertise knowledge is necessary to conduct stratified analyses by
meaningfully defined subgroups with potentially different sets of risk factors relevant for each. For
instance, given the well-known sexual dimorphism in human body compositions, studies routinely report
the results separately for men and women, albeit a common set of risk factors are considered for both. A
recent study focused on Indonesia found that men tended to become more variable over time compared to
women, and that socioeconomic factors explained more of the variation in BMI among men
(Vaezghasemi et al., 2016). However, the differences by sex in the extent of additive genetic variants and
common environmental influences on BMI is still inconsistent (Zillikens et al., 2008), and the impact of
maternity, body image, relative allocation of resources or gender relations in driving the differences in
variation remains largely unknown.
Being restricted to women only, our study population prohibited us from testing sex-specific
determinants of differential in BMI heterogeneity, but we attempted to explore the stochastic and
systematic components of the within-group variation by different age groups. However, given the limited
number of basic socioeconomic variables, we found little support for differential amount of variation
being explained across the age groups by adjusting for each of the predictors independently and all of
them jointly. Future investigations using a larger set of predictors can potentially identify determinants of
inter-individual variation that are specific to each of the subgroups that exhibit substantially larger
inequality. This also has important implications for empirical studies and interventions in terms of
considering the innate and dynamic variability when defining a ‘population’ instead of solely relying on
the convenient geographic and administrative boundaries (Krieger, 2012).
There are several limitations to this study that should be explored in future investigations. First,
given the lack of existing literature on modeling individual variation, it is difficult to make any definitive
conclusion as to whether the observed degree of variation in BMI should interpreted as moderate or
severe heterogeneity compared to what might be observed for other health outcomes. In a simulation
54

study that has explored the technical aspects of heterogeneous modeling of variances, the authors have
designated a ratio of 1:3 in the first-level variances as moderate heterogeneity and 1:5 as severe
heterogeneity (Vallejo et al., 2015). According to this criterion, we found a moderate heterogeneity in
individual BMI when modeled as a function of basic sociodemographic variables, but more/less severe
heterogeneity may be observed if different anthropometric outcomes are considered.
Moreover, while we have pooled our global analytic sample from nationally representative
surveys across a broad range of LMICs, the cross-sectional nature of our dataset inhibits exploration of
potential changes in individual variation over time. For instance, a study based on repeated cross-sectional
data in Indonesia has shown increasing within-group inequalities in BMI over time (1993-2008) that was
greatest among individuals in low education and low per capita expenditure groups (Vaezghasemi et al.,
2016). Whether this trend holds true across other LMICs should be tested. Furthermore, we were limited
to a small number of predictor variables that were consistently measured across the 57 countries, but
future studies should explore data with diverse sociodemographic, dietary consumption, and genetic
information to provide more comprehensive evidence of individual heterogeneity in BMI as well as their
relative contributions to variously defined subgroups.
In conclusion, future investigations should routinely question and carefully examine individual
heterogeneity instead of treating them as “error” or “chance” phenomenon that can be averaged away
(Duncan & Jones, 2000). The nonrandom patterns of variability observed in BMI suggest that
examination of the degree and pattern of heterogeneity within a population may provide information not
evident from the analysis of mean values (Himmelstein et al, 1990). This approach is especially pertinent
given the increasing within-population inequalities for many health outcomes and related risk factors,
which are known to compromise the discriminatory ability of results based on average measure of
associations alone (Pepe et al., 2004; Rockhill, 2005). Identifying groups with systematically large
variation and understanding their specific determinants are important for preventive strategies that aim to
reduce health inequality (Merlo et al., 2004).
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Chapter 2 Appendix
Supplementary Table 2.6. Model specifications and -2loglikelihood estimates
Model
Equation
1: base model
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 )
2a: age
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 𝑎𝑔𝑒1 + 𝑒1 𝑎𝑔𝑒2 + 𝑒2 𝑎𝑔𝑒3 + 𝑒3 𝑎𝑔𝑒4 + 𝑒4 𝑎𝑔𝑒5 + 𝑒5 𝑎𝑔𝑒6 + 𝑒6 𝑎𝑔𝑒7 )
heterogeneity
2b: type or
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 𝑢𝑟𝑏𝑎𝑛 + 𝑒1 𝑟𝑢𝑟𝑎𝑙)
residency
heterogeneity
2c: education
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 𝑁𝑜𝐸𝑑𝑢 + 𝑒1 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 + 𝑒2 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒3 𝐻𝑖𝑔ℎ𝑒𝑟)
heterogeneity
2d: wealth
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 𝑄1 + 𝑒1 𝑄2 + 𝑒2 𝑄3 + 𝑒3 𝑄4 + 𝑒4 𝑄5)
heterogeneity
2e: marital status 𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + (𝑒0 𝑁𝑒𝑣𝑒𝑟 + 𝑒1 𝑀𝑎𝑟𝑟𝑖𝑒𝑑 + 𝑒2 𝑆𝑒𝑝𝑎𝑟𝑎𝑡𝑒𝑑)
heterogeneity
3a: age x
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + 𝛽17 (𝑎𝑔𝑒2 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽18 (𝑎𝑔𝑒2 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽19 (𝑎𝑔𝑒2 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽20 (𝑎𝑔𝑒3 ∗
education (fixed
𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽21 (𝑎𝑔𝑒3 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽22 (𝑎𝑔𝑒3 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽23 (𝑎𝑔𝑒4 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) +
part only)
𝛽24 (𝑎𝑔𝑒4 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽25 (𝑎𝑔𝑒4 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽26 (𝑎𝑔𝑒5 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽27 (𝑎𝑔𝑒5 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) +
𝛽28 (𝑎𝑔𝑒5 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽29 (𝑎𝑔𝑒6 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽30 (𝑎𝑔𝑒6 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽31 (𝑎𝑔𝑒6 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽32 (𝑎𝑔𝑒7 ∗
𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽33 (𝑎𝑔𝑒7 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽34 (𝑎𝑔𝑒7 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + (𝑒0 )
3b: age x
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋′ + 𝛽17 (𝑎𝑔𝑒2 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽18 (𝑎𝑔𝑒2 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽19 (𝑎𝑔𝑒2 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽20 (𝑎𝑔𝑒3 ∗
education (fixed
𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽21 (𝑎𝑔𝑒3 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽22 (𝑎𝑔𝑒3 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽23 (𝑎𝑔𝑒4 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) +
and random)
𝛽24 (𝑎𝑔𝑒4 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽25 (𝑎𝑔𝑒4 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽26 (𝑎𝑔𝑒5 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽27 (𝑎𝑔𝑒5 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) +
𝛽28 (𝑎𝑔𝑒5 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽29 (𝑎𝑔𝑒6 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽30 (𝑎𝑔𝑒6 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽31 (𝑎𝑔𝑒6 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽32 (𝑎𝑔𝑒7 ∗
𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽33 (𝑎𝑔𝑒7 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽34 (𝑎𝑔𝑒7 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟) + (𝑒1 𝑎𝑔𝑒1 ∗ 𝑁𝑜𝐸𝑑𝑢 + 𝑒2 𝑎𝑔𝑒1 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 +
𝑒3 𝑎𝑔𝑒1 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒4 𝑎𝑔𝑒1 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟 + 𝑒5 𝑎𝑔𝑒2 ∗ 𝑁𝑜𝐸𝑑𝑢 + 𝑒6 𝑎𝑔𝑒2 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 + 𝑒7 𝑎𝑔𝑒2 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 +
𝑒8 𝑎𝑔𝑒2 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟 + 𝑒9 𝑎𝑔𝑒3 ∗ 𝑁𝑜𝐸𝑑𝑢 + 𝑒10 𝑎𝑔𝑒3 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 + 𝑒11 𝑎𝑔𝑒3 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒12 𝑎𝑔𝑒3 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟 +
𝑒13 𝑎𝑔𝑒4 ∗ 𝑁𝑜𝐸𝑑𝑢 + 𝑒14 𝑎𝑔𝑒4 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 + 𝑒15 𝑎𝑔𝑒4 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒16 𝑎𝑔𝑒4 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟 + 𝑒17 𝑎𝑔𝑒5 ∗ 𝑁𝑜𝐸𝑑𝑢 +
𝑒18 𝑎𝑔𝑒5 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 + 𝑒19 𝑎𝑔𝑒5 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒20 𝑎𝑔𝑒5 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟 + 𝑒21 𝑎𝑔𝑒6 ∗ 𝑁𝑜𝐸𝑑𝑢 + 𝑒22 𝑎𝑔𝑒6 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 +
𝑒23 𝑎𝑔𝑒6 ∗ 𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒24 𝑎𝑔𝑒6 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟 + 𝑒25 𝑎𝑔𝑒7 ∗ 𝑁𝑜𝐸𝑑𝑢 + 𝑒26 𝑎𝑔𝑒7 ∗ 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 + 𝑒27 𝑎𝑔𝑒7 ∗
𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 + 𝑒28 𝑎𝑔𝑒7 ∗ 𝐻𝑖𝑔ℎ𝑒𝑟)
4a: age x wealth
𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋 ′ + 𝛽17 (𝑎𝑔𝑒2 ∗ 𝑄2) + 𝛽18 (𝑎𝑔𝑒2 ∗ 𝑄3) + 𝛽19 (𝑎𝑔𝑒2 ∗ 𝑄4) + 𝛽20 (𝑎𝑔𝑒2 ∗ 𝑄5) + 𝛽21 (𝑎𝑔𝑒3 ∗ 𝑄2) +
(fixed part only)
𝛽22 (𝑎𝑔𝑒3 ∗ 𝑄3) + 𝛽23 (𝑎𝑔𝑒3 ∗ 𝑄4) + 𝛽24 (𝑎𝑔𝑒3 ∗ 𝑄5) + 𝛽25 (𝑎𝑔𝑒4 ∗ 𝑄2) + 𝛽26 (𝑎𝑔𝑒4 ∗ 𝑄3) + 𝛽27 (𝑎𝑔𝑒4 ∗ 𝑄4) +
𝛽28 (𝑎𝑔𝑒4 ∗ 𝑄5) + 𝛽29 (𝑎𝑔𝑒5 ∗ 𝑄2) + 𝛽30 (𝑎𝑔𝑒5 ∗ 𝑄3) + 𝛽31 (𝑎𝑔𝑒5 ∗ 𝑄4) + 𝛽32 (𝑎𝑔𝑒5 ∗ 𝑄5) + 𝛽33 (𝑎𝑔𝑒6 ∗ 𝑄2) +
𝛽34 (𝑎𝑔𝑒6 ∗ 𝑄3) + 𝛽35 (𝑎𝑔𝑒6 ∗ 𝑄4) + 𝛽36 (𝑎𝑔𝑒6 ∗ 𝑄5) + 𝛽37 (𝑎𝑔𝑒7 ∗ 𝑄2) + 𝛽38 (𝑎𝑔𝑒7 ∗ 𝑄3) + 𝛽39 (𝑎𝑔𝑒7 ∗ 𝑄4) +
𝛽39 (𝑎𝑔𝑒7 ∗ 𝑄5) + (𝑒0 )
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-2logliklelihood
3658991
3632764
3648307
3656045
3653150
3650786
3655637

3621506

3656021

Supplementary Table 2.6. (Continued)
4b: age x wealth
(fixed and
random)

𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑋 ′ + 𝛽17 (𝑎𝑔𝑒2 ∗ 𝑄2) + 𝛽18 (𝑎𝑔𝑒2 ∗ 𝑄3) + 𝛽19 (𝑎𝑔𝑒2 ∗ 𝑄4) + 𝛽20 (𝑎𝑔𝑒2 ∗ 𝑄5) + 𝛽21 (𝑎𝑔𝑒3 ∗ 𝑄2) +
𝛽22 (𝑎𝑔𝑒3 ∗ 𝑄3) + 𝛽23 (𝑎𝑔𝑒3 ∗ 𝑄4) + 𝛽24 (𝑎𝑔𝑒3 ∗ 𝑄5) + 𝛽25 (𝑎𝑔𝑒4 ∗ 𝑄2) + 𝛽26 (𝑎𝑔𝑒4 ∗ 𝑄3) + 𝛽27 (𝑎𝑔𝑒4 ∗ 𝑄4) +
𝛽28 (𝑎𝑔𝑒4 ∗ 𝑄5) + 𝛽29 (𝑎𝑔𝑒5 ∗ 𝑄2) + 𝛽30 (𝑎𝑔𝑒5 ∗ 𝑄3) + 𝛽31 (𝑎𝑔𝑒5 ∗ 𝑄4) + 𝛽32 (𝑎𝑔𝑒5 ∗ 𝑄5) + 𝛽33 (𝑎𝑔𝑒6 ∗ 𝑄2) +
𝛽34 (𝑎𝑔𝑒6 ∗ 𝑄3) + 𝛽35 (𝑎𝑔𝑒6 ∗ 𝑄4) + 𝛽36 (𝑎𝑔𝑒6 ∗ 𝑄5) + 𝛽37 (𝑎𝑔𝑒7 ∗ 𝑄2) + 𝛽38 (𝑎𝑔𝑒7 ∗ 𝑄3) + 𝛽39 (𝑎𝑔𝑒7 ∗ 𝑄4) +
𝛽39 (𝑎𝑔𝑒7 ∗ 𝑄5) + (𝑒1 𝑎𝑔𝑒1 ∗ 𝑄1 + 𝑒2 𝑎𝑔𝑒1 ∗ 𝑄2 + 𝑒3 𝑎𝑔𝑒1 ∗ 𝑄3 + 𝑒4 𝑎𝑔𝑒1 ∗ 𝑄4 + 𝑒5 𝑎𝑔𝑒1 ∗ 𝑄5 + 𝑒6 𝑎𝑔𝑒2 ∗ 𝑄1 +
𝑒7 𝑎𝑔𝑒2 ∗ 𝑄2 + 𝑒8 𝑎𝑔𝑒2 ∗ 𝑄3 + 𝑒9 𝑎𝑔𝑒2 ∗ 𝑄4 + 𝑒10 𝑎𝑔𝑒2 ∗ 𝑄5 + 𝑒11 𝑎𝑔𝑒3 ∗ 𝑄1 + 𝑒12 𝑎𝑔𝑒3 ∗ 𝑄2 + 𝑒13 𝑎𝑔𝑒3 ∗ 𝑄3 +
𝑒14 𝑎𝑔𝑒3 ∗ 𝑄4 + 𝑒15 𝑎𝑔𝑒3 ∗ 𝑄5 + 𝑒16 𝑎𝑔𝑒4 ∗ 𝑄1 + 𝑒17 𝑎𝑔𝑒4 ∗ 𝑄2 + 𝑒18 𝑎𝑔𝑒4 ∗ 𝑄3 + 𝑒19 𝑎𝑔𝑒4 ∗ 𝑄4 + 𝑒20 𝑎𝑔𝑒4 ∗
𝑄5 + 𝑒21 𝑎𝑔𝑒5 ∗ 𝑄1 + 𝑒22 𝑎𝑔𝑒5 ∗ 𝑄2 + 𝑒23 𝑎𝑔𝑒5 ∗ 𝑄3 + 𝑒24 𝑎𝑔𝑒5 ∗ 𝑄4 + 𝑒25 𝑎𝑔𝑒5 ∗ 𝑄5 + 𝑒26 𝑎𝑔𝑒6 ∗ 𝑄1 +
𝑒27 𝑎𝑔𝑒6 ∗ 𝑄2 + 𝑒28 𝑎𝑔𝑒6 ∗ 𝑄3 + 𝑒29 𝑎𝑔𝑒6 ∗ 𝑄4 + 𝑒30 𝑎𝑔𝑒6 ∗ 𝑄5 + 𝑒31 𝑎𝑔𝑒7 ∗ 𝑄1 + 𝑒32 𝑎𝑔𝑒7 ∗ 𝑄2 + 𝑒33 𝑎𝑔𝑒7 ∗
𝑄3 + 𝑒34 𝑎𝑔𝑒7 ∗ 𝑄4 + 𝑒35 𝑎𝑔𝑒7 ∗ 𝑄5)

3623244

* 𝛽𝑋 ′ = 𝛽1 (𝑎𝑔𝑒2) + 𝛽2 (𝑎𝑔𝑒3) + 𝛽3 (𝑎𝑔𝑒4) + 𝛽4 (𝑎𝑔𝑒5) + 𝛽5 (𝑎𝑔𝑒6) + 𝛽6 (𝑎𝑔𝑒7) + 𝛽7 (𝑟𝑢𝑟𝑎𝑙) + 𝛽8 (𝑃𝑟𝑖𝑚𝑎𝑟𝑦) + 𝛽9 (𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦) + 𝛽10 (𝐻𝑖𝑔ℎ𝑒𝑟) + 𝛽11 (𝑄2) + 𝛽12 (𝑄3) +
𝛽13 (𝑄4) + 𝛽14 (𝑄5) + 𝛽15 (𝑀𝑎𝑟𝑟𝑖𝑒𝑑) + 𝛽16 (𝑆𝑒𝑝𝑎𝑟𝑎𝑡𝑒𝑑)
**All models were adjusted for country fixed effects and PSU random effects
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Supplementary Table 2.7. Comparing model fit across all models (AIC)
Model
-2loglikelihood + 2(#parameters)
Model 1
3658991 + 2(1)
Model 2a
3632764 + 2(6)
Model 2b
3648307 + 2(1)
Model 2c
3656045 + 2(3)
Model 2d
3653150 + 2(4)
Model 2e
3650786 + 2(2)
Model 3a
3655637 + 2(18)
Model 3b
3621506 + 2(27)
Model 4a
3656021 + 2(24)
Model 4b
3623244 + 2(34)

AIC
3658993
3632776
3648309
3656051
3653158
3650790
3655673
3621560
3656069
3623312

Model comparison
Model 2a vs Model 1
Model 2b vs Model 1
Model 2c vs Model 1
Model 2d vs Model 1
Model 2e vs Model 1
Model 3a vs Model 1
Model 3b vs Model 3a
Model 4a vs Model 1
Model 4b vs Model 4a

Model with better fit
Model 2a
Model 2b
Model 2c
Model 2d
Model 2e
Model 3a
Model 3b
Model 4a
Model 4b

AIC comparison
3632776 vs 3658993
3648309 vs 3658993
3656051 vs 3658993
3653158 vs 3658993
3650790 vs 3658993
3655673 vs 3658993
3621560 vs 3655673
3656069 vs 3658993
3623312 vs 3656069
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Supplementary Table 2.8. Full results of fixed and random parts of the models with individual variance in BMI modeled as a function of each of the
sociodemographic predictors
Type of residency
Education
Marital status
Age heterogeneity
Wealth heterogeneity
heterogeneity
heterogeneity
heterogeneity
Fixed
Intercept

20.13

(19.99, 20.27)

20.14

(20.00, 20.29)

20.10

(19.95, 20.25)

20.12

(19.97, 20.27)

20.04

(19.89, 20.18)

20-24 yrs

0.71

(0.67, 0.75)

0.68

(0.63, 0.72)

0.70

(0.65, 0.74)

0.69

(0.65, 0.74)

0.72

(0.67, 0.76)

25-29 yrs

1.54

(1.50, 1.59)

1.48

(1.43, 1.53)

1.51

(1.46, 1.56)

1.51

(1.46, 1.55)

1.56

(1.51, 1.60)

30-34 yrs

2.39

(2.33, 2.44)

2.30

(2.25, 2.35)

2.34

(2.28, 2.39)

2.33

(2.28, 2.38)

2.40

(2.35, 2.45)

35-39 yrs

2.91

(2.85, 2.96)

2.81

(2.75, 2.86)

2.84

(2.78, 2.89)

2.83

(2.78, 2.88)

2.92

(2.86, 2.97)

40-44 yrs

3.40

(3.35, 3.45)

3.26

(3.20, 3.31)

3.30

(3.25, 3.36)

3.30

(3.24, 3.35)

3.40

(3.34, 3.46)

45-49 yrs

3.64

(3.58, 3.69)

3.48

(3.42, 3.54)

3.53

(3.47, 3.58)

3.52

(3.46, 3.58)

3.63

(3.57, 3.69)

Rural
Level of education (ref: No
education)
Primary education

-0.35

(-0.38, -0.32)

-0.35

(-0.38, -0.32)

-0.40

(-0.43, -0.37)

-0.37

(-0.40, -0.34)

-0.38

(-0.41, -0.35)

0.90

(0.87, 0.94)

0.91

(0.88, 0.95)

0.91

(0.87, 0.94)

0.93

(0.89, 0.97)

0.94

(0.90, 0.98)

Secondary education

0.88

(0.84, 0.92)

0.92

(0.88, 0.95)

0.87

(0.83, 0.91)

0.91

(0.87, 0.95)

0.93

(0.89, 0.97)

Higher education

0.68

(0.62, 0.74)

0.69

(0.63, 0.75)

0.60

(0.54, 0.66)

0.66

(0.60, 0.72)

0.69

(0.63, 0.75)

Q2

0.41

(0.37, 0.45)

0.48

(0.43, 0.52)

0.48

(0.44, 0.52)

0.48

(0.44, 0.52)

0.45

(0.41, 0.49)

Q3

0.77

(0.72, 0.81)

0.88

(0.84, 0.92)

0.89

(0.85, 0.93)

0.88

(0.84, 0.92)

0.83

(0.78, 0.87)

Q4

1.30

(1.26, 1.34)

1.47

(1.43, 1.52)

1.48

(1.44, 1.53)

1.47

(1.42, 1.51)

1.39

(1.34, 1.43)

2.05

(2.00, 2.10)

2.32

(2.27, 2.37)

2.33

(2.28, 2.38)

2.30

(2.25, 2.35)

2.17

(2.12, 2.22)

0.88

(0.84, 0.92)

0.91

(0.87, 0.95)

0.92

(0.88, 0.96)

0.91

(0.87, 0.95)

0.89

(0.85, 0.93)

0.65

(0.60, 0.70)

0.66

(0.61, 0.72)

0.67

(0.62, 0.73)

0.66

(0.61, 0.71)

0.64

(0.59, 0.70)

Age (ref: 15-19 years)

Type of residency (ref: Urban)

Wealth quintiles (ref: Q1)

Q5
Marital status (ref: Never
married)
Married/ Living together
Widowed/ Divorced/
Separated
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Supplementary Table 2.8. (Continued)
Random
Level 1: Individuals
2
Constant, 𝜎𝑒0
Constant/ Age 20-24 yrs,
𝜎𝑒0𝐴𝑔𝑒2
Constant/ Age 25-29 yrs,
𝜎𝑒0𝐴𝑔𝑒3
Constant/ Age 30-34 yrs,
𝜎𝑒0𝐴𝑔𝑒4
Constant/ Age 35-39 yrs,
𝜎𝑒0𝐴𝑔𝑒5
Constant/ Age 40-44 yrs,
𝜎𝑒0𝐴𝑔𝑒6
Constant/ Age 45-49 yrs,
𝜎𝑒0𝐴𝑔𝑒7
Constant/ Rural, , 𝜎𝑒0𝑅𝑢𝑟𝑎𝑙
Constant/ Primary
education, 𝜎𝑒0𝑃𝑟𝑖𝑚𝑎𝑟𝑦
Constant/ Secondary
education, 𝜎𝑒0𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦
Constant/ Higher education,
𝜎𝑒0𝐻𝑖𝑔ℎ𝑒𝑟
Constant/ Wealth Q2, 𝜎𝑒0𝑄2

9.84

(9.76, 9.92)

1.56

(1.49, 1.62)

3.25

(3.17, 3.33)

4.49

(4.39, 4.58)

5.33

(5.22, 5.44)

6.48

(6.35, 6.60)

6.68

(6.55, 6.82)

20.21

(20.10, 20.32)

-3.17

(-3.23, -3.11)

13.62

(13.51, 13.73)

0.61

(0.53, 0.70)

Constant/ Wealth Q3, 𝜎𝑒0𝑄3

1.15

(1.07, 1.24)

Constant/ Wealth Q4, 𝜎𝑒0𝑄4

2.15

(2.06, 2.24)

Constant/ Wealth Q5, 𝜎𝑒0𝑄5
Constant/ Married,
𝜎𝑒0𝑚𝑎𝑟𝑟𝑖𝑒𝑑
Constant/ Separated,
𝜎𝑒0𝑆𝑒𝑝𝑎𝑟𝑎𝑡𝑒𝑑

3.24

(3.15, 3.34)
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14.20

(14.09, 14.30)

1.19

(1.11, 1.26)

1.66

(1.58, 1.73)

2.75

(2.62, 2.87)

12.50

(12.42, 12.59)

2.65

(2.59, 2.71)

4.17

(4.04, 4.30)

Supplementary Table 2.9. Calculation of the total between-individual variance in BMI for each of the
sociodemographic predictors using variance and covariance estimates from Supplementary Table 2.8.
Relevant terms (functional forms)
Total variation
Age: 15-19 years
20-24 yrs

2
𝜎𝑒0
= 9.84
2
𝜎𝑒0 + 2𝜎𝑒0𝐴𝑔𝑒2 = 9.84 + 2(1.56)

9.84

25-29 yrs

2
𝜎𝑒0
+ 2𝜎𝑒0𝐴𝑔𝑒3 = 9.84 + 2(3.25)

16.34

30-34 yrs

2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0
2
𝜎𝑒0

+ 2𝜎𝑒0𝐴𝑔𝑒4 = 9.84 + 2(4.49)

18.81

+ 2𝜎𝑒0𝐴𝑔𝑒5 = 9.84 + 2(5.33)

20.50

+ 2𝜎𝑒0𝐴𝑔𝑒6 = 9.84 + 2(6.48)

22.79

+ 2𝜎𝑒0𝐴𝑔𝑒7 = 9.84 + 2(6.68)

23.21

= 20.21

20.21

+ 2𝜎𝑒0𝑅𝑢𝑟𝑎𝑙 = 20.21 + 2(−3.17)

13.88

= 14.20
+ 2𝜎𝑒0𝑃𝑟𝑖𝑚𝑎𝑟𝑦 = 14.20 + 2(1.19)

14.20

+ 2𝜎𝑒0𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 = 14.20 + 2(1.66)

17.51

+ 2𝜎𝑒0𝐻𝑖𝑔ℎ𝑒𝑟 = 14.20 + 2(2.75)

19.69

= 13.62
+ 2𝜎𝑒0𝑄2 = 13.62 + 2(0.61)

13.62

+ 2𝜎𝑒0𝑄3 = 13.62 + 2(1.15)

15.92

+ 2𝜎𝑒0𝑄4 = 13.62 + 2(2.15)

17.93

+ 2 𝜎𝑒0𝑄5 = 13.62 + 2(3.24)

20.10

= 12.50

12.50

+ 2𝜎𝑒0𝑚𝑎𝑟𝑟𝑖𝑒𝑑 = 12.50 + 2(2.65)
+ 2𝜎𝑒0𝑆𝑒𝑝𝑎𝑟𝑎𝑡𝑒𝑑 = 12.50 + 2(4.17)

17.81

35-39 yrs
40-44 yrs
45-49 yrs
Type of residency: Urban
Rural
Level of education: No education
Primary education
Secondary education
Higher education
Wealth quintiles: Q1
Q2
Q3
Q4
Q5
Marital status: Never married
Married/ Living together
Widowed/ Divorced/ Separated
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12.95

16.57

14.85

20.84

Supplementary Table 2.10. Average BMI for different sociodemographic groups estimated from the models
with interaction between age x education and age x wealth quintiles (Model 3a, 4a)
Age x Education
Age x Wealth
Average BMI (kg/m2)
Average BMI (kg/m2)
(a) Interaction only in the fixed part (homoscedasticity assumption at level-1 random part)
Age:

15-19 yrs

20-24 yrs

25-29 yrs

30-34 yrs

35-39 yrs

40-44 yrs

45-49 yrs

Level of education:

Wealth quintiles:

No education

21.15

Q1

20.73

Primary education

21.01

Q2

20.77

Secondary education

20.62

Q3

21.00

Higher education

20.22

Q4

21.25

Q5

21.65

No education

21.41

Q1

21.30

Primary education

21.87

Q2

21.44

Secondary education

21.46

Q3

21.75

Higher education

20.87

Q4

22.10

Q5

22.55

No education

21.82

Q1

21.77

Primary education

22.56

Q2

22.11

Secondary education

22.44

Q3

22.45

Higher education

22.10

Q4

23.09

Q5

23.83

No education

22.36

Q1

22.30

Primary education

23.36

Q2

22.89

Secondary education

23.49

Q3

23.32

Higher education

23.25

Q4

23.95

Q5

25.02

No education

22.68

Q1

22.54

Primary education

23.82

Q2

23.33

Secondary education

24.34

Q3

23.77

Higher education

24.07

Q4

24.64

Q5

25.85

No education

23.04

Q1

22.94

Primary education

24.27

Q2

23.73

Secondary education

24.99

Q3

24.30

Higher education

24.74

Q4

25.05

Q5

26.46

No education

23.20

Q1

23.02

Primary education

24.44

Q2

23.89

Secondary education

25.46

Q3

24.54

Higher education

25.48

Q4

25.39

Q5

26.83
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Chapter 3: Multilevel Geographies of poverty in India 1

Abstract
Objective: Since the economic reforms in India in 1991, there has been a proliferation of studies
examining trends of economic development and poverty across the country. To date, studies have used
single-level analyses with aggregated data either at the state level or, less commonly, at the region and
district levels. This is the first comprehensive and empirical quantification of the relative importance of
multiple geographic levels in shaping poverty distribution in India.
Methods: We used multilevel logistic models to partition variation in household poverty into levels of
state, region, district and village, and then mapped the residuals at each level to illustrate spatial disparity
in poverty. We used data on 35 states, 88 regions, 623 districts, 25,390 villages and 202,250 households
from the National Sample Survey in years 2009 and 2011.
Results: Our study found that geographic patterning of poverty in India cannot be fully explained by
clustered distribution of poor households, and that there may be important contextual factors operating at
the state and village levels. We found 13% of the variation in poverty to be attributable to states, 12% to
villages, 4% to districts and 3% to regions, after accounting for important household characteristics.
Conclusion: The relative importance of one contextual level was highly sensitive to other levels
simultaneously considered in the model. Findings from this study suggest that further explorations using
multilevel modeling are warranted to identify specific contextual determinants of poverty at the state and
village levels to reduce poverty and promote balanced regional development in India.

1

This paper was published in World Development 87 (2016): 349-359.
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Introduction
In 1991, the Indian government initiated economic reforms, which transformed the country to an
open economy with greater reliance on market forces, expanded the role for the private sector, and
restructured the role of government (Ahluwalia, 2002a). Since then, there has been a proliferation of
studies examining the trends of economic development, poverty and inequality across the country. As a
result of policy decentralization, state-level reforms and other development, the proportion of population
living below the poverty line in India (Tendulkar estimates) has declined from 45.3% in 1993-4 to 21.9%
in 2011-12 (Planning Commission, 2013), but this was accompanied with an increasing growth
differentials by states and urban/rural sectors (Baddeley, McNay, & Cassen, 2006).
To date, studies exploring the geography of poverty in India have largely focused on the statelevel performances in respect to different measures of poverty, economic growth, income,
multidimensional standard of living and inequality (Alkire & Seth, 2015; Baddeley et al., 2006;
Bhattacharya & Sakthivel, 2004; Choudhury, 1992; Dev & Ravi, 2007; Himanshu, 2007; Sundaram &
Tendulkar, 2003). Given the enlarged scope for state-level initiatives, especially in terms of attracting
investment and influencing irrigation and agricultural practices, prior assessments of poverty in India
have naturally skewed to focus on the state level (Ahluwalia, 2000). Overall, these studies have
consistently reported significant variations, and even increasing variation over time, both across and
within states on their respective outcome measures. By focusing on this single level and treating it
independent of other higher and lower levels, many of the prior studies have implicitly or explicitly
advocated states to be the primary target for developmental policies and investments.
However, limitations of state-level analyses have been critically noted, and regions have also
received some attention in poverty literature in the late 1990s and early 2000s because agricultural growth
and rural poverty reduction were shown to be highly dependent on the underlying agro-ecological
conditions. That is, within the same state, regions with agro-climactic conditions favorable to the spread
of irrigation and agricultural development tended to experience faster poverty reduction (Dreze &
Srinivasan, 1996; Palmer-Jones & Sen, 2003; Palmer‐Jones & Sen, 2006). More recently, there were three
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studies examining smaller geographic level of poverty, namely districts, which have been hypothesized to
be more useful than states in formulating district-specific development policies in the Indian context
(Wanmali & Islam, 1995). A study by Chaudhuri & Gupta concluded that disparity among the districts
within each state was even more glaring than the substantial disparity observed among the state-level
poverty and the monthly per capita consumption expenditure (MPCE) (Chaudhuri & Gupta, 2009). The
most recent study using district-level per-capita income data from 29 Indian states concluded that there
was no divergence in inter-district income disparity between 1999-2000 and 2005-6 (Banerjee, Banik, &
Mukhopadhyay, 2015).
In short, studies describing, monitoring and providing surveillance data on the general trends of
poverty in India have relied on single-level analyses with aggregated data either at the state level or, less
commonly, at the region or district levels. The importance of controlling for the underlying compositional
factors, such as ethnicity, literacy and agrarian structure, and the potential benefits of considering multiple
levels of geography have been discussed in prior literature (Palmer-Jones & Sen, 2003), but has never
been empirically assessed to date. Moreover, while previous studies have accounted for clustering at the
village (primary sampling unit (PSU)) level, none have attempted to empirically quantify the extent to
which this level contributes to the geography of poverty in India. Although states, regions, and districts
each represent important political, agro-ecological and administrative units, treating each independent of
other levels may result in an incomplete and misleading understanding of the geography of poverty for
several reasons (Goldstein, 2005; Moellering & Tobler, 1972; Openshaw & Openshaw, 1984;
Raudenbush & Bryk, 2002).
First, single-level studies implicitly or explicitly assume that level to be a homogeneous unit, but
this expectation is highly implausible. In general, Indian states are physically much larger than most
developing countries, and hence it is more realistic to expect complicated regional divergence on
economic growth and poverty reduction within states. Indian districts, which are the smallest geographic
level considered in poverty literature thus far, are also far from being homogeneous. In fact, many studies
have already noted spatial inequalities at all levels of disaggregation (Mehta & Shah, 2003; Singh,
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Bhandari, Chen, & Khare, 2003). Just as between-state inequality can be detrimental to national poverty
reduction, within-state distribution of poverty can also retard overall development.
Second, the relative importance of one level can be truly examined only when multiple relevant
levels are concurrently considered in the analysis. It is highly plausible that influences at multiple
geographic levels act simultaneously to shape the distribution of poor households. For this reason, the
observed significant variation in poverty at the state level, as identified by many single-level studies, may
attenuate after including other substantively meaningful smaller geographies, such as regions, districts
and villages.
Third, significant variation resulting from a single-level ecological analysis may be confounded
by the underlying compositional effects. For instance, some states may appear to be poor on average
mainly because of spatially clustered households with higher risk of poverty in terms of
sociodemographic characteristics. If this is the case, then the between-state variation in poverty will
substantially attenuate after adjusting for household attributes such as type of residency (urban/rural),
caste, primary source of income, and education level of the household head. On the other hand, if
variability at the state level remains high even after adjusting for important household-level predictors,
then this may indicate true contextual effect of state on poverty.
Despite the potential insights that multilevel perspective may offer, no comprehensive empirical
assessment exists to quantify the relative contribution of each geographic level in shaping the poverty in
India. To address this critical gap in current literature, this study uses multilevel modeling to assess
whether geography of poverty in India is simply a consequence of clustered poor households or is
independent of such clustering. This paper first partitions the total variation in poverty into four
meaningful geographic levels of state, region, district, and village (PSU). Then, more detailed
geographies at each level are provided. Residuals at district-, region-, and state-levels are mapped to
illustrate the spatial disparity in household poverty within and across different levels. To our knowledge,
this is the first study to provide a comprehensive examination of multiple levels of geography of poverty
in India. If the variations at higher geographic levels remain substantial even after accounting for
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clustered distribution of poor households, then our findings would indicate that there is a strong
contextual effect of poverty over and above compositional effects. Additionally, while district has been
the smallest unit of analysis considered thus far, a new micro level (village) representing the local
environment is incorporated in our analysis. Findings from this study may have important implications as
to which contextual level(s) should be prioritized to reduce poverty and economic inequality in India.

Methods
Data and Sampling Plan
We used the unit data from the consumption expenditure schedule of 66th and 68th round of the
National Sample Survey (NSS). The NSS was set up by the Government of India in 1950 to collect
detailed information on various socioeconomic and health aspects of the population through population
based surveys. The survey used a stratified, multi-stage cluster design in each state and provides reliable
estimates at state and for rural and urban areas. The Primary Sampling units (PSUs) were the 2001 census
villages for the rural sector, and the urban frame survey blocks for the urban sector. In case of large PSUs,
one additional intermediate stage of sampling was employed before selecting the households. Households
were selected using the method of circular systematic sampling. Further details about the sampling design
of the NSS have been described elsewhere (Note on Sample Design and Estimation Procedure: NSS 66th
round 2010). The 66th and 68th round of consumption schedule (1.0) of the NSS data correspond to years
2009-10 and 2011-12 respectively, which are the most recent, comprehensive and higher quality dataset
reflecting multiple levels of hierarchical nesting structure in India.

Study Population and Sample Size
The 66th round of the NSS collected data from 100,794 households in year 2009-10 and 101,651
households in 2011-12. While there were 640 districts as per the census of India 2011, we used 623
districts covered in the NSS. For instance, two districts of Uttarakhand in the census, namely Nanital Hill
and Nanital Plain, were considered as a single district (Nanital) in the NSS. Similarly, Dehradun Hill and
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Dehradun Plain were considered as a single district of Dehradun in our analysis. Of the 202,455
households (pooled sample), 204 were excluded for missing information on the following variables: 75 on
type of residency, 33 on caste, 25 on education level of the household head, 24 on primary source of
income, 24 on land ownership, 9 on marital status of the household head, and 4 on religion. One
household was further removed for having implausible value for the proportion of dependents. The final
analytic sample comprised of 202,250 households (Figure 3.1).

Figure 3.1. Schematic representation of the five-level hierarchical structure of the final analytic sample
(National Sample Survey, 2009/2011)

*There are 623 unique districts but one district was cross-classified.
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Geographic levels
Four geographic levels were considered in our analysis because each had specific political,
administrative, social, and agro-ecological importance that could potentially influence the risk of poverty
at the household level (level-1).
States (level-5) are the political unit at which federal polices operate. Since liberalization in the
early 1990s, many of the controls that had been exercised by the central government were eliminated, and
politics in India became increasingly regionalized with rising role of the state government (Baddeley et al.,
2006).
Regions (level-4) in the NSS are groups of contiguous districts within states (Palmer-Jones & Sen,
2003). Regions may be particularly informative in explaining within-state variation in rural poverty
because they are crudely associated with agro-ecological conditions, which refer to the geographical
homogeneity that allows for the design and use of similar agricultural technologies. However, since
regions in the NSS have boundaries largely set by administrative districts and are confined within states,
they do not conform to the ideal definition of agro-ecological zones purely based on geographical
potentials (Palmer-Jones & Sen, 2003).
Districts (level-3) are the lowest administrative unit in India at which demographic data are
consistently found (Bharadwaj, Khwaja, & Mian, 2008). Since the mid-1960s, the elected district councils
have been responsible for planning the provision of rural service infrastructure and other services. While
the schematic budget for different sector of development is shaped at the state government level, the
districts plan the process of implementation in their respective administrative territories (Wanmali &
Islam, 1995).
Lastly, villages or PSUs (level-2) represent units that share relatively similar local environment.
More specifically, PSU was village for rural areas and urban frame survey block for urban areas (Sastry,
2003). While district has been the smallest unit of analysis considered in previous poverty literature in
India, we introduce a new micro level to represent the local environment.
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Outcome
The NSS consumer expenditure survey estimated household monthly per capita expenditure
(MPCE), which is one of the key measures of economic well-being. In India, MPCE measures are crucial
inputs for the estimation of prevalence of poverty by the Planning Commission. In 2009-10 and 2011-12
surveys, the consumer expenditure data were gathered from the households using the recall period of: (a)
365 days for clothing, footwear, education, institutional medical care, and durable goods, (b) 7 days for
edible oil, egg, fish and meat, vegetables, fruits, spices, beverages, refreshments, processed food, pan,
tobacco and intoxicants, and (c) 30 days for the remaining food items, fuel and light, miscellaneous goods
and services including non-institutional medical; rents and taxes (NSSO, 2012). For our analysis, a binary
outcome variable indicating household-level poverty (ie. “poor” coded as 1 and “non-poor” coded as 0)
was created based on the state specific official poverty line 2009-10 and 2011-12. This methodology
developed and adopted by the Expert Group Rangarajan Committee reflected normative levels of
adequate nourishment, clothing, house rent, conveying and education, and a behaviorally determined level
of other non-food expenses (Planning Commission, 2014). Though this method of dichotomization is not
without limitations, it is a valuable summary measure for medium- and long-term planning for poverty
reduction in India.

Independent Variables
The following risk factors for poverty at the household level were included: household type of
residency (urban/rural), household size (number of members), caste (scheduled tribes, scheduled castes,
other backward classes, others), religion (Hindu, Christian, Islam, others), and primary source of income
(labor, self-employed, regular wage/salary earning, others). A binary variable indicating household land
ownership (yes/no) was also included for the subgroup of rural households in the stratified analysis. In
addition, sociodemographic information of the head of the household, including sex (male/female), age,
education level, and marital status was included. Education level was categorized into five groups:
illiterate; literate but below primary; primary and middle; secondary and higher secondary; or diploma,
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graduate and higher. Marital status was categorized into three groups: never married; currently married;
or widowed/divorced/separated. Lastly, two variables aggregated at the household level were calculated.
The mean age of the household and the proportion of dependents (number of household members aged
<15 and >65 divided by the total number of members) were included.

Statistical Analysis
Our data followed a five-level strict hierarchical structure with households at level-1, nested
within villages at level-2, districts at level-3, regions at level-4, and states at level-5 (Figure 1). In order to
account for cluster sampling design and decompose variation in poverty, we specified a series of fivelevel random intercept logistic models for the probability of a household i in village j, district k, region l,
state m being poor (yijklm=1) as: logit(πijklm) = β0 + BX’ijklm + (g0m + f0lm + v0klm + u0jklm). The multilevel
modeling approach is an efficient method to validly combine data from different geographic scales and
deal with small area rate instability. The estimates and the variations apportioned to each level are
precision-weighted for both small cluster sizes and the imbalance in the nesting structure (Goldstein, 2005;
Raudenbush & Bryk, 2002).
This model estimates the log odds of πijklm, adjusted for a vector (X’ijklm) of aforementioned
independent variables measured at the household level. The parameter β0 represents the log odds of being
poor for a household belonging to the referent group for all the categorical variables and with values of 0
for all the continuous variables included in the model. The random effects inside the brackets are
interpreted as residual differentials for state m (g0m), region l (f0lm), district k (v0klm), and village j (u0jklm).
All four sets of residual differentials are assumed to be independent and normally distributed with a mean
of 0 and a variance of σ2g0, σ2f0, σ2v0, and σ2u0, respectively. These variances quantify between-state (σ2g0),
between-region (σ2f0), between-district (σ2v0), and between-village (σ2u0) variations, respectively, in the
log odds of being poor, conditional on all the household characteristics. For binary outcomes, the variance
at the lowest level cannot be obtained directly from the model, and all remaining variance is assumed to
simply be a function of the binomial distribution.
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Based on the variance estimates of random effects, the proportion of variation in the log odds of
being poor attributable to each level, also known as variance partitioning coefficient (VPC), can be
calculated (Browne, Subramanian, Jones, & Goldstein, 2005; Goldstein, Browne, & Rasbash, 2002). For
instance, the proportion of total variation in poverty (in log odds scale) attributable to the state level can
be calculated by dividing the between-state variance by the total variance. In calculating the total variance,
we used the latent variable methods approach and treated the between-household variation as having a
variance of a standard logistic distribution, approximated as π2/3=3.29 (Browne et al., 2005; Goldstein et
al., 2002). Hence, VPC for any level z can be calculated using the following formula: VPCz = σ2z / (σ2g0 +
σ2f0 + σ2v0 + σ2u0 + 3.29).
We conducted two stratified analyses. First, we repeated the five-level models separately for
households residing in urban and rural sectors to test for consistency of the findings across the types of
residency. Second, we stratified by states and specified a state-specific two-level random effects model
for households nested within villages. Variance estimates and proportion of variance attributable to the
village level for each of the 35 Indian states were obtained. For smaller states, categorical variables were
collapsed into binary variables in the multivariate adjusted model to avoid unstable estimation due to
small cell sizes.
As a sensitivity analysis, we estimated simplified two-level model structures, for which we
assumed households to be nested within one and only one higher level. This resulted in four different
two-level models: households nested within villages; households nested within districts; households
nested within regions; and households nested within states. This allowed us to evaluate the changes in
variance estimates and proportion of variation attributable to the higher levels when only one geographic
level was considered at a time.
Lastly, maps were produced to illustrate the spatial clustering of poverty that transcends the
administrative boundaries of states, regions, and districts. For instance, residuals at the state-level were
estimated from the fully adjusted five-level random effects model. Then, states with residuals within the
95% coverage bounds of the overall state average log odds of poverty (ie. state-specific residual ±
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1.96*standard deviation (SD) of the residual includes the null value of 0) were classified as ‘average
poverty’ states. States with residuals significantly lower than the overall state average (ie. state-specific
residual ± 1.96SD < 0) were classified as ‘low poverty’ states. Finally, states with residuals significantly
higher than the overall state average (ie. state-specific residual ± 1.96SD > 0) were classified as ‘high
poverty’ states. The same procedure was repeated for region- and district-level residuals. For sensitivity,
we produced additional maps based on residuals from the fully adjusted two-level random intercept
models, for which households were assumed to be nested within only one higher geographic level.
We used MLwiN 2.32 software to obtain all estimates using 2nd order predictive (or penalized)
quasi-likelihood (PQL) to approximate linearization based on a Taylor series expansion to transform a
discrete response model to a continuous response model (Harvey, 2003). 2nd order PQL is known to be
more stable than the 1st order PQL or marginal quasi-likelihood (MQL), which may lead to estimates that
are biased downwards. Additionally, STATA 13 was used to produce all the maps.

Results
A total of 202,250 households, nested within 25,390 villages, 623 districts, 88 regions, and 35
states were included in the final analytic cohort (Figure 3.1). Table 3.1 presents the number of regions,
districts, villages and households nested within each of the 35 states. Uttar Pradesh was the largest state,
comprised of 18,007 households, 2,254 villages, 71 districts, and 5 regions. Daman & Diu was the
smallest state, comprised of 256 households, 32 villages, 2 districts, and 1 region. In terms of proportion
of poor households, Manipur (48.74%) had the highest proportion, followed by Bihar (41.53%) and
Jharkhand (38.40%). Andaman & Nicobar Islands (3.11%) had lowest proportion of poor households,
followed by Lakshadweep (5.61%) and Pondicherry (5.73%).
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Table 3.1. Distribution of number of regions, districts, villages and households, and proportion of poor
households, within 35 Indian states (National Sample Survey, 2009, 2011)
State
Andaman & Nicobar
Islands
Andhra Pradesh
Arunachal Pradesh
Assam
Bihar
Chandigarh
Chhattisgarh
Dadra & Nagar Haveli
Daman & Diu
Delhi
Goa
Gujarat
Haryana
Himachal Pradesh
Jammu & Kashmir
Jharkhand
Karnataka
Kerala
Lakshadweep
Madhya Pradesh
Maharashtra
Manipur
Meghalaya
Mizoram
Nagaland
Orissa
Pondicherry
Punjab
Rajasthan
Sikkim
Tamil Nadu
Tripura
Uttar Pradesh
Uttarakhand
West Bengal
Total

# Regions

# Districts

# Villages

# Households

% Poor households

1

3

141

1,124

3.11%

5
1
4
2
1
3
1
1
1
1
5
2
2
4
2
4
2
1
6
6
2
1
1
1
3
1
2
5
1
4
1
5
1
5
88

23
16
27
38
1
18
1
2
8
2
25
20
12
14
22
29
14
1
50
34
9
7
8
11
30
4
20
32
4
31
4
71
15
19
625*

1,726
419
861
1,145
78
551
48
32
254
112
861
652
512
765
687
1,022
1,116
47
1,181
2,014
640
318
383
256
1,008
144
780
1,038
192
1,662
464
2,254
446
1,581
25,390

13,771
3,299
6,874
9,092
617
4,405
382
256
1,810
894
6,847
5,208
4,082
6,094
5,469
8,171
8,913
374
9,378
16,038
5,113
2,525
3,056
2,047
8,053
1,152
6,232
8,256
1,535
13,285
3,707
18,007
3,557
12,627
202,250

18.96%
24.40%
34.43%
41.53%
11.83%
35.35%
35.08%
21.48%
14.64%
7.72%
24.14%
16.36%
8.84%
16.93%
38.40%
20.57%
10.69%
5.61%
37.58%
20.00%
48.74%
19.29%
19.83%
11.48%
36.51%
5.73%
14.52%
22.38%
14.85%
20.97%
18.64%
36.60%
18.53%
25.56%

*There are 623 unique districts but one district was cross-classified.
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Of the total 202,250 households, 25.16% were classified as poor. Rural sector had a higher
proportion of poor households (28.95%) compared to urban sector (22.50%). Of the different castes,
scheduled tribes had the highest proportion of poor households (34.63%). In terms of household income,
41.92% of the households with labor as the primary source of income were poor. 40.95% of the
households with illiterate head were poor (data not shown). In general, household-level predictors were
associated with the odds of poverty in the expected direction, after adjusting for all else in the model
(Supplementary Table 3.5). For instance, urban households had significantly lower odds of poverty
compared to that of rural households (odds ratio (OR): 0.233, 95% confidence interval (CI): 0.201, 0.270).
Moreover, the odds of being poor was substantially lower for households with heads who have achieved
higher level of education: compared to households with illiterate head, those with primary and middle
school schooling had OR of 0.528 (95% CI: 0.498, 0.560) and those with secondary and higher secondary
schooling had OR of 0.252 (95% CI: 0.221, 0.288). Adjusting for sampling weights did not substantially
change these effect estimates.

Partitioning variation at village, district, region, and state levels
Table 3.2 presents the variance estimates (in logit scale) with 95% CIs at village-, district-,
region-, and state-levels for all-India and stratified by urban and rural sectors. Figure 3.2 is a graphical
representation of the proportion of variation in poverty attributable to each level. In the null model,
villages (13.41%) and states (11.45%) were the two geographic levels that contributed most to poverty
variation. Only 2.83% was attributable to regions and districts, each with a variance of 0.134. The
decomposition pattern remained similar after fully adjusting for all the household-level characteristics:
13.27% of the variation in poverty was attributable to states, 12.10% to villages, 3.90% to districts and
3.25% to regions (Figure 3.2). Results after accounting for sampling weights remained consistent
(Supplementary Table 3.6).
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Table 3.2. Overall and stratified variance estimates in logit scale (95% CI) at village-, district-, region- and state-levels from null and adjusted models
(National Sample Survey, 2009/2011)
Overall
Urban†
Rural‡

Village
District
Region
State

Null

Fully Adjusted*

Null

Fully Adjusted*

Null

Fully Adjusted**

0.635

0.59

0.506

0.627

0.485

0.493

(0.545, 0.725)
0.134
(0.095, 0.173)
0.134
(0.069, 0.199)
0.542

(0.522, 0.659)
0.19
(0.128, 0.252)
0.159
(0.092, 0.225)
0.647

(0.387, 0.625)
0.174
(0.111, 0.237)
0.215
(0.118, 0.313)
1.034

(0.521, 0.733)
0.221
(0.132, 0.309)
0.237
(0.141, 0.333)
0.851

(0.409, 0.561)
0.144
(0.110, 0.178)
0.153
(0.077, 0.229)
0.475

(0.432, 0.553)
0.167
(0.129, 0.204)
0.159
(0.083, 0.234)
0.708

(0.262, 0.823)

(0.271, 1.023)

(0.648, 1.421)

(0.490, 1.212)

(0.110, 0.840)

(0.139, 1.278)

† 35 states, 88 regions, 615 districts, 14,871 villages and 118,679 households in urban sector
‡ 35 states, 88 regions, 609 districts, 10,519 villages and 83,571 households in rural sector
* Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/ other backward classes/ others), religion (Hinduism/
Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/ others), sex of the head of the household (male/ female), age of the head of the household, education level of
the head of the household (illiterate/ literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the household (never
married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17 and age>65) in the household
**Additionally adjusted for land ownership (yes/ no)
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Figure 3.2. Percentage variation in poverty attributable to village-, district-, region- and state-levels in India
(National Sample Survey, 2009/2011)

*Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/
other backward classes/ others), religion (Hinduism/ Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/
others), sex of the head of the household (male/ female), age of the head of the household, education level of the head of the household (illiterate/
literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the
household (never married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17
and age>65) in the household

When stratified by the type of residency, variance estimates at all levels and proportion of
variation attributable to each of them were larger for the urban sector compared to those for the rural
sector (Table 3.2). Of the total variation in poverty in the urban residency, 16.28% was attributable to
states, 12.00% to villages, 4.54% to regions, and 4.22% to districts, after adjusting for all covariates. Of
the total variation in poverty in the rural residency, 14.70% was attributable to states, 10.23% to villages,
3.46% to districts and 3.29% to regions, after adjusting for all covariates. Hence, variability in poverty
was greater in urban sector compared to that in rural sector for all levels. Applying sampling weights did
not substantially change the results for the stratified analysis as well (Supplementary Table 3.6).

State-specific analyses
Figure 3.3 presents the percentage variation in poverty attributable to villages from the 35 statespecific two-level fully-adjusted models. On the X-axis, the states are ranked from those with the lowest
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to the highest variation in poverty attributable to their respective villages, and the red horizontal line
indicates the all-India average, which was 38.93%. The between-village variation in poverty was
substantially different across the 35 states. In Dadra & Nagar Haveli and Andaman & Nicobar Islands,
only 9.91% and 11.20% of the total variation was attributed to the village-level, respectively. In eight
states, including Nagaland (39.98%), Maharashtra (40.66%), Himachal Pradesh (40.72%), Delhi
(42.25%), Manipur (43.81%), Meghalaya (47.25%), Arunachal Pradesh (54.72%), and Chandigarh
(54.77%), the between-village variation in poverty was higher than the all-India average. The actual
variance estimates and 95% CIs from these state-specific two-level models are presented in
Supplementary Table 3.7.

Sensitivity analyses: Two-level models
Table 3.3 presents results from four different two-level models, for each of which households
were nested within one and only one of the higher geographic levels (villages, districts, regions, or states).
Compared to the results from the five-level model, variance estimates and proportion of the total variation
attributable to the higher level were substantially different for all the two-level model specifications. For
instance, in the model with households (level-1) nested within villages only (level-2), the between-village
variation in poverty after fully adjusting for household-level characteristics was more than three times
greater than what was found in the five-level model specification (variance estimate: 2.097, 95% CI:
2.038-2.157; % variance attributed to village: 38.93%). Similarly, the between-district variation and
between-region variation in poverty were both more than four times greater in the two-level model
specifications compared to the results from the five-level model specifications. When households were
assumed to be nested within districts only, 18.95% of the total variation in poverty was attributable to the
district level (variance estimate: 0.769; 95% CI: 0.680, 0.858). When households were assumed to be
nested within regions only, 17.74% of the total variation in poverty was attributable to the region level
(variance estimate: 0.709; 95% CI: 0.498, 0.921). There was a less dramatic difference in the betweenstate variation between the two-level and five-level model specifications, but nevertheless larger
78

Figure 3.3. Percentage of variation in poverty attributable to villages in the fully adjusted two-level models (level 1 households nested within level 2
villages), stratified by 35 Indian states (National Sample Survey, 2009/2011)

*Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/ other backward classes/ others), religion (Hinduism/
Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/ others), sex of the head of the household (male/ female), age of the head of the household, education level of
the head of the household (illiterate/ literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the household (never
married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17 and age>65) in the household
**Not adjusted for household level covariates to avoid unstable estimation due to small sample sizes

79

Table 3.3. Variance estimates in logit scale (95% CI) and proportion of total variation in poverty
attributable to village-, district-, region- and state- levels in fully adjusted* five-level and two-level models
(National Sample Survey, 2009/2011)
Five level model
Two level models†
Variance estimates
% Variance
Variance estimates
% Variance
(95% CI)
attributable
(95% CI)
attributable
0.59
2.097
Village
12.10%
38.93%
(0.522, 0.659)
(2.038, 2.157)
0.19
0.769
District
3.90%
18.94%
(0.128, 0.252)
(0.680, 0.858)
0.159
0.709
Region
3.25%
17.74%
(0.092, 0.225)
(0.498, 0.921)
0.647
0.786
State
13.27%
19.29%
(0.271, 1.023)
(0.416, 1.157)
† Results from four different two level models with households at level-1 nested within one higher unit at level-2.
*Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/
other backward classes/ others), religion (Hinduism/ Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/
others), sex of the head of the household (male/ female), age of the head of the household, education level of the head of the household (illiterate/
literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the
household (never married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17
and age>65) in the household

proportion of variation in poverty was attributable to the state level (19.29%) when two-level model
specification was assumed.

Mapping geography of poverty in India
Figure 3.4 presents maps of India illustrating the distribution of high, average, and low poverty
states, regions, and districts from the five-level random intercept model. Based on the five-level model,
Jammu & Kashmir, Himachal Pradesh, Lakshadweep, Kerala, Pondicherry, and Andaman & Nicobar
Islands were classified as low poverty states, whereas Uttar Pradesh, Bihar, Manipur, Assam, West
Bengal, Jharkhand, Orissa, Chattisgarh, and Madhya Pradesh were classified as high poverty states. In
this model, there were only three regions (Northern Upper Ganga Plains in Uttar Pradesh, Malwa in
Madhya Pradesh, and Saurashtra in Gujarat) classified as low poverty and four regions (Cachar Plain in
Assam, Vindhya in Madhya Pradesh, South Madhya Pradesh, and Inland Northern Karnataka) classified
as high poverty. All other regions were considered to be within the bounds of national average poverty
level. Of the 623 districts, 57 were identified as low poverty and 61 as high poverty. Of the ten wealthiest
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districts, four were nested within high poverty states (two in Madhya Pradesh, one in Manipur, and one in
Orissa), two were nested within low poverty states (one each in Jammu & Kashmir and Himachal
Pradesh), and four were nested within average poverty states (three in Arunachal Pradesh and one in
Uttarakhand). Of the ten poorest districts, six were nested within high poverty states (three in Madhya
Pradesh, and one each in Utter Pradesh, Orissa and Manipur), two were nested within low poverty state
(both in Jammu & Kashmir), and two were nested within the average poverty state (both in Tamil Nadu).
A cross-tabulation of district-level poverty and state-level poverty is presented in Table 3.4. It
was very rare for a high poverty district to be nested within a low poverty state. There were 23 high
poverty districts nested within average poverty states, and another 28 nested within high poverty states.
Even a larger number of low poverty districts (33 districts) were nested within high poverty states.
Almost 40% of the districts were classified as average poverty districts nested within average poverty
states. More than a third of the districts were average poverty districts nested within high poverty states.

Table 3.4. Cross-tabulation of district-level poverty by state-level poverty based on the five-level fully adjusted*
model (National Sample Survey, 2009/2011)
State-level poverty
N (% of total district)

District-level
poverty
N (% of total
district)

Low

Average

High

Low

5
(0.80%)

24
(3.83%)

33
(5.27%)

Average

37
(5.91%)

246
(39.30%)

224
(35.78%)

High

6
(0.96%)

23
(3.67%)

28
(4.47%)

* Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/
other backward classes/ others), religion (Hinduism/ Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/
others), sex of the head of the household (male/ female), age of the head of the household, education level of the head of the household (illiterate/
literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the
household (never married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17
and age>65) in the household

Figure 3.5 presents results from the sensitivity analysis with two-level random intercept models.
There were perceptible differences in the classification and distribution of poverty at all three geographic
levels when all other units were excluded from the model specification. For instance, when households
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were assumed to be nested only within states (level-2), Punjab, Chandigarh, Haryana, and Goa, which
were classified as average poverty states based on the five-level model specification, became low poverty
states. Similarly, Arunachal and Dadra & Nagar Haveli became high poverty states when all higher levels
were disregarded except for the state level. Even more drastic changes occurred at the region level. In the
model specification with households nested only within regions (level-2), a total of 36 regions were
classified as low poverty regions, and 35 were classified as high poverty regions. At the district level, 222
districts were classified as low poverty and 236 as high poverty based on a model specification assuming
households to be nested within districts (level-2) only.
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Figure 3.4. Maps of India illustrating the distribution of high, average, and low poverty (a) states, (b) regions and (c) districts from the five-level
random effects model (level-5: state, level-4: region, level-3: district, level-2: PSU, level-1: household) (National Sample Survey, 2009/2011)
(a) State

(b) Region

(c) District

Poverty
[Low] (6)
[Average] (20)
[High] (9)

Poverty
[Low] (61)
(Avergae] (505)
(High] (57)
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Figure 3.5. Maps of India illustrating the distribution of high, average, and low poverty (a) states, (b) regions and (c) districts from the two-level
random effects models (National Sample Survey, 2009/2011)
(a) State

(b) Region

(c) District

(level-2: state, level-1: household)

(level-2: region, level-1: household)

(level-2: district, level-1: household)

Poverty
[Low] (10)
(-1,0] (14)
(0,1] (11)

Poverty
[Low] (36)
(Average] (17)
(High] (35)
Not Included (3)
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Discussion
The purpose of this paper was to partition variation in poverty in India into five meaningful
geographic levels, including states, regions, districts, villages and households, and to examine which
level(s) had the greatest contextual effects on poverty over and above household compositional effects.
Our study found that the amount of variation in poverty attributable to the states (13.27%) and villages
(12.10%) were equally substantial even after adjusting for the known risk factors for poverty at the
household level. The persistent variations at the state and village levels indicated that geography of
poverty in India cannot be fully explained by clustered distribution of poor households. Instead, poverty
was found to be an ecological construct largely driven by poor places. In particular, contextual factors
operating at the macro (state) and micro (village) levels were suggested to be most important in shaping
the observed geographic patterning of poverty in India. On the other hand, between-district (3.90%) and
between-region (3.25%) variations in poverty were found to be relatively small.
Variability across states in economic performances in India has been explored in previous studies
(Ahluwalia, 2000, 2002b; Alkire & Seth, 2015; Baddeley et al., 2006; Bajpai & Sachs, 1996;
Bhattacharya & Sakthivel, 2004; Dev & Ravi, 2007; Ravallion, 2001; Sundaram & Tendulkar, 2003), but
not in the context of multilevel modeling. Prior investigations have consistently reported significant
variations across and within states on different measures of poverty. For instance, Baddeley, McNay &
Cassen have reported a divergence in state domestic product between 1990 and 1997, where the wealthier
states (Haryana, Punjab, Maharashtra, Tamil Nadu, Andhra Pradesh, and Gujarat) experienced the fastest
growth, while the poorer states (Bihar, Uttar Pradesh, Rajasthan) were the slowest (Baddeley et al., 2006).
A similar trend of increasing inequality was found using poverty gap index and squared poverty gap
(Sundaram & Tendulkar, 2003) as well as multidimensional poverty index based on National Family
Health Survey (NFHS) and NSS (Alkire & Seth, 2015). Though one study reported narrowing poverty
gap between all major states and the two richest states (Punjab and Haryana) during the 1990s, this study
also noted the opposite trend for the three poorest states (Bihar, Utter Pradesh and Orissa) out of the 14
states considered in their analysis (Ahluwalia, 2002b). Our findings of substantial variation at the state
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level, even after accounting for multiple geographic levels, provide additional support to the existing
literature.
Previous studies have also suspected that poverty reduction at the national level in the postreform period may have been slowed down by the exacerbation of inequality by urban and rural areas
(Dev & Ravi, 2007; Himanshu, 2007). Overall, poverty has declined in rural areas of all states and in
urban areas of almost all states, except for Orissa and Uttarakhand. Using the measure of MPCE, it was
found that the rural MPCE as a percentage of urban MPCE has declined from 66% in 1983 to 61% in
1993-94 and to 56% in 2004-05 at the all-India level (Dev & Ravi, 2007). We found that the variability in
poverty was greater in the urban sector compared to the rural sector for all geographic levels. In other
words, there was more variability in poverty left unexplained for urban areas even after adjusting for the
same set of household characteristics.
As to which specific state-level factors should be prioritized for poverty reduction are beyond the
scope of this paper. Since state level has been the principal focus of most poverty literature in India, there
are several hypothesized explanations for between-state variability. The importance of infrastructural
investments, including electric power, road and rail transport facilities, telecommunications and irrigation,
on state-level economic development has been particularly well documented (Ghosh & De, 1998).
Historically wealthier states, like Haryana and Punjab, have capitalized on existing infrastructure to
progress at a much faster rate than other states like Bihar.
Moreover, state-level reforms on industrial policy and investment incentives have resulted in
increasing competition among the states in attracting domestic and foreign private investment, and this
may have exacerbated disparities as well (Bajpai & Sachs, 1996). In fact, Bajpai & Sachs’ evaluation in
1996 of states that have been active versus slow reformers largely aligned with states classified as poor
and wealthy in subsequent studies, including ours. For instance, Andhra Pradesh, Gujarat, Karnataka,
Maharashtra and Tamil Nadu were classified as the most reform-oriented states by Bajpai & Sachs, and
all five states were identified as average poverty states in our multilevel analysis. These reform-oriented
states have introduced measures to reduce state fiscal deficits. For example, there has been a significant
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reduction of rice subsidies and employment in Andhra Pradesh and a corresponding increase in social and
infrastructure expenditure (Bajpai & Sachs, 1996). On the contrary, four of the states classified as the
slowest reformers (Assam, Bihar, Kerala, Madhya Pradesh, Punjab, Rajasthan and Uttar Pradesh) were
identified as high poverty states in our study.
In terms of foreign direct investment, Tamil Nadu, Karnataka, Andhra Pradesh, Gujarat and
Maharashtra were known to be at the forefront with the investments from car manufactures and computer
software companies (Bajpai & Sachs, 1996). In addition to the differences in state policies, geographic
attributes and quality of governance may also explain between-state variation in poverty. For instance, the
corrupt and inefficient administration of Bihar was known to inhibit the state from growing economically
(Bajpai & Sachs, 1996). These proposed factors should be further investigated using multilevel analysis
in future studies.
In addition to the well-established evidence on the importance of state level, our findings offer a
new insight that local context (village level) is equally important for poverty in India. Heterogeneous
service delivery and implementation of social programs may contribute to the differences in within-state,
between-village variations in poverty outcomes. Given the data constraints in terms of lack of village
identifiers to be linked to any census data, it would be more challenging to identify and assess specific
geographical and infrastructural aspects of villages that contribute to the micro-ecology of poverty.
Interestingly, we also found that the importance of village environment varied considerably across the 35
states. For instance, in stratified state-specific two-level models, percentage variation in poverty
attributable to villages ranged from around 10% in Dadra & Nagar Haveli and Andaman & Nicobar
Islands to more than 50% in Arunachal Pradesh and Chandigarh. Our findings imply that local context
should be warranted more attention in policy discussion around poverty reduction in India, and future
studies exploring the mechanisms through which local environment (village) affects poverty rate are
needed.
On the contrary, we found relatively small variations attributed to the district and region levels in
our multilevel models. To our knowledge, there have been three district-wise analyses of poverty in India,
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two of which concluded significant between-district variation (Chaudhuri & Gupta, 2009; Ohlan, 2013).
For instance, one study has classified districts by their socioeconomic development levels, and concluded
that Southern regions were highly and symmetrically developed in comparison to the Central and
Northern regions (Ohlan, 2013). However, this study was limited in that it considered only three states
(Haryana, Madhya Pradesh, and Kerala), each representing North, Central, and Southern regions of India,
respectively. The most recent study using district-level per-capita income data from 29 Indian states
concluded that there was no divergence in inter-district income disparity between 1999-2000 and 2005-6
(Banerjee et al., 2015). In our multilevel analysis, the variation of poverty at the district level was
relatively small compared to the substantial variations found at the state- and village- levels.
We found that when two-level model specification was assumed like prior studies, with
households strictly nested within districts alone, then approximately 20% of the total variation in poverty
was attributable to districts. However, we found this to be an overestimation since only 4% was attributed
to districts when village-, region-, and state-levels were simultaneously considered. This indicated that the
relative importance of one level is highly sensitive to other levels included in the model, and suggested
that empirical studies restricted to one-level average could be misleading.
The same was true for between-region variation in poverty. Since regions in the NSS have
boundaries largely set by administrative districts within states, they do not conform to the ideal definition
of agro-ecological zones (Palmer-Jones & Sen, 2003), and therefore may be less substantively meaningful
than previously hypothesized. Our exercise of comparing results from five-level model with those from
two-level models, and further mapping these results at the state-, region-, and district- levels, showed that
careful consideration of multiple geographic levels is critical to correctly identify the level(s) that demand
more focused attention to reduce disparity in poverty.
There are four important factors to be considered when interpreting the findings of our study.
First, our analysis utilized the NSS data from a limited time period (2009/2011), and the analysis of long
term secular trends in geographic variation in poverty was beyond the scope of this paper. Our analysis
was restricted to the most recent and comprehensive NSS data. Second, in the NSS data, sample sizes at
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lower levels were small in many instances, which may compensate the reliability of estimates at the
village level. However, the multilevel estimates and the variations apportioned to each level are precisionweighted for both the small cluster sizes and the imbalance in the nesting structure.
Third, the outcome of poverty in our study was crudely defined by dichotomizing MPCE using
the official poverty line of 2009-10 and 2011-12 as recommended by the Expert Group (Planning
Commission 2014). This calculation method of poverty in India has been criticized for its inability to
capture a wider multi-dimensional view of deprivation in terms of other measureable key economic and
social indicators (Alkire & Seth, 2015), and strengths and limitations of different poverty measures have
been actively discussed elsewhere (Subramanian, 2011). Though the appropriateness of our
conceptualization of poverty level is questionable, it does not abate the novelty of our findings using
multilevel analysis. It would be valuable to apply similar multilevel perspective to different, arguably
more meaningful, measurements of poverty and deprivation in India. For instance, while we have solely
relied on the official poverty line defined at the state level, future studies should consider using poverty
lines defined at the region or district levels.
Lastly, any multilevel analysis is inevitably prone to the modifiable areal unit problem (MAUP)
and uncertain geographic context problem (UGCoP). The MAUP refers to the sensitivity of spatial
patterns to the choice of area level units in the analysis (Gehlke & Biehl, 1934; Openshaw & Taylor,
1979). For instance, the same poverty measure may take on different values at different geographic scales
such that choosing different geographic units of analysis can result in different findings. Since our
knowledge as to which geographic scales are causally related to poverty is currently imperfect, we do not
claim that the four levels chosen for our analysis (state, region, district, village) are fully exhaustive.
Previous studies have already noted that region boundaries identified in the NSS are poor indicators of
agro-ecology (Palmer-Jones & Sen, 2003). Moreover, Indian districts are largely heterogeneous and there
may be geographic units smaller than village that may better capture the meaningful boundary of
community. Nevertheless, this is the first study to fully explore multiple levels of geography that previous
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studies have found to bear some political, administrative, social, and agro-ecological relevance, and the
most comprehensive analysis to date using available data.
Our study makes several important contributions to the current understanding of poverty in India.
By partitioning and mapping variations in poverty across multiple geographic levels, we demonstrated
villages and states to be equally important in shaping the observed geographic patterning of poverty in
India. The persistent variations at these macro- and micro-levels indicate that geography of poverty
cannot be fully explained by clustered distribution poor households. This finding has important
implications for contextual interventions at the state and village levels. Prior state-level investigations
have suggested that investments in agricultural growth in the lagging regions through technologicalinstitutional-market support (Ali & Pernia, 2003; Palmer-Jones & Sen, 2003), expansion of infrastructural
services especially in rural areas (Parker, Kirkpatrick, & Figueira-Theodorakopoulou, 2008), and other
state-level policies could potentially reduce divergence in economic development, but these factors
should be more systematically investigated in future multilevel analyses. Additionally, local context
(village) should be warranted more attention in policy discussion around poverty reduction in India. More
specific policy recommendations are beyond the scope of this paper and they should be investigated in
future studies exploring diverse contextual variables while considering multiple levels simultaneously.
Moreover, our results indicate that previous single-level studies have provided an incomplete, and
somewhat misleading, picture of geographic patterning of poverty in India. For instance, recent studies
noting significant variation at the district-level seem to be an overestimation. Therefore, single-level
perspective should be avoided when planning to reduce poverty and promote balanced regional
development.
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Chapter 3 Appendix
Supplementary Table 3.5. Sample size by key sociodemographic variables, and unweighted and weighted
OR and 95% CI for poverty in the five-level fully adjusted model* (National Sample Survey, 2009/2011)
Household
OR (95% CI)
N
Unweighted
Weighted
Intercept
202,250
1.005 (0.700, 1.444)
0.773 (0.544, 1.100)
Year
2009 (ref)
100,794
2011
101,651
0.754 (0.696, 0.817)
0.735 (0.679, 0.796)
Household type of residency
Rural (ref)
83,571
Urban
118,679
0.233 (0.201, 0.270)
0.276 (0.240, 0.318)
Household size
202,250
1.247 (1.218, 1.275)
1.260 (1.233, 1.289)
Household caste
Scheduled Tribes (ref)
26,653
Scheduled Castes
32,058
0.981 (0.843, 1.141)
1.057 (0.926, 1.207)
Other Backward Classes
77,502
0.705 (0.608, 0.817)
0.773 (0.676, 0.883)
Others
66,037
0.506 (0.416, 0.616)
0.551 (0.466, 0.651)
Household religion
Hindu (ref)
153,791
Christian
13,914
0.797 (0.670, 0.946)
0.832 (0.731, 0.947)
Islam
25,539
1.111 (0.989, 1.248)
1.122 (1.007, 1.251)
Others
9,006
0.749 (0.636, 0.882)
0.773 (0.690, 0.866)
Household primary source of income
Labour (ref)
41,920
Self-employed
94,065
0.428 (0.398, 0.459)
0.444 (0.411, 0.481)
Regular wage/salary earning
42,361
0.329 (0.292, 0.370)
0.356 (0.315, 0.402)
Others
23,904
0.373 (0.335, 0.417)
0.399 (0.357, 0.445)
Sex of the head of the household
Male (ref)
179,133
Female
23,117
0.965 (0.904, 1.030)
0.982 (0.920, 1.048)
Age of the head of the household
202,250
0.987 (0.984, 0.990)
0.988 (0.986, 0.991)
Education level of the head of the household
Illiterate (ref)
49,015
Literate, but below primary
20,943
0.735 (0.698, 0.774)
0.754 (0.713, 0.797)
Primary and middle
58,450
0.528 (0.498, 0.560)
0.541 (0.514, 0.569)
Secondary and higher secondary
46,195
0.252 (0.221, 0.288)
0.277 (0.248, 0.309)
Diploma, graduate and higher
27,647
0.088 (0.070, 0.110)
0.106 (0.088, 0.127)
Marital status of the head of the household
Never married (ref)
7,650
Currently married
171,513
1.523 (1.279, 1.815)
1.411 (1.188, 1.675)
Widowed/divorced/separated
23,087
1.703 (1.456, 1.991)
1.560 (1.345, 1.808)
Mean age of the household
202,250
0.996 (0.990, 1.002)
0.996 (0.991, 1.002)
Proportion of dependents (ages <15 and >65) in
202,250
4.188 (3.677, 4.770)
3.801 (3.317, 4.357)
the household
*Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/ other backward
classes/ others), religion (Hinduism/ Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/ others), sex of the head of the
household (male/ female), age of the head of the household, education level of the head of the household (illiterate/ literate but below primary/ primary and middle/
secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the household (never married/ currently married / widowed, divorced, or
separated), mean age of the household, proportion of dependents (age<17 and age>65) in the household
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Supplementary Table 3.6. Weighted overall and stratified percentage variation in poverty attributable to village-, district-, region-, and state-levels
from the null and adjusted five-level models (National Sample Survey, 2009/2011)
Overall

Urban†

Rural‡

Null

Fully Adjusted*

Null

Fully Adjusted*

Null

Fully Adjusted**

PSU

18.49%

18.24%

13.97%

16.76%

19.04%

21.05%

District

2.74%

3.58%

3.07%

3.81%

3.48%

3.65%

Region

3.02%

3.32%

3.97%

4.48%

3.97%

3.70%

State

13.20%

13.50%

22.08%

17.46%

12.15%

14.73%

† 35 states, 88 regions, 615 districts, 14,871 villages and 118,679 households in the urban stratum
‡ 35 states, 88 regions, 609 districts, 10,519 villages and 83,571 households in the rural stratum
* Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/ other backward classes/ others), religion (Hinduism/
Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/ others), sex of the head of the household (male/ female), age of the head of the household, education level of
the head of the household (illiterate/ literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the household (never
married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17 and age>65) in the household
** Additionally adjusted for land ownership (yes/ no)

92

Supplementary Table 3.7. Variance estimates in logit scale (95% CI) and percentage variation in poverty
attributable to village-level in the fully adjusted two-level models by each of the 35 Indian states (National
Survey Sample, 2009/2011)
Variance attributable to village
Variance estimates at village-level
State
(%)
(95% CI)
Jammu & Kashmir
29.51%
1.377 (1.098, 1.656)
Himachal Pradesh
40.72%
2.260 (1.600, 2.920)
Punjab
29.08%
1.349 (1.064, 1.634)
Chandigarh**
54.77%
3.984 (1.559, 6.409)
Uttarakhand
33.74%
1.676 (1.271, 2.080)
Haryana
33.94%
1.690 (1.344, 2.037)
Delhi
42.25%
2.407 (1.497, 3.316)
Rajasthan
29.93%
1.405 (1.191, 1.619)
Uttar Pradesh
23.84%
1.030 (0.928, 1.132)
Bihar
24.85%
1.088 (0.941, 1.235)
Sikkim
23.88%
1.032 (0.539, 1.525)
Arunachal Pradesh
54.72%
3.977 (3.183, 4.770)
Nagaland
39.98%
2.191 (1.309, 3.074)
Manipur
43.81%
2.565 (2.184, 2.946)
Mizoram
24.47%
1.066 (0.765, 1.367)
Tripura
33.46%
1.655 (1.270, 2.040)
Meghalaya
47.25%
2.947 (2.213, 3.681)
Assam
35.66%
1.824 (1.569, 2.078)
West Bengal
25.59%
1.131 (0.989, 1.274)
Jharkhand
25.40%
1.120 (0.927, 1.314)
Orissa
32.35%
1.573 (1.346, 1.801)
Chhattisgarh
20.63%
0.855 (0.654, 1.056)
Madhya Pradesh
34.30%
1.718 (1.514, 1.921)
Gujarat
37.16%
1.946 (1.650, 2.241)
Daman & Diu**
32.90%
1.613 (0.278, 2.948)
Dadra & Nagar Haveli**
9.91%
0.362 (-0.014, 0.738)
Maharashtra
40.66%
2.255 (2.023, 2.487)
Andhra Pradesh
32.21%
1.563 (1.373, 1.753)
Karnataka
37.81%
2.000 (1.710, 2.291)
Goa
22.70%
0.966 (0.063, 1.869)
Lakshadweep**
24.47%
1.066 (-0.369, 2.501)
Kerala
25.71%
1.139 (0.885, 1.393)
Tamil Nadu
34.55%
1.737 (1.537, 1.936)
Pondicherry
21.10%
0.880 (-0.104, 1.864)
Andaman & Nicobar Islands
11.20%
0.415 (-0.592, 1.422)
*Adjusted for year of survey collected (2009/ 2011), type of residency (rural/ urban), household size, caste (scheduled tribes/ scheduled castes/
other backward classes/ others), religion (Hinduism/ Islam/ Christianity/ others), primary source of income (labor/ self-employed/ regular wage/
others), sex of the head of the household (male/ female), age of the head of the household, education level of the head of the household (illiterate/
literate but below primary/ primary and middle/ secondary and higher secondary/ diploma, graduate and higher), marital status of the head of the
household (never married/ currently married / widowed, divorced, or separated), mean age of the household, proportion of dependents (age<17
and age>65) in the household
**Not adjusted for household level covariates to avoid unstable estimation due to small sample sizes
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Concluding remarks
This dissertation explored the full richness of partitioning and explaining random variability in
human health at multiple levels. The first chapter evaluated the global BMI variability by population-,
subgroup-, and individual- levels, and found that majority of the BMI variance was between-individuals
rather than between-populations or between-subgroups. Socioeconomic factors explained a large
proportion of population level inequality in BMI, but less than 2% of inter-individual variation. Moreover,
the magnitude of within-population variation in BMI, and the proportion explained, varied substantially
across the countries. Our systematic evaluation of the relative and absolute amount of BMI variability
within- and between- populations suggests that global inequality in BMI is likely driven by
disproportionately large within-population variation. While differences between populations can be
explained better, focusing on them alone will resolve only a small fraction the global inequality.
The second chapter further investigated the large individual variation observed in global BMI,
and applied Goldstein’s method to model level-1 variation as a function of basic sociodemographic
characteristics and an interaction between them. By doing so, this chapter found that the constant residual
variance assumption at the individual level has erroneously masked the underlying systematic differences
in variability by individual characteristics. For instance, women of older age groups, urban residency,
more educated, wealthier, and widowed/divorced/separated marital status groups were much more
variable in respect to their BMI measures compared to their counterparts. The complexity in BMI
heterogeneity may be driven by the same set of factors having differential effects on individuals and/or by
a completely different set of factors driving the variation within different segments of the population.
Identifying groups with systematically large variation and understanding their specific determinants has
important implications for preventive strategies that aim to reduce health inequality.
The third and last chapter demonstrated the importance of considering multiple meaningful units
of analysis to correctly identify contextual levels at which interventions should be targeted. Existing
studies examining trends of economic development and poverty in India have used single-level analyses
with aggregated data either at the state level or, less commonly, at the region and district levels. This
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comprehensive and empirical quantification of the relative importance of four geographic levels in
shaping poverty distribution found that geographic patterning of poverty in India cannot be fully
explained by clustered distribution of poor households, and that there may be important contextual factors
operating at the state and village levels. Contrary to the prior literature emphasizing the importance of
district level, this multilevel analysis found relatively small variation attributable to districts.
In summary, the three chapters of this dissertation conclude that epidemiologic and public health
inquiries should not be limited to averages at a single level, and instead should routinely report and
investigate variations at multiple, conceptually meaningful, levels. In particular, acknowledging the
nonrandom variability in health at the individual level and examining systematic patterning of
heterogeneity will be important to prevent further increase in health inequalities. Findings from each of
these chapters will not only contribute new scientific evidence but will also help inform policies to reduce
inequality in health and well-being.
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