Pak et al. Population Health Metrics (2016) 14:12
DOI 10.1186/s12963-016-0081-5

RESEARCH

Open Access

Measuring and tracking obesity inequality
in the United States: evidence from
NHANES, 1971-2014
Tae-Young Pak1, Susana Ferreira2* and Gregory Colson3

Abstract
Background: Because people care about their weight relative to peers and society, obesity inequality plays a role
in explaining obesity incidence and the impacts of being obese on subjective well-being. While the increase in
obesity prevalence and mean body mass index (BMI) is well documented, the measurement of distributional
changes and corresponding obesity inequality is yet to be fully explored.
Methods: The present study analyzed BMI data for adults aged 20 to 74 from the National Health and Nutritional
Examination Survey (NHANES) I (1971-1974), II (1976-1980), III (1988-1994), and continuous NHANES (1999-2014). We
applied tools developed to measure income inequality to analyze the inter-temporal variation in the BMI distribution
among US adults. Using stochastic dominance tests, we construct partial orderings on cumulative BMI distributions
during the study period. Shapley decompositions and inequality indices are employed to quantify the source and
extent of temporal variation and decompose the inequality into within and between-group components considering
age, gender, and race.
Results: The BMI distribution of each NHANES study first-order stochastically dominated the BMI distribution of the
previous wave from 1971-1974 to 2003-2006, whereas more recent comparisons failed to reject the null hypothesis of
non-dominance. The Shapley decomposition analysis revealed that horizontal shifts of BMI distributions accounted for a
majority of the increase in obesity prevalence since 1988-1991. Especially in recent years when the rate of obesity growth
has slowed down, the contribution of the redistribution component dropped significantly and even became negative
between 2007-2010 and 2011-2014. The inequality indexes consistently show a worsening of obesity inequality from the
mid-1970s to the mid-2000s regardless of population subgroups, and this disproportionate shift of the BMI distribution is
unlikely to be a result of a changing ethnic composition of the US population.
Conclusion: Our findings demonstrate that seemingly similar increases in obesity prevalence can be accompanied by
very different patterns of distribution change. We find that the early phase of the obesity epidemic in the US was largely
driven by increasing skewness, whereas more recent growth is a population-wide experience, regardless of demographic
characteristics. Increasing morbid obesity certainly played an important role in the initial phase of the epidemic, but more
recently the BMI distribution has largely horizontally shifted to the right.
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Background
Many studies have documented a marked increase in
obesity prevalence and mean body mass index (BMI) in
the US over the last four decades [1–6]. This significant
and consistent rise in bodyweight has been termed an
"obesity epidemic," spreading across all gender, age, and
ethnic groups. The use of such language evokes the idea
of obesity being contagious, spreading from one person
to another. For instance, gains in weight appear to
spread through social ties, with friends and relatives apparently influencing others in their social network, in a
way reminiscent of a contagious disease [7].
In conjunction with an overall rise in obesity prevalence,
there has been an even more significant increase in the
percentage of US adolescents [8, 9] and adults [4, 10, 11]
who are morbidly obese. This is reflected in a rightward
shift of the BMI distribution, more pronounced at its
upper tail [12]. Such changes in the shape of the BMI distribution, and in particular the disproportionate growth in
the distribution’s upper tail, have been explained by
models that interact the effects of economic change (e.g.,
falling food prices) with social and physiological processes.
In the social process, a person’s body weight standard depends on other people’s weight, and a relaxed standard
can lead to weight increases [13–15]. In a society where
one’s weight does not conform to the socially ideal weight,
social pressure may exist, and result in a disutility cost to
individuals [16].
In a study of 29 European countries, evidence suggests
that overweight perceptions and dieting are influenced
by a person’s relative BMI [17]. The authors suggest that,
for a variety of reasons, it may be easier to be fat in a society that is fat, and provide empirical evidence that relative BMI influences subjective well-being. A more recent
study demonstrates that the degree to which obesity is
negatively associated with life satisfaction can be mitigated by the prevalence of obesity in a given geographic
context [18].
Despite the importance of relative obesity in explaining the causes and consequences of the obesity epidemic, little is known about the evolution of BMI
distributions over time. A notable exception is Contoyannis and Wildman in which relative distribution
methods are employed to track changes in BMI using
nonparametric methods [19]. Focusing on Canada and
England, they found that the increase of obesity in
England is characterized by more polarized growth towards the right-end of the BMI distribution, whereas the
increase of obesity in Canada is driven primarily by an
overall upward shift. While growing obesity inequality is
believed to be a population-wide experience [12], a recent study of Americans (1999-2006) revealed a different
pattern of polarization, with a more pronounced shift
among ethnic minorities and the less educated [20].
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Building upon this work, we expand on the focus,
methods, and time horizon of earlier studies to present a
long-term picture (1971-2014) of obesity inequality in
the US incorporating a wide array of quantitative
methods used in the study of income inequality [21, 22].
In addition to presenting an encompassing measurement
of the transition of BMI inequality during the US obesity
epidemic, the economic tools employed to analyze
changes in obesity offer several new insights.
First, borrowing tools common in the study of poverty,
we employ Stochastic Dominance (SD) tests. SD is very
useful when making non-parametric comparisons between distributions of continuous variables such as income or, in our case, BMI. SD tests offer an ordinal
comparison between distributions; a comparison that
ranks the distributions but that does not estimate the
magnitude of the differences between them. Because SD
tests involve comparison over the BMI domain, they are
independent of the choice of an obesity threshold. Moreover, as we explain below, the computation of statistics
of dominance at multiple test points covering the whole
range of the BMI distributions enables us to assess
whether the shift of the BMI distribution was driven primarily by one part of the distribution or by the entire
population [21, 22]. Second, we apply the Shapley-value
based decomposition technique to decompose total
change in obesity prevalence into a mean-growth effect
and a redistribution component [21, 23, 24]. While the
SD test primarily focuses on determining the ordinal
dominance of BMI distributions, this second approach
shows how much of the growth in obesity inequality is
attributable to a horizontal shift of the distribution (an
increase in average BMI), and how much is due to a
change in the shape of the distribution (in particular, an
increased skewness towards the right tail of the distribution). Third, we provide a single-value quantitative
assessment of the degree of inequality measured by conventional inequality indices (Gini and Generalized
Entropy). When analyzing univariate inequality measures, we pay particular attention to decomposing obesity inequality into inequalities within each segment of
the population and inequalities between subgroups. This
complementary approach allows us to reveal detailed aspects of the transition across subpopulations and examine whether a disproportionate growth of obesity is due
to population-wide shifts of the BMI distribution or to a
changing contribution by the different demographic
groups.
Several studies point out that focusing on prevalence
estimates is at best a crude approach to understanding
the obesity epidemic since it ignores much of the available information, and the measurement of obesity rates
depends heavily on somewhat arbitrary thresholds and
does not correctly reflect the clinical implications of
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obesity around cutoff values [19, 21, 22, 25, 26]. Since
the BMI distribution in the US shows that most individuals are centered around the overweight category (i.e., a
BMI greater than or equal to 25), even a minor rightward shift of the BMI distribution would result in significantly higher prevalence estimates, which might
overestimate the seriousness of obesity. If the recent
growth of BMI is more pronounced for those at the right
tail of the distribution, tracking only prevalence estimates over time does not correctly reflect accompanying
mortality and morbidity risks. Complementing obesity
prevalence estimates with distribution-independent techniques such as those proposed by this paper is thus critical to understanding the long-term pattern of obesity
change in the US.

Methods
Data sources and study population

Baseline data were drawn from the National Health and
Nutritional Examination Survey (NHANES) I (19711974), II (1976-1980), III (1988-1994), and continuous
NHANES (1999-2014). The NHANES is a series of nationally representative cross-sectional surveys of the US
population, conducted by the National Center for Health
Statistics at the Centers for Disease Control and Prevention. The NHANES data include clinical measurements
of the respondents’ height and weight obtained using
mobile examination centers and standardized procedures. This is an attractive feature of the data because
self-reports of height and weight tend to be biased, leading to an underestimate of BMI [27–29]. This is particularly important when observations are clustered around
the middle of the distribution since individuals whose
BMI is close to the obesity threshold are more likely to
under-report their weight [21].
For this study, we restricted the analysis to 20-74 year
olds because only persons aged 1-74 years were eligible to
be interviewed for NHANES I and II, and different weight
classification criteria are used for people under 20. Following NHANES analytic guidelines [30], respondents were
classified into three age groups, 20-39 years, 40-59 years,
and 60-74 years, based on age at the examination date.
For NHANES III and continuous NHANES, race and ethnicity were classified as non-Hispanic white, non-Hispanic
black, Hispanic, and other. To facilitate comparability
across waves, given the larger number of years covered by
the initial waves, we aggregated two adjacent waves of
continuous NHANES into a single survey. Since
NHANES III covered a six year period (1988 to 1994)
when the largest increase in obesity was experienced, we
split NHANES III into two different periods, Phase I
(1988-1991) and Phase II (1991-1994), according to
NHANES III analytic guidelines [31]. The multistage sampling design of NHANES III selects 81 primary sampling
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units for a full six year survey, and then randomly assigns
each primary sampling units to Phase I and Phase II,
which makes each subsample representative of the US civilian non-institutionalized population during the given
period. In addition, we excluded female respondents who
were pregnant at the time of the survey. The final sample
for empirical analysis did not include observations with
missing values or irregular responses in height and weight.
We adopted the clinical definition of obesity proposed by
the International Obesity Task Force of the World Health
Organization in 1997. Underweight is defined as BMI <
18.5, normal weight as BMI in the interval [18.5, 25.0),
overweight as BMI ∈[25.0, 30.0), class I obesity as BMI
∈[30.0, 35.0), class II obesity as BMI ∈[35.0, 40.0), and class
III obesity as BMI ≥40.0. The prevalence or increase in
BMI of morbid or clinically severe obesity across waves was
of special interest to this research since many direct medical costs associated with obesity are most pronounced for
those at the higher spectrums of the obesity scale.
To account for the complex, stratified, multistage
probability cluster sampling design of NHANES, we applied mobile examination centers sampling weights
throughout the analysis. For NHANES III, a 3-year sampling weight was applied to each Phase I and II, which
benchmarked the 1990 and 1993 Current Population
Survey (CPS), respectively [31, 32]. For the first
combined sample of continuous NHANES, we used
four-year sample weights for 1999-2002, which was preadjusted by NHANES to account for the difference in
the population base of the 1999-2000 and 2001-2002
surveys [30]. By rescaling a two-year weight of adjacent
surveys, this sample weight allowed us to make our sample representative of the population at the midpoint of
the two surveys, even if different population bases were
considered. For the subsequent four-year datasets, we
created a four-year sample weight variable that assigned
half of the two-year weight for each period, as recommended by NHANES analytic guidelines [30]. We could
then compare the distributions over time, since these
weighting schemes were designed to ensure that the
weighted sample was representative of the US civilian
non-institutionalized population; that is, it reflected the
relative proportion of each demographic group to ensure
equal selection probability of an individual given that
some groups were oversampled.
Stochastic dominance test

The Stochastic Dominance test is an approach that allows an ordinal assessment of whether a cumulative distribution significantly differs from another without
considering the shape of the distribution [33]. We applied the test here to determine the dominance of BMI
distributions of US adults over time. Although commonly used by economists in poverty and economic
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inequality studies [33–35], it has only recently been applied to the study of obesity [21, 22].
Let F tn−1 ðxÞ and F tn ðxÞ denote two cumulative distribution functions (CDF) of BMI to be compared to each
other, where tn-1 and tn refer to time, i.e. to different
Zx
NHANES waves, and D1t ðxÞ ¼ F t ðxÞ ¼ dF t ðyÞ and
0

Zx
Dst ðxÞ ¼

Ds−1
t ðyÞdy for any integer s ≥ 2. The distribu0

tion at time tn dominates the distribution tn − 1 at order s
if Dstn−1 ðxÞ≥Dstn ðxÞ and strictly dominates if Dstn−1 ðxÞ > Dstn ðxÞ
, for all possible BMI values over the domain [21, 33].
Simple t-statistics were constructed to test the null hypothesis of non-dominance (H 0 : Dstn−1 ðxÞ−Dstn ðxÞ ¼ 0),
for a series of test points up to the maximum BMI in
the distribution. Unlike other studies testing dominance
only within a range of interest, we tested the significance
over the entire domain (we used 30 test points from the
minimum to the maximum BMI) in order to investigate
which part of the distribution changed most. Dominance
of order s was declared if the null hypothesis was
rejected for at least one test point at the 1 % significance
level without any reversal in the signs of difference [21].
The stochastic dominance does not hold if, for instance,
the difference is not significant or two cumulative distributions cross each other. In general, it has been shown
that the stochastic dominance of one distribution over
another can always be declared at a high enough order,
provided that infinite comparisons between CDFs can be
made [37]. The interpretation of higher-order comparisons is, however, less intuitive [38] and, in practice, comparisons are limited to third-order stochastic dominance
[33]. We followed the convention of testing up to s = 3,
i.e. third-order stochastic dominance, after which "no
dominance" is declared [22, 35, 36].
Growth-inequality decomposition

The growth-inequality decomposition method allows researchers to decompose overall changes in a distribution
into a mean-growth component and a redistribution
component [39]. In the context of obesity, the meangrowth component captures the change in obesity prevalence attributable to a horizontal shift of the BMI distribution while holding the shape of the distribution
constant at the reference year. The redistribution component represents the change in obesity as a result of a
redistribution in the BMI curve while the mean BMI is
kept constant. A third component, by definition, is the
residual that cannot be exclusively attributed to the previous two elements. When applied to our study, the
obesity rate at time t, Obst, can be represented as

Obst ¼ ObsðTjμt ; Lt Þ;

ð1Þ

where Obs denotes obesity prevalence, T is the obesity
threshold (30 for class I obesity), μ is the mean BMI,
and L is the Lorenz curve representing the CDF of the
empirical probability distribution of BMI. Letting tn − 1
be the base year, changes in obesity prevalence between
two time-periods can then be decomposed as
Obstn −Obstn−1 ¼

Gðt n−1 ; ; t n Þ þ Rðt n−1 ; ; t n Þ
þ εðt n−1 ; ; t n Þ;

ð2Þ

where G(⋅), R(⋅), and ε(⋅) represent the growth, redistribution, and residual components, respectively. Specifically, the growth and redistribution terms were defined
as




G≡Obs T jμtn ; Ltn−1 −Obs T jμtn−1 ; Ltn−1 , and R≡Obs




Tjμtn−1 ; Ltn −Obs Tjμtn−1 ; Ltn−1 . That is, G was the
change in obesity driven by overall growth in population
weight while holding relative position fixed, and R was
the observed variation in relative position with no
growth in mean BMI.
In empirical studies, a residual term controls for misspecified components in the decomposition analysis,
which confound the interpretation of decomposition results, particularly when the residual term is relatively
large [39]. A more desirable method would decompose
changes in prevalence measures exactly into growth and
redistribution factors without a residual term. In this
context, a Shapley-value based decomposition approach
which takes an equally weighted average of two decompositions, one at a reference point and the other at a
later year, has been proposed [23, 24]:
Obstn −Obstn−1 ¼

Gs ðt n−1 ; ; t n Þ þ Rs ðt n−1 ; ; t n Þ

ð3Þ

where Gs and Rs represent the Shapley value of growth
and distribution components of changes in obesity
prevalence, and are given by:




1
Obs T jμtn ; Lt n−1 −Obs T jμtn−1 ; Ltn−1
2




1
þ Obs T jμtn ; Ltn −Obs T jμt n−1 ; Ltn
2




1
Rs ≡ Obs T jμtn−1 ; Lt n −Obs T jμt n−1 ; Ltn−1
2




1
þ Obs T jμt n ; Ltn −Obs T jμt n ; Lt n−1 :
2

Gs ≡

Obesity inequality indices (Gini and Generalized Entropy)

While distributional dominance tests offer a partial ranking of BMI distributions, they do not measure cardinal
differences between distributions and there are cases in
which stochastic dominance cannot be determined.
Decomposition analysis is also limited in that it relies
heavily on the specific obesity threshold, T, to decompose the variation. In this section, we supplement our

Pak et al. Population Health Metrics (2016) 14:12

Page 5 of 13

previous findings by summarizing obesity inequality into
a univariate concentration index, the Gini coefficient,
and track the cardinal growth of obesity inequality. Typically used to quantify income and wealth inequality, the
Gini coefficient measures the statistical dispersion in a
given distribution. It varies between 0, which reflects
complete equality, and 1, which indicates complete inequality (one person has all the income or wealth, all
others have none). Our approach closely followed Sahn
where the Gini index was employed to track the obesity
inequality in developing countries [22]. The Gini coefficient is computed as follows:
Ginit ¼

Nt
2 X
Nt þ 1
r it xit −
;
2
Nt
μt N t i¼1

ð4Þ

where N is the sample size, μ denotes the mean BMI, xi
and ri represent individual BMI and corresponding rank
of the ith observation in ascending order. Considering the
sample size in our study, we referred to a computationefficient formula, which approximates the Gini coefficient
using a fast optimized algorithm [40].
In addition to the common Gini coefficient as a summary measure of inequality, generalized entropy (GE) inequality measures have been proposed. Compared to the
Gini coefficient, which is more sensitive to variations
around the mode of the distribution, the GE measures
are more flexible allowing greater sensitivity away from
the middle of the distribution [41]. This is an attractive
feature given the focus of recent studies on the rise in
morbid obesity at the upper tail of the BMI distribution
and its contribution to the overall rise in obesity. The
Generalized Entropy index can be expressed as:
"
#
N t  θ
1
1 X
xit
GE t ðθÞ ¼
−1 ;
ð5Þ
θðθ−1Þ N t i¼1 μt
where θ is a scaling parameter that represents the
weight given to distances between individuals' BMI at
different parts of the BMI distribution. For θ = 1 we obtained the Theil index, which treats differences between
individuals' BMI levels at different points of the BMI distribution equally. The variation at the left tail of the distribution is given more weight with parameter values
smaller than 1, whereas larger parameter values give
more weight to the upper tail. We set θ equal to 0 and 2
for robustness and for comparison with a previous study
examining this issue [41].
With distributional dominance tests and decomposition analysis, we were unable to split the analytic sample by demographic category and explore whether the
growing obesity inequality is due to changing characteristics of particular population segments, or due to a
population-wide shift of the BMI distribution. In the

analysis of inequality over time, it could be the case that
a growing inequality is influenced by greater disparities
among different segments of the population, or by variation in the distribution of BMI within each subpopulation (provided the relative weight of different groups in
the total population does not change). The GE class of
inequality measures can be decomposed into withinand between-group inequality such that
GEt(θ)=GEt(θ)within+ GEt(θ)between [41, 42]. Specifically,

X BMI t;j
GE t;j
BMI t
j
XBMI t;j  BMI t;j =BMI t 
ln
BMI t
N t;j =N t
j

GEt(θ)within =

and GEt(θ)between =

where GEt,j and BMIt,j denote the GE index and BMI
of subgroup j at time t, respectively; Nt,j represents the
number of respondents in subgroup j at time t; and BMIt
represents the BMI of the total population at time t.
That is, the first term indicates the weighted sum of inequalities within groups, whereas the second term captures the proportion attributable to the heterogeneity in
inequality across the groups. If the contribution of
between-group inequalities to total obesity inequality is
negligible, and the evolution of within-group inequality
is comparable across groups, this indicates that worsening obesity inequality is not a result of changing demographic composition (even if the weight of different
groups in the total population has indeed changed), but
rather more of a population-wide experience.

Results and discussion
Studies reporting on the obesity epidemic have documented a dramatic increase in obesity prevalence over
the last four decades [1–6]. In particular, the percentage
increase in the higher obesity classes is substantial, suggesting that the population weight distribution has been
disproportionately shifted rightward [11, 12, 43]. As illustrated in Fig. 1, which presents the kernel density and
cumulative distribution of BMI over time, the increase
in BMI was more pronounced between the late 1970s to
early 2000s, whereas significant wave-to-wave differences
have been small or not found in recent periods.
Stochastic dominance tests

To better assess the long-term transition of US population weight, we present the results of SD tests on BMI
distributions over time (Table 1). Unlike t-tests on
prevalence estimates, stochastic dominance provides
non-parametric pairwise comparisons of entire distributions (in our case at 30 points over the BMI domain) so
that the comparisons of whether one CDF is greater in
magnitude to the other can be made. Table 1 shows a
clear pattern of BMI distribution dominance for all yearto-year comparisons up until the mid-2000s. Until the
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Fig. 1 Distribution of BMI over time, 1971-2014

2003-2006 survey, each BMI distribution first-order
dominated the previous distribution, which indicates a
significant difference for at least one test point without a
significant crossing of distributions. That is, the temporal increase in cumulative distributions during this
period was greater than or equal to zero over the domain of the BMI distribution.
Although we observed significant temporal shifts in a
statistical sense, the nature of the transition depends
upon which part of the distribution most contributes to
the dominance of one distribution over another. Table 2
shows t-statistics of first-order dominance tests at 30 test
points covering the whole range of the BMI distributions. For instance, the first column compares the CDF
of the 1976-1980 survey to the previous period, and
dominance is declared only at the second test point.
Although we rejected the null hypothesis of nondominance at the first-order of comparison, this difference did not seem meaningful in an economically
Table 1 Stochastic dominance tests of the BMI distribution,
1971-2014
Survey years

Dominance tests

(1971-1974) - (1976-1980)

1

(1976-1980) - (1988-1991)

1

(1988-1991) - (1991-1994)

1

(1991-1994) - (1999-2002)

1

(1999-2002) - (2003-2006)

1

(2003-2006) - (2007-2010)

ND

(2007-2010) - (2011-2014)

−1

(1971-1974) - (1988-1991)

1

(1988-1991) - (1999-2002)

1

(1999-2002) - (2011-2014)

1

Note: 1 and ND represent first-order stochastic dominance and no dominance,
respectively; -1 denotes that the 2007-2010 distribution dominates the 20112014. (No second or third order stochastic dominance were detected.) Data
Source: NHANES

significant sense. From 1976-1980 through 1999-2002, a
significant increase was observed across most of the domain, indicating population-wide upward shifts of the
BMI distribution. More specifically, from 1976-1980 to
1988-1991 and 1999-2002 to 2003-2006, a significant increase was found at the very upper tail of the distribution (at the 29th and 30th test points), indicating an even
more disproportionate shift than in other periods. The
shift of the BMI distribution across 1988-1991 and
1991-1994 and 1999-2002 and 2003-2006 was relatively
more pronounced around the middle of distribution, although the distribution was becoming more skewed in
the latter period. The null hypothesis of non-dominance
was not rejected during the 2003-2006 through 20072010 while the most recent comparison between 20072010 and 2011-2014 found a disproportionate downward
shift across the very top end of the distribution.
Overall, results from the SD tests indicated that the
distribution of BMI has disproportionately shifted upwards between 1971 and 2003, but this shift stalled in
the mid-2000s.
Growth-inequality decomposition

In addition to dominance test results, Growth Incidence Curves graphically describe which part of the
BMI distribution contributed more to the overall
growth between two sampling periods (Fig. 2). They
show the percentage change at each BMI percentile
with reference to the horizontal line representing the
rate of prevalence growth [44]. Consistent with the
SD test results, Fig. 2 shows a moderate BMI increase
from NHANES I (1971-1974) to II (1976-1980)
caused by the shift of the lower tail of the distribution. Since then, we observe a clear pattern of a rapid
rise in obesity prevalence between 1976-1980 and
1991-1994 that was most pronounced in higher obesity percentiles. Interestingly, over 1991-1994 and
1999-2002 when the highest increase was experienced,
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Table 2 Significance test results for first-order stochastic dominance
(1971-1974)(1976-1980)

(1976-1980)(1988-1991)

1

1.23

1.63*

2

2.77***

3

1.84**

4
5

(1988-1991)(1991-1994)

(1991-1994)(1999-2002)

(1999-2002)(2003-2006)

(2003-2006)(2007-2010)

(2007-2010)(2011-2014)
0.19

0.90

1.30*

0.27

0.45

1.79**

0.39

2.56***

0.38

0.03

−0.73

4.45***

−0.51

3.86***

0.96

0.05

−1.71**

1.50*

4.08***

0.11

4.48***

0.77

0.20

−1.90**

0.89

5.50***

1.63*

5.75***

2.35***

0.25

−1.19

6

0.17

5.09***

2.35***

4.83***

1.85**

0.79

−0.74

7

0.07

4.63***

3.75***

6.47***

1.57*

1.19

−1.10

8

−0.50

4.60***

3.97***

6.92***

1.57*

1.20

−0.94

9

−1.16

6.55***

3.45***

7.54***

1.83**

1.48*

−0.94

10

−0.95

6.71***

3.01***

7.91***

1.90**

1.48*

−0.91

11

0.27

6.62***

2.39***

6.27***

2.12**

0.91

−1.12

12

0.73

6.80***

2.98***

4.76***

2.49***

0.90

−1.49*

13

0.25

5.45***

2.38***

5.26***

1.95**

1.03

−1.34*

14

0.23

5.61***

2.42***

5.23***

1.48*

1.14

−1.34*

15

0.73

5.35***

2.90***

5.07***

1.40*

1.12

−1.60*

16

0.81

4.56***

3.25***

4.43***

1.27

1.35*

−1.07

17

1.05

4.61***

3.06***

3.84***

1.27

1.56*

−0.96

18

0.46

4.99***

2.97***

4.12***

1.30*

1.70**

−1.17

19

0.42

4.47***

2.55***

3.69***

1.11

0.97

−1.43*

20

−0.13

4.05***

2.21**

3.31***

0.67

1.18

−2.04**

21

−0.49

3.80***

2.16**

3.40***

0.96

1.01

−1.77**

22

−0.48

3.93***

1.60*

3.71***

0.83

0.90

−1.90**

23

−0.90

4.51***

0.71

3.26***

1.11

0.72

−2.20**

24

−0.78

4.08***

0.74

2.63***

1.00

0.51

−2.24**

25

−0.88

3.50***

1.06

2.87***

0.72

0.16

−2.31**

26

−1.15

3.66***

0.84

2.63***

0.46

0.49

−2.09**

27

−1.00

2.72***

0.95

2.21**

0.24

0.27

−2.79***

28

−0.10

1.82**

0.97

1.38*

1.31*

−0.25

−2.20**

29

−0.91

2.50***

0.82

0.67

2.02**

−0.60

−2.77***

30

−0.89

2.91***

0.13

0.84

2.05**

−0.40

−2.29**

Note: *, **, and *** indicate t-test for difference at test point is statistically significant at 10, 5 and 1% level, respectively

the rate of obesity growth was approximately the
same across all BMI levels.
Table 3 presents the results of the Shapley decomposition, which decomposed the total change in the obesity
rate between sampling periods into growth and redistribution components. Not surprisingly, our results supported the SD test results in Table 2. For instance,
between 1976-1980 and 1988-1991 when we observed
an upward shift at the right tail of distribution, approximately 26.6 % of the increase in obesity prevalence was
explained by the redistribution component. Through
1988-1991 and 1999-2002, the BMI distribution of subsequent periods first-order dominated the previous distribution mostly around the middle of the domain, and

this was reflected in a smaller redistribution effect in the
corresponding time frame. Similarly, the disproportionate shift from 1999-2002 to 2003-2006 being more pronounced at the right-tail was reaffirmed by a sizable
redistribution effect in Table 3. Throughout the decomposition analysis, two clear results stand out. First,
except for the initial sample period comparison of 19711975 to 1976-1980, the increase in obesity in the US has
been predominately due to the mean-growth effect. This
implies that the recent rise in obesity in the US has not
been a statistical artifact applicable only to a particular
population group or due to the arbitrariness of the obesity threshold. However, while playing a lesser role, the
redistribution component was positive and non-trivial

Pak et al. Population Health Metrics (2016) 14:12

Fig. 2 BMI growth curves
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Table 3 Shapley decomposition of increase in obesity prevalence
Year

Δ in obesity prevalence

Growth component (A)

A/(A + B) (%)

B/(A + B) (%)

(1971-1975) - (1976-1980)

0.122

0.020

0.101

(16.68)

(83.32)

(1976-1980) - (1988-1991)

6.434

4.724

1.710

(73.42)

(26.58)

(1988-1991) - (1991-1994)

3.364

3.054

0.310

(90.78)

(9.22)

(1991-1994) - (1999-2002)

6.536

5.933

0.603

(90.77)

(9.23)

(1999-2002) - (2003-2006)

3.205

2.350

0.856

(73.30)

(26.69)

(2003-2006) - (2007-2010)

1.491

1.455

0.036

(97.55)

(2.44)

(2007-2010) - (2011-2014)

1.796

1.835

−0.040

(102.23)

(-2.23)

up until the last sampling period. This indicates that between the 1970s and 2000s there was a continual increase in obesity inequality. Second, an interesting
change in dynamics was observed between 2003 and
2012. During this time span, when the change in the
obesity rate slowed substantially compared to the previous two decades, the contribution of the redistribution
component shrank substantially and became negative
between 2007-2010 and 2011-2014. If this trend continues, this could indicate that the rise in obesity inequality observed in the previous three decades could be
stalling or even reversing despite continued increases in
obesity prevalence.
Obesity inequality indices

Table 4 shows the historical trends for two different indices of BMI inequality: the Gini coefficient and Generalized Entropy when θ = 0 or 2. According to the Gini
coefficient, there has been a steady and significant

Redistribution component (B)

increase in obesity inequality in the US since the 1970s.
Specifically, the degree of inequality measured by the
Gini index increased most rapidly from the 1976-1980
to the 1988-1991 waves, followed by a relatively moderate but significant rise until 1999-2002. This pattern of
transition is consistent with the SD test where firstorder dominance was observed at the upper tail of distribution between 1976-1980 and 1988-1991. Similarly,
the increase in obesity inequality from 1999-2002 to 20032006 was slightly greater than that of more recent periods
as the top end of distribution significantly shifted.
Mirroring the results of the Gini coefficient, the
Generalized Entropy index also indicated that obesity inequality increased significantly, but suggested that the
rate of growth was even greater (about twice that of the
Gini index). The growing obesity inequality measured by
GE(2) and GE(0) corresponded closely, indicating the robustness of our findings regardless of the relative importance of the lower or upper tails of the distribution.

Table 4 Intertemporal trends in obesity inequality
Year

Gini index

1971-1974

0.1040
(.0011)

1976-1980

0.1029***
(.0009)

1988-1991

% Change
from t-1 to t

95 % C.I.

Sensitivity Analysis
GE(2)

GE(0)

(0.1019,0.1061)

0.0190

0.0174

−1.10

(0.1011,0.1047)

0.0185

0.0169

0.1117***
(.0015)

8.57

(0.1087,0.1147)

0.0221

0.0199

1991-1994

0.1166***
(.0018)

4.36

(0.1130,0.1201)

0.0240

0.0216

1999-2002

0.1221***
(.0014)

4.75

(0.1194,0.1248)

0.0257

0.0236

2003-2006

0.1242***
(.0013)

1.73

(0.1216,0.1268)

0.0271

0.0244

2007-2010

0.1260***
(.0012)

1.47

(0.1237,0.1284)

0.0277

0.0252

2011-2014

0.1282***
(.0013)

1.70

(0.1256,0.1308)

0.0286

0.0260

% Increase

23.27

50.47

49.31

Note: *** indicates t-test for difference in inequality index from t-1 to t is statistically significant at 1 % level. Jackknife standard
errors in parentheses
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Overall, our analysis of obesity inequality suggests that
the US adult population has experienced growing obesity
inequality.
Breaking down the Gini coefficient based upon age, gender, and race categories indicates that the growth in obesity inequality has been a population-wide phenomenon
across subpopulations (Fig. 3). For instance, both males
and females have experienced a substantial increase in
obesity inequality, with the rate of growth being nearly
identical, although females started from a higher level of
inequality. Consistent with Flegal and Troiano, we also
found evidence of a more disproportionate shift of BMI
distribution among younger adults [12]. We found no
evidence that this disproportionate growth is due to
particular ethnic groups, although the increase was
less pronounced among the Hispanics.
Table 5 reports the obesity inequality decomposed into
the within- and between-group component. Given the little difference between GE(0) and GE(2), we present a decomposition of GE(1) (i.e., the Theil index) by age, gender,
race and combinations of these categories. As expected,
most obesity inequality was due to the inequality within
groups, and this pattern did not vary significantly over
time. The between-group inequality was very small. For
instance, approximately 0.66 % (=0.00016/0.02429) - 2.09
(=0.00056/0.02685) of total obesity inequality was attributable to race/ethnicity. Gender accounted for approximately 0.01-0.33 % of total obesity inequality, whereas age
explained about 0.93-3.49 % of total obesity inequality.
The combination of age, gender, and race accounted for
only 3.38-4.76 % of inequality. More importantly, we did
not find a systematic increase or decrease in the obesity
inequality attributable to particular between-group components, although disparities among the ethnic groups

Fig. 3 Trends in Gini coefficient by age, sex, and race
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appear to have increased slightly since 1999-2002. That is,
this unequal shift of the BMI distribution has been more
of a population-wide experience across the US.

Conclusions
Contributing to the growing literature focusing on different forms of inequality (e.g., income, wealth), this
study quantifies through three alternative, complementary methods commonly employed in the economics literature, the trends in obesity inequality that have been
experienced in the US during the past four decades. The
methods range from ordinal comparisons of BMI distributions (through non-parametric tests of stochastic
dominance between BMI distributions), to cardinal comparisons of inequality summarized in Gini and Generalized Entropy indices, including a decomposition of
changes in the BMI distribution into mean growth, and
a redistribution component driven by changes in the
shape of the distribution. We used BMI data from the
representative sample of adults in the NHANES (19712014), and found evidence consistent across the three
methods that the rapid growth in obesity prevalence in
the US has been accompanied by growing obesity inequality. Further, we found that a disproportionate shift
of BMI distribution occurred when US obesity was increasing the most. This growth in inequality, which is
not simply contained to an expansion in the right-tail of
the BMI distribution of extremely morbidly obese adults,
is found across the distribution of BMI and population
subgroups.
While the increase in obesity rates in the US is a clear
economic and medical concern due to the direct linkages between obesity and chronic illnesses and increased
medical costs, the increase in obesity inequality is a
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Table 5 Within-group and between-group obesity inequality, Generalized Entropy (1)
Year

GE(1)

(1971-1974)

0.01797

(1976-1980)

(1988-1991)

(1991-1994)

(1999-2002)

(2003-2006)

(2007-2010)

(2011-2014)

0.0175

0.0207

0.02247

0.02429

0.02531

0.02599

0.02685

Age

Sex

Within

0.01747
(97.22)

0.01791
(99.67)

Race

Age/Race

Sex/Race

Age/Sex/Race

Between

0.00050
(2.78)

0.00006
(0.33)

Within

0.01689
(96.51)

0.01748
(99.83)

Between

0.00061
(3.49)

0.00003
(0.17)

Within

0.02012
(97.20)

0.02069
(99.95)

0.02051
(99.08)

0.01987
(95.99)

0.02039
(98.50)

0.01979
(95.60)

Between

0.00058
(2.80)

0.00001
(0.05)

0.00019
(0.92)

0.00083
(4.01)

0.00031
(1.50)

0.00091
(4.40)

Within

0.02189
(97.42)

0.02247
(99.99)

0.02227
(99.11)

0.0216
(96.13)

0.02204
(98.04)

0.0214
(95.24)

Between

0.00058
(2.58)

0.00000
(0.01)

0.0002
(0.89)

0.00087
(3.87)

0.00044
(1.96)

0.00107
(4.76)

Within

0.02393
(98.52)

0.02426
(99.88)

0.02412
(99.34)

0.0237
(97.61)

0.02386
(98.27)

0.02347
(96.62)

Between

0.00036
(1.48)

0.00003
(0.12)

0.00016
(0.66)

0.00058
(2.39)

0.00042
(1.73)

0.00082
(3.38)

Within

0.02488
(98.30)

0.02531
(99.99)

0.02494
(98.54)

0.02443
(96.52)

0.02475
(97.79)

0.02424
(95.73)

Between

0.00043
(1.70)

0.00000
(0.01)

0.00037
(1.46)

0.00088
(3.48)

0.00056
(2.21)

0.00108
(4.27)

Within

0.02574
(99.04)

0.02599
(99.99)

0.02553
(98.23)

0.02523
(97.08)

0.02534
(97.50)

0.02495
(96.00)

Between

0.00025
(0.96)

0.00000
(0.01)

0.00046
(1.77)

0.00076
(2.92)

0.00065
(2.50)

0.00104
(4.00)

Within

0.02660
(99.07)

0.02680
(99.81)

0.02629
(97.91)

0.02599
(96.80)

0.02606
(97.06)

0.02571
(95.75)

Between

0.00025
(0.93)

0.00005
(0.19)

0.00056
(2.09)

0.00086
(3.20)

0.00079
(2.94)

0.00114
(4.25)

Note: Age: 20-39, 40-59, 60-74; Sex: Male, Female, Race: non-Hispanic White, non-Hispanic Black, Hispanic and Other
Obesity inequality is not decomposed by race in (1971-1974) and (1976-1980) due to a lack of consistent definition of race category in NHANES
Within- and between-group inequality as a proportion of total inequality in parentheses

problem as well for two key reasons: First, there is evidence that life satisfaction is influenced by the prevalence of obesity surrounding an individual [18]. This
suggests that as obesity inequality expands, thus driving
a greater wedge between individuals lower versus higher
on the BMI distribution of society, the negative influence
of obesity on life satisfaction could increase. Thus, the
growth in obesity inequality raises the specter that the
wide array of negative social and psychological consequences that have been linked to individual obesity
levels could be exacerbated in an increasingly obesityunequal nation. Identified consequences of obesity such
as discrimination [45–48], depression [49–53], and increased social stigma [54], could potentially be intensified with growing obesity inequality. Second, because
being obese may be easier in a fatter society as individuals judge their BMI relative to their peers, a more

unequal BMI distribution may lead to further growth in
obesity prevalence. A relaxation in relative weight standards may create a vicious circle, which imposes additional social costs on heavier societies. Overall, it is
hoped that the presented measurements of obesity inequality will help spur further research to better understand not only the consequences of increased obesity
prevalence but also how increased obesity inequality
is affecting individuals across the BMI spectrum and
society as a whole.
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