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Overweight Adults May Have the Lowest Mortality -- Do They Have the BQHeal ?
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Abstract

Several recent studies have reported that overweight adults experience lower overall mortality

than those who are underweight, normal-weight, or obese. These widely publicized findings carry
critical implications for public health and policy because they suggest that overweight may be w
optimal weight category for adult health and longevity. In this study, we test this assumptml’v
nationally representative NHANES surveys (2005-2008) with adults age 20-80. We e v
generalized additive models, a type of semiparametric model, to examine the relatio@ip be‘h&en N
body mass and key biological risk measures, including inflammatory markers mm%\rs of
respiratory, cardiovascular, and metabolic function. The key finding is that th&ﬁsoaa})xetween
BMI and biological risk factors is generally monotonically increasing rafher tharMed as

mortality analyses suggest. We document the modifying effects of sex on the BMI-risk

association and attempt to reconcile our findings with those fi orta y literature.
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This paper examines the shape of the association between BMI and health. What body size is
associated with the lowest biological risk? How does the optimal body weight vary with age, by sex,
and across different health indicators? Employing a non-parametric regression to analyze a
nationally-representative sample of US adults, we find that the profile of health risks tends to ;
worsen monotonically from the low-normal to very high body weights. " &
The motivation for this study comes from the literature on the relationship between B‘Kl ‘v}
mortality. These studies almost uniformly report a U-shaped association between bw wei dv
mortality, such that obesity (BMI above 30 kg/m?) and underweight (BMI belo 1&2) are
associated with a significantly increased risk of dying, relative to normal welg\BMl b}ween 18.5

and 25 kg/m?). The controversial result in this literature is that over ht adul between

25 and 30 kg/m?2) experience mortality no higher, and often lower,wormal-weight
counterparts [1-9]. This finding has attracted a lot of attention e sci

ific community and
the general public because it contradicts the predominan‘@e age from clinical and public health
research that body weight above the normal range is detrimeptal*téhealth. Moreover, the mortality
results have been used to draw conclusions about heﬁ; implying that having body

alth, e&ially among older people. Currently,
additional 34% are obese [10-11]. Therefore,

weight in the overweight range does not impai

over 34% of U.S. adults are overweight rang
understanding to what extent these C@e weight are associated with increased health
risks, relative to normal weight, is critical t()blic-health policies and interventions.

In response to the reports about the low mértality of overweight adults, some researchers have

argued that this patternds an artiﬁc of confounding and reverse causation [12-13]. The two most

frequent adjustmentsto'the survival models included controlling for smoking status or eliminating

smokers from sample a iscarding observations in which death occurred within the first

several years aft e measurement of body weight. These adjustment often succeed in changing

int'where the mortality for overweight becomes significantly higher than that of
adults [9, 12-16]. However, these new results come at an expense of excluding a
the study samples, a questionable step in any analysis aiming to obtain unbiased

ralizable findings.

t from improving the mortality models, a more direct way to understand the impact of excess
body weight on health is to examine measures of health directly. Compared to the literature on
mortality, there are relatively few studies focused on the BMI-health relationship. The health

consequences of obesity are known to include a range of negative outcomes, from potentially life-



threatening conditions such as diabetes or cardiovascular disease [17-19], nonfatal chronic illness
such as osteoarthritis [20-21], to physical limitations and poor general health [8, 22-27]. The
findings for overweight, relative to normal-weight adults, are mixed. Some studies report a higher
prevalence of chronic conditions among the overweight [28-29], while others find overweight %»

par with normal-weight adults [4, 25, 30]. & &

&
A key limitation of these studies is their analytic approach. The majority of researchelﬁh in V
mortality and health-outcomes line of research, categorize BMI along the standard @oints“d N
compare outcomes among the resulting groups. Alternatively, researchers imﬁ qhatic )
shape on the BMI predictor to take into account the U-shape association betwg‘body‘)lass and

outcomes. Both of these approaches force an apriori shape on the re%nship tM not be
optimal for the data, and may bias the findings. For the categoricalWon of BMI, the models
with

assume homogeneity within each category, although the range each group is fairly

wide. This might obscure meaningful variation within ca%o oblem particularly acute for

the reference 'normal weight' category. For the continuous specifi€dtion, the quadratic shape may
similarly hide the true shape of the BMI-health associatiens. a few studies have attempted to
overcome this problem by employing nonpar; i mehs to examine mortality among US

adults [5, 16]. These two studies, however, ¢ dequately model the mortality process --

survival was a binary outcome variabl@nehti sath was not modeled. We are not aware of
any published studies on that used nen-parametric modeling to determine the shape of the

association between BMI and health out S.

In addition to inflexibl odeling£ the BMI-health association, the studies may have failed to take

age into account ad . All studies controlled for age, but did not evaluate the possibility that

age moderates association,between weight and health outcomes. This is a potentially important

omission. Body ht changes systematically across age [31-32], and its effect on health may

study offers several contributions to the BMI-health literature. We show how BMI and
indicators are associated among adults in the US. Using generalized additive
vercomes the need for any apriori constraints on the shape of the association, letting the
drive the findings. With the exception of self-rated health, all health-related variables are
easured rather than self-reported. BMI is measured during a clinical examination and health is
captured by multiple risk indicators, assessed using laboratory tests and through examination by a

trained health technician. Second, we use a range of biomarkers to assess health risks, from



indicators of cardiovascular fitness to systemic inflammation. This allows us to model health status
differences in all age groups, including among younger people, for whom clinical symptoms of
disease are relatively rare. Third, we use nationally-representative data and the full range of adult
ages, from 20 to 80, and we explicitly examine how age modifies the association between BMI ?

health outcomes. This approach gives us a lifecourse view of the impact of excess body weigliton &
y

&
health. ‘( <\ 7
L 4 \ 'v
DATA AND METHODS “ A N
A

Data F X -

| a ®
The analyses are based on the two most recent waves of data from the Nationwealth}ld
Nutrition Examination Surveys, NHANES 2005-2006 and NHANES 2(@008 [341#Fhe NHANES

is a series of studies initiated in 1960s, designed to measure the heNof US adults and
heal

related information.

children. The study collect demographic, socioeconomic, life

Since 1999, the NHANES design changed to a cross—sectio@ G data collection conducted

in two-year cycles, with over 5,000 individuals intervi'iwed ir gar. We combined two 2-year
cycles of data in order to obtain sufficient statistical po 0 nalyses, as recommended by the

NCHS [35]. NHANES uses a stratified, multis pbabilitygsampling design with an oversample

of African Americans, Hispanics, low-income and older adults. The sample is

representative of non-institutionaliz population. The data collection procedure
combines a household interview wi | examination at a mobile examination unit by a
team of 16 people, including a physician, ed interviewers, and health technicians. During the
examination, blood and urine are’[lected for laboratory analysis. The response rate for the

tely 80% in 2005-2006 and 78% in 2007-2008; about 96% of interviewed

interview was appr
individuals also participatediin the subsequent medical examination.

Analytic sampl

We defin nalytic sample as adults age 20 to 80 who had a valid sociodemographic measures,

BM to 45, at least one biological risk marker, and were not pregnant. Out of the

the desired age range, this definition required the exclusion of 12 adults with

o education and 393 women who were pregnant; additionally, 612 adults did not participate
e medical examination and hence were missing health outcomes and/or BMI information.

ally, restricting the BMI range to 15-45 excluded 247 adults with extremely low or high body

mass. The final sample size is 9,302, or 88% of those who underwent the household interview.



Measures

Body mass index (BMI) was calculated from height and weight, using the formula BMI=703*(weight
in pounds/squared height in inches). Height and weight were measured by trained technicians
during the medical examination. We restricted the BMI range to 15-45 because oflow—density;

problems at the extremes of the body mass distribution. The restriction excluded only 2.5%@f the &>

4 p 4
sample. ‘( <\ 7
The outcomes include markers of cardiovascular function (systolic and diastolic BP,&KL arrditotal *

A N
cholesterol), glycosylated hemoglobin as a marker of metabolic risk, and inﬂarWerar rs

C-reactive protein and fibrinogen. All biomarkers are modeled as continuous &ltcome‘vhh
appropriate transformation or appropriate model link function for nonmrmaMuted
variables. Self-reported health outcomes include self-rated health, sfteasures on a 5-point scale

from excellent to poor.

Control variables include demographic, socioeconomic, and lite asures. Demographic

controls comprise age, centered on the sample mean; race ded as non-Hispanic white
(reference), non-Hispanic black, Hispanic, and other r ; region of residence (Northeast
as r(r\mce). SES is measured by educational

ES matters because this factor is strongly

as reference); and type of place of residence (

attainment and poverty-income ratio. Contge

linked to both BMI and health outcomesg36].
the strong inverse relationship betﬁing and body weight. Smoking is trichotomized as

current smoker, past smoker, and neve I.

ontrol for smoking is important because of

Analysis
We employ generalized additive models (GAMs) to examine the association between BMI and each

risk marker [37]. fhe GAMuis an extension of the generalized linear model in that one or more

cified using a smooth function F0. The general structure of GAM is

- + £ 0 )+ ;. where a smooth monotonic link function Eg(¥1:) transforms
ue of Y 2 %:. Y can follow any distribution from the exponential family. The key

approach over GLMs is the flexibility from the data-driven shape of the f{x)

ce, a linear or quadratic functional form for the effect of BMI on some outcome [38-39]. The

ctions £ can be specified by various spline smoothing functions but typically thin plate
regression splines are used [40]. This smoother is efficient to compute, the knots do not need to be

placed by the researcher, and they can be constructed for two or more predictors jointly. The



degree of smoothness for the functions f {x) is also estimated from the data, with the aim of optimal
balance between the fit to the data against a penalty for excessive 'wiggliness' of the functions.
GAMs can accommodate the ‘interaction’ of two or more predictors, in a way that is conceptually
comparable to interactions in GLMs. The joint smooth function can be specified different waysf
will use tensor product smooths. The GAM is estimated using a penalized ML procedure; ty ’lly 4

iteratively re-weighted least squares [41], although alternative fitting approaches can %ed v’
42]. After the basis for the function fC¢) is chosen, the GAM becomes essentially a‘M Xh

makes it possible to conduct standard model building and checking procedureﬂlﬂde&s

estimated using generalized cross-validation (GCV) based on the prediction m‘rAl squa} error, un-

biased risk estimator (UBRE)m and Akaike's information criterion (Af o

Confidence intervals for parameter estimates are calculated using the pcwn‘ distribution of the
esti

model coefficients. The p-values associated with model coeffi ated from the

covariance matrix of E "s, but are known to be marginally xpected under then null
hypothesis. Models can be compared using an appro i he LR test for nested models or
ANOVA. In addition to model summaries, results are presented graphically in line graphs

showing the smooth function for a predictor with 95% Bayesian credible (confidence)

intervals, or as a surface describing the o predictors on some outcome [41]. The

software package R 2.9.2 is used to%ate)e models.
PRELIMINARY RESULTS

Figures 1 to 4 below sumimarize a&bset of results from preliminary models of log-transformed C-

reactive protein. T ures illustrate how final results will be presented and offer some
research question: is the association between BMI and biological
and thus comparable to results from the literature on the BMI-mortality

hows the sex-specific association of BMI and log-CRP for the full sample --

».4

smoother estimated by an age-adjusted GAM model (95% CI). The results show a

ncreasing level of CRP with BMI, whereby lower BMI is associated with a healthier

se two approaches to examine whether age modifies the association between BMI and
biomarkers. The first approach stratifies the sample into three age groups: 18-39, 40-64, and 65-
85. The second approach uses the full age spectrum but incorporates a tensor-product interaction
between age and BMI. Figure 2 depicts findings from age-stratified models. At the younger and

older ages, the association is relatively linear. In mid-adulthood, there is a suggestion toward a flat

6



slope of BMI through most of the normal BMI range. Finally, figure 3 presents the age by BMI
interactive effects on C-reactive protein in a continuous form using a 3-dimensional plot. This

figure illustrates the steeper gradient in CRP by BMI at younger ages, as well as the monotonic

relationship across the full age range. The age-focused analyses are intended to inform the ;
question of whether the shape of the BMI-biomarker associations may become U shaped at ov
y
ages, in way that would corroborate the pattern observed in mortality studies. Howev%e W 4
preliminary set of results suggests that it will not be the case -- at least not uniformly.for al % v
biomark W »
iomarkers. 7~ N\
&

a O
Additionally, we conducted a series of models stratified by race. Figure 4 showhe as%ciation
between BMI and (In) CRP for men -- there is a substantial variation efzss the M/ethnic

groups in the overall slope and the shape of the relationship. The eﬁt&race differentials in
dance withrliterature [43-45].

the association between BMI and biological risk profiles is in a
The key point is that no race/ethnic group evidenced a pr@o ) r ]-shaped association

between the examined biomarkers and BMI.

These preliminary findings offer evidence that the U-shaped pattern described for the relationship
between BMI and mortality may not generalj her &h outcomes. Our analyses show that
overweight adults generally have worse profiles of biplogical risk than normal-weight adults --
there appears to be a dose-respons on ationship for most biomarkers from very low
levels of BMI. This pattern holds for a‘tange of biological risk indicators, for both sexes, all major
race/ethnic groups, and across the full adtift age spectrum. These findings suggest that public

health messages shoul phasiﬁfforts to lower BMI for overweight adults.
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Figure 1. Association between BMI and CRP
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Figure 2. Association between BMI and CRP by age, for men
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Figure 3. Association between CRP and BMI across age, for men

response

10



Figure 4. Association between BMI and CRP by race, for men
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