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Original article

Background: Many studies have documented an obesity paradox—a 
survival advantage of being obese—in populations diagnosed with 
a medical condition. Whether obesity is causally associated with 
improved mortality in these conditions is unresolved.
Methods: We develop the logic of collider bias as it pertains to the 
association between smoking and obesity in a diseased population. 
Data from the national Health and nutrition examination Survey 
(nHaneS) are used to investigate this bias empirically among 
persons with diabetes and prediabetes (dysglycemia). We also use 
nHaneS to investigate whether reverse causal pathways are more 
prominent among people with dysglycemia than in the source popu-
lation. cox regression analysis is used to examine the extent of the 
obesity paradox among those with dysglycemia. in the regression 
analysis, we explore interactions between obesity and smoking, and 
we implement a variety of data restrictions designed to reduce the 
extent of reverse causality.
Results: We find an obesity paradox among persons with dysglycemia. 
in this population, the inverse association between obesity and smok-
ing is much stronger than in the source population, and the extent of 
illness and weight loss is greater. the obesity paradox is absent among 
never-smokers. among smokers, the paradox is eliminated through 
successive efforts to reduce the extent of reverse causality.
Conclusion: Higher mortality among normal-weight people with 
dysglycemia is not causal but is rather a product of the closer inverse 
association between obesity and smoking in this subpopulation.

(Epidemiology 2014;25: 454–461)

In a wide variety of disease states, obese persons have been 
shown to experience lower mortality and better survival than 

that shown by the nonobese. these states include diabetes,1–3 
coronary artery disease,4,5 heart failure,6 peripheral arterial dis-
ease,5 hypertension,7 chronic obstructive pulmonary disease,8 
lung cancer,9 and esophageal adenocarcinoma.10 Superior sur-
vival among the obese patients has also been demonstrated after 
myocardial infarction,11 coronary revascularization,12 and angi-
ography,13 and among hemodialysis patients.14 Better survival 
for obese patients in these disease states is considered paradoxi-
cal because obesity is associated with higher mortality in the 
vast majority of studies where it has been investigated.15

in this article, we argue that the obesity paradox is a 
product of statistical biases. although these biases are pres-
ent in most observational cohort studies of the mortality risks 
of obesity, they are exaggerated when attention is limited to 
populations that are conditioned on a disease state. We dem-
onstrate these biases through formal reasoning and by applica-
tion to a population with diabetes and prediabetes.

BIASES IN STUDIES OF THE MORTALITY  
RISKS OF OBESITY

confounding by unmeasured or poorly measured vari-
ables is probably the most widely recognized bias in analyses 
of mortality risk factors. in studies of the mortality conse-
quences of obesity, failure to properly control for smoking is 
a classic example of confounding.16 Because smoking is neg-
atively correlated with body mass index (BMi) in the United 
States,17 failure to properly control smoking exposure is likely 
to result in underestimating the mortality risks associated 
with obesity.18 crude categorizations and mismeasurement of 
smoking allow ample opportunity for residual confounding 
even when smoking is “controlled.”16,19 Stram et al18 cite 6 
studies in which the correlation5 between cotinine levels and 
reported smoking behavior was only 0.40 to 0.70. a frequent 
suggestion aimed at minimizing confounding by smoking is 
to restrict a study to never-smokers,16 although such restric-
tions may produce only small changes in the shape of the 
relation between obesity and mortality.20,21

a second potential bias producing an underestimation 
of the mortality risks of obesity has been referred to as reverse 
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causation. low weight can be caused by loss of appetite or 
increased metabolic demands from manifest or occult disease 
which may in turn raise the risk of death.16,22 among those 
with diabetes, unintentional weight loss commonly accompa-
nies poor glucose control.23 the most serious condition asso-
ciated with unintentional weight loss is cachexia, which is an 
involuntary loss of muscle mass as a result of an increase in 
circulating inflammatory cytokines.24 Many diseases can ini-
tiate this process, including chronic obstructive pulmonary 
disease, cancer, heart failure, and chronic renal failure.24,25 
this condition is common; approximately 5 million ameri-
cans experience from cachexia.25 although these processes 
have been clearly described, their empirical significance for 
estimating the relation between obesity and mortality has been 
questioned.26

INCREASED BIAS AMONG PERSONS SELECTED 
INTO A DISEASE STATE

reverse causation and statistical confounding by smok-
ing may become greater threats to accurate identification of 
the mortality risks of obesity when a study is confined to 
people who have entered a disease state. consider first the 
threat of statistical confounding of obesity risks by smoking. 
 Figure 1 presents three 2 × 2 tables. Figure 1a is the joint 
distribution of a population on 2 risk factors, which we have 
labeled Obese (Yes/no) and Smoker (Yes/no). Figure 1B 
represents the relative risk of developing diabetes for each 
combination of exposures on these two risk factors. each cell 
in Figure 1c is the product of the equivalent cells in Figure 
1a and B, so this table represents the joint distribution of the 
number of new cases of diabetes with respect to smoking and 
obesity exposure.

now compare the relation between risk factors among 
persons with diabetes with the equivalent relation in the pop-
ulation as a whole (the source population). in the source pop-
ulation, the ratio of the odds of smoking among nonobese 
persons to the odds of smoking among obese persons is:
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among people with diabetes, the equivalent odds ratio of 
smoking among nonobese persons to smoking among obese 
persons is:
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thus, the ratio of the odds ratios in the two populations is:
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a ratio of OD /OP > 1.00 would indicate that the relative preva-
lence of smoking among nonobese persons compared with the 
obese persons is greater among those with diabetes than it is 
in the source population.

Suppose that the risks of developing diabetes associated 
with smoking and obesity are multiplicative, ie, that the rela-
tive risk of developing diabetes if one is a smoker is the same 
whether or not one is obese. then,
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in this case, OP = OD, and the joint distribution of risk factors 
among those with diabetes will simply replicate that in the 
population. But if,
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then OD > OP. condition (5) means that the risk of developing 
diabetes is less than a multiplicative function of being obese 
and being a smoker. that is, if one is both obese and smoker, 
the relative risk of developing diabetes is less than the product 
of the smoking-relative risk for nonobese persons and the obe-
sity-relative risk for nonsmokers. Such a circumstance would 
apply, for example, when risks are additive rather than multi-
plicative. Supermultiplicativity would reverse the inequality 
sign in (5).

if condition (5) prevails, then exposures that are inde-
pendently distributed in the population become negatively 
correlated among the diseased. When exposures are nega-
tively associated in the source population, as in the case of 
obesity and smoking, the negative association will become 
stronger among those in the diseased state.

the change in the association between two variables on 
entry into a disease state is a special case of what has been 
referred to as “conditioning on an effect,” “selection bias,” 
“collider bias,” and “event index bias.”27–31 the relations 
among exposures and mortality observed in the source popu-
lation are conditioned on the “effect” of being diabetic. this 
effect may change the relation between the two exposures 
(smoking and obesity) relative to their relation in the source 
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FIGURE 1. Illustration of how the joint distribution of smoking 
and obesity changes on selection into the state of diabetes.
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population. the magnitude and direction of any bias induced 
by conditioning on diabetes is unpredictable without addi-
tional information. What is unusual about the application to 
relations between smoking and obesity is that the two risk fac-
tors are negatively correlated in the source population. When 
condition (5) prevails, this negative correlation becomes exag-
gerated in the diseased population, enhancing the threat that 
the mortality risks of obesity will be underestimated because 
of a failure to fully control the effects of smoking.

consider now the bias associated with reverse cau-
sation. the strength of reverse causal pathways should be 
greater in a diseased population because the frequency of 
 disease-associated weight loss should be higher. among 
people with diabetes, those losing weight have higher mortal-
ity than those with stable weight.32 We expect that smoking 
will play a key role in patterns of weight loss among those 
with dysglycemia. a meta-analysis concluded that smokers 
were 44% more likely than nonsmokers to develop diabetes.33 
Smoking is associated with many diseases that may cause 
cachexia, including chronic obstructive pulmonary disease, 
cancer, heart failure, and chronic renal failure. therefore, we 
expect that the incidence of weight loss, and the associated 
biases in estimating the mortality effects of obesity, will be 
accentuated in the population with diabetes.

We summarize our causal model in the directed acyclic 
graph (Dag) shown in Figure 2. Both obesity (represented by 
“body mass index”) and smoking are seen as causally related 
to the development of diabetes. the two exposures “collide” in 
diabetes, a condition that raises the risk of death. Smoking is 
seen as producing lower weight. this effect works through two 
pathways: smoking increases rates of metabolism and reduces 
appetite, producing the negative cross-sectional association 
between BMi and smoking found in the United States17; and 
smoking increases the incidence of diseases that produce 
weight loss and cachexia. the first of these pathways repre-
sents a standard version of statistical confounding, whereas 
the second is typically referred to as reverse causation. Smok-
ing increases the risk of death apart from the pathway operat-
ing through diabetes.

On the basis of this Dag and the reasoning and evi-
dence that support it, we hypothesize the following:

(1)  the collision of obesity and smoking among those diag-
nosed with diabetes will strengthen the negative associa-
tion between obesity and smoking.

(2)  the high prevalence of smoking among those diagnosed 
with diabetes will increase the incidence of illness and 
weight loss relative to the incidence in the source population.

(3)  Because of the two processes hypothesized in (1) and (2), 
the relatively low mortality of nonobese persons in the 
source population will be muted or even reversed (produc-
ing an “obesity paradox”) in the diabetic population.

(4)  among people with diabetes who never smoked, the nor-
mal relation of higher mortality among the obese will be 
maintained. the Dag appropriate for those who never 
smoked is easily envisioned by eliminating all arrows from 
smoking in Figure 2. among never-smokers, there is no 
collision between smoking and obesity, and the sources of 
bias associated with smoking are eliminated.

EMPIRICAL APPLICATION
to examine the biases produced by conditioning on dia-

betes, we require data on the population with diabetes as well 
as data on the population from which persons with diabetes 
are selected. Such data are provided by the national Health 
and nutrition examination Survey (nHaneS), a nationally 
representative survey of the noninstitutionalized US popula-
tion. We investigate the obesity paradox among people with 
diabetes, a state in which the obesity paradox has been repeat-
edly demonstrated.1–3 to increase the number of observations, 
we include people with prediabetes, a group that we refer to as 
having “dysglycemia,” as well as those with diabetes.

We construct the sample using data from nHaneS iii 
(1988–1994) and from nHaneS continuous waves (1999–
2004). after linkage to the national Death index through 
2006,34 the period used for mortality analysis is 1988–2006. 
Mean follow-up is 9.2 years. nHaneS provides clinical data 
on glycemia, as well as measured data on height and weight. 
We defined diabetes using the hemoglobin a1c (Hba1c) test, 
which we adopted over other diagnostic markers (such as fast-
ing plasma glucose) because Hba1c exhibits greater stability 
and lower intraindividual variation.35 to construct our group 
with dysglycemia, we adopt an Hba1c threshold of 5.7%, in 
accordance with the most recent national american Diabetes 
association guidelines.36 We include as dysglycemic those 
persons who report a prior diagnosis of diabetes even if their 
Hba1c value is less than 5.7%. We eliminate persons whose 
reported age at the time of diagnosis was less than 25 years to 
reduce the number with type 1 diabetes. For the analysis, we 
focus on people aged 35 to 74 at baseline. after eliminating 
missing observations on Hba1c, BMi, smoking, education, 
and mortality status, the final sample consists of 4642 dys-
glycemic persons, among whom 1162 died during follow-up.

We operationalize weight status using a dichotomous 
construct of obesity consistent with that used in some previ-
ous studies.1,9,11 We classify people as either normal weight 
(18.5–24.9 kg/m2) or overweight/obese (≥25 kg/m2). We esti-
mate age-standardized mortality rates by weight and smok-
ing status using the US 2000 census as the standard. We 

FIGURE 2. Directed  acyclic  graph  representing  the  causal 
effects of body mass index on mortality.
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additionally apply cox proportional hazards models to adjust 
for covariates. attained age is used for analysis time. covari-
ates include sex, race/ethnicity (non-Hispanic black, Hispanic, 
or other), educational attainment (less than high school, high 
school or equivalent, or some college or greater), Hba1c, and 
detailed categories of smoking intensity (never smoker, for-
mer smoker <1 pack/day, former smoker 1 to <2 packs/day, 
former smoker 2+ packs/day, smoker <1 pack/day, current 
smoker 1 to <2 packs/day, or current smoker 2+ packs/day).

regression models are implemented under various 
sample-restriction criteria designed to successively attenuate 
reverse-causation bias. these measures include delaying onset 
of exposure by 3 years to reduce the influence of those who were 
ill at baseline and who may have lost weight as a consequence; 
eliminating persons with a prior diagnosis of emphysema or a 
smoking-related cancer; and excluding persons who have lost 
significant weight in the 10-year period before the survey. the 
category of smoking-related cancers is based on relative risks in 
a recent large study37 and includes cancers of the lung, larynx, 
mouth/tongue/lip, esophagus, bladder, kidney, and pancreas. 
Weight loss was assessed using BMi 10 years before baseline, 
based on recalled weight in combination with measured height 
at baseline. to reduce bias that may result from inaccurate recall 
of past weight, we applied a correction factor based on the pro-
portionate error between measured and self-reported BMi at 
baseline. the threshold for exclusion was 2.2 BMi units.

Demonstration of Greater Potential Biases 
Among the Dysglycemic Population

table 1 demonstrates differences in the joint distribu-
tion of obesity and smoking status between the source popu-
lation and the dysglycemic population. Values are age- and 
 sex-standardized to the US 2000 census using 5-year age 
groups between ages 35 to 74 years.

the table shows that the joint distribution of smoking and 
obesity is quite different in the dysglycemic population from that 

in the US population as a whole. in the source population, the 
ratio of the odds of being a current smoker among nonobese 
persons to that among obese persons is 1.58. among those 
with dysglycemia, the odds ratio increases to 2.88. clearly, the 
inverse association between smoking and obesity has greatly 
strengthened in the dysglycemic population, confirming hypoth-
esis (1) and the operation of condition (5). Such strengthening 
also occurs for the categories of heavy smoker and long-duration 
smoker. this stronger inverse association between smoking and 
obesity increases the risk of statistical confounding in the dysgly-
cemic population relative to the risk in the source population.38

table 2 investigates reverse causation, the second source 
of bias in studies of the mortality risks of obesity. Persons with 
dysglycemia have higher rates of illness than the source popula-
tion, providing support for hypothesis (2). Higher rates of ill-
ness are observed not only for dysglycemia itself but also for  
emphysema, heart attacks, strokes, and self-rated health. the 
only exception is cancers that are not smoking-related. the 
greater extent of illness in the dysglycemic population should 
produce more weight loss than that in the source population. 
Using retrospectively reported data on height and weight 10 
years before baseline, we define substantial weight loss as the 
top 50th percentile of weight loss in the dysglycemic population 
during this period. this criterion translates into a loss of 2.2 BMi 
units. Using this criterion, 13% of the dysglycemic population 
lost weight compared with 8% of the source population. to the 
extent that weight loss is a signal of disease, the greater extent of 
weight loss among persons with dysglycemia increases the risk 
of reverse causation relative to the risk in the source population.

Effect of Biases on Excess Mortality of 
Overweight/Obesity Among Persons with 
Dysglycemia

table 3 demonstrates that the obesity paradox is pres-
ent among the dysglycemic population. On the basis of the 
age-standardized death rates, the relative risk of death for 

TABLE 1. Joint Distribution of Populationa by Weight Statusb and Smoking: Source Population and Dysglycemic Populationc

Source Population Dysglycemic Populationc

All 
%

Normal  
Weight 

 %

Overweight/ 
Obese 

%
Odds  
Ratioe

All 
%

Normal  
Weight 

%

Overweight/ 
Obese 

%
Odds  
Ratioe

Smoking

  never 44 41 46 0.84 41 31 43 0.60

  Former 31 27 32 0.80 30 19 32 0.52

  current 25 31 22 1.58 29 50 26 2.88

current heavy smokerd 14 18 13 1.53 16 30 14 2.59

current smoker, 20+ years 21 27 19 1.61 25 43 21 2.72

aProportions are age- and sex-standardized to the US 2000 census using 5-year age groups between ages 35 and 74 years.
bnormal weight: BMi = 18.5–24.9 kg/m2; overweight/obese: BMi ≥25 kg/m2. BMi is calculated using measured height and weight.
cDysglycemia is defined as hemoglobin a1c (Hba1c) ≥5.7% or previous diagnosis of diabetes.
dcurrent heavy smoker: 1+ packs/day.
eOdds ratios compare the odds of being in a particular smoking category among normal-weight persons to the odds among the overweight/obese.
nHaneS baseline data are derived from nHaneS iii (1988–1994) and continuous (1999–2004).
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 normal-weight people compared with that for overweight/
obese people is 1.31 (95% confidence interval [ci] = 1.05–
1.58). next, we divide the dysglycemic population into 
ever-smokers and never-smokers. the table shows that the 
obesity paradox is strengthened among ever-smokers, with 

relative risks of death among normal-weight people rising 
to 1.51 (1.17–1.84). However, the obesity paradox is elimi-
nated among never-smokers, among whom people of nor-
mal weight experience a lower death rate compared with 
that in overweight/obese people (relative risk = 0.66 [95% 
ci = 0.41–0.91]).

table 3 controls only age. in table 4, we introduce 
cox proportional hazards models with various model speci-
fications (varying across the rows) and various exclusions 
designed to reduce the impact of reverse causation (varying 
down the columns). the main independent variable in each 
regression model is a dichotomous indicator of BMi status 
(normal weight vs. overweight/obese). Model 1 examines the 
risk of mortality as a function of BMi status, adjusting for sex, 
race/ethnicity, education, and Hba1c; Model 2 additionally 
adjusts for detailed smoking intensity; and Model 3 introduces 
an interaction term between normal weight and an indicator 
for ever-smoking (former and current smoker).

Using all data and before introducing variables related to 
smoking, mortality among normal-weight people is substan-
tially higher than that among overweight/obese people (hazard 
ratio [Hr] = 1.28 [95% ci = 1.08–1.52]). When smoking sta-
tus is introduced in Model 2, the excess risk associated with 
normal weight declines to 13% (Hr = 1.13 [0.93–1.37]).

the third model introduces an interaction term between 
ever-smoking and weight status. a substantial effect modi-
fication emerges: among never-smokers, the Hr associated 
with normal weight becomes 0.69 (95% ci = 0.45–1.06). 
this result is consistent with hypothesis (4). among ever-
smokers, however, relative mortality is much higher among 
 normal-weight persons (Hr = 1.33 [95% ci = 1.07–1.66]). if 
we did not control for smoking history and intensity, the Hr 
for the nonobese relative to the Hr for obese among smokers 
would be even higher at 1.59.

We now introduce the restrictions aimed at reducing 
the intensity of reverse causal pathways. the restrictions are 

TABLE 2. Frequency of Illness, Poor Health, and Weight Loss 
in the Source Population Compared with the Dysglycemic 
Populationa

Source  
Population 

%

Dysglycemic 
Population 

 %

Medical conditionb

  Dysglycemia 20.3 100.0

  emphysema 2.1 2.8

  Smoking-related cancerc 0.6 0.8

  Other cancers 6.1 5.9

  Heart attack 4.0 5.5

  coronary heart disease 3.8 5.1

  angina 3.4 4.9

  congestive heart failure 2.1 4.0

  Stroke 2.2 3.8

Poor self-rated healthd 3.4 5.9

Weight losse 8.1 13.2

estimates are age- and sex-standardized to the US 2000 census using 5-year age 
groups between ages 35–74.

aDysglycemia is defined as hemoglobin a1c (Hba1c) ≥5.7% or previous diagnosis 
of diabetes.

bMedical conditions at baseline are based on self-reported data of a prior diagnosis. 
information on coronary heart disease, angina, and congestive heart failure is elicted 
only in the nHaneS continuous surveys.

cthe category of smoking-related cancers is based on relative risks in a recent large 
study37 and includes cancers of the lung, larynx, mouth/tongue/lip, esophagus, bladder, 
kidney, and pancreas.

dSelf-rated health is measured on a 5-point scale with “poor” being the least healthy 
category. Data on self-rated health were not available in the nHaneS 1999–2000 wave.

eSee text for definition of weight loss.
nHaneS baseline data are derived from nHaneS iii (1988–1994) and continuous 

(1999–2004).

TABLE 3. Age-standardized Mortality Rates (per 1000 Person-years) for Persons with Dysglycemiaa by Smoking and  
Weightb Status

Population Never-smokers Ever-smokers

Mortality Rate (95% CI) RR (95% CI) Mortality Rate (95% CI) RR (95% CI) Mortality Rate (95% CI) RR (95% CI)

All

18.82 (16.93–20.71) 11.97 (10.16–13.77) 23.13 (20.24–26.01)

Overweight/obese

17.84 (15.92–19.76) 1.00 12.68 (10.71–14.65) 1.00 21.18 (18.25–24.11) 1.00

Normal weight

23.46 (19.05–27.87) 1.31 (1.05–1.58) 8.37 (5.32–11.42) 0.66 (0.41–0.91) 31.91 (25.55–38.28) 1.51 (1.17–1.84)

Mortality rates are age-standardized (using age at exposure) to the US 2000 census with age categories 40–59 and 60+. relative risks are based on age-standardized mortality rates 
and are otherwise unadjusted.

aDysglycemia is defined as hemoglobin a1c (Hba1c) ≥5.7% or previous diagnosis of diabetes.
bnormal weight: BMi = 18.5–24.9 kg/m2; overweight/obese: BMi ≥25 kg/m2. BMi is calculated using measured height and weight.
nHaneS baseline data are derived from nHaneS iii (1988–1994) and continuous (1999–2004) and are linked to mortality follow-up through 2006.
rr indicates relative risk.



Epidemiology  •  Volume 25, Number 3, May 2014 Obesity Paradox: Conditioning on Disease Enhances Biases

© 2014 Lippincott Williams & Wilkins www.epidem.com | 459

cumulative. in row 2, we exclude exposure time in the first 3 
years after baseline. in row 3, we additionally exclude people 
with emphysema and smoking-related cancers. in row 4, we 
additionally exclude those in the top 50th percentile of weight 
loss during the 10 years before baseline.

after these restrictions are imposed in Model 2, 
 normal-weight people have 16% lower mortality compare with 
that in overweight/obese people (Hr = 0.84 [95% ci = 0.60–
1.18]). results from the third model are especially revealing 
and underscore the importance of smoking-associated reverse 
causation. the introduction of successive restrictions designed 
to reduce the impact of reverse causation has a minor effect on 
the Hr of normal-weight nonsmokers, which declines from 
0.69 to 0.61. However, it has a larger effect on the relative 
risk of normal-weight smokers (Hr declines from 1.33 to 
0.95). the larger effect of these exclusions among smokers 
than among never-smokers suggests that, as expected, reverse 
causation is a more common source of bias among smokers 
than among nonsmokers.

note that coefficients in Model 3 in table 4 were 
estimated using an interaction term between smoking sta-
tus and obesity. if we had instead stratified the sample into 
 ever-smokers and never-smokers, results would be virtually 
identical. the Hr for nonobesity among never-smokers would 
be 0.69 instead of 0.68, and for ever-smokers it would be iden-
tical at 1.33.

Sensitivity Analyses
We have performed 3 additional analyses to test the 

robustness of our conclusions (eappendix; http://links.lww.

com/eDe/a769). in the first, we have tightened the criterion 
for being dysglycemic from a reading of 5.7% to 6.0%. the 
second sensitivity analysis removes those in the overweight 
range (BMi between 25 and 30 kg/m2) from the overweight/
obese group. these two sensitivity analyses appear in etable 
1 (http://links.lww.com/eDe/a768). third, we have repeated 
all analyses using data from the national Health interview 
Survey (etables 2–5; http://links.lww.com/eDe/a768). in 
all cases, basic results are unchanged: an obesity paradox 
is present before statistical controls are imposed, it is elimi-
nated among never-smokers, and it is attenuated among 
ever-smokers by the introduction of restrictions designed 
to reduce reverse causation. Using data from nHiS rather 
than nHaneS, we show that conditioning on dysglycemia 
enhances the risk of bias from improper control of smoking 
and from reverse causation (etables 2–3; http://links.lww.
com/eDe/a768).

DISCUSSION
the threat of downward biases in estimating the mor-

tality risks of obesity is widely discussed. that the threats 
are magnified in studies of populations diagnosed with a 
disease has received little attention. Banack and Kaufman31 
were among the first to suggest that the obesity paradox 
may be attributable to collider bias. they hypothesize that 
a collision between obesity and “unmeasured risk factors” 
occurs in the state of heart failure. at least in the case  
of diabetes (and we suspect elsewhere), the salient addi-
tional risk factor seems to be smoking. We demonstrate  
both theoretically and empirically that the inverse 

TABLE 4. Hazard Ratios Associated with Normal Weight Relative to Overweight/Obese,a US Adults with Dysglycemiab

No. in Sample No. Deaths
Model 1: 

Sociodemographicc

Model 2: Sociodemographic 
and Smoking Historyc

Model 3: Sociodemographic, 
Smoking History, and   

Ever-smoking Interactionc

HR (95% CI) HR (95% CI)
Never-smokers
HR (95% CI)

Ever-smokers
HR (95% CI)

exclusion criteria (cumulative)

no exclusions 4642 1,162 1.28 (1.08–1.52) 1.13 (0.93–1.37) 0.69 (0.45–1.06) 1.33 (1.07–1.66)

3-year delayed entryd 3813 933 1.25 (1.02–1.54) 1.06 (0.84–1.34) 0.65 (0.38–1.10) 1.26 (1.00–1.58)

Baseline conditione 3698 878 1.19 (0.95–1.49) 0.98 (0.75–1.30) 0.66 (0.39–1.12) 1.15 (0.86–1.52)

Weight lossf 2841 594 1.01 (0.77–1.33) 0.84 (0.60–1.18) 0.61 (0.31–1.21) 0.95 (0.66–1.36)

the Hr of the interaction term between normal weight and ever-smoking in Model 3 is not shown. the Hr associated with ever-smoking is calculated based on the parameter 
estimates for normal weight and the interaction term between normal weight and ever-smoking.

anormal weight: BMi = 18.5–24.9 kg/m2; overweight/obese: BMi ≥25 kg/m2. BMi is calculated using measured height and weight.
bDysglycemia is defined as hemoglobin a1c (Hba1c) ≥5.7% or previous diagnosis of diabetes.
cModel 1 adjusts for social and demographic variables (sex, race/ethnicity, and education) and Hba1c. Model 2 additionally adjusts for detailed smoking intensity; Model 3 

introduces an interaction term between normal weight and ever-smoking (the combination of former and current-smokers). race/ethnicity categories are non-Hispanic black, Hispanic, 
and other race/ethnicities. educational attainment categories are less than high school, high school or equivalent, and some college or greater. Detailed smoking categories are never 
smoker, former smoker <1 pack/day, former smoker 1 to <2 packs/day, former smoker 2+ packs/day, current smoker <1 pack/day, current smoker 1 to <2 packs/day, and current smoker 
2+ packs/day.

dthree-year delayed entry: exposure to risk begins accumulating after 3 years of follow-up.
eBaseline condition: persons who report a prior diagnosis of a smoking-related cancer or emphysema are excluded from the sample.
fWeight loss: persons who lost >2.2 units of BMi in the 10 years before the survey are excluded from the sample. this threshold corresponds to the top 50th percentile of weight 

loss among dysglycemic persons who lost weight in the interval. individuals with missing information on weight loss are excluded before imposing the weight loss exclusion criterion. 
this resulted in a loss of 307 observations and 88 deaths.

nHaneS baseline data are derived from nHaneS iii (1988–1994) and continuous (1999–2004) and are linked to mortality follow-up through 2006.

http://links.lww.com/EDE/A769
http://links.lww.com/EDE/A769
http://links.lww.com/EDE/A768
http://links.lww.com/EDE/A768
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http://links.lww.com/EDE/A768
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association between smoking and obesity is strengthened 
by conditioning on diabetes. We also demonstrate that a 
variety of forms of illness, as well as weight loss, are more 
prevalent among persons with dysglycemia, raising the 
threat of reverse causation.

in multivariate analyses, we identify an obesity paradox 
for people with dysglycemia. the paradox is attenuated when 
smoking behavior is controlled, and it is eliminated completely 
among those who have never smoked. among smokers, suc-
cessive restrictions designed to reduce the strength of reverse 
causal pathways eliminate the obesity paradox. this evidence 
supports the hypothesis that illness-associated weight loss is 
more prevalent—and hence a greater source of bias—among 
smokers than among never-smokers.

Our study has some limitations. One is the rela-
tively small number of persons with dyglycemia in our 
nHaneS study population. another is that, to construct 
our  weight-change variable, we used recall data on weight to 
calculate BMi 10 years before baseline. this may have intro-
duced error. However, validation studies of 10-year weight 
recall support their validity for use in epidemiologic stud-
ies.39 an additional limitation is that, apart from the mortality 
follow-up, data are cross-sectional and do not permit sequen-
tial analysis of intervening pathways of disease, recovery, and 
weight change that would help illuminate the sources of the 
obesity paradox.

clinical recommendations depend on whether the obe-
sity paradox is a product of real biological processes or is 
produced by statistical biases. in this regard, it is noteworthy 
that never-smokers do not exhibit an obesity paradox in any 
of the specifications we have considered, including sensitiv-
ity analyses. the absence of a paradox among never-smokers 
implies that the paradox is not a product of physiological pro-
tection afforded by a high BMi unless that protection itself is 
somehow invoked by smoking. no plausible biological mech-
anisms have been offered for such a relation. We conclude that 
the apparent protective effect of obesity among persons with 
diabetes and prediabetes is not causal.
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