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A B S T R A C T   

Body mass index (BMI) is generally used to classify adiposity. Despite the fact that the consequences of adiposity 
for chronic health accumulate and manifest over time, most population health research exploring the implica
tions of high BMI measures only its recent intensity. Some studies have used retrospective measures involving 
maximum weight, and even fewer have used BMI at multiple time points to estimate cumulative exposure to 
adiposity. The goal of this study was to compare BMI exposure metrics that captured different dimensions of 
body mass – intensity, history, and duration – in models of health indicators linked with adiposity. We used self- 
reported BMI of young adults (ages 18 – 33 years, n ¼ 8,608) across 11 waves of data from the National Lon
gitudinal Survey of Youth 1997 to evaluate eight BMI exposure metrics: most recent, maximum, mean, and 
median BMI, proportion of time with overweight/obesity, and excess BMI-years with overweight/obesity. We 
used these metrics in models of self-reported general health, chronic condition, and diabetes, and ascertained 
how most recent BMI performed when compared with other metrics that better capture the dynamics of BMI. The 
Akaike information criteria and Vuong tests were used for model comparison, and the strengths of associations 
were also compared. Most recent BMI was the best metric for explaining general health. Median BMI was best for 
explaining diabetes, with most recent BMI under-estimating the association by 13% relative to median BMI. For 
chronic condition, there was no clear best metric. We concluded that most recent BMI is useful for explaining 
health outcomes, though other metrics should also be given consideration, particularly for conditions that 
develop over time. Metrics that accounted for both intensity and history performed quite well, but the duration 
measures might be less useful.   

Introduction 

About two-thirds of American adults have body mass index (BMI) 
classified in the overweight or obesity statuses (Ogden, Carroll, Kit, & 
Flegal, 2014), and those with high BMI tend to have worse social, eco
nomic, and health outcomes (Apovian, 2013; Gortmaker, Must, Perrin, 
Sobol, & Dietz, 1993; Hammond & Levine, 2010; Lehnert, Sonntag, 
Konnopka, Riedel-Heller, & Konig, 2013; Must et al., 1999; Ogden, 
Carroll, & Flegal, 2003; Pi-Sunyer, 2002; Wyatt, Winters, & Dubbert, 
2006). The vast majority of studies exploring the implications of high 
BMI on health use height and weight at survey time. However, BMI is 
dynamic and fluctuates over time. Effects of elevated BMI, especially at 

levels classified as obesity, have been found to accumulate over time, 
resulting in earlier and higher morbidity and mortality (Abdullah et al., 
2011; de Lauzon-Guillain et al., 2010; Elliott, Aucott, Hannaford, & 
Smith, 2005; Myrskyla & Chang, 2009; Yarnell, Patterson, Thomas, & 
Sweetnam, 2000; Zheng, Tumin, & Qian, 2013). It may thus be infor
mative to consider BMI dynamics and cumulative exposure to elevated 
BMI in order to develop a better understanding of the relationship be
tween body mass and health. However, to date, there is no established or 
generally accepted method for taking such aspects into account. While 
BMI at survey time is an affordable and easy-to-use measure, it is only a 
proxy of more nuanced and longer-term processes of adiposity accu
mulation. It thus needs to be compared to other BMI measures in order to 
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evaluate its suitability as a predictor of health outcomes. 
To go beyond using BMI at the time of survey, which is the most 

predominantly used, but which accounts for only a person’s current 
status, researchers have taken various approaches to measure previous 
exposure to high BMI. A number of studies using cross-sectional data 
have employed the concept of maximum BMI, or BMI as determined by 
height at survey time and highest recalled weight (Elo, Mehta, & Pres
ton, 2017; Mehta et al., 2014, 2014; Stokes, 2014; Vierboom, 2017). 
Maximum BMI attempts to measure adiposity at the most intensive 
moment. Elevated levels of BMI, no matter how temporary, could have a 
lasting effect on health. In addition to accounting for previous body 
mass, this metric is less sensitive to illness-induced weight loss, an 
important consideration at older ages (Stokes, 2014). However, this 
metric, as defined above, has several weaknesses. First, recalled weight 
information has been found to be inaccurate, and the inaccuracy is not 
consistent across population segments (Dahl & Reynolds, 2013; Kyulo, 
Knutsen, Tonstad, Fraser, & Singh, 2012; Stevens, Keil, Waid, & Gazes, 
1990; Tamakoshi et al., 2003). Second, the use of height at survey time 
in the definition of maximum BMI implicitly assumes that height has not 
changed since the time when maximum weight was attained, which is 
especially problematic for children and the elderly. These limitations 
could be rectified with the use of longitudinal data in which height and 
weight are measured repeatedly. 

Although maximum BMI does account for previous most intensive 
exposure, it does not take into consideration dynamics as maximum 
weight represents the weight at only one point in time. Measures of 
central tendency, such as mean or median BMI, would “average” the 
fluctuations of BMI over time, which might be more indicative of his
torical exposure to adiposity than maximum BMI. However, these two 
measures are only possible with longitudinal data with multiple records 
over time, and not many studies have gone this route. 

While all these metrics are informative, they reflect discrete point 
measures of BMI, whether it is at the most recent time point, at the time 
point of maximum BMI, or at a combination of several time points. 
Longitudinal data would also provide the duration of exposure to 
elevated BMI, such as the proportion of time spent in obesity or over
weight statuses (Mehta et al., 2014, 2014; Muscelli et al., 1998; Santa
maria et al., 2011). A more complicated measure is excess BMI-years, a 
composite measure of the duration when an individual’s BMI exceeds a 
certain threshold and the extent of such excess, and which is analogous 
to “pack-years” in measuring smoking exposure (Guaraldi et al., 2015; 
Khan et al., 2006; Kim et al., 2014; Saquib, Stefanick, Natarajan, & 
Pierce, 2013). A few studies have used excess BMI-years to investigate 
the risk of diabetes or cardiovascular disease onset (Hu et al., 2017; Lee, 
Gebremariam, Vijan, & Gurney, 2012; Reis et al., 2015), and while they 
did observe that excess BMI-years was associated with the risk of such 
health outcomes, they did not demonstrate how it fared in comparison to 
other metrics, thus not demonstrating whether it is in fact a better 
measure. Here, we considered both excess BMI-years above the obesity 
and overweight thresholds to incorporate intensity, history, and dura
tion into our understanding of adiposity. 

We used more than a decade of data from the National Longitudinal 
Survey of Youth 1997 (NLSY97) to analyze eight BMI exposure metrics: 
most recent BMI, maximum BMI, mean BMI, median BMI, proportion of 
time with overweight, proportion of time with obesity, excess BMI-years 
with overweight, and excess BMI-years with obesity. We discussed how 
these various operationalizations of BMI differ, and demonstrated their 
use as covariates in models of health indicators – specifically, general 
health, chronic condition, and diabetes. These indicators were chosen to 

capture different dimensions of health, since they likely have varying 
relationships with adiposity. Comparing different ways of characterizing 
BMI dynamics over time would help ascertain whether more sophisti
cated metrics of BMI that account for intensity, history, and/or duration 
provide different information or yield better-fitting models than metrics 
that require only cross-sectional data. This assessment would thus help 
validate the many studies that use recent BMI, or otherwise limit the 
reach of their interpretations. This information would also be important 
to help us understand our data needs in population-based studies of 
cardiometabolic health. 

Material and methods 

Data 

The NLSY97 was conducted by the Bureau of Labor Statistics (BLS) 
and followed a sample of almost 9,000 American youths (with over- 
samples of non-Hispanic blacks and Hispanics) who were between the 
ages of 12 and 16 years at the end of 1996 (Moore, Pedlow, Krishna
murty, & Wolter, 2000). Individuals were interviewed annually from 
1997 through 2011, and then in 2013 and 2015 (Moore et al., 2000). 
Because people were likely still growing at the early waves of the survey, 
we used the data starting from 2002, when survey participants were 
between the ages of 18 and 22 years. Additionally, the most recent wave 
of data with information on the health indicators of interest was in 2013, 
when survey participants were between 29 and 33 years of age. There 
were 11 data waves between 2002 and 2013, providing more than a 
decade of information on early adulthood. 

While the NLSY97 contained information on a broad range of sub
jects, we were most interested in health and contextual variables. At 
each wave, individuals were asked to report their weights, and at each 
wave except 2013, individuals were asked to report their heights. 

The health indicators used in this analysis were self-reported by re
spondents in 2013: general health (on a scale of one to five, five being 
the best), chronic condition diagnosis (to probe, respondents were asked 
to consider as examples asthma, cardiovascular or heart condition, 
anemia, diabetes, cancer, epilepsy, HIV/AIDS, sexually transmitted 
diseases other than HIV/AIDS, or another chronic health condition or 
life-threatening disease), and diabetes diagnosis. Elevated BMI is a 
known risk factor for diabetes. However, because diabetes might not 
have a high prevalence among this age group, we also considered the 
more general diagnosis of chronic conditions. Finally, general health 
was chosen to capture the sense of well-being, encompassing aspects of 
both physical and mental health possibly related to high BMI. 

Other variables of interest included sex, race, birth year, and having 
health care coverage/insurance, all potentially associated with health or 
reporting about health in ways that could be confounded with higher/ 
lower BMI. Health insurance information was taken from 2013, to match 
up with the data on health outcomes. 

Computing the BMI exposure metrics 

BMI was calculated using height and weight information. Not 
considering 2013, in which height was not asked, we calculated 71,768 
BMI values for survey participants in the previous ten waves. This 
amounted to around 80% of all possible BMI values. Biologically 
extreme values of height and weight (height <48 in or >84 in, weight 
<75 lb or >700 lb) were recoded as missing in this study (Noel et al., 
2010). If a woman reported being pregnant at a data wave, her weight 
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would not be representative of her true BMI and was therefore recoded 
as missing. These biologically improbable values and pregnancies 
resulted in an additional 2,273 missing BMI values, or about 3% of 
available data. 

A missing height or weight value between waves with available 
height/weight data was linearly interpolated. For a person’s height or 
weight to change from one value to another value, it must pass through 
all intermediate values. The intermediate value relative to its position on 
the time scale, i.e., the linearly interpolated value, was thus a reasonable 
estimate. Linear interpolation assumed a constant rate of gain/loss per 
unit time. While non-linear interpolation methods could have been used 
here, they would not have offered superior theoretical support to 
compensate for their numerical complexity, particularly because the 
time between measurements was fairly short. Missing height and weight 
values at the two ends of the study time horizon were replaced by the 
nearest available height/weight value. As a result, height in 2013 was 
considered to be the same as height in 2011, or whatever the most recent 
height value was. Extrapolation was not used so as to avoid making any 
estimates outside the range with known values. As a robustness check, 
multiple imputation was used to fill in missing values using the Impu
tation and Variance Estimation Software (IVEware) version 0.3 
(Raghunathan, Solenberger, Berglund, & van Hoewyk, 2016), and there 
were no substantive differences in conclusions. 

BMI in kg/m2 was then calculated, and improbable values 
(BMI < 10 kg/m2 or > 75 kg/m2) were recoded as missing and filled in 
using the same replacement procedures. Ultimately, 25,193 BMI values 
were obtained by the above described methodology, a third of which 
were due to missing height in 2013. As a result, except for respondents 
with missing BMI at every wave, all observations in our analyses had 
valid BMI data spanning the entire length of this study. Most of those 
who were excluded were no longer in the survey by 2002, the first year 
of this study. 

With valid BMI data spanning 2002 – 2013 for 8,608 respondents, we 
then proceeded with our eight BMI exposure metrics. BMI at the most 
recent wave (2013) was indicative of current intensity. To incorporate 
history in addition to intensity, we calculated maximum BMI, mean BMI, 
and median BMI across all 11 waves. 

To take into account the duration of exposure to high BMI, we 
calculated proportion of time with obesity, where obesity was defined as 
having a BMI �30 kg/m2. From 2002 to 2010, when the NLSY97 survey 
was conducted annually, the BMI calculated each year was assumed to 
last the duration of the entire year. From 2011 to 2013, when the survey 
was conducted biennially, the BMI calculated in each of these two years 
was assumed to have a duration of 1.5 years. Proportion of time with 
obesity was the total duration in the obesity state divided by the total 
duration of 12 years in this study.  

Mathematically; ​ this ​ was
P

iduration with obesityi
P

idurationi  

where i indexed the wave in the survey. 
The strength of such a metric was the incorporation of both history 

and duration. However, intensity was not accounted for beyond whether 
someone had a BMI that was above the obesity threshold. 

To express history of intensity along with duration, we used excess 
BMI-years with obesity. First, we calculated excess BMI at each wave as 
BMI – 30, with a minimum of 0. In other words, survey participants with 
BMI values under 30 were considered not to have excess BMI. In pre
vious studies, excess BMI-years had been computed without a floor 

function (Hu et al., 2017; Lee et al., 2012; Reis et al., 2015). But without 
it, an individual could have offsetting positive and negative excesses. 
Since the purpose of these metrics was to study exposure to elevated 
levels of BMI, the floor function made sure that the metric focused on 
this. Excess BMI-years was thus the accumulated excess BMI experienced 
by a survey participant over the entire time span of the survey. As a 
result, this metric could be envisioned as the area between the obesity 
threshold and the BMI curve, when the latter was above the threshold, 
over the duration of the survey.  

Mathematically; ​ this ​ was
X

i
maxðBMIi � 30; 0Þ*durationi  

where i indexed the wave in the survey. 
Proportion of time with overweight and excess BMI-years with overweight 

were overweight analogues to the obesity measures. Overweight, indi
cating less severe yet still elevated adiposity, had a threshold of 25 kg/ 
m2. As a result, overweight was a superset of obesity, and overweight 
and obesity were not treated as mutually exclusive categories; they 
simply referred to being above their respective BMI thresholds. 

Statistical analysis 

We calculated pairwise correlations and descriptive statistics of these 
eight metrics over the span of early adulthood in the NLSY97. 

These BMI exposure metrics were subsequently used as covariates in 
models of health indicators. General health was treated as a continuous 
variable in a linear regression model, while reporting any chronic condi
tion and diabetes were treated as dichotomous variables in logistic 
regression models. General health was treated as both unordered and or
dered categorical variables in alternative models, but as substantive results 
did not differ, linear regression was chosen due to its relative simplicity. 

Each of the eight BMI exposure metrics was used individually in 
models for each of these three health indicators, resulting in 24 models. 
We investigated the associations between BMI exposure metrics and 
health indicators. Since these BMI exposure metrics were in different 
units, they were standardized via centering and scaling before being 
used as inputs in the models to facilitate comparison of coefficient es
timates across models for the same outcome. For each BMI exposure 
metric, we calculated the mean and standard deviation, and standard
ized each value of such measure by subtracting the mean and dividing by 
the standard deviation. This made the interpretation similar across all 
metrics – the number of standard deviations from the mean. Basic de
mographic variables likely associated with our health indicators of in
terest, including sex, race, birth year, and having health care coverage/ 
insurance, were controlled for in these models. Comparison of models 
was made with the Akaike information criterion (AIC), which is 
commonly used for model selection; lower values of AIC are indicative of 
better fit (Burnham & Anderson, 2004). 

As a complementary analysis, for each health indicator, Vuong tests 
for model comparison were then performed for each pair of models to 
test whether one fit better than the other. Vuong tests allow for com
parisons between non-nested models to statistically test whether two 
competing models are equally close to the true data generating process 
or whether one model is closer than the other (Vuong, 1989). For each 
health outcome, there were 8C2 ¼ 28 pairwise comparisons. p-values 
were reported for each comparison and corrections for multiple testing 
were not used. Bonferroni corrections, and multiple testing more 
broadly, have been criticized as being too conservative, especially with a 
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large number of tests, as in this study (Perneger, 1998; Sedgwick, 2014, 
2014; Streiner & Norman, 2011). Consequently, these p-values were not 
adjusted, and readers could make adjustments appropriate for the pur
pose of their applications. 

The survey design of the NLSY97 was accounted for with sample 
clustering variables. Custom survey weights for observations in any of 
the years from 2002 to 2013 were used in the tabulation of descriptive 
statistics and the correlations to ensure national representativeness. 
However, survey weights were not used for regression analyses, as 
advised by the BLS (Bureau of Labor Statistics, 2018). 

All analyses were conducted in R version 3.5.1 and the R “survey” 
package was used for analyses involving survey weights (R Core Team, 
2018; Lumley, 2004). 

Results 

The NLSY97 cohort was 49% female and 51% male. About one-fifth 
of the cohort was born in each of the five years from 1980 to 1984. The 
race-ethnicity breakdown was 70.5% non-black/non-Hispanic, 15.4% 
black/non-Hispanic, 12.9% Hispanic, and 1.2% mixed/non-Hispanic. 
Three-quarters of the cohort had health insurance in 2013. In 2013, 
mean self-rated health was approximately 3.7 (on a scale of one to five), 
about 12% of people reported a chronic condition, and 1.5% of people 
reported a diabetes diagnosis. 

Table 1 shows the summary statistics (mean, standard error, and 
range) for each of the eight BMI exposure metrics. Of the four metrics in 
the same unit of measure (kg/m2), the averages of median and mean 
BMI (26.5 and 26.6 kg/m2, respectively) were the lowest, followed by 
most recent BMI (27.8 kg/m2), and maximum BMI (29.6 kg/m2). Thus, 
people tended to have higher BMI at the most recent wave, consistent 

with the frequently observed patterns of BMI gain with age. It would be 
expected for mean BMI to be greater than median BMI because of the 
effect of outliers (typically higher values). However, the difference be
tween mean and median BMI was minimal. The mean time people spent 

Table 1 
Summary statistics of BMI exposure metrics, adjusted by survey weights to be 
representative of the U.S. young adult population in 2002 – 2013 (n ¼ 8,608).  

BMI metric Mean Standard error Range 

Most recent BMI 27.837 0.095 14.25 – 74.04 
Maximum BMI 29.567 0.110 16.24 – 74.04 
Mean BMI 26.602 0.083 15.57 – 65.32 
Median BMI 26.504 0.085 15.02 – 62.96 
Proportion of time with overweight 0.526 0.006 0 – 1 
Proportion of time with obesity 0.226 0.005 0 – 1 
Excess BMI-years with overweight 36.573 0.807 0 – 483.85 
Excess BMI-years with obesity 15.207 0.561 0 – 423.85 

Data: National Longitudinal Survey of Youth 1997. 

Table 2 
Correlations between BMI exposure metrics, adjusted by survey weights to be representative of the U.S. young adult population in 2002 – 2013 (n ¼ 8,608).   

Most 
recent BMI 

Maximum 
BMI 

Mean 
BMI 

Median 
BMI 

Proportion of time 
with overweight 

Proportion of time 
with obesity 

Excess BMI-years 
with overweight 

Excess BMI-years 
with obesity 

Most recent BMI 1.000 0.917 0.928 0.902 0.742 0.814 0.892 0.798 
Maximum BMI  1.000 0.952 0.926 0.755 0.838 0.923 0.832 
Mean BMI   1.000 0.991 0.800 0.877 0.961 0.861 
Median BMI    1.000 0.794 0.870 0.952 0.852 
Proportion of time 

with overweight     
1.000 0.664 0.668 0.442 

Proportion of time 
with obesity      

1.000 0.900 0.770 

Excess BMI-years with 
overweight       

1.000 0.946 

Excess BMI-years with 
obesity        

1.000 

Data: National Longitudinal Survey of Youth 1997. 

Table 3 
Coefficient estimates and 95% CIs of the standardized BMI exposure metrics in 
models of general health, chronic condition, and diabetes diagnosis in 2013 as 
well as AIC values for the models.   

General health 
(partial slope) 

Chronic condition 
(log odds) 

Diabetes diagnosis 
(log odds) 

Most recent BMI 
Coefficient ¡0.276 0.185 0.569 
95% CI (–0.297, –0.254) (0.120, 0.249) (0.437, 0.698) 
AIC 19236 5124.4 1085.1 

Maximum BMI 
Coefficient � 0.273 0.185 0.622 
95% CI (–0.294, –0.251) (0.119, 0.249) (0.490, 0.751) 
AIC 19257 5124.9 1072.9 

Mean BMI 
Coefficient � 0.263 0.184 0.639 
95% CI (–0.285, –0.241) (0.118, 0.248) (0.508, 0.769) 
AIC 19299 5125.2 1067.9 

Median BMI 
Coefficient � 0.255 0.179 0.652 
95% CI (–0.277, –0.233) (0.114, 0.244) (0.520, 0.782) 
AIC 19334 5126.6 1065.1 

Proportion of time with overweight 
Coefficient � 0.213 0.163 0.822 
95% CI (–0.236, –0.190) (0.088, 0.240) (0.568, 1.103) 
AIC 19520 5136.7 1098.5 

Proportion of time with obesity 
Coefficient � 0.258 0.163 0.720 
95% CI (–0.280, –0.236) (0.095, 0.230) (0.554, 0.891) 
AIC 19327 5133.2 1074.7 

Excess BMI-years with overweight 
Coefficient � 0.263 0.172 0.563 
95% CI (–0.284, –0.241) (0.110, 0.233) (0.448, 0.675) 
AIC 19287 5126.7 1069.8 

Excess BMI-years with obesity 
Coefficient � 0.232 0.150 0.442 
95% CI (–0.253, –0.210) (0.091, 0.207) (0.345, 0.535) 
AIC 19401 5131.1 1083.8 

AIC (Akaike information criterion), confidence interval (CI). 
Lower AIC values represent stronger evidence for one model over another. 
Values in bold represent those within three of the minimum since there could be 
substantial support for such models (Burnham & Anderson, 2004). 
Data: National Longitudinal Survey of Youth 1997. 
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Table 4 
Results from Vuong tests displaying significance from pairwise comparison of models for each health outcome on each BMI metric and other covariates.  

A) General health  

Most 
recent BMI 

Maximum 
BMI 

Mean 
BMI 

Median 
BMI 

Proportion of time 
with overweight 

Proportion of time 
with obesity 

Excess BMI-years 
with overweight 

Excess BMI-years 
with obesity 

Most recent BMI  ~ 0.197 >0.002 >0.000 >0.000 >0.002 >0.021 >0.000 
Maximum BMI   >0.007 >0.000 >0.000 >0.007 ~ 0.059 >0.000 
Mean BMI    >0.000 >0.000 ~ 0.103 ~ 0.175 >0.000 
Median BMI     >0.000 ~ 0.387 <0.000 >0.002 
Proportion of time 

with overweight      
<0.000 <0.000 <0.002 

Proportion of time 
with obesity       

<0.036 >0.009 

Excess BMI-years with 
overweight        

>0.000 

Excess BMI-years with 
obesity         

B) Chronic condition  

Most 
recent BMI 

Maximum 
BMI 

Mean 
BMI 

Median 
BMI 

Proportion of time 
with overweight 

Proportion of time 
with obesity 

Excess BMI-years 
with overweight 

Excess BMI-years 
with obesity 

Most recent BMI  ~ 0.461 ~ 0.436 ~ 0.339 ~ 0.067 ~ 0.098 ~ 0.324 ~ 0.143 
Maximum BMI   ~ 0.467 ~ 0.342 ~ 0.061 ~ 0.084 ~ 0.322 ~ 0.131 
Mean BMI    ~ 0.173 ~ 0.051 ~ 0.061 ~ 0.253 ~ 0.102 
Median BMI     ~ 0.073 ~ 0.101 ~ 0.481 ~ 0.174 
Proportion of time 

with overweight      
~ 0.308 ~ 0.114 ~ 0.283 

Proportion of time 
with obesity       

~ 0.100 ~ 0.379 

Excess BMI-years with 
overweight        

~ 0.069 

Excess BMI-years with 
obesity         

C) Diabetes diagnosis  

Most 
recent BMI 

Maximum 
BMI 

Mean 
BMI 

Median 
BMI 

Proportion of time 
with overweight 

Proportion of time 
with obesity 

Excess BMI-years 
with overweight 

Excess BMI-years 
with obesity 

Most recent BMI  ~ 0.054 <0.023 <0.021 ~ 0.186 ~ 0.217 <0.038 ~ 0.443 
Maximum BMI   ~ 0.190 ~ 0.130 >0.032 ~ 0.435 ~ 0.302 ~ 0.059 
Mean BMI    ~ 0.122 >0.014 ~ 0.249 ~ 0.229 >0.002 
Median BMI     >0.008 ~ 0.167 ~ 0.106 >0.002 
Proportion of time 

with overweight      
<0.022 <0.029 ~ 0.185 

Proportion of time 
with obesity       

~ 0.321 ~ 0.235 

Excess BMI-years with 
overweight        

>0.000 

Excess BMI-years with 
obesity         

The vertical measures are in Model 1 and the horizontal measures are in Model 2. 
p-values displayed for each pairwise test. 
~ means it cannot be determined whether Model 1 fits better than Model 2 or Model 2 fits better than Model 1 at alpha ¼ 0.05. 
> means that the null hypothesis of equal fit should be rejected and Model 1 fits better than Model 2 at alpha ¼ 0.05. 
< means that the null hypothesis of equal fit should be rejected and Model 2 fits better than Model 1 at alpha ¼ 0.05. 
Data: National Longitudinal Survey of Youth 1997. 
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above the obesity threshold was almost a quarter of the duration of the 
study, and people accumulated a mean of more than 15 excess BMI-years 
with obesity in the 12 years from 2002 to 2013. That is, people had an 
average of 15.207/12 � 1.3 excess BMI units above the obesity threshold 
per year. The corresponding numbers for overweight were more than 
half of the duration of the study and more than 36 excess BMI-years. 

Table 2 displays the correlations between BMI exposure metrics. While 
the correlations were all positive and relatively high, there was variation in 
their values. The highest correlation was between mean BMI and median 
BMI at 0.991, and the lowest was between proportion of time with over
weight and excess BMI-years with obesity at 0.442. Pairwise correlations 
between most recent, maximum, mean, and median BMI were all above 
0.9. Proportion of time with overweight generally had lower correlations 
with the other metrics, between 0.442 and 0.877, perhaps because it 
captures different dimensions of adiposity than its counterparts, especially 
because it does not distinguish between earlier and later onset of over
weight status among the young adults in the sample. 

As a next step, we examined associations between the BMI metrics 
and health indicators. Table 3 presents the coefficient estimates (partial 
slopes for the general health models and log odds for the chronic con
dition and diabetes diagnosis models) of the standardized BMI exposure 
metrics from the corresponding models. Those with higher values of any 
BMI exposure metric rated their general health lower, had a higher 
likelihood of reporting a chronic condition, and had a higher likelihood 
of reporting a diabetes diagnosis. (See Appendix for full models.) 

Using AIC as a means of goodness-of-fit comparison, we determined 
the “best” model from the candidate set of models. The model using most 
recent BMI had the lowest AIC for general health. The coefficient esti
mate for its standardized BMI metric was larger in magnitude than those 
of the other BMI metrics, suggesting that the other BMI metrics had 
weaker relationships with general health. For chronic condition, the 
models using most recent BMI, maximum BMI, mean BMI, median BMI, 
and excess BMI-years with overweight had similarly low AIC values. For 
diabetes diagnosis, the models using median and mean BMI had simi
larly low AIC values. Standardized most recent BMI had a coefficient of 
0.569, an under-estimation of about 13% relative to standardized me
dian BMI with a coefficient of 0.652. While there was not a consensus on 
which single metric performed the best across health indicators, in all of 
these models, proportion of time with overweight consistently per
formed the worst. 

Vuong tests were then used to pairwise compare the models 
(Table 4), to determine whether one model was better than the other. 

With general health as a dependent variable, the Vuong tests 
revealed that models with most recent BMI, maximum BMI, and excess 
BMI-years with overweight were best, while the model using proportion 
of time with overweight was consistently worse than models using the 
other BMI exposure metrics. With each model pair for chronic condition, 
neither registered as significantly better or worse. With diabetes diag
nosis, the models using mean BMI, median BMI, and excess BMI-years 
with overweight seemed to provide better models, while proportion of 
time with overweight was the worst. 

When we considered the AIC and Vuong test results together, most 
recent BMI was the best BMI metric in models of general health, though 
maximum BMI and excess BMI-years with overweight also performed 
similarly well. For chronic condition, the results were not so clear. In the 
case of diabetes diagnosis, the models that used median and mean BMI 
had the lowest AIC values, while the model that used most recent BMI 
had the second highest value. Furthermore, excess BMI-years with 

overweight was also found to have a better fit than most recent BMI in 
the pairwise Vuong test. Most recent BMI, while appropriate for certain 
health indicators, might not necessarily be the best metric with regard to 
model fit for others. This made the case for other BMI exposure metrics 
potentially being more useful in understanding the dynamics between 
body mass and health outcomes. 

Discussion 

All BMI-based metrics are proxies for adiposity. Where possible, 
more precise ways of measuring body fat would allow better measure
ment of obesity and assessment of its implications (Blundell, Dulloo, 
Salvador, & Fruhbeck, 2014; Cirulli et al., 2019; Ho et al., 2016; Muller 
et al., 2012). Nevertheless, the major advantage of BMI-based measures 
in epidemiologic studies is their easy and non-invasive collection. As a 
result, it is worthwhile to identify better ways to use BMI to understand 
adiposity and its relationship with health. To go beyond recent BMI and 
test whether its ubiquitous use is valid, we used the NLSY97 to study 
seven other metrics for young adults in the United States between 2002 
and 2013: maximum BMI, mean BMI, median BMI, proportion of time 
with overweight/obesity, and excess BMI-years with overweight/
obesity. While related, these metrics depicted different aspects of 
exposure to and accumulation of adiposity. 

Among the four point-estimate metrics, maximum BMI had the 
highest average value in the sample, followed by most recent, mean, and 
median BMI. Since BMI tends to increase with age and most people have 
difficulty losing weight (Gordon-Larsen et al., 2004, 2010), it is not 
surprising that the average of most recent BMI was higher than the av
erages of mean and median BMI. Interestingly, the averages of these four 
metrics were all above the overweight threshold of 25, indicating that 
the average person in the population would be classified as overweight, 
regardless of which of these four metrics was used. Metrics of proportion 
of time and excess BMI-years accounted for duration of elevated BMI, 
and the average person spent a quarter of early adulthood in obesity, and 
accumulated 15 excess BMI-years relative to the obesity threshold. The 
corresponding figures for overweight were half the duration and 37 
excess BMI-years. 

These BMI metrics were differently linked with each health indica
tor. Most recent BMI, the conventionally used metric, resulted in the best 
model fit for general health. Median BMI resulted in the best model fit 
for diabetes, while most recent BMI was the second least predictive 
metric, and the coefficient for standardized most recent BMI was 13% 
less than the coefficient for standardized median BMI. This points to 
potentially differential processes in the relationship between adiposity 
and various aspects of health. While mortality was not studied here, as 
the survey participants in the NLSY97 were still quite young, previous 
studies had demonstrated that maximum BMI performs better than BMI 
at survey time as a predictor of mortality (Stokes, 2014; Vierboom, 
2017). Perhaps history is more closely associated with chronic condi
tions that develop over time, whereas recency is more closely associated 
with self-rated general health and well-being. In the case of diabetes 
diagnosis, it is also possible that people who were so diagnosed 
attempted to lose weight after the diagnosis, rendering most recent BMI 
not as indicative. Several metrics performed similarly in models for 
reporting a chronic condition. This could be because of the variety of 
chronic conditions that exist; for some, such as HIV/AIDS, elevated BMI 
might not be a risk factor. 

Proportion of time with overweight performed the worst for all three 
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health indicators. While this BMI metric does account for duration of 
time with elevated levels of BMI, it contains less information about the 
intensity, which many of the other measures do. Though the same could 
be said about proportion of time with obesity, perhaps the threshold for 
obesity is already high and detrimental enough and intensity does not 
need to be further quantified. It has been found in previous studies that 
obesity is more strongly linked with health than overweight (Flegal, Kit, 
Orpana, & Graubard, 2013). That being said, the metrics that incorpo
rated a duration component (proportion of time and excess BMI-years) 
did not provide the best model fit for any particular health indicator. 
In the case of diabetes, both excess BMI-years metrics performed better 
than most recent BMI. 

A limitation of the NLSY97 data, as well as many other datasets, is 
the reliance on survey participants’ self-reported anthropometrics, 
which have been shown to be systematically biased, with such biases 
associated with demographic, social, and economic characteristics 
(Craig & Adams, 2009; Rowland, 1990). However, using these BMI 
exposure metrics in models of health indicators might not be a material 
issue, as previous studies have found that self-reported height and 
weight perform similarly to direct measurements as covariates in 
modeling health indicators (Ng, 2019; Preston, Fishman, & Stokes, 
2015). It should be noted that chronic condition and diabetes diagnoses 
in this study were also self-reported, and so there could potentially be 
incorrect recall of diagnoses. 

With regard to the health indicators, when respondents were asked 
the question on a chronic condition diagnosis, diabetes was suggested as 
an example of such a condition. Survey participants were also asked 
whether they had had a diabetes diagnosis. In other words, diabetes was 
directly asked and also indirectly suggested in another question. The 
NLSY97 does not allow for separating diabetes from the question on 
chronic conditions. Furthermore, Type I and Type II diabetes were not 
distinguished. 

Biologically extreme values of height, weight, and BMI were treated 
as missing. Though the thresholds for physical plausibility could be 
debated, there were few instances of such extreme values, and sensi
tivity tests involving slight variations of the cut-off points did not impact 
substantive results. However, an anthropometric value could still be 
incorrect even if it does not appear extreme in an absolute sense. For 
example, even if a height seems reasonable, it would be unlikely that a 
person has grown several inches between years as an adult. Differences 
of height, weight, and BMI between each pair of consecutive waves were 
calculated, and the number of “large” fluctuations was minimal in the 
grand scheme of the dataset. For example, about 4% of inter-wave 
height differences were greater than one inch and about 0.3% of inter- 
wave weight differences were greater than 100 pounds. 

Finally, we tested the addition of a square-term for the BMI exposure 
metrics in our models of health indicators, as it is possible that both high 
and low levels of BMI could be associated with poor health. Generally, 
these additional square-terms were not statistically significant. This 
could be due to low underweight prevalence and the unlikeliness of low 
BMI due to reverse causation, as the age range in this study was probably 
too young for the illness-induced weight loss often associated with 
impending mortality. 

The main strengths of this study are two-fold. BMI at survey time is 
generally used as the main measure of adiposity in epidemiologic 
studies. Here, we examined the potential of using other BMI-based 
metrics that account for history, intensity, and duration of exposure to 

elevated BMI. In addition, with a longitudinal dataset, we were able to 
calculate such metrics without asking respondents to recall and without 
having to assume that height remains constant, drawbacks with using 
cross-sectional data. These BMI exposure metrics could then be used as 
simple inputs, as BMI at survey time would, in whatever models of in
terest, bypassing more complicated methodology that would be neces
sary for longitudinal or trajectory analyses. 

A natural next step would be to use these BMI exposure metrics in 
other applications, with the NLSY97 or other longitudinal datasets. For 
example, it would be interesting to see how these metrics have changed 
across cohorts to determine whether there are shifting patterns in 
adiposity over time. Seeing how these metrics perform at other stages of 
the life course would likewise be worth studying. It could be that certain 
BMI exposure metrics are better explanatory variables, say, for older 
than for younger adults. Such BMI exposure metrics could be calculated 
with other longitudinal datasets as long as height and weight informa
tion was available at multiple time points. Ideally, the years between 
survey waves would be close to one another, as assumptions must be 
made on BMI between data collection time points, and the anthropo
metric measures would also be measured instead of self-reported. 

Though all BMI-based metrics produced similar substantive conclu
sions regarding the significance and direction of association between 
body mass and health indicators, the choice of a “good” metric based on 
goodness-of-fit depended on the health indicator of interest, as different 
facets of body mass might relate differentially to different outcomes of 
health due to dissimilarities in disease processes. A natural question is 
whether the extra resources to collect and analyze longitudinal data are 
worthwhile. Analyses with these BMI exposure metrics could be useful 
and informative, but starting longitudinal data collection from scratch is 
expensive and time-consuming. Whether it is worth the effort depends 
on the research question at hand, as the health indicator of interest 
might affect this decision. With the exception of diabetes diagnosis, we 
found that most recent BMI actually does quite well relative to other 
more complicated measures. This is an important result, as it validates 
much of the past research using BMI at survey time. However, alterna
tive BMI exposure metrics, especially those that account for both in
tensity and history, should still be considered as they might be better 
candidates for conditions that develop over time. Furthermore, beyond 
statistical criteria, some of these alternative metrics could be used to 
more directly study theoretical biosocial pathways by which the accu
mulation of adiposity affects people’s health. 
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Appendix. Results from models of health outcomes on each 
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