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Determining Household Obesity Status Using Scanner Data

Introduction

The obesity epidemic is a global phenomenon with the rate of obesity having nearly tripled since
1975 (World Health Organization, 2018). In the United States, the current rate of obesity is
higher than most other countries with over 40 percent of the adults and about 21 percent of
adolescent youths classified as obese (Ogden et al., 2020). By 2030, it is projected that nearly
one in two adults in the United States will be classified as obese, with nearly one in four adults
projected to have severe obesity (Ward et al., 2019). Increasing U.S. obesity rates are linked to
higher risks of morbidity and mortality from chronic illnesses attributable to excess fat
accumulation, such as type 2 diabetes, cardiovascular disease, and high blood pressure. The
economic impact of obesity on both those affected directly and for the broader society is
estimated to be roughly 1.7 trillion dollars, equivalent to 9.3 percent of the U.S. gross domestic
product (GDP) (Waters and Graf 2018). This includes 480.7 billion in direct health care costs
and an additional 1.24 trillion in indirect costs dues to lost economic productivity.

Obesity is a result of an energy imbalance, where more energy is consumed than is used
by the human body. Hence, diet is the primary contributing factor to obesity, and in turn, the
leading risk factor associated with death in the United States (U.S. Burden of Disease
Collaborators 2018). Several studies in the nutrition literature have shown a link between body
mass index (BMI), a standard measure of body fat based on height and weight, and consumer
food choices. Foods that are low in essential nutrients and high in calories, such as sugar-
sweetened beverages, sweets, refined cereals, and solid fats, and high in red and processed meats

are associated with obesity (see Wirfalt et al. (2013) for a review). In general, U.S. residents tend



to consume more calories than needed, and the composition of foods consumed are not
consistent with dietary guidelines.

Household scanner data, commercial data on household food purchases, are a rich source
of information that allow researchers to link household food purchases to self-reported height
and weight of household members to better study and understand the relationship between diet
and obesity. Historically, household scanner data have been used to study food demand (Dong et
al., 2018), variance of food choice by store format and store proximity (Volpe et al., 2017;
Rahkovsky and Snyder 2015), diet quality (Volpe and Okrent 2012; Carlson et al., 2019), and the
impact of specific food policies, such as taxing sugar-sweetened beverages (Zhen et al., 2014).
Because a subsample of households report health measures for all household members, including
height and weight, household scanner data can also be used to track changes in BMI and its
associations with specific types of foods purchased by households over time (e.g., Chen et al.,
2019). However, self-reported height and weight are often misreported in survey data, and
therefore it is necessary to consider the quality of these data when calculating BMI and
classifying household members as normal weight, overweight, and obese.

Several studies have shown that adults tend to overreport height and underreport weight,
and the degree of misreporting varies with age, body weight, and sociodemographic
characteristics. Rowland (1990) found in self-reported and measured height and weight data
from the National Health and Nutrition Examination Survey (NHANES) 11 (1976-1980) that
height and weight were reported on average with small errors, but larger systematic differences
in the average reporting error were found in important population subgroups. In particular,
heavier people underreport their weight more than lighter people, and older people overreport

their height more than younger people. Kuzmarski et al. (2001) found age was an important



factor in classifying body weight, height, BMI, and body weight status from self-reports in
NHANES I11 (1988-1994). They concluded that overestimation of height by older adults may
occur because greater time has elapsed since height was last measured and height decreases with
age. In addition, it has also been reported that men are more likely than women to overestimate
their height, while women, particularly young women, are more likely to underestimate their
weight (Spencer et al., 2002; Bolton-Smith et al., 2000). Race and ethnicity have also been found
to affect self-reported height and weight, as well (Stommel and Schoenborn, 2009; Wen and
Kowaleski-Jones, 2012). Lastly, the degree of misreporting can also vary with how a survey is
administered. In-person interviews with the expectation of having height and body weight
measured in the future, as is done in NHANES, results in less misreporting of self-reported
measurements compared to self-reported measurements in telephone- or web-based surveys,
where there is no expectation of having height and weight measured (Courtemanche et al., 2015).
Parent-reported height and weight for children may also suffer from measurement biases
because children are continuously growing, making it difficult for parents to keep accurate
measurements of their children. This may lead to parental reports that underestimate the
measured height of children. However, in a review of studies that make direct comparisons, the
mean parent-reported child height and weight were close to the corresponding measures’ means,
usually within one centimeter or one kilogram (Himes, 2009). Himes (2009) noted some
exceptions to this; specifically, Mexican American mothers underestimated child height in the
US Hispanic Health and Nutrition Examination Survey. Himes (2009) concluded that the
prevalence of child obesity based on parental reports do not systematically differ from

prevalence based on direct measurements.



The objective of this study is to validate and develop adjustments for self-reported height
and weight measures available in household scanner data. Specifically, using the IR Consumer
Network and a subsample of households in the MedProfiler panel—a unique longitudinal dataset
that tracks food purchases and body weight and height of household members over time— this
study compares self-reported height and body weight in the MedProfiler to both self-reported
and measured height and body weight in NHANES to better understand the quality of the IRI
data. We then explore methods to correct for measurement bias by illustrating how predicting
adult BMI in the IRl MedProfiler based on measured BMI and percentile rankings of self-
reported BMI in NHANES works in practice. We use predicted BMI to develop body weight
status categories for the household as the following: (1) normal weight households, (2)
overweight households, and (3) obese households. We create these categories by defining obesity
status of the household in four different ways: (a) for all household members, (b) for adults in the
household, (c) for the primary shopper, and (d) for children in the household. By ensuring a
reliable measure of BMI in the MedProfiler data, we hope to ultimately improve our
understanding of the differences in food purchasing patterns among normal weight, overweight,

and obese households.

Data Description

The primary data used in this analysis are the IRl Consumer Network household scanner data
and the IRl MedProfiler survey.! The IRl Consumer Network household scanner data are derived
from a nationwide panel of over 120,000 households that provides a detailed account of their

retail food purchases, including what food products they purchased and when and where they

! Previous research by the U.S. Department of Agriculture has examined the survey methodology, the
representativeness of the demographic makeup, and the reported expenditures of the household panel. See Muth et
al. (2016) and Sweitzer et al. (2017) for more information.
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shopped. The household purchase data include product characteristic (e.g., brand, size, type) and
nutrition data, which give a robust picture of the types of foods purchased by households. The
Consumer Network is a nonprobability sample in which households are selected for membership
into the Consumer Network through stratified quota random sampling. Under this process,
households are selected based on their household characteristics to balance the panel to be
representative of the U.S. population in the 48 contiguous States; in other words, they are
selected to meet quotas based on demographic targets, such as household size, age of household
head, race, ethnicity, education, occupation, presence of children, and area of residence (Muth et
al., 2016).

After households are recruited, they are asked to download a mobile application or are
provided with a handheld scanner to scan the barcode or Universal Product Code (UPC) on all
their purchases and transmit their purchase data on a weekly basis via the internet. A growing
subsample of these households also report purchases of random-weight products without a UPC
(increasing from 54 percent of households in 2012 to 86 percent in 2018). These products are
sold by the pound or count and include fresh fruits and vegetables, meat, cheese, baked goods,
prepared foods, coffee, and bulk candy, nuts, and seeds. As a data quality check, IRI checks the
consistency of weekly data reporting of panelists and identifies households in the final sample
that consistently report purchases throughout the year (also called the static panel). The
Consumer Network dataset includes post-stratification weights (also called projection factors)
that weight the data to match the Census demographic targets, which help account for the
differences between the composition of the static panel and the US general population. About
half of the total participating households are included in the static panel and assigned projection

factors.



The IRI MedProfiler is an opt-in survey on individuals’ health and medical conditions
offered to all households in the Consumer Network in October of each year (Muth et al., 2016).
Between 2012 and 2018, over 50 percent of the static panel that also reported random-weight
purchases had at least one member respond to the MedProfiler survey in a given year (from
17,072 to 30,784 households), with responses received from 40,118 to 69,713 individuals. In the
survey, adults over the age of 18 are asked to report height and weight for themselves and for
children in the household. Individuals missing height or weight in the MedProfiler were excluded
(1,188 individuals), as were children under two years of age (3,022 children) in order to match to
the NHANES sample. Post-stratification weights for the MedProfiler and random weight
subsamples are used in all calculations in this analysis.?

Since reported height and body weight of household members participating in the
MedProfiler are particularly important for diet quality research and there is evidence that self-
reported weight suffers from downward biases and height from upward biases, we compare BMI
based on self-reported height and weight in the MedProfiler to those reported and measured in
the continuous NHANES for 2011-18.2 The NHANES surveys are multi-stage probability
samples of the non-institutionalized US civilian population. Both measured and self-reported
height and weight information are collected in NHANES for the same individuals. Measured
height and weight are collected in physical examination centers by trained health technicians,
and self-reported height and weight are collected during interviews. The final 2011-18 NHANES

sample consisted of 22,716 adults aged 16 years and older and 10,693 children aged 2 to 15

2 Since the projection factors scale the IRI MedProfiler-random weight sample to be consistent with
demographic targets in the US population for a year, we divide the projection factors by a factor of 7 to
produce 7-year estimates over the six cycles of IRl MedProfiler.

¥ BMI is calculated as body mass (weight) divided by the square of body height.
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years of age. Participants missing measured weight or height variables (2,168 individuals) were
excluded. Only adults aged 16 years and older were asked to report height and weight in

interviews, and of those, 764 were excluded because they refused, didn’t know or were missing
height or weight information. The sample weights for the examination component were used in

estimation.*

Validation of BMI in Household Scanner Data

We compare the BMI distributions between the MedProfiler and NHANES separately for
children aged 2-15 years and adults aged 16 years and older. Since children and youths are
constantly growing, and overweight and obese cutoffs vary by age and gender, we compare BMI
distributions for children between the two datasets by each gender and year of age separately.
For adults, we examine the BMI distributions based on each dataset by gender and demographic
profile.> Also, for adults aged 16 and older, NHANES provides information on both measured
and self-reported height and weight, which we use in adjusting self-reported BMI in the IRI
MedProfiler. This information was unavailable for children.

We compare the demographics, average weight, height, BMI, and proportion of each
dataset that were underweight, normal weight, overweight and obese across datasets (table 1).
Adults aged 16 years and above in the MedProfiler are more non-Hispanic white (69 percent
versus 65 percent) and less male (45 percent versus 49 percent) compared to their adult
counterparts in NHANES. The composition of the child samples between the two sources (ages

2-15 years) differs much more. The NHANES child sample contains 52 percent non-Hispanic

*The two-year sample weights were combined to produce 6-year estimates over three cycles of NHANES
by dividing the two-year weights by a factor of 3 (Chen et al., 2018).

> We intended to extend the analysis of children to demographic groups, but the count of children in each
gender-age cell in NHANES was too small to perform this analysis.
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whites whereas the entire MedProfiler child sample contains 64 percent. About 24 and 14

percent of the NHANES child sample are Hispanic and non-Hispanic black, respectively,

compared to 19 and 11 percent of the MedProfiler child sample. The differences in gender

composition between the two datasets is relatively small (1 percentage point). The adult

MedProfiler sample likely aligns more closely with the adult NHANES because the projection

factors are constructed based on matching the household heads demographic characteristics to

Census demographic targets, but no such weighting is used for children in the MedProfiler.

Table 1. Composition of NHANES and IR1 MedProfiler Samples

Ages 2-15 Ages 16+

NHANES | MedProfiler | NHANES | MedProfiler
Sample size 10,693 45,646 22,716 338,681
Hispanic (%) 24 19 14 13
Non-Hispanic White (%) 52 64 65 69
Non-Hispanic Black (%) 14 11 12 11
Non-Hispanic Asian (%) 05 05 06 04
Other (%) 06 02 04 02
Male (%) 51 52 49 45
Actual measurements
Mean BMI (kg/m?) 19.28 -- 28.97 --
Proportion underweight (%) 03 -- 02 -
Proportion normal weight (%) 63 -- 29 --
Proportion overweight (%) 16 -- 32 --
Proportion obese (%) 18 -- 37 --
Self- or parent-reported measurements
Mean BMI (kg/m?) -- 21.02 28.24 28.60
Proportion underweight (%) -- 13 02 02
Proportion normal weight (%) -- 52 33 31
Proportion overweight (%) - 14 33 32
Proportion obese (%) - 21 33 34

Source: USDA Economic Research Service calculations based on 2011-18 National Health and
Nutrition Examination Surveys (NHANES) and the 2012-18 IRl MedProfiler Survey.

Notes: Sample weights and projection factors used in all calculations. For adults, a BMI below
18.5 is underweight, between 18.5 and 24.9 is normal weight, between 25.0 and 29.9 is
overweight, and 30.0 and above is obese. For children, obesity classifications also consider age
and gender (see https://www.cdc.gov/obesity/childhood/defining.html).



https://www.cdc.gov/obesity/childhood/defining.html

Like many previous studies, self-reported height is overreported and weight is
underreported in NHANES compared to measured height and weight values in NHANES. For
the 2011-18 NHANES, the average self-reported height for adults 16 years and older is 1.70
meters, which is 0.01 meters more than that measured height. Self-reported weight is 0.78
kilograms less than its measured counterpart in NHANES. Hence, BMI based on measured
height and weight in NHANES was 0.73 kg/m? more than BMI based on self-reported height and
weight, and the population characterized as being obese was 4 percentage points less. We also
found that not only was average self-reported height in the MedProfiler adult sample higher
compared to measured height in NHANES, but also average self-reported weight was larger in
the MedProfiler as well. Similar to average BMI based on self-reported height and weight in
NHANES, BMI based on MedProfiler is less than average BMI based on measured height and
weight in NHANES (28.60 versus 28.97 kg/m?). Hence, less of the MedProfiler adult sample is
categorized as obese compared to categorizations based on measured NHANES BMI.

Because NHANES only contains measured height and weight for children, we compare
the measured NHANES height and weight with parent-reported height and weight in the
MedProfiler. Average measured body height (1.34 m) and weight (37.66 kg) is quite a bit larger
compared to parent-reported height (1.30 m) and weight (33.89 kg). BMI based on measured
height and weight for children and youths is lower (19.28 kg/m?) on average compared to parent-
reported BMI (21.02 kg/m?).

Figure 1 compares the densities of adult BMI by dataset, race, and gender, and shows
some differences between the distributions. The dispersion of the data (i.e., standard deviation)
and skewness (i.e., symmetry of the distribution) between the measured and self-reported BMI in

NHANES and IRl MedProfiler are similar. However, across all gender and demographic
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profiles, the median and 90" percentiles for self-reported BMI in the IRl MedProfiler are
generally less than those using measured BMI in NHANES (table 2). Additionally, the BMI
distribution based on the IRI MedProfiler has more extreme BMI values (i.e., larger kurtosis)
compared to both self-reported and measured BMI in NHANES.

Figure 2 compares the relationship between age and BMI between the two datasets
(measured NHANES and the IRI MedProfiler). Both datasets show the expected pattern between
age and BMI of an inverse U-shaped relationship across all demographic groups, with non-
Hispanic Asian males and females having the lowest BMI across all ages. However, NHANES
shows that non-Hispanic white males and females have BMIs lower than non-Hispanic black and

Hispanic males and females for most ages, but the IRl MedProfiler does not show similar results.

11



Hispanic Non-Hispanic Asian

= - I|
fI
= 0 = /|
E | -Ir'r E | l |
e {1 i I\
| | l
| L .l 4
o — "' _ o ’ " D
o i 100 1650 0 B 100 150
Bl (kgirm™2) BMI [kgim"2)
MNon-Hispanic White MNon-Hispanic Black
= =
i i i ki
g21 [\ 5 5 i
0 [l 1 0 B
| i .
| L1 |I
| i
o J 1\“ —— o Py
L L T ) L L
o i 100 1650 0 A 100 150
B (kg/m™2) BMI (kginn"2)
MedProfiler Female @ — — — — = ‘easured NHAMES Female
MedProfiler Male Weasured HHAMES Male

Figure 1. Self-Reported and Measured BMI for Adults (16+ Years Old)

Source: USDA Economic Research Service calculations based on epanechnikov kernel density
estimations (half-width of kernel equal to 3) and the 2011-18 National Health and Nutrition
Examination Surveys (NHANES) and the 2012-18 IRI MedProfiler Survey data.

Notes: Sample weights and projection factors used in all calculations.
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Table 2. Comparison of Distributions of Measured and Self-Reported Adult BMI by Race and Gender Across Datasets (kg/m?)

Median 90™ Percentile
NHANES NHANES
(,'\\'A:'a’;':'rii) (Self- | MedProfiler (,'\\'A:'a’;':'rii) (Self- | MedProfiler

Reported) Reported)
Male
Hispanic 28.80 28.39 27.49 36.80 36.21 36.91
Non-Hispanic White 27.90 27.29 27.60 36.40 35.19 36.80
Non-Hispanic Black 27.60 27.34 27.76 38.10 36.95 37.75
Non-Hispanic Asian 25.00 24.82 25.10 30.80 29.89 32.25
Other 28.40 27.77 27.31 39.50 38.34 36.51
Female
Hispanic 28.90 27.83 26.82 39.50 38.41 38.60
Non-Hispanic White 27.40 26.49 26.95 39.30 37.80 38.96
Non-Hispanic Black 30.70 29.56 28.97 43.30 41.09 41.88
Non-Hispanic Asian 23.70 23.05 23.04 31.30 30.14 30.66
Other 28.80 27.85 27.45 40.60 38.64 41.00

Source: USDA Economic Research Service calculations based on 2011-18 National Health and Nutrition Examination Surveys
(NHANES) and the 2012-18 IRl MedProfiler Survey data.
Notes: Sample weights and projection factors used in all calculations.
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Table 2 (Continued). Comparison of Distributions of Measured and Self-Reported Adult BMI by Race and Gender Across

Datasets (kg/m?)

Standard Deviation Skewness Kurtosis
NHANES NHANES NHANES
(,'\\'A';'a/;’:'rii) (Self- MedProfiler (,'\\'A';'a/;’:'rii) (Self- MedProfiler (l'\\'ﬂ';'a/';l'jﬁfi) (Self- MedProfiler

Reported) Reported) Reported)
Male
Hispanic 5.90 5.58 6.44 0.89 1.28 1.28 4.83 4.49 6.52
Non-Hispanic White 6.16 5.73 6.40 1.06 1.37 1.37 5.07 5.18 8.11
Non-Hispanic Black 7.19 6.41 7.04 1.32 1.70 1.70 6.59 5.22 12.96
Non-Hispanic Asian 4.31 4.10 4.92 1.39 1.30 1.30 9.54 11.98 7.55
Other 7.49 6.96 6.56 1.22 1.44 1.44 6.01 5.83 8.57
Female
Hispanic 7.22 6.93 7.66 0.88 1.33 1.33 4.02 4.22 6.04
Non-Hispanic White 7.59 7.15 7.72 1.20 1.33 1.33 5.19 5.55 6.15
Non-Hispanic Black 8.72 7.95 8.27 0.99 1.16 1.16 4.70 4.81 5.04
Non-Hispanic Asian 4.82 4.49 5.35 1.10 1.86 1.86 4.82 4.93 11.06
Other 8.30 8.00 8.53 1.46 1.34 1.34 7.23 6.74 5.76

Source: USDA Economic Research Service calculations based on 2011-18 National Health and Nutrition Examination Surveys
(NHANES) and the 2012-18 IRl MedProfiler Survey.

Notes: Sample weights and projection factors used in all calculations.
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Figure 2. Relationship between Age and BMI for Adults (Age 16+) by Gender and
Demographic Group

Source: USDA Economic Research Service calculations based on local polynomial smoothing

and the 2011-18 National Health and Nutrition Examination Surveys (NHANES) and the 2012-

18 IRI MedProfiler Survey data.

Notes: Sample weights and projection factors used in all calculations.
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Differences in the BMI distributions between the two datasets vary by age and gender for
the child samples as well. For male and female children, parent-reported median BMI in the IRI
MedProfiler are consistently lower than NHANES starting at age 6 and the 90" percentile is
consistently lower starting at age 9 (table 3). The distribution of parent-reported BMls in the IRI
MedProfiler sample of children is much more skewed to the right with fatter tails compared to
that using NHANES across most of the age-gender groups. Also, the dispersion of the IRI
MedProfiler BMI distribution tends to decline with age.

Like the adult samples, the relationship between age and BMI for children in the self-
reported IRl MedProfiler and measured NHANES (figure 3) are similar. After age 5, BMI
increases with age with non-Hispanic Asian children having the lowest BMI, followed by non-

Hispanic white children.
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Table 3. Comparison of Distributions of Measured and Self-Reported Child BMI by Age
and Gender Across Datasets (kg/m?)

Median 90" Percentile Standard Deviation
("\\Iﬂﬁgmig) MedProfiler ("\\Iﬂﬁgmig) MedProfiler (II\\I/I?QEE; MedProfiler
Male
2 16.7 17.1 18.6 27.1 1.5 1223.3
3 16.2 16.3 18.3 21.9 2.1 6.1
4 15.9 16.2 18.4 21.2 1.8 5.1
5 16.1 15.9 18.6 21.7 2.1 5.7
6 16.0 15.8 19.7 22.6 2.7 5.2
7 16.4 16.1 22.2 22.8 3.2 45
8 16.9 16.8 22.9 24.2 3.6 4.9
9 17.4 17.4 24.4 23.8 3.9 4.7
10 19.0 18.2 26.1 25.0 4.6 4.8
11 19.7 18.8 27.1 25.3 4.9 12.4
12 19.3 19.5 271.7 26.9 4.7 4.9
13 20.6 20.1 30.9 27.4 5.6 4.8
14 21.6 20.5 30.2 28.3 5.4 13.9
15 22.3 21.4 325 29.0 6.1 5.0
Female

2 16.4 16.8 18.2 26.9 1.4 75
3 15.9 16.3 17.9 22.6 1.6 6.4
4 16.1 15.9 18.7 21.7 2.0 4.7
5 15.8 15.9 18.9 21.9 2.1 5.2
6 16.0 15.9 21.0 21.7 3.1 5.1
7 16.4 16.2 21.9 22.6 3.3 4.6
8 17.2 16.8 23.2 24.0 3.8 5.3
9 17.8 17.6 25.0 24.4 4.2 5.1
10 19.1 18.3 25.3 24.7 4.3 4.8
11 19.5 19.1 28.4 26.9 5.1 5.9
12 21.3 19.8 29.5 26.6 55 47
13 20.7 20.6 30.3 28.2 5.4 5.0
14 22.4 21.2 30.1 29.8 5.2 5.6
15 22.6 21.7 32.6 30.9 5.8 5.7

Source: USDA Economic Research Service calculations based on 2011-18 National Health and

Nutrition Examination Surveys (NHANES) and the 2012-18 IRI MedProfiler Survey.

Notes: Sample weights and projection factors used in all calculations.
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Table 3 (Continued). Comparison of Distributions of Measured and Self-Reported Child
BMI by Age and Gender Across Datasets (kg/m?)

Skewness Kurtosis
("\\Iﬂﬁgmig) MedProfiler ("\\Iﬂﬁgmig) MedProfiler
Male
2 1.2 21.7 7.2 473.5
3 3.1 5.6 18.8 59.6
4 1.8 3.6 8.2 24.0
5 1.6 7.6 6.5 147.7
6 2.8 3.0 16.3 19.6
7 1.8 2.2 7.9 13.3
8 15 1.8 6.1 10.3
9 15 1.7 5.7 10.6
10 14 1.6 5.9 1.7
11 1.0 22.2 4.1 619.0
12 1.2 1.2 4.3 5.7
13 1.2 1.2 4.3 5.3
14 1.3 41.7 5.1 1972.1
15 1.2 1.3 4.6 5.7
Female
2 0.8 3.9 4.8 30.7
3 35 7.2 32.3 102.6
4 1.3 3.3 5.4 26.4
5 1.6 4.1 6.1 38.0
6 1.6 2.7 6.3 14.9
7 14 1.8 5.4 8.9
8 1.8 25 8.9 145
9 1.3 2.8 4.8 24.4
10 1.1 1.7 5.2 8.9
11 11 3.6 4.0 30.8
12 1.0 1.3 4.1 6.5
13 14 1.6 5.3 7.4
14 1.2 2.4 4.6 19.3
15 14 1.8 5.3 9.1

Source: USDA Economic Research Service calculations based on 2011-18 National Health and
Nutrition Examination Surveys (NHANES) and the 2012-18 IRI MedProfiler Survey.
Notes: Sample weights and projection factors used in all calculations.
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Figure 3. Relationship between Age and BMI for Children (Age 2-15) by Gender and
Demographic Group
Source: USDA Economic Research Service calculations based on local polynomial smoothing
and the 2011-18 National Health and Nutrition Examination Surveys (NHANES) and the 2012-
18 IRI MedProfiler Survey data.
Notes: Sample weights and projection factors used in all calculations. Two implausible outliers

(BMI>500) were excluded for ease of viewing overall trends.
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Overall, misreporting of height and weight, and hence BMI, seems to be less prevalent in
the adult sample compared to the child sample in the IRl MedProfiler. The BMI distributions for
male non-Hispanic white and black adults and female non-Hispanic white and Asian adults in the
IRI MedProfiler align well with the measured BMI in NHANES in terms of median and 90"
percentiles, skewness and standard deviation. However, the BMI distributions for the other
demographic adults are quite different between the reported and measured IRl MedProfiler and
NHANES, respectively, and kurtosis is larger for all demographic-gender groups as well. The
differences in medians of each age-gender distribution between the measured NHANES and the
parent-reported IR1 MedProfiler are generally less than 1kg/m? with the exception of male
children aged 14 and female children aged 12 and 14. However, the differences in the 90™"
percentiles are quite large. Parents tend to overreport BMI for children 8 years of age or less, and

overreport BMI for children older than 8 years of age.

Methods for Reducing Measurement Bias

Future work will explore methods to remove outliers and adjust BMI to reduce measurement bias
in the self-reported IRI MedProfiler data. First, we will develop criteria for eliminating BMI
outliers for adult and children distributions in the IRl MedProfiler data. Second, we will correct
misreporting of BMI based on self- and parent-reported height and weight using self-reported
and measured BMI in NHANES for adults aged 16 and older. We will remove outliers two ways
to examine how they affect the BMI distributions: (1) based on the interquartile range (IQR-
outlier method) (e.g., Rousseeuw and Croux, 1993), and (2) based on the minimum and
maximum measured BMI values reported in NHANES (NHANES-outlier method) (e.g.,
Freedman et al., 2015). To correct for correct for measurement bias in BMI based on self-

reported height and weight in adults, we plan to follow Courtemanche et al. (2015).
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Courtemanche et al. developed correction method for self-reported weight and height that relies
the percentile rank of reported values in their respective distributions rather than reported values.
Hence, their method is robust to differences across samples in the severity (or type) of
measurement error as long as the rankings of respondents based on reported values resemble the
rankings based on actual measures in both datasets, and both datasets represent the same

population (e.g., nationally representative samples).

Conclusion and Future Research

The IRI MedProfiler survey contains health information for individuals who participate in the
IRI Consumer Network household panel, allowing researchers to link household food purchases
to self-reported height and weight of household members. These data are a promising tool to
study the links between food purchases and health outcomes, but little information was available
about the quality of these self-reported data. This analysis compared BMI from self-reported
height and weight in the MedProfiler data to their measured counterparts in NHANES to assess
the value of these data for food and health policy research. We find that male non-Hispanic white
and black adults and female non-Hispanic white and Asian adults in the IRl MedProfiler align
well with the measured BMI in NHANES, while other groups and children show some
significant differences.

Future work will explore several methods to adjust BMI distributions to reduce the
measurement bias introduced from self-reported data. We will further explore how predicting
adult BMI in the IRl MedProfiler based on measured BMI and percentile rankings of self-
reported BMI in NHANES works in practice. We will use predicted BMI to develop body weight
status categories for the household as the following: (1) normal weight households, (2)

overweight households, and (3) obese households. We will create these categories by defining
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obesity status of the household in four different ways: (a) for all household members, (b) for
adults in the household, (c) for the primary shopper, and (d) for children in the household. Using
fruit and vegetable expenditures as an example, we plan to compare expenditures by body weight

classification in the above four methods.
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