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ABSTRACT

US consumers are increasingly focused on weight management. However, the economic impacts of this on the US food industry are

not well understood. Thus, we estimate the effects of weight loss attempts on the consumption of and expenditures on a collection

of 35 food groups. We obtain weight loss history and food consumption data from the National Health and Nutrition Examination

Survey and Purchase to Plate Suite. Attempting weight loss is an endogenous choice and, as such, we use matching methods to

reduce confounding. Matched samples and weights are used in lower-limit censored outcome models of food consumption and

expenditures. Nationwide weight loss attempts yield increases in daily expenditures on non-citrus fruits, non-starchy vegetables,

and tomatoes of $17.8 million. Daily, national expenditures on processed grain products and soft drinks decrease by $18.8 million

and $7.3 million, respectively. Food manufacturers and retailers can use these results to develop business strategy and mitigate

risks associated with changing consumer behavior related to weight management. These findings can also guide public health and

nutrition policies, directly speaking to how the composition of diets changes as consumers attempt weight loss.

JEL Classification: D12, Q10

1 | Introduction

US citizens are increasingly concerned with weight management.
However, little is known about how this impacts the US food
industry. Fundamental concepts in behavioral economics suggest
contrasting impacts of weight loss on food consumption and
expenditures. Various studies find that food deprivation increases
the absolute or relative reinforcing value of food (Epstein et al.
2003; Raynor and Epstein 2003), or how hard an individual is
willing to work to gain access to food [placed in relative terms
if measured when different types of food or nonfood items are
available] (Epstein and Leddy 2006; Hill et al. 2009). Thus, indi-
viduals who are attempting weight loss may not adhere to their
diet and consume more, potentially unhealthy foods. Conversely,
present bias (i.e., the simultaneity effect) reflects an inclination
to choose a smaller, present reward to a larger, later reward
but to reverse the preference when both rewards are equally
delayed (Chakraborty 2021). Weight loss attempts may serve to
reduce present bias as they represent a conscious and effortful

commitment to longer-term health benefits. That is, relative to
other individuals, those attempting to lose weight may be less
inclined to consume food in the short term to ensure reduced
weight and improved health outcomes in the future. Further, food
products exhibit notable heterogeneity in their caloric densities
and nutrient compositions, which likely influences which foods
are preferred when weight loss is attempted. Collectively, these
concepts motivate the objective of this study, which is to quantify
the impacts of intentional weight loss attempts on both the
consumption of and expenditures on various food groups.

A host of government, industry, and academic sources suggest
that weight management is increasingly important to US citizens.
In 2024, 27 percent of US adults reported that they were seriously
attempting to lose weight, reflecting a seven-percentage point
increase from the prior year (Brenan 2024). Some portion of these
individuals may be electing to lose weight through traditional
strategies, like physical exercise, with the US Bureau of Labor
Statistics (2024) estimating a 1.8 percentage point increase in
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the share of US citizens participating in sports, recreation, or
other exercise from 2019 to 2023 and Planet Fitness [the largest
US gym chain] (2024) reporting a 6.8 percent compound annual
growth rate in memberships over the same period. The growing
rate of US adults who are trying to lose weight may also reflect
the recent adoption of glucagon-like peptide-1 (GLP-1) receptor
agonists, which suppress users’ appetites and result in lower total
caloric intake (Latif et al. 2024; Mayo Clinic 2024). Early public
polling efforts indicate that between three and six percent of US
adults are using the medications (Montero et al. 2024; Witters
and Maese 2024) and that most users have changed the types
of foods that they consume (Roe 2025). Collectively, trends in
US citizens’ focus on weight management may have meaningful
impacts on the effectiveness of public health campaigns and
policies, and on economic outcomes experienced by the nation’s
food producers. These potential impacts are not well understood,
motivating this work.

We fulfill our stated objective using observational data on US
adults’ weight loss history and food consumption from the
National Health and Nutrition Examination Survey (NHANES).
Attempting weight loss is an endogenous choice and, accord-
ingly, we implement matching techniques to balance covariates
between consumer groups that do and do not attempt to lose
weight. We use the matched samples and weights to estimate a
series of lower-limit censored food consumption and expenditure
models. The effects of weight loss attempt on consumption and
expenditures are then estimated using a doubly robust standard-
ization procedure. We find that intentional weight loss yields
an increase in daily consumption of, primarily, single-ingredient
foods such as eggs, non-citrus fruits, non-starchy vegetables, nuts,
poultry, and tomatoes. Conversely, the consumption of dairy,
potatoes, processed grain products, and soft drinks is reduced.
These effects reflect increases in daily, national expenditures
on produce of $17.8 million and reductions in daily, national
expenditures on processed grain products and soft drinks of $18.8
million and $7.3 million, respectively.

Our research contributes to two separate literatures that are
relevant to our understanding of the importance of weight
management in the US food industry. First, we contribute to
the food marketing and industrial organization literature by
providing empirical estimates of the impacts of weight loss
attempts on food purchasing behavior. Our findings are important
in this regard because they improve firms’ ability to develop
marketing and pricing strategies to mitigate the risk of changing
consumer behavior. Second, we expand on public policy literature
on weight loss and food choice by evaluating the impacts of
weight loss attempts across a broader collection of foods that
better reflect the full choice set available to US consumers and
by considering the economic impacts (i.e., expenditures) rather
than just consumption. This contribution is important in that
our results speak to how the composition of diets change as
consumers attempt to lose weight. Further, these results provide
improved understanding on which food groups “win” or “lose”
(in terms of total expenditures) when consumers become more
focused on weight management. That is, we provide insights on
which sectors in the US food industry are likely to benefit from
observed increases in the number of consumers attempting to
lose weight (Brenan 2024) and which sectors are made worse
off.

The remainder of this study is as follows. First, we provide
a brief synthesis of prior research assessing the relationship
between weight loss and food consumption. We then overview
the survey data on weight loss history, food consumption, and
food expenditures that informs our analysis. Following this, we
discuss our empirical approach. Primary results, heterogeneity
assessments, and important considerations are then presented.
We conclude with a discussion on policy implications of this work
and future areas of research related to the topic.

2 | Synthesis of Prior Work

A small body of literature examines the effects of weight concerns
and weight loss intentions on food consumption. Glanz et al.
(1998) assesses the importance of various factors, including
weight control, on dietary choices in a national survey of US
adults. They find that the importance placed on controlling
weight is positively associated with consumption of fruits and
vegetables and negatively associated with consumption of fast
food and cheese. Fan and Jin (2014) additionally use survey-
based data to estimate differences in eating behaviors between
US citizens that vary in their obesity status and in the strength
of their weight loss intentions. They find that overweight and
obese individuals are less likely to meet federally-recommended
fruit consumption levels relative to their normal-weight peers,
and that overweight and Class I and II obese individuals are
less likely to meet recommended vegetable consumption levels.
However, the authors do not quantify the association of weight
loss intention itself with food consumption.

Relative to those studies, our work is more adjacent to prior efforts
estimating the association of actual weight loss attempts with
food consumption. In a cross-sectional analysis of UK adults,
Wardle et al. (2000) find that those who are trying to lose
weight are more likely to report restricting their consumption of
fats and sugars than those who are not, but that no difference
exists in consumption of fruits or vegetables. Likewise using
cross-sectional analysis of survey responses, Bleich and Wolfson
(2014) quantify the association of attempting to lose weight with
consumption of sugar-sweetened beverages and snacks among
US adults. The authors find that adults trying to lose weight
consume 50, 25, and 30 calories less per day from sugar-sweetened
beverages, salty snacks, and sweet snacks, respectively, relative
to adults not trying to lose weight. Importantly, these efforts
focus on a limited group of food products that can generally be
classified as “healthy” (i.e., fruits and vegetables) or “unhealthy”
(e.g., sweet snacks). Further, this prior work does not consider
the economic impacts of weight loss attempts, focusing solely
on food consumption rather than expenditures, and does not
consider that underlying, secondary characteristics of consumers
(e.g., sex, age, income) may drive purchasing decisions rather
than attempting weight loss.

3 | Materials and Methods
3.1 | Data

We use data from the 2011-2012 through 2017-2018 cycles of
NHANES, which includes 70,190 participants in total. NHANES
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is a nationally-representative survey that is designed to provide
information on the health and nutritional status of the civilian,
non-institutionalized US population (Chen et al. 2020) and is
conducted by the National Center for Health Statistics (NCHS)
branch of the Centers for Disease Control and Prevention.
NHANES data takes a pooled cross-sectional structure, with a
different subset of the US population surveyed in each 2-year
cycle. As part of the NHANES project, a 24-h dietary recall
is obtained during participants’ visits to a mobile examination
center (MEC) with a second 24-h dietary recall obtained for most
participants via telephone within 3-10 days following the MEC
examination (Zipf et al. 2013). Additionally, sociodemographic
characteristics and participants’ history of attempted weight loss
are obtained during in-home interviews.

During the MEC examination, NHANES participants are
prompted to recall, at the product level, (i) all foods and
beverages they consumed the prior day (i.e., midnight to
midnight), (ii) at what time of day the food or beverage was
consumed, (iii) the name of the eating occasion (i.e., breakfast,
lunch, dinner, etc.), and (iv) where the food or beverage was
obtained and whether it was consumed at home or away from
home (National Center for Health Statistics 2024a). Additionally,
participants provide an estimate of the volume of consumption
for each food or beverage using a standard set of measuring
guides provided by survey administrators (Centers for Disease
Control and Prevention 2024b). Since 2001, food and beverage
consumption reported in the dietary component of the NHANES
survey project has been categorized into distinct food product
codes according to the USDA’s Food and Nutrient Database for
Dietary Studies [FNDDS] (Ahluwalia et al. 2016). Further details
on data collection methods are readily available in prior reports
(Ahluwalia et al. 2016; Dwyer et al. 2003; Food Surveys Research
Group 2024; National Center for Health Statistics 2024a).
Importantly, Ahluwalia et al. (2016) and Dwyer et al. (2003)
provide overviews of the limitations of NHANES dietary data,
along with other analytical considerations. These limitations
include the potential underreporting of total caloric intake
among certain participant groups and large intraindividual
day-to-day variations in dietary intake that make individual-
level analysis inappropriate. However, large sample sizes, high
response rates, and the 24-h recall (requiring short-term memory,
rather than long-term memory) are noted as strengths that
make the NHANES data useful in capturing mean effects and
informing policy at the population level.

For statistical analyses, we aggregate participants’ reported first-
day dietary intakes to the food subgroups defined in the FNDDS
(Food Surveys Research Group 2024; Love et al. 2020; Mishra
et al. 2017; Pikosky et al. 2022; Willits-Smith et al. 2023). We
then present results for food subgroups that are reported suffi-
ciently frequently to allow for estimable regression models and
trustworthy parameter estimates. Importantly, the “Nonalcoholic
beverages” subgroup consists of a host of products that vary
widely in their characteristics (e.g., caffeination, carbonation,
sugar content, etc.), which yields nonsensical statistical estimates
in our weight loss-focused application. As such, we assess
consumption and expenditures only for products in this subgroup
that are defined as “soft drinks” (i.e., soda, pop) and are not
the diet, or sugar-free versions. Appendix Table Al provides an

overview of the 2017-2018 FNDDS food code, which includes nine
major food groups and their subgroups.

Prices for NHANES-reported foods are obtained from the USDA
Economic Research Service’s (ERS) Purchase to Plate National
Average Prices dataset (2024). Detailed documentation of the
Purchase to Plate project is available in prior reports (Carlson
et al. 2019, 2020, 2022). Briefly, universal product codes (UPCs)
found in (now Circana) Information Resources, Inc.’s (IRI) retail
grocery scanner data are mapped to FNDDS food codes found
in the NHANES dietary data using a combination of semantic,
probabilistic, and manual matching. The researchers’ matching
process requires that (i) 95 percent of IRI-recorded food sales must
be matched to an FNDDS food code and (ii) the error rate must be
less than five percent for any IRI product category (Carlson et al.
2022). After matching, various conversion factors (documented
elsewhere) are applied to account for differences in IRI and
FNDDS data (i.e., purchase volumes vs. consumption volumes,
foods prepared with recipes and multiple ingredients). The total
edible weight sold of an FNDDS food is then the summation
of edible weights sold across all UPCs that are matched to the
FNDDS food (Carlson et al. 2020). The price per edible kilogram
of the FNDDS food is then the total sales of the same UPCs divided
by the total edible weight sold. These prices reflect national
averages observed during the specific NHANES cycle and are
not adjusted for seasonality. We multiply these product prices
by the reported intake of each food item to determine NHANES
participants’ expenditures. Expenditures are then aggregated to
the FNDDS food subgroups (Appendix Table Al).

Beyond the dietary recall, NHANES participants complete an in-
home questionnaire, which asks “During the past 12 months, have
you tried to lose weight?” (National Center for Health Statistics
2024a). Pursuant to our stated objective, we leverage this question
to quantify the impacts of intentional weight loss attempts on food
consumption and expenditures. Further, NHANES participants
are prompted to indicate which weight loss strategies were imple-
mented [e.g., switched to lower-calorie foods, exercised, skipped
meals, etc.] and are able to report multiple strategies. Many of
these strategies are reported infrequently (e.g., taking weight
loss medications) or are otherwise reported simultaneously with
other strategies, precluding estimation of their impact on food
consumption and spending behavior. Thus, this study focuses on
weight loss attempts in general.

The analytical sample is restricted to participants aged 18 years
and older with complete information for key sociodemographic
characteristics and weight loss history, and who provide a reliable
dietary recall (i.e., all prior-day foods are listed [midnight to mid-
night], the time and eating occasion are provided, and a detailed
description of the food and amount eaten is provided). This leaves
16,665 participants for further analysis. The food consumption
and expenditures of the usable sample are described in Table 1,
distinguishing between participants who attempted to lose weight
in the prior year and those who did not. Appendix Table A2
provides further reporting of the sample’s sociodemographic
characteristics.

Briefly, 38 percent of our sample indicated that they attempted
weight loss in the prior 12 months. These individuals consume
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TABLE 1 | Descriptive statistics of consumption and expenditures.

Consumption (g/day) Expenditure ($/day)
Did not attempt weight Attempted weight loss Did not attempt weight Attempted weight loss
loss loss
Food group n =10,305 n = 6360 n =10,305 n = 6360
Dry beans, peas, other legumes, nuts, and seeds
Legumes 26.10 (90.40) 23.90 (79.00) 0.11 (0.61) 0.10 (0.39)
Nuts, nut butters, nut 10.10 (41.00) 11.70 (47.10)* 0.10 (0.39) 0.13 (0.45)*
mixtures
Eggs
Eggs 8.87 (28.20) 8.79 (27.80) 0.04 (0.16) 0.04 (0.17)
Egg mixtures 19.00 (57.10) 19.80 (58.30) 0.10 (0.38) 0.10 (0.40)
Fats, oils, and salad dressings
Fats 2.53 (8.44) 2.14 (7.38)* 0.02 (0.07) 0.02 (0.07)*
Salad dressings 6.95 (21.00) 8.12 (21.50)* 0.04 (0.12) 0.04 (0.13)*
Fruits
Citrus fruits, juices 47.50 (144.00) 44.00 (128.00) 0.10 (0.29) 0.10 (0.28)
Fruit juices (excluding 30.40 (131.00) 27.50 (117.00) 0.06 (0.31) 0.06 (0.32)
citrus)
Other fruits 73.10 (132.00) 83.10 (152.00)* 0.30 (0.59) 0.36 (0.71)*
Grain products
Cakes, cookies, pies, others 35.80 (73.20) 32.40 (69.90)* 0.31(0.67) 0.29 (0.66)
Cereals (not cooked) 10.10 (27.20) 8.41 (23.00)* 0.06 (0.18) 0.05(0.15)*
Crackers, snack products 12.00 (29.30) 12.30 (26.80) 0.11 (0.26) 0.11 (0.26)
Grain mixtures, frozen 171.00 (267.00) 162.00 (246.00)* 0.96 (1.88) 0.95 (1.80)
meals, soups
Pancakes, waffles, others 5.90 (33.50) 4.96 (25.50)* 0.03(0.18) 0.03 (0.15)
Pastas, rice, cooked cereals 61.10 (136.00) 52.10 (117.00)* 0.10 (0.53) 0.10 (0.40)
Quick breads 15.00 (47.40) 14.00 (43.30) 0.08 (0.30) 0.08 (0.29)
Yeast breads, rolls 46.00 (62.20) 41.60 (57.50)* 0.25 (0.38) 0.23 (0.37)*
Milk and milk products
Cheeses 14.80 (35.50) 15.20 (35.70) 0.14 (0.33) 0.15 (0.34)
Creams, substitutes 7.73 (25.40) 8.86 (26.90)* 0.03(0.12) 0.04 (0.12)*
Milk desserts, sauces 21.20 (64.30) 17.00 (56.10)* 0.09 (0.33) 0.08 (0.30)*
Milks, milk drinks, yogurts 147.00 (263.00) 125.00 (217.00)* 0.25 (0.59) 0.25(0.59)
Meat, poultry, fish, and mixtures
Beef 18.70 (60.00) 16.20 (50.20)* 0.30 (1.11) 0.27 (0.95)
Fish, shellfish 18.70 (75.50) 18.30 (72.10) 0.25(1.43) 0.26 (1.74)
Frozen meals, soups 25.00 (118.00) 22.20 (106.00) 0.10 (0.55) 0.09 (0.51)
Meat, poultry, fish mixtures 96.10 (177.00) 86.80 (160.00)* 0.73 (1.62) 0.70 (1.52)
Frankfurters, sausages, 16.70 (43.20) 16.50 (42.30) 0.18 (0.50) 0.17 (0.49)
lunchmeats
(Continues)
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TABLE 1 | (Continued)

Meat, poultry, fish, and mixtures

Pork 11.50 (39.80) 8.79 (33.90)* 0.15 (0.52) 0.12 (0.45)*

Poultry 37.80 (85.10) 37.00 (78.40) 0.36 (1.02) 0.36 (0.88)
Sugars, sweets, and beverages

Soft drinks (non-diet) 223.00 (442.00) 153.00 (359.00)* 0.20 (0.39) 0.14 (0.32)*

Sugars, sweets 19.00 (44.00) 16.80 (38.50)* 0.13(0.32) 0.12 (0.29)
Vegetables

Dark-green vegetables 11.90 (49.10) 14.30 (56.60)* 0.06 (0.28) 0.08 (0.34)*

Orange vegetables 7.70 (37.30) 8.42 (39.80) 0.02 (0.13) 0.03 (0.15)

Other vegetables 62.80 (124.00) 67.40 (136.00)* 0.29 (0.68) 0.33 (0.70)*

Tomatoes, mixtures 23.70 (63.70) 27.00 (71.00)* 0.10 (0.25) 0.12 (0.30)*

Potatoes, starchy vegetables 49.40 (97.70) 44.40 (87.90)* 0.20 (0.40) 0.19 (0.37)*

Note: Values in parentheses are standard deviations. Asterisks (*) indicate estimates that are statistically different at the five percent level or lower between the

two groups.

“Other fruits” (e.g., non-citrus fruits like apples) and most veg-
etables (except for potatoes and starchy vegetables) at a relatively
higher volume than individuals who did not attempt weight
loss. Conversely, they consume most grain products, sugars and
sweets, soft drinks, milk and yogurt, and milk-based desserts
at relatively lower volumes. Additionally, beef, pork, and meat-
based food mixtures (i.e., combination food items with meat as
the primary ingredient) are consumed at comparatively lower
volumes by the intentional weight loss group, but other meats
are consumed at around the same volume. These differences are
visualized further in Figure 1 as “percentage changes,” where we
take the average consumption of those who attempted weight loss
in the prior 12 months less those who did not, divide by the latter,
and multiply by 100. Last, expenditure differences between the
two groups are similar to consumption differences in terms of
direction. However, these are not always statistically different at
the five percent level. This suggests that food expenditures may
not move in the same direction as consumption when weight
loss is attempted if the per-unit monetary value of foods pur-
chased also changes. Alternatively, the typically higher annual
household incomes among individuals who attempt weight loss
(see Appendix Table A2) may be driving discrepancies between
consumption and expenditures, reflecting a clear endogeneity
issue that we address in our empirical strategy.

It should be noted that nonconsumption and associated zero
expenditures occur for certain food groups and individuals.
Appendix Table A3 depicts nonconsumption rates by weight loss
history. Briefly, individuals who attempted weight loss in the prior
12 months report nonconsumption of “other vegetables” (e.g.,
cucumbers, lettuce, onions) at a rate 3.7 percentage points lower
than individuals who did not attempt weight loss. Conversely,
they report nonconsumption of soft drinks at a rate 7.5 percentage
points higher. The nonconsumption rates between consumer
groups are within 3 percentage points of each other for all other
food groups. Additionally, the highest rate of nonconsumption for
both consumer groups occurs for “Pancakes, waffles, others” at 95

percent of individuals. Though this is a large share of our sample,
there are still over 800 individuals reporting some positive level
of consumption in this most extreme case. However, the censored
nature of the NHANES dietary recall data requires consideration
in our empirical approach.

3.2 | Conceptual Model

Food consumption can be described in reduced form as:

K
Cj = ocjc. + ijreatment,- + Z ﬁjc.kXi + Eji Vj=1.35 (1)
k=1

where j indexes food groups; i indexes individuals; Treatment;
is a treatment indicator that is equal to one when an individual
reports having attempted to lose weight in the prior 12 months and
is equal to zero otherwise; X; is a vector of controls for consumer
characteristics; sj.'l. is a random error term; and ozj.', yj.', and Bjik are
parameters to be estimated. Food expenditures M j; are described
similarly by:

K
M = oc;” + y;"Treatmenti + Z 6ﬂXi + s;’l.‘ Vj=1..35 (2)
k=1

Importantly, there is no mechanism by which prior-day food
consumption and expenditures influence a decision made to lose
weight in the prior 12 months (unless, of course, that decision
happened to be made during the prior day). As such, there is no
concern over potential simultaneity in these proposed reduced
form models.

3.3 | Reducing Confounding

Attempting to lose weight is an endogenous choice made by a
group of individuals that are already likely to exhibit different
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Dark-green vegetables
Salad dressings
Nuts, butters, mixtures
Creams, substitutes
Tomatoes, mixtures
Other fruits
Orange vegetables
Other vegetables
Egg mixtures
Cheeses
Crackers, snack products
Eggs
Frankfurters, sausages, lunchmeats
Fish, shellfish
Poultry
Grain mixtures, frozen meals, soup
Quick breads
Citrus fruits, juices
Legumes
Cakes, cookies, pies, others
Fruit juices (excluding citrus)
Meat, poultry, fish mixtures
Yeast breads, rolls
Potatoes, starchy vegetables
Frozen meals, soups
Sugars, sweets
Beef
Milks, milk drinks, yogurts
Pastas, rice, cooked cereals
Fats
Pancakes, waffles, others
Cereals (not cooked)
Milk desserts, sauces

Pork .

Soft drinks (non-diet)

-10 0 10 20

Percentage Change (%)

FIGURE 1 | Food consumption differences—did not attempt weight loss versus attempted weight loss. Percentage changes are calculated by taking

the average consumption of individuals who attempted weight loss in the prior 12 months less the consumption of individuals who did not, dividing by

the latter, and multiplying by 100.

food purchasing behavior. From reporting of NHANES partic-
ipants’ characteristics by weight loss history (Appendix Table
A2), certain sociodemographic groups more frequently attempt
to lose weight than others (i.e., females, younger individuals,
non-Hispanic white individuals, higher earners, etc.). Prior work
using similar data notes that US consumption patterns vary by
sex, race, and other factors (Wang et al. 2010; Zeng et al. 2019). As
such, estimates of the impact of weight loss attempts on consumer
behavior may be driven in part by differences in consumers
characteristics rather than by intentional weight loss itself.

Accordingly, we take a selection on observables approach to
account for these confounding influences of consumer charac-
teristics. Selection on observables assumes that, after controlling
for all observable confounders (e.g., sex, income, etc.), the
decision to attempt weight loss is as good as randomly assigned.
Formally, this is accomplished by using coarsened exact matching
[CEM] (Iacus et al. 2011) to balance characteristics between
individuals who attempted weight loss in the prior 12 months
and those who did not, which eliminates the confounding
influence of observed, secondary consumer characteristics that
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drive both the choice to lose weight and choices made in
food markets.

Exact matching, which is a more stringent version of CEM, serves
to replicate a randomized experiment where treated and control
subgroups are randomly different on all covariates (Cochran 1968;
Tacus et al. 2011; Stuart 2010). However, disadvantages of exact
matching include the loss of many observations when data are
high dimensional and matches cannot be made and, commonly,
the inability of researchers to observe all potentially confounding
characteristics of consumers. Although no matching method
can alleviate the latter limitation, CEM reduces the loss of
observations by simply matching on a broader range of measured
covariates (e.g., matching on categorical rather than continuous
income). The procedure entails placing treated and control units
into stratums such that all units in a stratum are perfectly
identical across all measured, but coarsened, covariates (Iacus
et al. 2011; Vass et al. 2022). Thus, characteristics are perfectly
balanced both within a stratum and on average between the
treated and control subgroups. No assumptions on functional
form are required to eliminate confounding due to these mea-
sured covariates. We prefer this approach to others, such as
propensity score matching, that require the proper estimation of
a first-stage distance measure and often other adjustments in the
matching process to avoid poor matches (Stuart 2010).

In our use of CEM, the treatment variable is an NHANES par-
ticipant having attempted to lose weight in the prior 12 months,
while the matching variables are participants’ survey cycle, sex,
age, race, educational attainment, and annual household income.
Participants’ body mass index (BMI) category and physical
exercise behavior are not included in the matching process as
these characteristics are necessarily (or likely) impacted by the
treatment, creating selection bias comparable in size to bias from
classical confounding if included (Greenland 2003; Stuart 2010).

After matching (i.e., after stratum assignment), stratum propen-
sity scores (SP) are calculated as the proportion of participants in
each stratum that are treated. All participants in a stratum then
receive the same SP. Treated participants are assigned a matching
weight of one (i.e., they are left unweighted), while control
participants are assigned a weight of SP/(1-SP). This ensures
that the weighted average of measured covariates are balanced
between each subgroup (Austin and Stuart 2015; Stuart 2010; Vass
et al. 2022). Matching weights are then multiplied by NHANES
dietary day one sample weights, adjusted according to NCHS
(National Center for Health Statistics 2024b) suggested methods
to account for the combination of four NHANES survey cycles
(2011-2012 to 2017-2018). This final set of matching weights,
normalized to mean of one, provides generalizable estimates
and is used in the outcome and effect estimations discussed in
the ensuing subsections. Matching and weight calculations are
conducted using the MatchIt package (Ho et al. 2024) in R version
44.1.

3.4 | Outcome Estimation
We estimate consumption and expenditure outcomes using raw

dietary intakes (i.e., NHANES-reported intakes), rather than
usual dietary intakes (i.e., the long-term average daily intake of

an individual). For episodically consumed foods like “Pancakes,
waffles, others”, using raw dietary intakes does not consider
measurement error inherent in the food consumption recall
and can reflect an overestimate of the true number of non-
consumers (Bina and Tonsor 2024). Various research efforts using
NHANES dietary data implement the National Cancer Institute
(NCI) method to calculate usual intakes (Morris and Jacques 2013;
O’Connor et al. 2022; Pasiakos et al. 2015). Following Bina and
Tonsor (2024), we elect to use raw dietary intakes in our analysis
as the NCI method does not allow for nonconsumption (i.e., it
does not allow for predicted usual intakes of zero)—which may
be “true” for some individuals and food groups—and because
mismeasured dietary intakes (i.e., the outcome variable) will not
bias parameter estimates if the measurement error is random and
independent of the regressors (Wooldridge 2010, pp. 76-78).

To correct for censored values, food consumption and expendi-
tures described by Equations (1) and (2) are formally estimated
using a censored regression approach where the log-likelihood
function of the lower-limit censored model (censored at zero
grams or zero dollars) is:

= Z k()

ie(y;i>0)

0-XB\] .
+ Z 1n[¢>< = )] Vj=1..35 (3)
ie(;i=0)

and where y;; is individual i’s consumption of or expenditures
on the 35 evaluated food groups. The vector of controls X;
includes the participant characteristics used in the matching
process (denoted in Table A2) along with the treatment indicator
(Treatment;), BMI category, and physical exercise behavior.! This
specification reflects a Type I Tobit model (Tobin 1958). Equa-
tion (3) is estimated separately for each food group j, outcome of
interest (i.e., consumption and expenditure), and sample (i.e., full
sample, matched samples) via maximum likelihood and using the
QLIM procedure in SAS 9.4. Weights obtained from the CEM pro-
cedure are incorporated into subsequent outcome estimations,
but the full sample outcome estimations are left unweighted (thus
reflecting associations and not treatment effects).

Expected values and marginal effects for the Type I Tobit
model are described succinctly by McDonald and Moffitt (1980)
and Wooldridge (2010, pp. 671-676). We focus on the uncondi-
tional expected values of the dependent variable (censored and
uncensored), which reduce to:

zow-o () xpres (TF) @

o2

where the marginal effect of a discrete regressor is simply the
difference in E(y|X) when the regressor is equal to zero and when
it is equal to one.

3.5 | Effect Estimation

Following the weighted estimation of Equation (3), we implement
a doubly robust standardization procedure (Chatton and Rohrer
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2024; Funk et al. 2011; Snowden et al. 2011; Vansteelandt and
Keiding 2011). First, we predict unconditional expected values for
every participant in the treated sample assuming that they are
treated (i.e., Treatment; = 1). Second, we predict unconditional
expected values for every participant in the treated sample
assuming that they are untreated (i.e., Treatment; = 0). Third, we
compute the average of each estimated potential outcome across
the entire treated sample, resulting in two average estimated
potential outcomes. Finally, we take the difference between the
averages.

In causal inference efforts, this procedure yields a doubly robust
estimate of the average treatment effect on the treated (ATT)
if either the matching procedure sufficiently reduces imbal-
ance in the covariates between control and treated groups or
the outcome model is correctly specified (Chatton and Rohrer
2024; Funk et al. 2011). In our application, we recognize the
limitation of the selection on observables approach and the pos-
sibility of unmeasured confounders. Thus, the effects of weight
loss attempts presented in this work may not reflect “causal”
impacts on consumer behavior in US food markets. Rather, these
effects account for some, but not all, of the variation in charac-
teristics between consumer groups and are compared to simple
associations (i.e., traditionally-estimated unconditional marginal
effects at the means).

Krinsky and Robb (1986) confidence intervals are constructed to
assess certainty in the outcome and effect estimations. Briefly,
this involves resampling from the original censored regression
parameter estimates using a multivariate normal distribution
parameterized by the original estimates (i.e., the means) and
covariance matrix (i.e., the variance). For each draw, marginal
effects and treatment effects are calculated, thus creating an
empirical distribution for each measure of interest. We use 1000
draws in our resampling procedure.

3.6 | Heterogeneity Assessments

It should be considered that consumers may display funda-
mentally different consumption patterns between food outlets.
Todd et al. (2010) note that food-away-from-home (FAFH) din-
ing increases caloric intake and reduces diet quality. In our
application, this may meaningfully alter how our sample makes
dietary choices. Accordingly, we utilize NHANES reporting of
food sources to determine how intentional weight loss affects
consumption and expenditures in both food at home (FAH) and
FAFH. Specifically, we define FAH as food sourced from a grocery
store, supermarket, or caught/grown at home and FAFH as food
sourced from a restaurant, bar, vending machine, sporting event,
street vendor, or convenience store (National Center for Health
Statistics 2024a). All analyses discussed above are then conducted
separately for FAH and FAFH dietary reporting.

Additionally, we are unable to determine if NHANES participants
were actively attempting to lose weight during their dietary
recall period. Thus, estimated treatment effects will encompass
both short-run dietary changes resulting from current weight
loss attempts and/or longer-run dietary changes resulting from
weight loss attempts occurring any time in the prior 12 months,
but not necessarily ongoing. Though we cannot truly ascertain

short- versus long-run impacts of intentional weight loss, we
provide a comparison between subgroups of consumers that
likely have different prevalence of attempting weight loss during
their MEC exam. Specifically, we distinguish between NHANES
participants who are categorized as under- or normal weight
[BMI less than 25.0 kg/m?] and those that are categorized as
overweight or obese [BMI greater than or equal to 25.0 kg/m?]
(Centers for Disease Control and Prevention 2024a). We then con-
duct all aforementioned statistical analyses (i.e., CEM, outcome
estimation, effect estimation) separately across the two groups.
Our argument here is that participants who attempted weight loss
and are still overweight or obese are more likely to still be in a
weight loss stage during their dietary recall relative to participants
who attempted weight loss and are under- or normal weight (thus
suggesting a successful, completed weight loss period).

4 | Results

Interpretation of parameter estimates of covariates in the out-
come model is often done misleadingly, creating confusion
between direct effects with total effects (Westreich and Greenland
2013). In addition, our chosen outcome models are lower-limit
censored models (i.e., Type I Tobit) and the parameter estimates
represent marginal effects on the latent outcomes. These are of
little value. As such, we report and discuss only (i) “traditional”
marginal effects of intentional weight loss attempts on uncon-
ditional expected values and (ii) treatment effects of intentional
weight loss attempts on unconditional expect values (i.e., effects
derived using matching and doubly robust standardization).

4.1 | Consumption Effect Estimates

Table 2 depicts the marginal effects and treatment effects of prior-
year weight loss attempts on the unconditional expected values of
consumption for each of the 35 evaluated food groups. The effects
on conditional expected values are similarly reported in Appendix
Table A4.

From column 3 (“Full”), prior-year weight loss attempts have
a positive and statistically significant effect on daily consump-
tion of nuts and nut butters; eggs; egg mixtures (i.e., mixture
products whose primary ingredient is eggs; e.g., egg omelet);
salad dressings; “other fruits” (i.e., non-citrus fruit; e.g., bananas,
apples, strawberries); creams and cream substitutes; frankfurters,
sausages, and lunchmeat; poultry; dark-green vegetables; orange
vegetables; “other vegetables” (e.g., lettuce, onions, cucumbers);
and tomatoes. Though these treatment effects appear small in
magnitude from Table 2 reporting, they range from 9.8 percent
(egg mixtures) to 37.8 percent (nuts and nut butters) over the
average consumption of individuals who did not attempt weight
loss in the prior 12 months. Importantly, most of these food groups
are “single-ingredient” or minimally processed. The notable, and
surprising, example is frankfurters, sausages, and lunchmeat,
which are generally not viewed as healthful foods. We have no
definitive explanation for this result but do note that the nutrition
literature has found high-protein diets to provide several potential
benefits during weight loss, including increased feelings of satiety
and elevated muscle mass retention (Halton and Hu 2004; Leidy
et al. 2015; Paddon-Jones et al. 2008), which may make these
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TABLE 2 | Effects of prior-year weight loss attempts on unconditional expected food consumption.

Average treatment effect on the treated (g/day)

Food group Marginal effects Full? FAH FAFH BMI < 25.0 BMI > 25.0
(g/day)
Dry beans, peas, other legumes, nuts, and seeds
Legumes 0.82 1.35 1.89 —0.06 3.05 1.37
Nuts, nut butters, nut mixtures 3.02* 3.82* 3.68* 0.27 8.24* 2.66*
Eggs
Eggs 0.48 0.98* 0.89* -0.25 -0.67 0.89
Egg mixtures 1.18 1.87* 0.61 2.27* 3.67 2.16*
Fats, oils, and salad dressings
Fats -0.17 —0.23* —-0.18 —0.03 0.81* —0.48*
Salad dressings 0.84* 1.26* 0.57* 0.86* 2.94* 0.70
Fruits
Citrus fruits, juices -2.33 —-2.77 -3.23 0.38 5.03 —5.09*
Fruit juices (excluding citrus) —3.52 -2.32 -1.29 -131 2.61 —5.57*
Other fruits 7.41* 9.40* 6.50* 2.39% 16.64* 8.41*
Grain products
Cakes, cookies, pies, others —2.73* —3.18* —2.70* 0.57 —9.28* —3.00*
Cereals (not cooked) —-1.51* —1.94* -2.07* 0.03 -3.07* —-1.89*
Crackers, snack products 0.31 0.37 0.48 —0.65 1.32 0.13
Grain mixtures, frozen meals, soup —8.02* -10.97* —7.12* —8.29*% —31.55* —6.45
Pancakes, waffles, others —1.47* —2.03* —1.64* 0.03 —2.44* —2.22%
Pastas, rice, cooked cereals —-0.99 -1.17 -1.06 1.28 —-6.03 -0.10
Quick breads -0.41 —-0.02 -0.27 0.05 1.25 -0.70
Yeast breads, rolls —2.15*% —2.49% —2.83* 0.30 —3.53 -2.30
Milk and milk products
Cheeses —1.57* —1.90* -1.91* —0.55 —-0.56 —2.53*
Creams, substitutes 0.94* 0.94* 0.10 0.72* 0.44 1.10*
Milk desserts, sauces —2.74* —3.32% —4.48* 1.74* —5.64* —2.36*
Milks, milk drinks, yogurts —11.46* —11.95* —9.32* —2.50 —29.92* —6.49
Meat, poultry, fish, and mixtures
Beef -0.55 —-0.99 -0.15 -1.18 —2.08 —1.28
Fish, shellfish -0.75 -0.71 0.92 —2.05* —0.96 -0.79
Frozen meals, soups 2.03 2.26 0.22 1.99* 12.75* -0.73
Meat, poultry, fish mixtures —5.56* —5.22% —2.68 1.07 —5.77 -5.19
Frankfurters, sausages, lunchmeats 2.05* 2.29* 1.42* 0.81 0.59 2.96*
Pork -0.23 -0.13 0.41 -0.72* 0.47 —0.68
Poultry 2.63 4.13* 1.44 3.26* 9.91* 2.50
(Continues)
Agricultural Economics, 2026 90f16

35UBD17 SUOLULLIOD dANERID 3|ed ! (dde 3y} Aq peueAoB 8.2 S3o1Le YO B8N JO SBIN1 10} AReIq1T BUIIUO AB]IA UO (SUOIPUOD-PUE-SWLB)LLIY" 3| 1M Afeq)1 U1 |UO//SANY) SUORIPUOD PUe SWiS | 3Y) 89S *[9202/60/0€] U0 ARiq1Tauljuo AB(IM * Sa1keiqi] AISAIN Yoo L sexal - ppred (omlln Aq 22002 90Be/TTTT0T/I0p/L0d A 1M Afeiq1ui|uo// ANy Woij papeojumod ‘T ‘9202 ‘2980v.ST



TABLE 2 | (Continued)

Sugars, sweets, and beverages

Soft drinks (non-diet) —60.43* —62.20* —40.57* —34.54* —29.24* —74.29%
Sugars, sweets —0.68 —0.61 -0.15 —-0.51 0.83 —1.05
Vegetables
Dark-green vegetables 3.90* 3.95* 3.44* 0.71 6.73* 3.55%
Orange vegetables 0.94* 1.29* 0.17 0.57* 0.93 1.32*
Other vegetables 8.15* 9.66* 9.06* 0.42 20.19* 6.45*
Tomatoes, mixtures 2.64* 3.72% 2.25* 2.31* 7.65* 2.57*
Potatoes, starchy vegetables —3.99* —5.40* —3.75* -1.99 —7.22% —4.64*

2Data are: Full = the matched sample obtained from applying coarsened exact matching to the full usable sample; FAH = the usable sample is restricted to FAH
consumption prior to matching; FAFH = the usable sample is restricted to FAFH consumption prior to matching; BMI < 25.0 = the usable sample is restricted to
individuals whose BMI is less than 25.0 kg/m? prior to matching; BMI > 25.0 = the usable sample is restricted to individuals whose BMI is greater than or equal
to 25.0 kg/m? prior to matching. Asterisks (*) denote estimates that are statistically significant at the five percent level or lower.

products more attractive to individuals who are attempting to lose
weight.

To place these results in a national context, the average US
population from 2011 to 2018 was 319,459,812 people (Federal
Reserve Bank of St. Louis 2024). Using NHANES-reported weight
loss history and weighting responses by dietary day one sample
weights (National Center for Health Statistics 2024b), 129,357,296
US citizens (roughly 40.5 percent of the entire population)
attempted to lose weight each year, on average. Extrapolating to
the national level, our estimates indicate that intentional weight
loss attempts yield increases in daily, national consumption of;
nuts and nut butters of 1.1 million pounds (494 million grams);
eggs of 0.3 million pounds; other fruits of 2.7 million pounds;
frankfurters, sausages, and lunchmeats of 0.7 million pounds;
poultry of 1.2 million pounds; and vegetables and tomatoes of 5.3
million pounds.

Column 3 of Table 2 (“Full”) further shows that prior-year weight
loss attempts have negative and statistically significant effects on
daily consumption of fats (e.g., butter, margarine); cakes, cookies,
pies, and other baked goods; cereals (i.e., breakfast cereals); grain
mixtures, frozen meals, and soup (i.e., mixture products whose
primary ingredient is grain; e.g., macaroni with cheese, spaghetti
with tomato sauce); pancakes, waffles, and other grain-based
breakfast products; yeast breads and rolls; cheeses; milk-based
desserts (e.g., ice cream); milk and yogurt; meat, poultry, and
fish mixtures (i.e., mixture products whose primary ingredient
is meat; e.g., meat loaf, tuna salad); soft drinks; and potatoes.
These effects reflect reductions in consumption ranging from 5.4
percent (yeast breads and rolls) to 34.4 percent (pancakes, waffles,
and other grain-based breakfast products) below the average
levels reported by individuals who did not attempt weight loss
in the prior 12 months. Further, and in contrast to the positive
treatment effects discussed above, negative effects are generally
observed for products that are highly processed, such as baked
goods and soft drinks. However, dairy products and carbohydrate-
dense potatoes are also impacted by weight loss efforts. Given
the processed nature of many of these products, it is difficult to
quantify volume impacts at a national level. We note, though, that
these results reflect a reduction in daily, national consumption

of potatoes and starchy vegetables of 1.5 million pounds. Further,
the —62.2 gram per day (g/day) impact on soft drink consumption
represents a 27.9 percent reduction from the average consumption
of individuals who did not attempt to lose weight.

Now considering potential consumption differences between
FAH and FAFH (columns 4 and 5 of Table 2), treatment effects
are positive and statistically significant in both outlets for salad
dressings, other fruits, and tomatoes. Conversely, they are nega-
tive and statistically significant in both outlets for grain mixtures,
frozen meals, and soup; and soft drinks. Like the primary results,
FAH consumption of many grain products is negatively impacted
by prior-year weight loss attempts; however, FAFH consumption
is generally not. These disparities between outlets extend to
vegetable products, with weight loss attempts having positive
impacts on FAH dark-green and other vegetable consumption
and negative impacts on FAH potato consumption, while having
positive impacts on FAFH orange vegetable consumption. Mean-
while, in the broader meat category, treatment effects are positive
for FAH frankfurters, sausages, and lunchmeats; are positive
for FAFH “frozen meals, soups” (i.e., those with meat as the
primary ingredient) and poultry; and are negative for FAFH fish
and pork. Further differences are observed in the milk product
category with negative effects observed for FAH cheeses and milk
and yogurt, and positive effects observed for FAFH creams and
cream substitutes. Interestingly, treatment effects on milk-based
desserts have opposite signs between outlets (negative for FAH
and positive for FAFH) that are both statistically significant. In
all, these results highlight that consumers’ decisions to attempt
weight loss affect food groups differently due to either (i) broader
changes in where food is being consumed, (ii) perceptions on
the differences in how foods are prepared between outlets and
their associated caloric content (e.g., oven-baked French fries at
home vs. deep-fried French fries away from home), or (iii) simple
tendencies to consume certain foods only in a specific outlet (e.g.,
consuming breakfast cereals only at home).

Across both BMI assessments (columns 6 and 7 of Table 2), prior-
year weight loss attempts have positive and statistically significant
effects on the consumption of nuts and nut butters; other fruits;
dark-green vegetables; other vegetables; and tomatoes, which is
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all consistent with the primary results. Further, negative effects
are observed in each BMI-based assessment for cakes, cookies,
pies, and other baked goods; cereals; pancakes, waffles, and other
grain-based breakfast foods; milk-based desserts; soft drinks; and
potatoes. Again, these findings are consistent with the primary
results. Interestingly, effect estimates are larger in magnitude in
the lower-BMI assessment (i.e., BMI < 25.0 kg/m?) for nuts and
nut butters; other fruits; each impacted grain product; milk-based
desserts; and each impacted vegetable product. This may indicate
alonger-term proclivity to shift consumption out of carbohydrate-
dense desserts (milk- and grain-based) and grain-based breakfast
foods and into single-ingredient nuts and non-starchy vegetables
following a weight loss attempt. Conversely, negative effect
estimates for soft drinks are much larger in magnitude in the het-
erogeneity assessment utilizing only higher-BMI individuals [i.e.,
BMI >25.0 kg/m?] (—29.2 g/day for the lower-BMI assessment vs.
—74.3 g/day for the higher-BMI assessment). This may indicate
that individuals who still have weight to lose—that is, they are
still classified as overweight or obese (Centers for Disease Control
and Prevention 2024a)—decrease their consumption of sugary
soft drinks to a relatively higher degree. The consumption of fats,
fruit juices, and cheeses may be similarly impacted by potentially
more recent or current weight loss attempts, as indicated by
negative and significant effect estimates in only the higher-BMI
assessment. However, we reiterate that we cannot observe the
true diet status and duration of NHANES participants who report
having attempted weight loss in the prior 12 months.

4.2 | Expenditure Effect Estimates

Table 3 depicts the marginal effects and treatment effects of prior-
year weight loss attempts on the unconditional expected values of
expenditures for each of the 35 evaluated food groups. The effects
on conditional expected values are similarly reported in Appendix
Table AS.

Prior-year weight loss attempts have positive and statistically
significant effects (column 3 of Table 3) on daily expenditures
on nuts and nut butters (4.17 cents per day [¢/day]); salad
dressings (0.73 ¢/day); other fruits (4.17 ¢/day); creams and cream
substitutes (0.40 ¢/day); frankfurters, sausages, and lunchmeats
(2.25 ¢/day); poultry (2.98 ¢/day); dark-green vegetables (2.50
¢/day); orange vegetables (0.48 ¢/day); other vegetables (4.66
¢/day); and tomatoes (1.98 ¢/day). Again pairing US population
estimates for the 2011-2018 period (Federal Reserve Bank of St.
Louis 2024) with NHANES-reported weight loss history, these
estimates reflect increases in daily, national expenditures of $5.4
million (nuts and nut butters); $0.9 million (salad dressings);
$5.4 million (other fruit); $0.5 million (creams and cream sub-
stitutes); $2.9 million (frankfurters, sausages, and lunchmeats);
$3.9 million (poultry); $3.2 million (dark-green vegetables); $0.6
million (orange vegetables); $6.0 million (other vegetables); and
$2.6 million (tomatoes).

Conversely, the effects of prior-year weight loss attempts on food
expenditures (column 3 of Table 3) are negative and statistically
significant for cakes, cookies, pies, and other baked goods (—2.67
¢/day); cereals (—1.39 ¢/day); grain mixtures, frozen meals, and
soups (—7.99 ¢/day); pancakes, waffles, and other grain-based
breakfast products (—1.08 ¢/day); yeast breads and rolls (—1.38

¢/day); cheeses (—1.21 ¢/day); milk-based desserts (—1.62 ¢/day);
soft drinks (—5.61 ¢/day); and potatoes (—1.61 ¢/day). The daily,
national reductions in expenditures are, correspondingly: $3.5
million (cakes, cookies, pies, and other baked goods), $1.8 million
(cereals), $10.3 million (grain mixtures, frozen meals, and soups),
$1.4 million (pancakes, waffles, and other grain-based breakfast
foods), $1.8 million (yeast breads and rolls), $1.6 million (cheeses),
$2.1 million (milk-based desserts), $7.3 million (soft drinks), and
$2.1 million (potatoes).

Food expenditure results across food outlet and BMI hetero-
geneity assessments are broadly consistent with the consumption
results discussed previously. For brevity, we forgo further report-
ing of those estimates.

4.3 | Considerations

Several important considerations need to be made when inter-
preting our estimates of the effects of weight loss attempts on
food-related consumer behavior. First is the period of study. The
NHANES project was disrupted during the coronavirus disease
2019 pandemic and, as such, the last full 2-year cycle was for
2017-2018. Data for an August 2021-2023 survey cycle is being
made available gradually. However, at time of writing, important
information related to participants’ incomes, educational attain-
ment, and weight loss attempts was not yet available. Further,
the Purchase to Plate prices necessary for estimation of August
2021-2023 food expenditures will not be provided for several years
(US Department of Agriculture Economic Research Service 2024).
Since we implemented a matching procedure that reduced any
confounding effects of time (i.e., survey cycle), we do not believe
our estimates would be influenced by future price updates.
However, it must also be considered that the recent adoption
of GLP-1 medications may alter food consumption patterns in a
way that is different than the “traditional” weight loss strategies
reflected in this study. That is, the hormonal changes induced
by these medications—making it harder to “cheat” on a diet—
could yield GLP-1 treatment effects that differ from our results.
However, only three percent of US adults indicated using the
medications to lose weight in 2024 (Witters and Maese 2024),
compared to a substantially larger 27 percent that reported
seriously attempting weight loss using any strategy (Brenan 2024).
Thus, we believe our findings are representative of the majority
share of US consumers that are attempting to lose weight through
methods other than weight loss medications.

Second, we do not know for what length of time an NHANES par-
ticipant attempted to lose weight or the intensity of that attempt
(i.e., how much weight they were trying to lose). More important,
we do not observe if participants are actively trying to lose weight
during their dietary recall. These limitations, in addition to the
cross-sectional nature of the NHANES project, preclude us from
distinguishing between short- and long-run effects of weight loss
attempts on consumer behavior or quantifying any nonlinear
effects of weight loss intensity. We do note, however, that since
some portion of participants may not have been actively losing
weight during their dietary recall, our estimates of the effects of
weight loss attempts on food consumption and expenditures are
likely understated. Further, our heterogeneity assessment across
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TABLE 3 | Effects of prior-year weight loss attempts on unconditional expected food expenditures.

Average treatment effect on the treated (¢/day)

Food group Marginal effects Full* FAH FAFH BMI < 25.0 BMI > 25.0
(¢/day)
Dry beans, peas, other legumes, nuts, and seeds
Legumes -0.12 0.16 0.48 0.02 1.61 0.04
Nuts, nut butters, nut mixtures 3.30* 4.17* 4.08* 0.21 6.91* 3.32%
Eggs
Eggs 0.24 0.51 0.40* -0.23 -0.31 0.45
Egg mixtures 0.28 0.66 0.29 1.39 1.10 1.04
Fats, oils, and salad dressings
Fats -0.15 —0.18 -0.10 —-0.09 0.68* —0.35*
Salad dressings 0.49* 0.73* 0.31* 0.53* 1.84* 0.39
Fruits
Citrus fruits, juices —0.41 -0.52 —-0.61 0.06 1.27 -1.12*
Fruit juices (excluding citrus) —0.64 —-0.39 -0.17 —-0.33 0.75 —1.04*
Other fruits 3.23% 4.17* 2.66* 1.19* 6.77* 3.88%
Grain products
Cakes, cookies, pies, others —2.09* -2.67* —2.13* -0.01 -9.07* —2.34*
Cereals (not cooked) -1.08* -1.39* —1.50* 0.05 -2.97* -1.16*
Crackers, snack products 0.27 0.34 0.33 -0.41 1.24 0.09
Grain mixtures, frozen meals, soup —6.61* —7.99% -2.53 —8.79* —21.24* —5.04
Pancakes, waffles, others —0.80* —1.08* —0.86* 0.02 —1.46* —1.01*
Pastas, rice, cooked cereals -0.31 -0.35 -0.28 0.44 -1.29 0.00
Quick breads -0.13 0.08 —0.11 0.06 1.40 -0.52
Yeast breads, rolls -1.20* -1.38* —-1.56* 0.11 -2.07 -1.08
Milk and milk products
Cheeses -1.09* -1.21* —1.48* -0.33 -0.34 -1.56*
Creams, substitutes 0.40%* 0.40* —0.03 0.41* 0.39 0.43*
Milk desserts, sauces —1.27* —1.62* —2.11* 0.68 —2.23* —1.24*
Milks, milk drinks, yogurts —0.63 -0.51 0.02 -1.11 —6.18* 0.94
Meat, poultry, fish, and mixtures
Beef —-1.37 —-2.06 -0.40 -2.39 —3.53 —-2.81
Fish, shellfish —1.56 —-1.32 1.31 -3.00 —-4.16 -1.26
Frozen meals, soups 1.04 1.07 —-0.08 1.00* 7.75* —-0.67
Meat, poultry, fish mixtures -2.71 -1.48 -0.79 2.58 1.24 -1.40
Frankfurters, sausages, lunchmeats 2.04* 2.25% 1.32 0.86 0.82 2.95%
Pork 0.15 0.75 1.76* —1.08* 1.33 0.33
Poultry 1.58 2.98* 1.17 2.32 7.15* 1.59
(Continues)
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TABLE 3 | (Continued)

Sugars, sweets, and beverages

Soft drinks (non-diet) —5.43* —-5.61* -3.65* -3.12%* -2.57* —6.74*
Sugars, sweets -0.31 -0.16 0.22 —-0.42 2.00* -0.69
Vegetables
Dark-green vegetables 2.24* 2.50* 2.22%* 0.34 5.49* 1.87*
Orange vegetables 0.34* 0.48* 0.07 0.22* 0.12 0.53*
Other vegetables 3.73* 4.66* 4.52* 0.50 4.74 4.37*
Tomatoes, mixtures 1.44* 1.98* 1.10* 1.23* 3.69* 1.52*
Potatoes, starchy vegetables —1.14* —-1.61* —-1.35* -0.73 —2.09 -1.41

2Data are: Full = the matched sample obtained from applying coarsened exact matching to the full usable sample; FAH = the usable sample is restricted to FAH
consumption prior to matching; FAFH = the usable sample is restricted to FAFH consumption prior to matching; BMI < 25.0 = the usable sample is restricted to
individuals whose BMI is less than 25.0 kg/m? prior to matching; BMI > 25.0 = the usable sample is restricted to individuals whose BMI is greater than or equal
to 25.0 kg/m? prior to matching. Asterisks (*) denote estimates that are statistically significant at the five percent level or lower.

BMI status speaks indirectly to the issue of short- versus long-run
effects, though this issue remains a limitation of the study.

Last, our aggregation of consumption to 35 food groups may
mask transitions in consumption and expenditures within a group
as consumers attempt to lose weight. That is, our results do
not speak to substitution patterns within broad food groups and
it is probable that weight loss attempts motivate consumers to
eat and spend less (or more) on certain disaggregated products
within a broader product category. An example of this may
be consumers switching consumption from 80 percent lean
ground beef to 90 percent lean ground beef. However, given
the high degree of nonconsumption at the product level and
an inability to map prices to specific food components (e.g.,
beef in a cheeseburger), our chosen level of aggregation was
most appropriate for the research objective. Such aggregation
issues will likely also plague future work in this area using other
data sources.

5 | Discussion

Weight management is increasingly important in the US and its
economic impacts in the food industry are not well understood.
This research aimed to fill that knowledge gap by estimating the
effects of weight loss attempts on consumption and expenditures
across 35 food groups. Attempting weight loss yields increases
in daily, national consumption of, primarily, single-ingredient
food groups, including nuts and nut butters; non-citrus fruits;
non-starchy vegetables and tomatoes; and eggs and poultry.
Surprisingly, the consumption of frankfurters, sausages, and
lunchmeats is also positively affected by weight loss efforts,
which contrasts with polarizing views on the healthfulness of
red meat and processed meat (Sievert et al. 2022) and observed
detrimental health impacts (Farvid et al. 2021; Grosso et al. 2022).
Conversely, prior-year weight loss attempts yield reductions
in daily, national consumption of many highly processed and
carbohydrate-dense foods like grain-based baked goods, breakfast
cereals, and soft drinks. However, dairy products and potatoes are
likewise negatively affected. The associated monetary impacts are
sizable, ranging from decreases in daily, national expenditures

on soft drinks and processed grain products of $7.3 million
and $18.8 million, respectively, to increases in daily, national
expenditures on non-citrus fruits and non-starchy vegetables of
$17.8 million.

These results come with a host of policy and industry impli-
cations. First, government-led healthy eating campaigns (e.g.,
MyPlate, Supplemental Nutrition Assistance Program [SNAP]
Education) may have different impacts on various sectors of the
US food industry as suggested by the disparate effects of weight
loss across grain-based food product and produce expenditures.
This is not particularly surprising as these campaigns commonly
advocate for the consumption of certain food groups. For exam-
ple, USDA’s MyPlate suggests that half of an individual’s plate of
food should be composed of fruits and vegetables (US Department
of Agriculture 2025). As such, the potential, disparate economic
impacts of these efforts on food manufacturers, retailers, and
commodity producers should be more seriously considered.
Specifically, those involved in public health and nutrition efforts
should be cognizant that, if successful in altering consumers’
food intake patterns, those efforts are holistic in nature. That is,
initiatives to improve dietary quality may affect not only health
outcomes, but the economic wellbeing of those involved in food
production.

Tangentially related, in-kind benefits provided through USDA
Food and Nutrition Services’ SNAP program may be utilized dif-
ferently as recipients attempt weight loss. Though the summary
statistics we present in Appendix Table A2 indicate that higher-
earning individuals more frequently attempt to lose weight, a
sizable portion of our sample both attempted to lose weight in
the prior year and earned less than $20,000 annually (roughly
7 percent). Intuitively, household monthly SNAP allotments (US
Department of Agriculture Food and Nutrition Service 2025) may
become less restrictive as individuals in the household attempt
weight loss and, correspondingly, reduce total food consump-
tion. However, it is possible that changes in the diet entail
increases in expenditures per unit of food (e.g., the observed shift
in expenditures from processed grain products to vegetables).
Thus, allotments may become increasingly restrictive as low-
income consumers make health-focused dietary changes. This
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is a distinctly different concept than the relationships between
SNAP and food security or obesity that have been assessed in
the past (Almada et al. 2016; Gundersen et al. 2017) and should
be considered when crafting policy in the intersection of food
spending, healthy eating, and income.

Last, different economic outcomes will be experienced by
different sectors of the US food industry as society’s focus
on weight management increases. The growing prevalence of
GLP-1 medications and government decisions to cover GLP-1
use under Medicare Part D (Aboulenein and Wingrove 2024)
may further exacerbate these disparate outcomes as new users
change their eating behavior. Although the economic impacts
of weight loss are most directly observed by food manufac-
turers and retailers, changes in the derived demand for food
inputs may correspondingly affect commodity producers. As
an example, food grains (i.e., rice, rye, and wheat) account
for a meaningful portion of domestic agricultural production
with cash receipts totaling $15.6 billion in 2023 (US Department
of Agriculture Economic Research Service 2025). Reductions
in food consumption resulting from weight loss attempts may
be disproportionately borne by this sector—as evident by our
findings related to processed, grain-based food consumption—
with lower derived demand resulting in lower farmgate prices.
However, given the complexity of the US food system, farm-
level impacts will likely also depend on farm-to-wholesale
and wholesale-to-retail margins, food manufacturers’ ability to
alter product lines to meet the needs of consumers’ changing
preferences, and potential shifts in commodity sales toward
international buyers.

Moving forward, a host of additional research is needed to
further understand the impacts of weight management in the
US food industry and in the economy at large. As mentioned
previously, short- and long-run impacts of weight loss attempts
on food consumption and expenditures should be more precisely
evaluated, in addition to within-group consumption changes
(e.g., 80 percent to 90 percent lean ground beef within the beef cat-
egory). An extension to these efforts should be an assessment of
food preferences among household members of those attempting
to lose weight. That is, do weight loss attempts and corresponding
food purchasing decisions have habit-formation effects on, say,
children in the household?

More broadly, we have shown that the composition of consumers’
diets change as they attempt to lose weight, but more research
is needed to quantify the impacts on the US food industry.
Intuitively, the economic “pie” for industry shrinks as consumers
eat less, but what happens to the size of the “slices?” That is,
which food groups or products represent progressively larger or
smaller shares of consumers’ diets as weight loss is attempted?
Our results, for instance, indicate consumption-reducing impacts
of weight loss on processed grain products, lessening the food
group’s share of the diet and share of expenditures. These size-of-
the-pie and share-of-the-pie effects create opportunity for some
sectors in the food industry, while harming others. Improved
understanding of these impacts on specific sectors and products is
needed to ensure that providers of food can appropriately mitigate
the financial risk of changing consumption patterns while pro-
viding consumers with the food products that they most desire.
This study lays the foundation for future research and, we hope,

encourages other economists to tackle emerging issues related
to health trends, dietary patterns, and food industry economic
performance.

Endnote

IThe lowest BMI category, corresponding to underweight individuals,
is seldomly reported. As such, it is combined with the intermediate
BMI category, corresponding to normal weight individuals, for outcome
estimation purposes. Further, BMI can be validly included as a regressor
in outcome estimation as prior-day consumption has no effect on broad
BMI category (i.e., there is no simultaneity issue), which is determined
by months or years of consumption behavior. Additionally, recreational
activity is captured as a yes/no response by NHANES participants
when asked if their typical week involves those activities. We do not
believe prior-day food consumption influences recreational activity that
is measured on a historical, weekly basis (i.e., no simultaneity).
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