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The federal government currently spends over $100 billion per year on policies aimed to increase fruit and
vegetable (FV) consumption among low income households. These include price-, nutrition education-, and
access-related interventions. Currently, the government allocates funds to each type of intervention in an
ad-hoc fashion, in some cases resulting in surprisingly disappointing outcomes. For example, access-related
interventions have seen mixed results in many case studies, resulting in debate about the importance of
supply-side interventions. This paper introduces a novel consumer behavioral model for grocery shopping
dynamics, which is nested into a bi-level model for optimizing the government’s investments. The govern-
ment’s goal is to increase fruit and vegetable (FV) consumption among low income households by utilizing
strategic portfolios of interventions. Based on primitives estimated from data, the model agrees with known
empirical evidence and suggests several new policy insights, for example that access-related interventions
are only beneficial under specific conditions which depend heavily on how much the consumer values eat-
ing nutritiously. In a setting where the government cannot provide completely personalized interventions,
it is found that high levels of FV consumption by can be achieved by subsetting consumers based on key

characteristics and deploying smart group-level strategies.
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1. Introduction
Americans consume far less fruits and vegetables (FVs) than the recommended daily amount.

This gap is particularly large for underserved populations (Dong and Lin 2009). Furthermore, the
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link between lack of sufficient FV consumption and life-threatening chronic conditions, such as
cardiovascular diseases and obesity, is well established. It is estimated that over 2 million deaths per
year can be attributed to inadequate consumption of FVs (Miller et al. 2019). Thus, establishing
effective policy strategies for increasing the consumption of FVs, especially among low income
households, is a national priority with a substantial federal budget investment of over $100 billion
each year.

There are three categories of policy levers that the government currently utilizes in order to
increase food security and improve diets: 1) Financial /monetary interventions that increase afford-
ability; 2) Access-based interventions that increase physical access to healthy food; and 3) Nutrition
education interventions. However, not only is the effectiveness of individual policy interventions
debated, but how they can be strategically utilized together or be targeted to specific households
or neighborhoods is rarely considered. This highlights the importance of developing a consumer
behavioral model that captures the respective effects of all three types of interventions, as well as
a corresponding optimization framework.

In addition to the food policy sector, there are many public policy initiatives where multiple
levers, affecting individuals through different mechanisms, are employed to achieve the same goal.
For example, consider the number of different interventions aimed at reducing recidivism, increasing
voter turnout, or decreasing homelessness. Many interventions related to these initiatives can be
categorized as either a financial-, education/awareness-, or access-related levers. An individual-level
model, capable of capturing the impact of each class of intervention on the behavior of interest,
would allow for joint optimization across the various levers and a more targeted policy approach.

This paper introduces a new consumer behavioral model and bi-level optimization framework
to jointly optimize the government’s investment into price-, education- and access-related inter-
ventions, with the goal of increasing a consumer’s FV consumption. This modeling framework is
not only sufficiently flexible to capture existing interventions, but is in fact validated by existing

empirical evidence in the food policy literature. Moreover, it provides important insights that can
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directly inform policy design at the household-level. The modeling framework can also readily be
tailored to a number of different policy initiatives with similar classes of interventions.
Price-related interventions are perhaps the most commonly used and highly studied type of
demand-side lever in food policy. The Supplemental Nutrition Assistance Program (SNAP)—
formerly the food stamp program—is the largest example of a price-related policy lever, with an
annual budget of around $60 billion. Many other types of price-related policy levers exist, including
those that specifically subsidize or incentivize healthy food purchasing (e.g., The Special Supple-
mental Nutrition Program for Women, Infants, and Children, and The Healthy Incentives Program
in Massachusetts). Price-related interventions are largely found to be successful at increasing FV
consumption, but only to a certain extent (Mabli et al. 2013, Olsho et al. 2016, Dong and Lin
2009). There is limited literature on the degree to which complementary interventions, such as
nutrition education, could amplify the effects of price interventions (Waterlander et al. 2013).
Access-based interventions have gained popularity in recent years. The concept of food deserts—
areas where the majority of the population does not have access to grocery stores (USDA ERS
2017)—has recently brought to light many access-related issues that disproportionately affect low-
income households. Since 2014, the Healthy Food Financing Initiative has distributed over $220
million dollars to community-based projects supporting increased access to healthy food in low-
income food deserts (The Reinvestment Fund 2019). Strategies include building new grocery stores,
increasing affordable transportation to grocery stores, and increasing the stock of healthy food at
convenience or corner stores. Despite their rise in popularity, the effect of access-related interven-
tions on diet is not well established (Allcott et al. 2019, Ver Ploeg and Rahkovsky 2016, Cummins
et al. 2014, 2005). A key issue is a lack of understanding of the mechanisms linking access to food
purchasing behavior and how access is affected by other household covariates and interventions.
The problem of increasing consumption or adoption of socially beneficial goods has been studied
extensively in the operations management and operations research literature, particularly in the

domains of green technology and vaccines (Taylor and Xiao 2019, Chemama et al. 2018, Levi
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et al. 2016, Alizamir et al. 2016, Cohen et al. 2015, Raz and Ovchinnikov 2015, Avci et al. 2014,
Sierzchula et al. 2014, Perakis and Lobel 2011). While the problem of increasing consumption of
healthy food has a similar sentiment, it presents its own unique challenges and opportunities in
terms of both consumer choice modeling and the distinct policy levers available.

1.1. Contributions

Novel and tractable bi-level optimization problem. This paper presents a novel optimiza-
tion framework to describe consumer grocery shopping decision-making. The consumer’s decision
regarding their food purchases and shopping cycle is modeled as the solution to a personalized opti-
mization problem, with input primitives that can be practically estimated from data. The impact
of three different classes of interventions—nutrition education, price incentives, and access—are
modeled as changes to different aspects of the consumer’s optimization problem, for example, the
price lever impacts the consumer’s budget constraint whereas the education lever impacts their
value of nutrition—i.e., how much they care about eating healthy, a component of their personal
objective function.

The consumer-level model is nested into a bi-level problem in order to optimally choose the
government’s investment across these three policy levers to maximize consumers’ F'V consumption.
The upper-level problem can be written as a mathematical program with equilibrium constraints,
which is a problem that is typically difficult to solve (Luo et al. 1996). However, under mild
assumptions, it can be shown that this problem is unimodal and can thus be solved efficiently in
order to determine the government’s optimal strategy.

Policy insights. The analysis suggests findings that both broadly agree with the documented
empirical evidence, providing validation for the proposed model, as well as provide new detailed
insights. In particular, the analysis finds that the impact of access is largely dependent on the
consumer’s value of nutrition, contributing to the debate surrounding the efficacy of access-based
interventions. The paper studies how the optimal combination of interventions varies depending on

the consumer’s characteristics, such as their idiosyncratic taste for different foods and their value
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of nutrition. In addition, two different types of price interventions are considered. The analysis
concludes that lump sum interventions, which includes SNAP, are strictly dominated by subsidy
interventions in terms of cost-effectiveness.

Personalized versus population-level strategies. The analysis indicates that the govern-
ment can achieve high levels of F'V consumption by strategically segmenting populations based on
their value of nutrition and other characteristics and deploying group-level strategies across these
segments. This is a practical and robust alternative to completely individualized strategies.

1.2. Related literature

This work primarily builds on two streams of literature: 1) Public health and food policy literature
focusing on impact analysis of strategies for increasing F'V consumption; and 3) Operations research
literature on optimal incentives and policies for achieving socially beneficial outcomes.

Public health and food policy. The public health and food policy literature has studied
the effectiveness of price-, access-, and nutrition education-based interventions extensively. SNAP
has been largely found to be successful at alleviating food insecurity (Mabli et al. 2013), however
its effect on diet composition remains uncertain (Gregory et al. 2013). SNAP and other similar
programs can be characterized as untargeted price interventions since the benefits can be used to
purchase any type of food without restriction. This is contrasted with targeted price interventions
that are limited to specific foods. The Special Supplemental Nutrition Program for Women, Infants,
and Children (WIC), which provides women and children with an allowance for purchasing healthy
foods, and the Healthy Incentives Program (HIP) in Massachusetts, which gives rebates for SNAP
dollars spent on FVs, are two examples of successful targeted programs (Bitler and Currie 2005,
Olsho et al. 2016). Due in part to the success of these programs, a large body of theoretical work
studies the effects of different types of price interventions; for example, point-of-purchase strategies
(Steenhuis et al. 2011), taxes on unhealthy foods (Epstein et al. 2010), and a simulated comparison
of untargeted and targeted subsidies (Mozaffarian et al. 2018).

There have been numerous analyses of the impact of nutrition education on diet. Beydoun and

Wang (2008) and Wardle et al. (2000) find that nutritional attitude/knowledge has a positive
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relationship with F'V consumption. Axelson et al. (1985) and Spronk et al. (2014) perform a meta-
analysis of studies on the relationship between nutrition education (or nutritional attitudes, beliefs,
etc.) on diet, and conclude that there is generally a positive relationship with FV consumption,
but the association is typically weak, and the effect estimate can vary widely from study to study.
Guthrie et al. (2015) point out that the impact of information campaigns is extremely complex
and depends on the specific campaign as well as the characteristics of the individuals. For example,
reading nutrition labels is most effective for consumers with high literacy.

Some studies consider interactions between price and education interventions by estimating
heterogeneous effects, and a much smaller body of work has specifically considered complementary
effects. Both Dong and Leibtag (2010) and Waterlander et al. (2013) find that FV consumption
is likely to be higher when price discounts are paired with nutrition education. However, there
remains a lack of understanding of optimal usage of each type of intervention and how it varies
depending on other consumer characteristics, which this paper seeks to address through a more
general framework.

Although a positive relationship between access to grocery stores and FV consumption has been
identified in the literature (Rose and Richards 2004, Larson et al. 2009), recent studies argue that
access likely does not have a strong causal effect on FV consumption, in part because the intro-
duction of new grocery stores in food deserts have seen mixed results (Ver Ploeg and Rahkovsky
2016, Cummins et al. 2014, 2005, Wrigley et al. 2003, Elbel et al. 2015, Weatherspoon et al. 2013,
Dubowitz et al. 2015). Allcott et al. (2019) find that access has a very small effect on FV consump-
tion on average, and that demand-side factors play a much larger role in determining food choices.
This paper explores the possibility that a lack of consideration of appropriate heterogeneous effects
is one reason for the disparate findings in the literature. Through analysis of the consumer-level
model, the impact of access on individual household food choices based on their characteristics is
elucidated so that these interventions can be more targeted and effective.

The mechanisms linking access to shopping behavior and FV consumption have also been studied

only to a limited extent. Liese et al. (2014) find that accessibility of stores may have a relationship
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to FV spending but only through its relationship to shopping frequency. Levi et al. (2018) find that
access does impact FV spending through shopping frequency, but only among households who have
a low value of nutrition. This paper further elucidates the findings of Liese et al. (2014) and predicts
the findings of Levi et al. (2018) by introducing a modeling framework that enhances the under-
standing of how access interventions are likely to be impacted by other consumer characteristics
and interventions.

Optimal interventions for social good. In the operations management and operations
research literature, a modeling approach has been used to study a wide variety of policy optimiza-
tion problems for social good. Two streams of literature in this area focus on increasing availability
of antimalarial drugs (Taylor and Xiao 2019, Levi et al. 2016), and promoting green technology
adoption (Chemama et al. 2018, Alizamir et al. 2016, Raz and Ovchinnikov 2015, Cohen et al.
2015, Avci et al. 2014, Sierzchula et al. 2014, Perakis and Lobel 2011). Other areas that have
been studied include subsidies to achieve socially beneficial outcomes for trade-in remanufacturing
(Zhang and Zhang 2018), housing subsidies for the poor (Gilbert 2004), food subsidies to allevi-
ate poverty (Besley and Kanbur 1988), agricultural crop subsidies and their impacts on farmer
behavior (Alizamir et al. 2018), and more general models for increasing consumer welfare through
subsidies (Yu et al. 2018). This paper differentiates itself from the aforementioned literature both
in terms of the application and the menu of interventions considered. Namely, this paper consid-
ers not only financial incentives but interventions related to education and physical access, which
impact demand in different ways.

With regard to demand modeling, this paper employs a bi-level (or sequential game) approach
in order to directly model the mechanisms that influence consumer behavior. A subset of the
aforementioned literature also adopt this approach (Levi et al. 2016, Zhang and Zhang 2018, Yu
et al. 2018, Perakis and Lobel 2011, Avci et al. 2014, Chemama et al. 2018). For example, Levi
et al. (2016) consider a government whose objective is to maximize market consumption of a

good by providing uniform subsidies to firms, with the lower-level problem reflecting competition
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between firms. Avci et al. (2014) consider adoption of electric vehicles and model the lower-level
problem as a utility-maximizing consumer whose utility function consists of four different additive
components: utility from driving, range inconvenience, green utility, and direct costs. This paper
also models the consumers as utility-maximizers—an approach that has been used to model food
purchasing decisions Allcott et al. (2019), Dubois et al. (2014)—although the model in this paper
is specifically tailored to capture the impacts of price, education, and access-related interventions
on the consumer’s decisions.

The remainder of this paper is organized as follows. Section 2 explains the modeling framework—
both the consumer-level model and the upper-level government objective. Section 3 presents the
analytical results, which includes results related to the tractability of the model, new policy insights,
and a comparison of targeted versus untargeted price interventions. Section 4 explores the govern-
ment’s problem of choosing strategies across populations in a realistic setting where completely
personalized interventions are not feasible. Finally, Section 5 concludes and summarizes the policy

implications.

2. Model Description

This paper considers a bi-level model that captures a sequential game, depicted visually in Figure
1, in which the government first decides on a budget allocation to three types of interventions,
and a consumer or household then makes their food purchasing and shopping decisions given these
interventions and personal objective. The term consumer and household are used interchangeably,
and the model can easily be applied to a household with multiple members who shares groceries.
The government’s goal is to increase the consumer’s time-averaged consumption of healthy food,
and can influence the consumer’s food shopping behavior by employing three different levers;
specifically, pricing, education, and access-based interventions. Given the government’s budget
allocation, the consumer’s behavior is affected. Specifically, the consumer decides on a bundle of
foods to buy each store visit which also impacts their shopping frequency. To further introduce the

model, the consumer’s decision problem is discussed next.
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Government's optimization problem:
Maximize healthy food consumption

Budget allocation across ‘

interventions

v

, - Consumer's optimization
Consumer's characteristics -~

Consumer shopping

problem: Maximize utility decisions and dynamics

Figure 1 lllustration of bi-level model.

2.1. The consumer’s shopping decisions and dynamics

The consumer-level model presented in this paper follows the modeling approach taken in Allcott
et al. (2019) and Dubois et al. (2014), in which consumers are assumed to purchase quantities of
various food groups in order to maximize their own personal utility, subject to a budget constraint.
The utility gained from each food group depends on the characteristics of the food as well as the
quantity consumed. This paper takes a similar modeling approach, however, it is specifically tailored
to study the effects of access, value of nutrition, and price interventions on fruits and vegetable
consumption. Although there are certainly many factors that impact consumers’ food purchasing
decisions and many modeling approaches that could be employed, a utility-maximization model
has many benefits as noted by Dubois et al. (2014). For example, it is able to incorporate consumer-
level heterogeneous preferences for different foods, connects to other commonly used choice models,
and is easily generalizable to other settings.

Consider a consumer who makes recurring trips to the grocery store, and buys a bundle of food
each visit. The decision regarding the bundle of food to buy, as well as the frequency of shopping
trips, is assumed to depend on the consumers’ characteristics. Three of these characteristics are
of particular interest because of their relationship to the policy interventions that are considered
in this paper. These characteristics are: 1) Shopping disutility, which includes the consumer’s
time, money, and opportunity cost required to make a shopping trip; 2) Value of nutrition, which
can be thought of as how much the consumer cares about eating healthy; and 3) Food budget,

which is the amount of money per unit time that the consumer puts towards food purchases. All
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other characteristics of the consumer that impact their food purchasing decisions are nested into a
consumer-specific idiosyncratic term, referred to as the consumer’s taste for different food groups.
This term can depend on the characteristics of the foods, as well as the consumers’ characteristics.

For simplicity of exposition, food is categorized into two groups, which are referred to as “healthy”
food (HF) and “regular” food (RF). These terms are used for simplicity, and with no intention of
implying that all foods in the “regular” category are not healthy. In this paper, healthy food is
considered to be fruits and vegetables (FVs), since the topic of interest is FV consumption. The
modeling framework can naturally be extended to an arbitrary number of food groups with varying
degrees of healthfulness. This extension is shown in Appendix EC.3.

Based on the three characteristics above, as well as their idiosyncratic taste, the consumer
decides how much HF and RF to buy each shopping trip and how often to go shopping. The
shopping dynamic described is supported by the Nielsen consumer panel dataset. This public
dataset contains grocery shopping visits and purchases for over 60,000 households. The authors
classify each item purchased as either HF or RF based on whether they fall into the USDA category
of fruits and vegetables. Therefore, for each grocery store visit, each households’ HF and RF
spending is calculated. Figure 2 illustrates four households’ shopping decisions and dynamics over
a 300 day period. Among these households, there is significant variation in shopping frequency, FV
(or HF) purchasing, and non-FV (or RF) purchasing.

It is assumed that these shopping decisions and dynamics are the result of individual consumers
solving a personalized optimization problem. Namely, the consumer chooses the food bundle,
(h,u)—a quantity of HF (h) and RF (u)—by maximizing a combination of their taste, value of
nutrition, and time-averaged disutility for grocery shopping. This decision also induces a shopping

cycle, T, which is the time between shopping trips. In order to determine (h,u) and subsequently
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Figure 2  Shopping decisions and dynamics for four households contained in the 2016 Nielsen consumer
dataset. FV and non-FV spending are standardized to account for household size.
T, the consumer is assumed to solve the following optimization problem:
max fu/T,h/T)+v-gh/T)—d/T
U,
st.pph+p,u<B-T
(M<(B,d,v))
T =T(h,u;d,v)
u,h >0

The consumer’s objective function is comprised of three components:

1. The taste term, f(h/T,u/T): The consumer’s idiosyncratic utility for HF and RF, which
is assumed to be concave and separable with positive partial third derivatives with respect
to each argument. Note that this requirement is not restrictive as most concave functions,
especially the most widely used utility functions, exhibit this property.

2. The nutrition value term, v-g(h/T): If the consumer has a positive value for nutrition (v > 0),
additional utility is gained by purchasing HF. This is determined by the function g(-), which
is assumed to be increasing and concave.

3. The time-averaged disutility term, d/T: Upon each visit to the supermarket, the consumer

incurs a shopping disutility cost of d, and thus the time-averaged shopping disutility is d/7 .
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Households who grocery shop online, for example, would have a disutility close to zero and
their shopping decisions would not be significantly impacted by this term. Households who
travel far to grocery stores will be more impacted by this term.
The consumer’s budget constraint is derived by assuming that the consumer has a fixed food
budget per unit time, B, and accumulates an aggregate budget to spend on each store visit, B-T.
The unit prices for HF and RF are p;, and p,, respectively. In Section 3, Proposition 1 shows that
Problem M¢(B,d,v) is equivalent to a concave optimization problem by applying a transformation
of variables.
Throughout the analysis it is assumed that the consumer’s cycle time is given by T'(h,u;d,v) =
t1(h,u,v) 4tz (v,d). Intuitively, ¢; represents the time it takes for a critical mass of food to run
out (depletion time), and t, is the additional time it takes to return to the store once this critical

mass is depleted (waiting time). Assumption 1 considers more specific attributes of the functions

t1(+) and t5(-).

AssuMPTION 1 (Functional form of T). t,(-) is of the form t, (¢p(v)h+ (1 —¢(v))u), where
¢(v) : Ry —{0,1} and is non-decreasing in v, and t1(-) is concave increasing in its argument.
Additionally, ty(-) is of the form ts (¢(v)-v,d) and is increasing in d, decreasing in ¢(v)-v, and

satisfies to(P(v) - v,d) > 0.

Assumption 1 implies that ¢;(-) is either a function of h or a function of u. The logic behind
this assumption is the following. The depletion time, t;, can be thought of as the time required
for a “critical food item”—an item that the consumer cares about having in stock— to deplete by
some amount. For consumers who consider certain healthy, perishable items to be “critical,” one
of these food items will likely be the determining factor and thus ¢;(-) will depend on h, implying
that ¢(v) = 1. Otherwise, the limiting factor will be a regular food item and ¢;(-) will depend on
u, implying that ¢(v) = 0. Households with higher value of nutrition are more likely to have ¢;(-)
depend on h, and thus ¢(v) is increasing in v.

The second component of T'(-) represents the waiting time, given by t5(¢(v) - v,d). Once a food

from the consumer’s critical bundle is depleted to a certain level, the consumer has the desire to
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Figure 3 Median average cycle time (in weeks), versus binned average healthy (FV) on the left, and binned
average regular (non-FV) on the right. The transparency of the points represents the number of households in
each bin.
return to the store. However, because of shopping disutility, the consumer may not return to the
store immediately. The larger the shopping disutility, the longer the delay. The assumption is that
if the consumer’s critical food bundle contains HF, the increased urgency to return to the store

may also depend on her value of nutrition. Thus, ¢5(-) can depend on v when ¢(v) = 1.

Informed by the Nielsen consumer panel data, a specific functional form of T'(h,u;v,d) is intro-
duced. Using the grocery shopping data, each households’ average HF and RF spending per visit,
standardized for household size, as well as their average time between store visits, is calculated.
Figure 3 shows a coarsened version of cycle time versus FV spending (left) and non-FV spending
(right) for households contained in the 2016 Nielsen consumer panel dataset. Based on these plots,
cycle time is approximately linearly related to HF and RF spending for small- to medium-sized
expenditures. However, in both cases there is a point after which cycle time is no longer as strongly
correlated with spending. Motivated by Figure 3, Assumption 2 implies that cycle time is linearly
increasing in either h or u; however, due to perishability, the depletion time is bounded above by

constants M" and M.

AssumPTION 2 (Piece-wise linear T'). t, is given by t,(h,u,v) =min{hp,, M"} when ¢(v) =
1 and t1(h,u,v) = min{up,, M"} when ¢(v) =0, where py, p, € Ry. Additionally, ts is of the form

ta(d,v) = 1:((5((3)))) , where w(d(0)) is non-decreasing in d(5) and r(v(v)) = ¢-#(v(v))+ (1 —@)rg, where

7(-) is concave non-decreasing in v(v).
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When Assumption 2 is employed, the analysis is focused on the case when (h*,u*) is such that
prh* < M" and p,u* < M*. This means that the consumer is not buying more food than they could
consume before it perishes (in other words, they are not wasting food)—a realistic assumption for

those with limited financial means (Yu and Jaenicke 2020).

w(d(4))
r(v(¥))

Waiting time is given by ts(d,v) = , where w(d(d)) is an increasing function of the con-
sumer’s disutility, and r(v(v)) can be thought of as the consumer’s urgency to return to the store
which is a function of her value of nutrition when ¢(v(v)) =0. This aligns with Assumption 1.
2.2. The government’s decision

The proposed model can capture a wide range of government interventions that impact the con-
sumer’s decision. This paper considers three types of interventions:

1. The financial support subsidies (3). Most of this paper considers an untargeted price interven-
tion that increases the consumer’s food budget (written as B(3)), modeled after the SNAP
program. Section 3.3 considers a targeted price intervention that decreases the cost of HF.

2. The value intervention (v). Investing in the value intervention, for example, by investing in
nutrition education, increases the consumer’s value of nutrition. This is captured by modeling
the value of nutrition as a function v(v).

3. The access intervention (¢). Investing in the access intervention decreases the consumer’s shop-
ping disutility. This is captured by modeling the disutility as a function d(d). This could result
from interventions such as building a new grocery store or providing easier transportation for
grocery shopping.

The government’s goal is to optimally choose a funding level for each lever in order to increase

the consumer’s average HF consumption. Therefore, the government’s problem can be written as

max A*/T(h", u";0(v), d(9))

st.B+0+v<U
(M?)

B,0,v=0

h*,u* =argmax M°(B(B),d(d),v(v))
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where U is the government’s budget per consumer. The functions v(v), d(d), and B(S) link the
government’s monetary investments in each intervention to value of nutrition, disutility, and food
budget, respectively. In order to analyze the government’s upper-level problem, the following

assumptions are made.

ASSUMPTION 3.
e The function B(f3) is increasing, concave, and satisfies B(0) = By >0
e The function d(0) is decreasing, conver and satisfies lims_,o, d(0) =0 and d(0) =dy >0

e The function v(v) is increasing, concave and satisfies lim, o V(V) = Vmar and v(0) =vy >0

The function B(f) is assumed to be concave in order to represent the fact that a $1 increase in
SNAP benefits does not necessarily translate to a $1 increase in the consumer’s food budget since
the consumer might divert some of her original food budget towards other uses. The function d(d)
is assumed to be convex and decreasing in order to capture diminishing marginal returns. Similarly,

the concavity of v(r) also captures diminishing returns.

3. Analytical results

This section presents results related to the tractability of the bi-level model as well as insights that
can inform policy. Figure 4 summarizes the main findings and provides a mapping between the
assumptions and results. Certain results hold under Assumption 1, the generic functional form of
T, while others require the more specific assumption that 7" is a piece-wise linear function. Section
3.1 presents the results related to tractability, Section 3.2 presents policy insights, and Section 3.3
compares targeted and untargeted price subsidies.

3.1. Tractability of the bi-level model

First, consider the consumer’s decision regarding the bundle of food purchased at each visit to
the grocery store, which can be described by the total quantity of HF and RF bought at each
visit, (h,u). However, it is more convenient to equivalently describe the consumer’s food bundle
by the time averaged quantity of HF and RF, respectively, defined as h := h/T(h,u;d,v) and @ :=
u/T(h,u;d,v). Lemma 1 (proof in Appendix EC.1), says that there is a one-to-one correspondence

between h and h and between u and .
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Figure 4 Summary and mapping of analytical results.

LEMMA 1. Under Assumption 1, h(h) and @(u) are increasing functions.

Intuitively, Lemma 1 states that all else equal, an increase in the amount of HF (or RF) bought
at the store will always result in an increase in the time-averaged quantity of HF (or RF). This is
a consequence of the concavity of T' with respect to h (or w). With this change of variables, ¢; can
be written as t;(¢h+ (1 — ¢)i; v).

Therefore, Problem M¢(B,d,v) can be re-written in the new variables as

max f(4,h) +v(v) -g(h) = d/T(h,;d(5),v(v))
s.t. puh -+ pu@i < B(B) (M*(B,0,v))
a,h>0
The following proposition (proof in Appendix EC.1), asserts that Problem M¢(3,8,v) is concave

with linear constraints and is thus tractable.
PROPOSITION 1. Under Assumption 1, Problem MC(B,(S,Z/) s concave.

By Proposition 1, the Karush-Kuhn-Tucker (KKT) conditions of Problem M¢(3,6,v) can be
thought of as a system of equations linking the government’s strategy to the consumer’s food
bundle decision. The most interesting case is when both h* and @* are positive, meaning that the

consumer purchases positive quantities of both HF and RF.
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To assist in the analysis of the upper-level problem, the government’s feasible space, D =
{(B,6,v):6>0,6>0,v>0,8+0+v <U}, is subsetted into two disjoint continuous domains D,

and D; such that Dy UD; =D, given by

Do={(B,6,v)€D:¢p(v(v)) =0}, Dy={(B,0,v)€D:¢p(v(v))=1}.

The fact that Dy and D; are continuous is clear by noting ¢(v(r)) is non-decreasing in v. The main
tractability result is presented next, specifically, that determining the government’s optimal budget
allocation across access, price, and education-related interventions is computationally tractable.
The following theorem asserts that the function fz*(y, B,d)—average HF consumption as a function
of the government’s investment—is unimodal over both domains Dy or D; when either investment

in the access intervention, ¢, is fixed, or under additional mild conditions on the modeling functions.

THEOREM 1. For fized investment in the access intervention (6 = &), the consumer’s average HF'
consumption as a function of the investment in the price and education intervention —FL*(V, B,060)—
is unimodal on both domains Dy and Dy. For non-fixed ¢, ﬁ*(u,ﬂ,é) 18 unimodal on both Dy and
D, provided that the following additional conditions are met:

L. d"(6)w(d(d)) —2d'(6)*w'(d(d)) >0, and (Condition 1)

2. The education intervention has a non-negative budget elasticity. (Condition 2)

Condition 1 is a statement about the convexity of the function d(9). In particular, for Condition
1 to be met it is necessary (but not sufficient) that the function 1/d(d) is strictly concave. Condition
2 implies that as the government’s budget shrinks, the government will not allocate more funds
to the education intervention, and vice versa. This is a regularity condition on the impact of the
interventions, and can equivalently be written in terms of the modeling parameters and functions.
Details on these conditions can be found in Appendix EC.1 along with the proof of Theorem 1.
3.2. Policy insights
This section presents the main policy insights obtained by analyzing the proposed model. Proposi-

tion 2 characterizes the impact of the untargeted price and value intervention—0 and v—on average
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HF and RF consumption, under the most general form of T' given by Assumption 1. Corollary 1
characterizes the effect of access on average HF consumption under the piece-wise linear version
of T given in Assumption 2. Finally, Proposition 3 explores how the government’s optimal budget

allocation between the three interventions changes depending on the consumer’s characteristics.

PROPOSITION 2. Under Assumption 1, the following characterizes the impact of the untargeted
price and value intervention (B and v) on average HF and RF' consumption (}NL* and w* ) when both
are positive (h*,@* >0):

1. HF and RF consumption are increasing in the untargeted price intervention, 5. However, the

proportion of healthy to RF consumed, (fz*/ﬂ*), s not necessary increasing in (3.
2. HF consumption is increasing in the value intervention, v, and RF consumption is decreasing

mn .

The proof of Proposition 2, which utilizes the KKT conditions from Problem M “(B,6,v), is
relegated to Appendix EC.1. Appendix EC.1 also includes a characterization of the impact of
the access intervention on average HF consumption under Assumption 1, which is quite complex.
Therefore, for brevity, the impact of access is characterized under the piece-wise linear form of T,

given in Assumption 2, in the following corollary.

COROLLARY 1. Under Assumption 2, the following characterizes the impact of access on average
HF consumption when h*,@* > 0: When cycle time depends on HF purchasing (p(v)=1), average
HF consumption, fL*, 18 increasing in the access intervention, 0, and average RF consumption, 4*,
is decreasing in 0 if and only if w(d) — dw'(d) < 0. When cycle time depends on RF purchasing

(6(v) =0), h* is increasing in 0 and @* is decreasing in 0 if and only if w(d) — dw'(d) > 0.

Parts 1 and 2 of Proposition 2 align with the empirical evidence regarding the impact of food
stamps and nutrition education on FV consumption. Namely, these results capture the fact that
although food stamps are found to increase food security and total FV consumption, at the same

time they can have mixed effects on overall diet composition (Mabli et al. 2013, Gregory et al.
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2013). Furthermore, the model captures the consensus in the literature that nutrition education
has a positive impact on FV consumption (Wardle et al. 2000, Axelson et al. 1985). These results
help validate the proposed model in this paper.

Corollary 1 is illustrates the intricate relationship between access and FV consumption which
has also been well documented in the literature. Simply stated, Corollary 1 asserts that the access
intervention does not always increase average FV consumption. In what follows, the focus is on
explaining this phenomenon intuitively.

All else equal, the consumer would like to shop less frequently in order to minimize her time-
averaged shopping disutility. When cycle time depends on HF purchasing (i.e., when ¢(v) =1), the
consumer can increase cycle time by increasing HF spending. Therefore, when the magnitude of the
disutility term increases, the consumer will purchase more HF per visit (corresponding to more HF
on average by Lemma 1), and when the magnitude of the disutility term decreases, the consumer
will purchase less HF per visit (corresponding to less HF on average by Lemma 1). Therefore, the
impact of the access intervention on HF consumption depends on its effect on the magnitude of
the disutility term.

Consider the disutility term, given by d(8)/T(h;d(d)). Under the piece-wise linear form of T
given by Assumption 2, and by applying the change of variables h — T - h, the disutility term can

be written as %}g’)’tf”. Note that 1 — p,h > 0 because T > p,h and h = h/T. Therefore, when

w > 0, increasing the access intervention will increase the magnitude of the disutility term

and thus cause an increase HF spending when ¢(v) =1, or cause an increase in RF spending when
¢(v) = 0. Noting that d’'(6) < 0, the condition w > 0 is equivalent to w(d) — dw'(d) < 0,
which is the condition stated in Corollary 1 for the case that ¢(v)=1.

In the case that ¢(v) =0, similar logic shows that HF consumption is increasing in § if and only
if w(d) —dw'(d) > 0. Notice that because w(d) is concave, it is always true that w(d) — dw’(d) > 0.

Therefore, when ¢(v) =0, average HF consumption always increases as access increases. In other

words, when w(d) is concave, access interventions are generally effective for consumers with a low
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value of nutrition (who are more likely to have ¢(v) =0). This agrees with the empirical findings
of Levi et al. (2018).

In conclusion, since the access intervention can either increase or decrease the magnitude of
the disutility term, its impact on HF is also mixed. The impact of access on HF depends on the
relationship between disutility and cycle time, as well as consumer’s value of ¢(v).

This complex relationship between access and food purchasing helps explain why the impact of
access-related interventions has been so highly debated in the literature (Ver Ploeg and Rahkovsky
2016, Cummins et al. 2014, 2005, Wrigley et al. 2003, Elbel et al. 2015, Weatherspoon et al. 2013,
Dubowitz et al. 2015). This framework and corresponding insights can assist in predicting the
impact of future access-related interventions on consumers based on their individual characteristics.
Using this approach, more targeted access-related interventions can be deployed, increasing their
cost-effectiveness.

Corollary 2 (below) highlights the fact that the government will only invest in access when it
increases average HF consumption, namely, when the conditions of Corollary 1 are met. When the
conditions are not met, the government can fix 6* =0, which makes the government’s optimization

problem simpler as stated in Theorem 1.

COROLLARY 2. Under Assumption 2, the government’s optimal solution, (5*,v*,0%), will only

have §* >0 when the conditions of Corollary 1 are met.

It is also interesting to explore how the government’s optimal budget allocation changes with
respect to certain characteristics of the consumer. For simplicity, the case where §* = 0 is discussed.
Equivalently, the following results apply when § (investment into the access intervention) is fixed

and the government only considers jointly investing between the price and education levers.

PROPOSITION 3. For a consumer with fized disutility, d(0), the government’s optimal allocation
between the price and education levers satisfies:
1. Allocation to the education lever is decreasing (and thus allocation to the price lever is increas-

ing) as the consumer’s initial value of nutrition increases.
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2. Allocation to the price lever is decreasing (and thus allocation to the education lever is increas-
ing) as the consumer’s utility for RF has less diminishing returns (i.e., as f(h,i) becomes
more linear in 1)

3. The government’s allocation could change in either direction as the consumer’s budget changes.

Part 1 of Proposition 3 provides the intuitive result that consumers with higher value of nutrition

are better off with more investments in price-related interventions. Part 2 says that when the

of2(h,a)

552 is closer to zero, consumers

consumer’s utility for RF becomes less concave, i.e., when

are better off with education-related interventions. Intuitively this result makes sense. Specifically,
consumers with a less nonlinear utility in terms of RF are more likely to spend their food budget
on RF. Therefore, increasing their food budget will not be effective at increasing HF consumption
since most of the money will go towards RF.

Finally, Part 3 in Proposition 3 tells us that households with larger food budgets are not neces-
sarily better off with value-related interventions. In other words, simply because a consumer has
been given food stamps does not mean that they would be benefited by nutrition education more
than they would be benefited by an even larger food budget. These insights reveal the importance
of tailoring interventions to each individuals’ characteristics. However, complete personalization
of interventions is often not realistic in public policy settings. Therefore, the Section 4 focuses on
determining optimal group-level strategies across populations. In what follows, the effectiveness of
targeted versus untargeted price interventions is discussed.

3.3. Targeted price subsidies

Thus far, the analysis has considered an untargeted price intervention, which corresponds to the
national food stamp program, SNAP. In this section, another common type of price intervention—a
targeted price subsidy—is considered that decreases the price of HF (which is, in effect, what many
targeted price interventions do). This is modeled by modifying the consumer’s budget constraint
in Problem M¢(8,6,v). Let Bun denote the untargeted price subsidy level (equivalent to § in

the previous sections) and fi,, denote the targeted price subsidy lever. The untargeted budget
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constraint is pph + p.i = B(Bunt), whereas the targeted budget constraint is given by (pj, — ﬂtw)ﬁ +
P, = B. In order to fairly compare the two interventions, it is assumed that f,,; linearly affects
the food budget, meaning that B(Sun:) = B 4 Bunt- In the targeted case, the government’s budget
constraint is given by h* Biar + v+ 0 <U with the additional constraint that S, < pp.

The main result of this section reveals that targeted subsidies are more cost-effective than untar-
geted subsidies. Consider fixing the total amount of money that the government spends on price
subsidies to k, (so that 5,,; =k in the untargeted case and ﬂmrﬁ* =k in the targeted case). Let
71*

tar

(k) be the consumer’s average HF consumption under the targeted price subsidy scheme, and

h:, (k) be the average HF consumption under the targeted price subsidy scheme.

PROPOSITION 4. Targeted subsidies strictly dominate untargeted subsidies, in the sense that

*
htar

(k’, U(),(So) Z iL*

unt

(k,v9,00), for all k and fized vy, &p.

The proof of Proposition 4 can be found in Appendix EC.1, and relies on the fact that the
consumer’s feasible set of food bundles are identical in both the targeted and untargeted case when

the government spends k dollars on either type of price subsidy.

4. From individuals to populations

The model presented thus far concerns individual consumers. However, in reality the government
often has to select and implement strategies over populations of consumers. It may be neither
practical nor realistic for the government to provide personalized interventions to each individual
in the population. This section presents a method for assigning households to groups and choosing
group-level strategies.

When designing strategies across populations, the location of households plays a critical role
for certain interventions. Many access-related interventions are location-dependent. For example,
a new grocery store will only impact households living within a certain distance to the new store.
However, other types of access interventions are largely location-independent—meaning that they
can be given to individual households without much consideration of the household’s location—for

example, subsidizing transit to grocery stores or grocery delivery services. This section considers
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both types of access interventions. Price and education interventions are both assumed to be
location-independent, which is realistic in practice. Intervention bundles consisting of location-
independent interventions can be given to groups of households regardless of their locations. On
the other hand, location-dependent interventions (also referred to as simply location interventions)
can only be applied to groups of households within the same neighborhood.

The population of households considered for this analysis is described in the next section. The
government’s optimization problem for choosing the group-level strategies and location interven-
tions is then described, along with the proposed method for determining the groups. Finally,
the government’s optimal group-level strategy is computed and each household’s FV consump-
tion under their group-level strategy is compared to their FV consumption under their individual
optimal strategy.
4.1. Population data
In order to use the proposed model to inform strategies across populations and within neighbor-
hoods, granular shopping and geographic data is required for a sample of households within the
neighborhoods and populations of interest. For SNAP households, which are often considered the
population of interest in food policy, this granular data is accessible. SNAP benefits are adminis-
tered to households through a personal electronic benefits transfer (EBT) card, which are used at
retailer outlets like a debit card. Therefore, every transaction involving an EBT card is recorded. In
states like Massachusetts, which use a targeted price incentive in conjunction with SNAP (called the
Healthy Incentives Program), certain F'V purchases are recorded separately. Thus, SNAP spend-
ing on F'Vs can be roughly calculated for every household that participates in this supplementary
program. This method would only capture SNAP transactions, however, the literature regarding
food spending patterns of SNAP households could be used to estimate households’ non-SNAP
expenditures (e.g., Tiehen et al. (2017), Dorfman et al. (2018)).

Disutility and value of nutrition can also be readily estimated from data. Disutility can be

estimated through demographic and geographic information, which are both inquired about when
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a household signs up for SNAP. The proximity of households to grocery stores—a large component
of disutility—is easily determined from this geographic information. Furthermore, information such
as employment and household composition can be used to estimate the opportunity cost of grocery
shopping—another potential contributor to disutility.

Value of nutrition can be estimated a number of ways. The USDA administers many surveys
that contain questions regarding the households’ beliefs and attitudes towards nutrition. These
questions could be widely disseminated to SNAP households as part of the sign-up process or
during the re-certification process. Value of nutrition could also be estimated at the neighborhood
level by using Google search data to asses the frequency of nutrition-related searches, as in Levi
et al. (2018).

Because much of the data described above is not publicly or currently available, this analysis
considers a subset of the population of households contained in the 2016 Nielsen consumer panel
dataset to be the population of interest. Certain attributes of the households—specifically, their
value of nutrition and disutility—are synthetically generated (according to a process described in
Appendix EC.4.2) in order to demonstrate the functionality of the model. The subset of households
from the panel used in this analysis are those who satisfy a set of criteria: including (i) households
below the federal poverty guideline, (ii) households that have at least 20 grocery store trips recorded
in 2016, and (iii) households that have an average shopping cycle time of less than 20 days.
The resulting dataset consists of 1,193 households. Using this semi-synthetic data, the modeling
parameters and functions are estimated for each household according to the procedure described
in Appendix EC.4.

Because the Nielsen dataset does not contain many households within a single neighborhood, the
households contained in the dataset are assigned to four synthetic “neighborhoods.” The neighbor-
hood assigned to household ¢ is denoted n;. In the case of location interventions, the government’s
strategy will depend on the characteristics of the neighborhoods. For illustrative purposes it is
assumed that neighborhoods are correlated in terms of their value of nutrition and shopping disu-

tility. The characteristics of the four neighborhoods are the following.
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e Neighborhood 1. Low value of nutrition, low shopping disutility.

e Neighborhood 2. High value of nutrition, low shopping disutility.

e Neighborhood 3. Low value of nutrition, high shopping disutility.

e Neighborhood 4. High value of nutrition, high shopping disutility.

4.2. Group-level objectives

The optimal intervention bundle for individual households varies widely depending on their charac-
teristics, and are quite complex in the sense that these optimal strategies cannot be predicted well
using linear models (more details on the optimal individual strategies for the Nielsen population
of households are given in Appendix EC.5.1). Therefore, it may be unrealistic for the government
to provide completely personalized interventions. Suppose that the government instead wishes to
deploy interventions across groups as well as within neighborhoods.

Each household is assigned to a group, independent of their neighborhood. The government’s
goal is to choose a single strategy consisting of an allocation to the price, education, and location-
independent access intervention, denoted (B, dx, ) to deploy to every household in Py, for k=
1,...,M, where M is the number of groups and P, is the population of households in group k.
In addition, the government must choose in which neighborhoods, if any, to implement a loca-
tion intervention. Therefore, every household receives a group-level intervention bundle as well as
potentially a location intervention, depending on their neighborhood.

There are many possible objective functions that the government could employ in order to choose
the group-level interventions. Different objective functions can be thought of as corresponding to
different notions of fairness (Bertsimas et al. 2011). This paper considers two approaches. The first
objective considered is the utilitarian solution of maximizing the sum of HF consumption among all
households. The second approach is a max-min objective, where the government wishes to employ
the strategy that achieves the highest minimum outcome among households in each group. An
outcome in this case is defined as the ratio of the percentage increase in FV consumption under

the chosen strategy to the percentage increase in F'V consumption under each household’s optimal
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individual strategy. The problem formulations, as well as solution technique, are given in Appendix
EC.5.2. The budget constraint for both problems is modeled as 5, + v, + 6, < U — %, where L is the
number of location interventions chosen and c is the cost of a single location intervention. Let M,

represent the utilitarian optimization problem and M7” represent the max-min optimization

problem.
The performance of an arbitrary strategy s is evaluated based on its performance ratio. For each
strategy s, its optimality percentage for household i is defined as

perf_ratio,(s) := = hi(s) —h; (0) ’
hi (Bt vi,61) — i (0)

R )

which is the ratio of the percent increase in FV spending under strategy s to the percent increase
in FV spending under the optimal individual strategy for household ¢, denoted (8;,v},d;). The
term l~zj (0) denotes household i’s HF spending without any interventions. Without location inter-
ventions, the performance ratio is always between zero and one. However, in neighborhoods with a
location intervention it is possible that the performance ratio could exceed one, depending on the
effectiveness of the location intervention.

4.3. Determining groups

The goal of this section is to develop simple methods for producing “smart” groups. The key
question is: How should households be segmented into groups in order to mazximize performance of
population-level strategies?

In order to choose the groups, a multi-output regression tree is trained to predict the optimal
individual intervention bundles, (8, v, d;). Households are classified into groups according to their
corresponding leaves of the tree. To produce m groups, a tree with m leaves is trained. Details are
given in Appendix EC.5.3. This approach is employed because it produces interpretable groups
based on a small number of covariates, which is desirable in practice and simple to implement.

When choosing the number of groups, there is a trade-off between performance and complexity.

This analysis focuses on determining three groups. A regression tree with three leaves is thus trained
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to predict the households’ individual optimal intervention bundles. The trained regression tree can
be seen in Figure EC.5. The covariates chosen for the splits of the tree are value of nutrition and
taste for RF. Once the households are partitioned into three groups, Problems M, and M .
are solved.

4.4. Group-level strategy performance

The solutions to Problems MPF,

utt

., brescribe neighborhoods in which to implement

max—mt

, and M”
location interventions (e.g., which neighborhoods to build a new grocery store in), as well as funding
levels for the education, price, and location-independent access interventions, which are unique to
each group. This section assesses the performance of these group-level strategies.

The government’s decision will depend on the cost of the location intervention, denoted c. First
consider the case when the location interventions are free. In this case, the government’s optimal
decision is to implement a location intervention in Neighborhoods 1 and 3, which are the neighbor-
hoods where most households have a low value of nutrition. This is line with Proposition 2, which
says that access interventions are only effective at increasing HF consumption for households with
a low value of nutrition, under a certain range of modeling parameters. In this case, the modeling
parameters (in particular, the parameters of the function w(d(d))) are estimated to fall in this
range. Therefore, even when location interventions are free, the government chooses to implement
them only in neighborhoods with a low value of nutrition.

As c¢ increases, the government’s choice regarding the number of location interventions changes.
In the scenario presented in this section, the utilitarian strategy will only funds location interven-
tions in both Neighborhoods 1 and 3 if ¢ < .09U, whereas the max-min strategy will fund both
location interventions when ¢ < .51U. There is also a range of ¢ for both the max-min and utili-
tarian objectives such that a location intervention is implemented only in Neighborhood 3. This
neighborhood contains households with a low value of nutrition and a high shopping disutility, and
is thus the neighborhood where access interventions are most effective.

Even without location interventions, the group-level strategies achieve high performance ratios.

Under the utilitarian strategy, without any location interventions the average performance ratio is
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Figure 5 Performance of population strategies without a location intervention (black) compared, and

difference performance (shown in green/red) when a location intervention is placed in Neighborhoods 1 and 3.

84% (with a median of 94% and minimum of 16%), and under the max-min strategy the average
performance ratio is 81% (with a median of 84% and minimum of 34%).

Figure 5 shows how these performance ratios change at the household level when location inter-
ventions are implemented in Neighborhoods 1 and 3 at a cost of ¢ = .09U. As expected, most
households in Neighborhoods 1 and 3 are benefited by the location interventions, and most house-
holds in Neighborhoods 2 and 4 would be better off without it, since the location interventions
decrease the amount of funds left for other interventions. The benefit of the location interventions
is drastic for many households in Neighborhoods 1 and 3, and the downside for is small for many
households in Neighborhoods 2 and 4. Furthermore, the households with the lowest performance
ratios to begin with are the ones who are most benefited.

It is also worth noting that some households in Neighborhoods 2 and 4 are benefited by the
location interventions. These appear to be the households with the lowest performance ratios
without the location intervention. The group-level strategies for these households contain a positive
investment in the access intervention, however these particular households are not benefited by
the access intervention and hence have low performance ratios. When the location interventions
are implemented in Neighborhoods 1 and 3, the group-level strategy responds by investing less in
the location-independent access intervention, and thus these households are benefited. Therefore,
when neighborhoods are correlated in terms of their value of nutrition, location interventions can

effectively improve the performance of group-level strategies.
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The above results suggest a number of policy insights. First, group-level strategies based on
“smart” groups formed using value of nutrition and taste for RF can achieve near optimal levels
of HF consumption for many households. This implies that completely personalized interventions
may not be necessary, especially in cases where providing personalized interventions is difficult or
costly.

Second, deploying access-related interventions at the population level should be done with
caution. Access interventions are only effective among households with certain characteristics
(described in Proposition 2), and therefore the characteristics of neighborhoods should be carefully
assessed before implementation location-based access interventions. If value of nutrition can effec-
tively be measured at the neighborhood level, then location interventions could be strategically

deployed in a manner that is beneficial to most households.

5. Discussion and Policy Implications

The model proposed in this paper provides both a new tool for informing future policymaking, as
well as new insights into current policies. First, the paper finds that targeted price subsidies are
strictly better than untargeted price subsidies at increasing FV consumption. This suggests that
the SNAP program could be more effective at increasing HF consumption if it also provided a
targeted supplemental program, such as the Healthy Incentives Program in Massachusetts.

Many of the results elucidate the importance of the consumer’s value of nutrition, and the need
for standardized and precise methods for its measurement. Currently, USDA surveys often inquire
about nutrition-related behaviors and knowledge of nutrition. However, how the responses actually
connect to the consumer’s true value of nutrition is not well established. Developing a specific series
of questions aimed at understanding the extent to which nutrition affects the consumers’ thought
process regarding their food purchasing choices would be extremely helpful in determining value
of nutrition, in addition to other techniques such as analysis of Google search data.

Value of nutrition plays an important role in determining which portfolio of interventions will be

the most effective for different consumers. The impact of access on consumer behavior is complex
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and creates two competing incentives for the consumer. The direction of each incentive is highly
influenced by the consumer’s value of nutrition. In particular, investing in access is likely to be
effective among consumers with low value of nutrition. Therefore, access interventions should be
deployed after estimating individual-level or neighborhood-level value of nutrition. This could help
preemptively identify situations where access interventions are unlikely to be effective, thus saving
time and money. The complex relationship between access and value of nutrition helps explain why
the results of access interventions have been mixed, and without considering the appropriate effect
heterogeneity, the impact of access cannot be elucidated.

The analysis of group-level strategies shows that it is not necessary to provide completely indi-
vidualized interventions in order to achieve large increases in FV consumption. It appears that
by subsetting households based on value of nutrition and idiosyncratic taste, effective group-level
strategies can be deployed. This is a simpler and more practical alternative to completely personal-
ized interventions. Location-dependent access interventions can also be useful but only when they
target neighborhoods with a low average value of nutrition.

Outside of food policy, the model proposed in this paper can be used to optimize investment
allocation in a variety of different public policy settings. For example, consider a non-governmental
organization’s efforts to increase voter turnout. These may include education campaigns (about
various policy initiatives, candidates, where to vote, etc.), voter registration initiatives, scheduled
rides to polling places, and many more. These (primarily education- and access-related) interven-
tions impact an individual’s decision about whether to vote in very different ways. A model that
captures the impact of these interventions on individual decision-making could be used to deter-
mine optimal personalized strategies. Furthermore, group-level strategies could be constructed by
first developing consumer-level models on a sample of the population for which rich data is avail-
able. The methods of Section 4 can then be used to determine group assignments and group-level
strategies. A group classifier (such as the decision tree in Section 4) could be constructed that is
based solely on a couple covariates that are widely observable for the general public in order to

classify all potential voters into groups.
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Models such as those developed in this paper and described above are especially relevant in
policy settings where data is largely observational and experiments are often costly or infeasible.
Furthermore, most public policy initiatives have multiple types of levers that impact individuals
through various mechanisms. In these cases, strategic policy design relies on the development of
realistic data-driven models. Individual-level models that are able to simultaneously capture the
effects of different levers provide many benefits, including an increased understanding of 1) how
different interventions interact with one another, 2) how interventions interact with characteristics
of the individual, and 3) how to centrally allocate funds across the various interventions. Use of
these methods in policy design can lead to more personalized and cost-effective strategies, and

ultimately better outcomes.
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Electronic Companion

EC.1. Proofs of statements

LEMMA 1. Under Assumption 1, h(h) and @(v) are increasing functions.

Proof of Lemma 1.

We prove this lemma for i and h, and note that the proof for @ and w is analogous.
Recall that the function T'(h,u;d,v) can be written as T'(¢h + (1 — ¢)u;d,v) where ¢ €
{0,1}. In other words, T' depends on h when ¢ =1, and T depends on u when ¢ = 0. It
is easy to see that ﬁ(h) is a one-to-one function when ¢ = 0 since in this case, T has no
dependency on h and thus h(h) is linearly increasing in h.

We now consider the case when 7" depends on h. To simplify notation we will write

T (h,u;d,v) as simply T'(h) or T'. First note that T'(0) = t1(0) +t2(d,v) > 0 since t5(d,v) >0

. _per
and t1(0) > 0. We can write % = 8(%7,1(]1)) —_ Thf)h which is non-negative whenever @ >
9L Notice that the average slope of T'(h) from 0 to h =1 is equal to (T'(I) —T'(0))/l. Since

T'(h) is concave increasing, g_:g is always smaller than the average slop of T'(h) from 0 to
!

[, s0 &° l <(T(l)—1T(0))/l<T(l)/l for all [, where the last inequality follows from the fact
that 7(0) > 0. Thus, T'(h)/h > %L for all h and we see that h(h) is an increasing function.

Furthermore, because h(0) =0 and //(h) is finite, the function & (h) is also one-to-one. W
PROPOSITION 1. Under Assumption 1, Problem M¢(8,0,v) is concave.

Proof of Proposition 1.

Since f (ﬁ,ﬁ) and v - g(iL) are concave, it is only necessary to prove concavity of the
disutility term, which is equivalent to convexity of 1/T(¢h + (1 — ¢)ai;v,d) (since the
disutility term has a minus sign in front). Assume that ¢ =1 (although the same argument
holds when ¢ = 0). In this case we simplify T(¢h + (1 — ¢)@i;v,d) by writing T'(h). The
function 1/T'(h) is convex if and only if —T'(h)T"(h) + 2T"(h)* > 0.

Notice that Assumption 1 is an assumption about the effect of h and v on T, not
the variables h and 4. Thus, in order to make sense of the condition —T'(h)T"(h) +
2T'(h)? > 0, it will be converted to a condition in terms of h instead of h. By writing
h=h(h)/T(h(h;d,v);d,v) and taking the implicit derivatives h/(h) and h”(h), we obtain

2 2
- T2 - T3(—2r8E" + T(29E + hST))

W(h) = ——=, h"(h)=
T —h% (T — h3r)3
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Using the chain rule,

2(0_T>2_T02_T_2(6_T@_h)2_T 62(@)1@% T
oh on2  ~\ 0hoh on2 \ o, ohonz | (T—h%{)?)

where the last equality follows by substituting in A'(h) and h”(h). This quantity is positive

when T is concave increasing in h and 7°(0) > 0, both of which hold under Assumption 1.

THEOREM 1. For fized investment in the access intervention (6 = dy), the consumer’s
average HF consumption as a function of the investment in the price and education inter-
vention —h*(v, 8,00) —is unimodal on both domains Dy and D;. For non-fized 5, h*(v, 3,6)
18 unimodal on both Dy and Dy provided that the following additional conditions are met:

1. d"(8)w(d(6)) —2d'(8)*w'(d(d)) >0, and (Condition 1)

2. The education intervention has a non-negative budget elasticity. (Condition 2)

Proof of Theorem 1.

When § is fixed at g, v can be written as a function of g by taking advantage of the
fact that the government’s budget constraint is always tight at optimality. In particular,
v*(B8) =U — §p — . The government’s problem can therefore be considered univariate. The
goal of the government is to maximize h*(3,*(8), 8). We will first show that this function

is unimodal in 8 on D;. Through implicit differentiation of the consumer’s K K'T' conditions

h* (v(8),8.00)
— o3 a8

(found in Appendix EC.2), we can write 5

7 / * 1(T % / Tx ~x i o' (v*)r! (v(v*
Oh" (8,0°(8),80) _ P2’ (v)g' (") + puB'(8)f 02 (B ) + Pttt TE ()

i 7 7 EC.1a
B p2urg” (he) + p2 fO2 (h*, G*) + p2 f20) (h*, 0%) ( )
i (8,0°(8),00) _ —Papug (W' (V") +pB'(B)(w(v*)g" (") + [0 (h*, ")) - aznndov’ ()7 (o(2)
ZE p2vg () + P O (b @) + p2 {20 (b )
(EC.1b)

Where h* and @* are shorthand for 2*(3,v*(83), 0o) and @*(3,v*(83), dy), and v* is shorthand
for v*(B) := U — dy — B. Notice that %;('B)’EO) is always positive (both the numerator
and denominator of Equation EC.1b are negative), meaning that as the government allo-
cates more money towards the consumer’s food budget and less towards education, RF
consumption consistently increases. In order to prove that h* (8,v*(B), do) is unimodal in 3,
we will show if %;(’B)’%) 5 < 0 for some [y, then %;(B)’%) 5 < 0 for all 8> ;. This
implies that once the function h*(3,v*(f5), do) begins to decrease, it will remain decreasing,

implying that there can be at most one local maximum.
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Notice that the denominator of Equation EC.la is always negative. Therefore, the
sign of the derivative is determined by the numerator of Equation EC.1a. Suppose that
%;(5)’50) 5 < 0 for some [3;. Consider the derivative of the numerator with respect to
B, evaluated at ;. This is given by

pav' (v) %hﬁ

aiﬁ* (0,3) (j* = 1" (0,2) (7% ~%\y_
55 |, 100 )+ BB F OV (0 i)
papnd(r' (vV)v" (V) +v'(1)*r" (v))
w(d)

" (1)~ pug (W) (v) +pu(B'(B)

g
B1

We will show that for all > ;, the numerator is positive. Evaluated at (;, this quantity
is positive under Assumptions 2 and 3, in addition to the assumption that f (iL,ﬂ) has

a positive third derivative. Note that this holds for any §; such that %;(5)’60) <
B1

0. Therefore, %;(6)’50) is decreasing on the domain § € (., U] where (. is such that
%;(ﬁ)’%) = 0. Therefore, h* (B8,v*(68),00) can have at most one local maximum, and can

have no local minimum.

*(B,v*(8),00)
op

On the domain D, the expression for oh is still given by Equation EC.1a except

that the term 22 idovll(v"(gj ;)T/(”(B ) disappears from the numerator since r does not depend
on v when ¢ = 0. Thus this case is even simpler and we obtain the same result as before.

We now prove the second part of the theorem, where 4 is not fixed. Consider the function
h*(8*(0),v*(8),0) where v*(8) and *(0) are the optimal values of v and f for a given
8, which we now know are unique. We will show that the function h*(3*(8),v*(6),d) is

unimodal in J, implying that ﬁ*(y, f,9) is unimodal. We can write

Oh (8(9),v(8)9) _ (6#(57%6) L (@B | gt 5 B (Bi10)
(B*(8),r*(8),5)

1ol 1old) v (9) ov 0B )’(ﬁ*(é),u*(é),é)
By noting that U = § + v+ 3, we see that v* (§) + 3*(§) = —1. Furthermore, at optimal

v and (8, we must have

Oh*(8,v,0) ‘ _ Oh*(B,v,6) ‘
ov (B*(8),v*(5),6) oJ6] (B*(8),v*(5),6)

for every 6. Combining these two observations, we see that

afz*w(é),u(é),é)‘ _ (oW (Bv,0) Ol (B,v,0) ‘
(B8*(0),v*(9),0) (B*(0),v*(9),0)

00 00 ov

On the domain D; this can be written as

ol (67 (6),v7°(6),6) _ —Prpur(v(v"))d (9)(w(8) — d(8)w'(5)) +piv/ (v )w(6) (w(é)g’(ﬁ*) + phd,«/(v(,,*))) .
99 - w(8)2(p3 f@0) (h*) + p} fOD (@) + pRo(v*)g” (k")) '
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where w(d), v*, h*, and @* are shorthand for w(d(d)), v*(8), h*(6*(d),v*(5),d) and

~ %k

a*(6*(0),v*(d),0), respectively. On the domain Dy we obtain the expression

OR* (B(8),v"(6),8) _ pupnpurd'(8)(w(8) — d(8)w'(9)) +w(8)*piv’ (v*)g' (")
08 w(0)(pi f O (h) + pj, f 0D (@) + pio(v+)g” (h*))

(EC.3)

In what follows, we use the same proof technique as above and show that on each domain,
once the numerators of Equations EC.2 and EC.3 are negative, they must remain negative
as § increases. This is true so long as v*'(§) <0 and d”(8)w(d(8)) — 2d'(6)*w'(d(8)) > 0,
which are the conditions of the theorem (the constraint that v*(§) <0 is what is referred
to as a non-negative budget elasticity, and details on this condition are provided after the
proof).

First consider the derivative over Dy. Let £(d) be defined as

L(0) = pwww%(w(d@)) —d(8)w'(d(6))) +piv' (v (8))g'(h*(5))
Notice that £(6) >0 = w < 0. Our goal is to show that if there exists a 6,
such that w . is a local maximum (implying that £(6.) =0 and L(d.+¢€) >0
for € small enough), that £(5.+ A) >0 for all A >0.
Consider the two terms in £(§) separately. The second term, p>v'(v*(8))g'(h*(6)) is
always increasing with respect to ¢ for ¢ such that w <0 and v*(6) <0. We
will also show that the first term, phpu%(w(d(d)) — d(5)w’(d(5))) := L(6), is increasing

under the assumptions of the theorem. We can Compute =2 as

OL _ (w(d(0)) — d(d)w'(d(9))) (d"(d)w(d(d)) — 2d'(d)*w’'(d(5))) — w(d(0))d'(0)*d(d)w" (d(0))
6 w(d(6))?

Note that w(d(d)) — d(5)w’(d(§)) is assumed to be positive since h* is only increasing in

if this is true. Therefore, 2L is necessarily positive when d”(8)w(d(8)) —2d'(8)?w’(d(5)) > 0,

) 65
which is the condition of the theorem.

Now consider the domain D;. Again we will treat each term in the numerator separately
(after first dividing each term by w(d(d))? and r(v(v*(d)))). It is straightforward to see

that the term pavlay(z((i)*)(g(;)(g*(‘s)) is increasing in § when %ig <0 and V*/((S) < 0. The term

p’ivl(Z)*(Eli?)[;?rif():;((ggl)’; @) ig also increasing when v* (§) < 0. Finally, by an analogous argument

AC) (w<d§fg3i(5‘§gi)w'(d(5))) is increasing

when A* is increasing in & and d”(8)w(d(6)) — 2d'(8)?w'(d(5)) > 0. W

as to the one on domain D, it is clear that the term —
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The condition d”(§)w(d(8)) — 2d'(6)*w’(d(§)) > 0 is a statement about the convexity of
the function d(§). By Corollary 2, in order for h* to be increasing on Dy we require that
w(d(d)) is concave on Dy, which implies that w(d(§)) — d(d)w'(d(5)) > 0, and in order
for h* to be increasing on D; we require that w(d(6)) is convex on Dy, implying that
w(d(6)) — d()w'(d(0)) <0. Let €(d) be such that w(d(d)) — ez(d)w’(d(5)) =0 on domain
D;. The only way that all three of these conditions can hold is if 2‘5,’% < €(0) < d(0).
Which is equivalent to upper bounding the second derivative of 1/d(d) by some €3(4) < 0.

The condition that v*(§) <0 intuitively means that as more of the government’s bud-
get is allocated to the access intervention (and thus the total available budget for the
education and price intervention decreases), the allocation to the education intervention
does not increase. This is an intuitive condition and when it is not met, the government’s
optimization problem need not be unimodal. This condition can be written as a (rather
complicated) condition of the modeling parameters and functions by noting that v*(9)

solves

P N ) B3 ) 09 ) - SO O @),

which is the numerator of Equation EC.1a, and that v*(0) = U — § — $*(d). Taking the

implicit derivative with respect to d gives v*(d) as a function of the modeling constraints.

PROPOSITION 2. Under Assumption 1, the following characterizes the impact of the
untargeted price and value intervention (B and v) on average HF' and RF' consumption (iz*
and U*) when both are positive (h*,0*>0):

1. HF and RF consumption are increasing in the untargeted price intervention, 3. How-

ever, the proportion of healthy to RF consumed, (ﬁ* /U*), is mot necessary increasing
2. HF consumption is increasing in the value intervention, v, and RF consumption is

decreasing in v.

In addition to Proposition 2 as stated in the main text, we include Part 3 which charac-
terize the impact of access on HF spending.
3. When ¢(v) =1 (namely, when cycle time depends on the inventory of HF items), HF
consumption, ﬁ*, s increasing in the access intervention, 6, and RF consumption, 4* is
decreasing in 0 if and only if G(h) >0, where

G(e) =9 (1 =050 ) (T—ofh —dlo) o0 ) ~do) T 5
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When ¢(v) =0 (namely, when cycle time depends on the inventory of RF items), HF
consumption, ;L*, s increasing in the access intervention, 6, and RF consumption, u* is
decreasing in 0 if and only if G(u) <0

Before proving Proposition 2, we prove a lemma that will be useful.

LEMMA EC.1. Under Assumption 1, when ¢ =1, 1T >0 91T <0, and O1T > 0.

a /T i on? ? Ohdv(v) — ohod(5) —
1 1
When ¢ =0, >0a”daad > 0.

[Proof of Lemma EC.1| First we focus on the second derivative of 1/T" with respect to

= pryr 2287127 OT _ 0h T PT _ 9°hoT | 0h28°T
~ 1 — Oh oL gL gy =
h and u. Notice that —5= = =3 - Furthermore, 7 = 2290 and &5 = 2255 + 5% 55

Flnally, and ah2 can be computed by implicitly differentiating i — h(h)/T(h(h)) =0 as
21/

in the proof of Proposition 1. Combining these expressions and simplifying =73

yields

1T —TO%E
onz (T —hIL)3

When T is concave in h, this quantity is positive. An analogous argument proves this result
when ¢ =0 for 821/T.

Now consider the mixed derivatives of 1/7T. By following a similar method—rewriting
T(h;d(8),v(v)) as a function of h instead of h—and utilizing the separability of T'(-) with
respect to v and h, we have

T aT 9°T
YT 256 on ~ L onovir) _ G (5 (T —hGE) —ThGE)) (EC.4)
Ohov(v) s (T~ hg_g) |

The RHS of EC.4 has the same sign as 8—T, which is negative. If we had taken the derivative

is negative. The same
9%1/T 9%1/T
? Ohdv(v) =0, Ohdd(8) = 0

with respect to d(9) instead, the RHS would be positive since 8‘3( )

method can be applied when ¢ =0 and T depends on . Therefore

921)T
andaad )>O [ |

Proof of Proposition 2.

The proof of each of these statements relies on considering the derivatives %h and 8“

where = € {,v,0}. These derivatives are obtained by implicitly differentiating K K Tcons,
and can be found in Appendix EC.2.

Part 1. The fact that 4* and @* are increasing in [ follows by considering the derivatives

oh*
B

are both always positive.

and %—fg in Appendix EC.2 and noting that, by Assumption 3 and Lemma EC.1, they
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The fact that the FV ratio, h* /u*, is not necessarily increasing in f is evident by con-

o+ Jar
a8

=1, which is positive if and only if

a*phf(O,Z)(ﬁ*’ /EL*) -
7% Tk ok 7* 021/Ty —
epu(fCO (B, @) + vg" (k) — d(8) 55 )
In general his condition depends on the current values of HF and RF consumption, as

well as their relative prices. A special case where this condition does not hold is when
the consumer’s preferences are nearly linear in u, meaning that there are no diminishing
returns for RF consumption. A similar analysis reveals that the ratio of F'Vs can also be
increasing or decreasing in the case that ¢ =0.

Part 2. This is proven by considering the equations in Appendix EC.2. When ¢ =1 o
is positive when ¢ =1 if aial L (T) 0. By Lemma EC.1, this condition holds.

The derivative % when ¢ = 0 is more straightforward since there is no dependency of

T on v when ¢ =0. An argument similar to the proof of Part 1 shows that in this case,
%—i:j > (. Finally, since the food budget remains unchanged as v changes, u* must decrease
if h* increases in order for the consumer’s budget constraint to remain tight.

Part 3. By again considering the equations in Appendix EC.2, when ¢ = 1, A* is increas-

ing in ¢ and @* is decreasing in ¢ if and only if al/ T d(d) ;;;al Cg(T) > 0. Similarly, when ¢ =0,

h* is increasing in § and @* is decreasing in § 1f and only if 81/ Ty d(d) 86 ald/ﬁ) < 0. We will

focus on the case when ¢ = 1. First, note that
T _ 5 _ ~&
oh T2 T-hot~
Where the inequality comes from the fact that T — h - > 0 by the concavity of T" with
respect to h. By following a similar method to the proof of Lemma EC.l—rewriting
T(h;d(8),v(v)) as a function of h instead of h—and utilizing the separability of T'(-) with
respect to d and h, By Lemma EC.1 1T > 0. Simplifying 81/T +d(6) PUT Lesults in

? 9hdd(5) Ohod(s)
the condition given in the Theorem. The same logic can be apphed when ¢ =0. R

COROLLARY 1. Under Assumption 2, the following characterizes the impact of access
on average HF consumption when b it >0: When cycle time depends on HF purchasing
(6(v) =1), average HF consumption, h*, is increasing in the access intervention, 8, and
average RF consumption, u*, is decreasing in § if and only if w(d) — dw'(d) < 0. When
cycle time depends on RF purchasing (p(v) =0), h* is increasing in 8 and @* is decreasing

in 0 if and only if w(d) — dw'(d) > 0.
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Proof of Corollary 1.
This is a direct consequence of Proposition 2 in the case when T is linear in h or u.
on*

The result can be seen by examining the derivative %5 under Assumption 2. B

COROLLARY 2. Under Assumption 2, the government’s optimal solution, (6*,v*,0%),

will only have §* > 0 when the conditions of Corollary 1 are met.

Proof of Corollary 2.

This is a direct consequence of Corollary 1 H.

PROPOSITION 3. For a consumer with fived disutility, d(6), the government’s optimal

allocation between the price and education levers satisfies:

1. Allocation to the education lever is decreasing (and thus allocation to the price lever
is increasing) as the consumer’s initial value of nutrition increases.

2. Allocation to the price lever is decreasing (and thus allocation to the education lever
is increasing) as the consumer’s utility for RF has less diminishing returns (i.e., as
f(h,@) becomes more linear in )

3. The government’s allocation could change in either direction as the consumer’s budget

changes.

Proof of Proposition 3
The proof of Proposition 3 follows by considering Equation EC.1a—the derivative of
h* with respect to 5 and v(f)—and whether it increases or decreases as certain parameters
change. As one example, consider the marginal concavity of f (fNL,ﬂ) with respect to u.
Suppose that the numerator of Equation EC.1a is equal to zero at some 8. If £©2(h,q)
increases (corresponding to f, (%) becoming less concave), the numerator of Equation EC.1a
increases at every point 3. This means that at ., the numerator of Equation EC.1a is

%ﬁ(ﬁ)’%) is negative (since the denominator is negative). Thus, since we

positive, hence
know h*(3,v(83),08) is unimodal in 3, it must be the case that Equation EC.1a is equal to
zero at a 3 less than ., implying that a smaller amount of funding to the price intervention
than before is now optimal. In conclusion, decreasing the concavity of f, (@) results in
an optimal allocation with less funding to the price intervention. A similar logic can be

followed to prove the other statements of Proposition 3. B

PROPOSITION 4. Targeted subsidies strictly dominate untargeted subsidies, in the sense
that h (k,v9,00) > h* (k,v0,00), for all k and fized vy, dy.

tar unt
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Proof of Proposition 4
Consider the consumer’s KKT conditions in both the targeted and untargeted subsidy

case. In the untargeted case we have

of -1(B _ k% d—2§ S VFE s _ of Ph
ﬁﬁzﬁ*-kcy ( —~ )ﬁ B:ﬁ*+( —6) T2 = |, pu (EC.5)
prh* 4+ pa* — (B + k) =0
And in the targeted case, by substituting 8, = k/ h*, we obtain
of -1(B — k)2 d—2¢ ¢%7(¢71)%W _ of ph—Fk/h*
on s T (B )@ e T(470) K T Oilg_ge P (EC.6)
prh* + pa* — (B+ k) =0

Notice that the budget constraints in both cases are identical. In the targeted case, the
budget constraint is written as (p, — k/ B*)iL* + p,u* = B which simplifies to phﬁ* + P u* —
(B+k)=0.

Let LHSunt(iL,fL) and RHSunt(ﬁ,a) be the quantities on the LHS and RHS of
the first equation in System EC.5, respectively, and similarly for LH Spu(ﬁ,ﬂ) and
RH Star(iz,ﬁ) for System EC.6. Suppose that (il/ ,u') satisfies System EC.5 for a fixed
k, 0 LHS, (W, @) = RHS, (I, ). For the same k, (h/,@) will not satisfy Equation
EC.6, because RHSW(B’,Q’) < RHSum(fL’,fL’), and thus RHSW(E’,Q’) < LHSW(E’,{L’)
since LH S (I, @) = LH Sypi (B, @) = RH Syne (K, ).

Now consider some point (2”,%") such that 2" < ', @’ > @'. We know that LH S, (h, )
is increasing in h, so LHSLM(;L”,&”) > LHStar(iz’,il’). We also know that RHStar(iL,ﬁ)
is decreasing as @ increases and as h increase, so RH Star(ﬁ” , ") < RH Star(;bl7al ).
Therefore, (A", ") cannot satisfy System EC.6 since RHS;q (", ") < RHSq (I, @) <
LHStaT(iNl',fL’) < LHSW(iL”,ﬂ”). Therefore, there must be a solution to System EC.6
(iL/”,ﬂ/”) such that b >R/, @ <. (Note that h and @ are required to move in opposite
directions to ensure that the budget constraint is still satisfied). Therefore, under the same
budget allocation to targeted and untargeted price subsidies, the consumer’s optimal HF

spending is always higher in the targeted subsidy case. B

EC.2. Derivatives
The derivatives shown below are derived by differentiating the KK'T equations of Problem

M¢(8,6,v), which are given by
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of dg ¢S —(-DFTIE o Ph
= + U(V) ah -~ + d((S) T2 ot i p_u (KKT )
phh’ + puu - B(B) -

To find the derivative of h* and @* with respect to z, for example, we take the implicit

Oh | j—j*

derivatives of the KKT equations from Problem M ¢(B,d,v) with respect to x and then

solve for %ﬁ and %ff In the equations below, all derivatives are evaluated at (h*,a*) (for
example, the term 8818/3 is shorthand for %256/3 i )).
h* i
h* “Pu ! u d u 21T
8ah — _ fv(u)(pg( ) — p2¢8§f/a;) A\ (BC.7)
v pfOR +pifCO +piu(v)g (h) — ¢d(0)p; 75 — (1= ¢)d(0)pi =57
/ _ 8%1/T
8; (0,2) (2,0) el (h) dpudz)gghla/uif) 2 9%21/T (EC.7b)
v phfOD 4 p2 RO 4 p2u(v)g” (h)) — ¢d(6)p2 755" — (1 $)d(8)ph 755
o B'(8) (pnf O +d(0) (—pn(1 — 6) 557))
08~ p2 f02) 2.0) 2 921/T 2 971/T (EC.Te)
PO +p2 fO 4 p2o(v)g” (h)) — dd(6)p2 T — (1 - 6)d(8)p} Gt
o B'(8) (puf @O +puvg”(h) - dd(0)p. 53" )
0B p2f02) (2,0) 2 921/T 2 921/T (EC.7d)
PR 4 p2 fO 4 p2o(v)g” (h)) — dd(6)p2 TEE — (1 - 6)d(8)p} i
ohr Pud (9) (—ph(l — )T p, BT 4 () (—pn (1 — §) DT +pu¢>aa;f§§)) (EC.70)
- 2 2 e
0 phfOD P[0+ piuw)g () = ed(0)p; 5" — (1 - )d(6)ph 25"
o _ md0) (1= @)t — op T +dO)pu(L— ) TlT — o0 Gi)) -

00 p3fO2) +p2 fCO 4 p2u(v)g(h)) — dd(8)p2 SHE — (1 — ¢)d(9)p3 Lkt

EC.3. Model extension: N food groups

This section shows how the original consumer-level model can be extended to N food
groups. For clarity of exposition, the model in the paper focuses on two food groups—
healthy food and regular food. In reality, of course, foods have varying degrees of health-
fulness. In this section we extended the proposed model to consider an arbitrary number
of food groups, with different degrees of healthfulness. Since the focus of the paper is on
fruit and vegetable consumption, fruits and vegetables should always remain one of the
food groups considered.

Let x;, i=1,..., N, be the quantity of food group ¢ purchased in a single shopping trip.
For example, x; could be fruits and vegetables, x5 could be grains, x3 could be protein, etc.
Each food group has its own nutritional benefits. Let v(v)g;(x;/T) be the “nutrition value
term” of the consumer’s objective function for food group . Intuitively, this is the boost
in utility that the consumer realizes by purchasing food group ¢, based on its nutritional

benefits. The functions g;(-) can be adjusted to reflect the food group’s nutrient level and
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the consumer’s utility for having this nutrient. The only requirement is that g;(-) must
be concave for all i. A food group that is not nutritious (e.g., junk food) would have

gi(x;/T) =0. The consumer’s optimization problem is written as

N
max f (:E_%”x?]v) +v(v)- ;gi (,a;—i) _ @

s.t. mei <BB)-T (EC.8)

=1
T:T(xl,...,xn;v(l/)ad(d))

Analogous to Problem M¢(B,d,v), we assume that the function f (”—Tl, e ””?N) is concave
and separable. Additionally, we assume that T'(x;v, d) depends on only one z;. The intuition
for this assumption, similar to the explanation in Section 2.1, is the following: A consumer
will feel a sense of urgency to return to the store once a “critical food item” (as explain
in Section 2.1) is depleted to a certain level. Therefore, T'(-) depends only on the limiting
food (i.e., the one that runs out first) from within the consumer’s set of critical food items.

Using the same change of variables as in the original formulation (i.e., &; :=x;/T), we
see that Proposition 1 extends to Problem EC.8. Namely, it can be shown that Problem
EC.8 is also concave. Therefore, the same techniques can be used to analyze the bi-level
model (albeit, with more complex algebraic equations). Additionally, Lemma EC.1 easily
extends since T only depends on one z;. Using these facts, the analysis of the extended
model can be accomplished using similar methods to the analysis of the original model.

To give an example of how the results can be extended, we consider the impact of the
education intervention, the untargeted price intervention, and the access intervention on
fruit and vegetable spending in the case of N food groups. Food group 1 will be used to
represent fruits and vegetables, but the other two food groups may also have nutritional
value.

We find that, in this extended model, the impact of the price intervention and the
access intervention on FV spending is the same as in the original model. Analogously to
Proposition 2 and Corollary 1, the price intervention always increases FV spending and
the access intervention only increases FV spending in certain cases, depending on the

functional form of 7.
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The impact of the nutrition education intervention, on the other hand, is a bit more
complex in this extended model. The impact of the education intervention on fruit and
vegetable consumption now depends on the relative slopes of the functions g;(-), for i =
1,..., N, compared to the cost of each food group. In other words, now that all food groups
could have nutritional benefits, the nutrient value per dollar of each food group plays a
role. We will assume that fruits and vegetables have the highest nutrient benefit per dollar,

given by the following condition:

9y - 9iy)
p1 i
When T depends on x1, and the condition above holds, fruit and vegetable spending will

for all 7, y >0

always increase as the education intervention increases. When 1" depends on x; for i # 1,
however, it is possible that fruit and vegetable spending may not increase as the education
intervention increases. The intuition is the following: Food group i’ has some nutritional
value, and also contains the “limiting food.” Increasing value of nutrition decreases T,
meaning that households will end up going to the store more frequently. In order to go
to the store less frequently (which is desirable), the household needs to buy more of food
group 7', which contains the limiting food. In order to do so, they may divert money away
from fruits and vegetables (or other food groups).

On the other hand, the education intervention also increases the attractiveness of fruits
and vegetables to the consumer. Therefore, the overall effect of the education intervention
on fruit and vegetable spending will depend on the relative magnitude of these two com-
peting effects. Mathematically, the latter effect (i.e., the effect of nutrition education on
the attractiveness of F'Vs) will outweigh the former effect when value of nutrition has a
small impact on T'(z;;v,d).

In this version of the extended model, the nutrition education intervention impacts every
all food group 7 where g;(z;) # 0. In this sense, we are modeling a very broad nutrition
education program that encourages the consumption of all foods with nutritional benefits.
While this is a realistic model for many programs, there are also nutrition education pro-
grams that specifically encourage the consumption of fruits and vegetables (e.g. VeggieRx
Nutrition and Cooking classes, the Fresh Fruit and Vegetable Program, etc.). If we focus

on only these programs, and write the nutrition value term as

v(v)g1(71) +Zgz’(i‘z’),
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the impact of the nutrition education program on FV spending is identical to the original
model. Namely, it will always increase FV spending.

In conclusion, the consumer-level model can readily be extended to include an arbitrary
number of food groups. The nutritional value of each food group will play a role in deter-
mining the effect of the nutrition education intervention; however, if we restrict ourselves
to fruit and vegetable-specific education programs, the results remain consistent with the

original model.

EC.4. Computational set-up

EC.4.1. Parameter estimation
This section presents a method for estimating the parameters of the consumer’s optimiza-
tion problem, given a dataset containing:

e Information on grocery shopping trips over a period of time for a population of con-
sumers, including the types of foods purchased (or at least a flag for healthy versus
regular food) and the prices paid.

e Enough information to calculate relative disutility measures for each household for get-
ting to the grocery store (e.g., access information, employment information, household
composition information)

e Information on the household’s dietary beliefs and attitudes, such that relative mea-
sure of each household’s “value of nutrition” could be elucidated.

e A subsample of households whose nutritional value of effectively zero.

Note that a dataset containing this type of information is not unrealistic—in fact, two
datasets currently exist which each contain components of this information, and the union
of these two datasets would result in the complete set of required information. The USDA’s
recent FoodAPS dataset contains detailed information on over 4,000 household’s shopping
behavior over a one week period, as well as information regarding their access to grocery
stores and value of nutrition. Unfortunately, one week is not enough data to elucidate
household’s shopping behavior. The Nielsen consumer panel dataset, on the other hand,
contains decades worth of data on household’s shopping patterns. Unfortunately, it does
not contain the necessary information on access and value of nutrition. Therefore, we use
this dataset’s shopping information but synthetically generate each household’s access and

value of nutrition, using a process described in the following section.
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EC.4.2. Nielsen data and synthetic covariates

The Nielsen consumer panel dataset does not contain information related to the households’
value of nutrition or access to grocery stores. Thus, these covariates were synthetically
generated for each household. First, we generate N random “values of nutrition,” where N
is the number of households, according to a lognormal distribution with arbitrarily chosen
mean of -1 and variance of 1. Because it has been found in the literature that households
with a higher value of nutrition will consume a larger portion of fruits and vegetables
compared to other foods (Levi et al. 2018), we sorted the households according to the ratio
of their average F'V spending to non-FV spending per grocery store visit and assigned the
highest value of nutrition to the household with the highest average FV spending, etc.
After this assignment, we add random noise (drawn from a lognormal distribution with
mean zero and variance 0.3) to each household’s value of nutrition. This way, value of
nutrition is correlated, but not perfectly correlated, with the ratio of average F'V spending
to non-FV spending.

A similar procedure is used to construct each household’s shopping disutility covariate.
In this case, we use the fact that access—and thus likely disutility—has been found to be
associated with shopping cycle time (Liese et al. 2014, Levi et al. 2018). Each household’s
disutility is draw from a lognormal distribution with mean equal to T?!, where T; is
household i’s average cycle time, and variance 0.01.

Plots of the synthetically generated value of nutrition versus the ratio of average FV
spending to non-FV spending, and synthetically generated disutility versus average cycle
time, are shown in Figure EC.1.

EC.4.3. Identification

*

Consider a dataset containing the outcome variables h}, v and T} along with the relative
measures of disutility, d;, and value of nutrition, v; for a population of consumers, i € P.
Since we have multiple shopping trips per households, the values of A}, u; and T} can be
considered to be the average amount of HF and RF bought each visit, and the average time
between store visits. We assume that these outcomes are realizations from a population of
consumers who are solving Problem M¢(B,d,v).

We will assume that T is of the form T (h*, u*;d,v) = min{(ph*py + (1 — @)u*py), 4T +

(1—-)T"} + l:((g)). The functions f(-), g(-), w(:), and r(-) are mixed-effects functions,

meaning that they contain both individual-level parameters as well as population-level
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Cycle time (weeks) Ratio of FV to non-FV

Figure EC.1 The covariates value of nutrition and disutility resulting from the synthetic covariate generation
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Figure EC.2 Causal graph when ¢ =0. Red denotes the outcome variables nad blue denotes the observed

covariates.

parameters. For example, we will estimate r;(v;) for household i by assuming the structure
ri(v;) = max{ro, — - v;, "min } where 7 is fixed across all households, and r(, can vary between
households but is drawn from a common distribution, with density function f,(ro;7o,0?)
with mean 7, and variance o2. Therefore, we will say that r is parametrized by the popu-
lation parameter vector r = (7,7, 0?) with random (or individual-level) component ry.

Let f(-), g(:), w(-), and r(-) be parametrized, respectively, by n, v, w, and r. We will
assume that f(-) has random component fy, and that the functions ¢(-) and w(-) do
not contain any random components. We seek a method for determining the unknown
population- and individual-level parameters and using the observational data described
above.

Figure EC.2 demonstrates the causal relationship between the covariates, parameters,

functions, and outcome variables in the model, which will be useful for identification.
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First consider the task of estimating 7y and w. By conditioning on v* and h*, we remove
the causal pathways between w(d) and u* or h* as well as between r(v) and u* or h*. After
this conditioning and assuming independence between d and v, marginal changes in d and
v, and the observed impacts on T, provides identification for r(v) and w(d). Notice that
this implies that r(v) and w(d) can be determined by observing 7* and conditioning on h*
and/or u*. Practically speaking, with a finite number of households it may not be possible
to condition exactly on A* and u* and still retain enough data. Therefore, in practice we
approximate this conditioning by clustering households together with similar values of h*
and u*. After determining 7y and w, 7y and the latent components r, are estimated for
each household by penalizing large values of the variance, o2.

Now consider estimation of pp, p,, and ¢; (or more generally, the marginal effect of h* or
u* on T%). Since ¢; € {0,1}, this can be accomplished by conditioning on w(d) and r(v),
since there is a causal pathway between w(d) and h*/u* as well as between r(v) and h*/u*.
Once pp, pu, and ¢; are determined, variations in u} and h; within individual households
and the subsequent impact on 77" allows for identification of ¢;.

In order to determine f(-,-), we first condition on v =0 so that the value term in the
government’s objective function is equal to zero. Intuitively this means that we consider
only households whose purchasing decisions are not impacted by nutritional considerations.
Variations in these consumers’ budgets allows for identification on i (which contains the
mean and variance of fy). Finally, v and f; can be identified through variations in value
and budget for all households.

In general the process that we follow is:

1. Condition on u* and h* to determine 7, and w using observations of 7™

2. Estimate ry and 7 using the previous estimates of 7y and w, penalizing larger values

of o
3. Estimate pp, p, and ¢ using observations of h*, u*, and T™
4. Condition on v =0 and utilize variation in consumers’ budgets to determine 7.

5. Estimate 7 and f; using observations of 7™, h* and u*

EC.4.4. Estimation procedure

The method above concerns identification, but does not provide a method for producing
estimates of the parameters at each of the three steps above after correctly condition-
ing. This section presents an estimation method and computational results for the entire

parameter estimation problem given specific functional forms of the modeling functions.
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After appropriate conditioning to ensure that the parameters of interest can be identified,
estimating the parameters is a maximum likelihood problem that would be straightforward
to solve if the functions relating the parameters and covariates to the outputs (7%, h*, and
u*) were simple. However, because h* and u* are implicitly defined (by the consumer’s
nonlinear KKT conditions), and due to the inclusion of both individual- and population-
level parameters, the maximum likelihood problem is not straightforward. In general, with
outcome variables y, covariates x, population-level parameters 6 and individual-level (ran-
dom or latent) effects z, maximum likelihood estimation seeks to maximize the marginal
data likelihood, namely f(y|x,8), with respect to 0. This is a natural quantity to wish to
maximize since we know the ground truth of the outcome variables. In non-linear mixed
effects (or latent variable) models, maximizing the marginal data likelihood if often done
using stochastic expectation-maximization (EM) algorithms, which includes an “S-step”
to approximate taking an expectation over f(z|@,y,x) which is often difficult in nonlin-
ear mixed-effects models. Instead of taking this expectation, the S-step samples from the
distribution f(z|@,y,x), which is often accomplished using MCMC methods. For more
information on stochastic EM, see Nielsen et al. (2000) and Delyon et al. (1999).

However, for the specific problem presented in this paper, each iteration of stochastic
EM requires solving a system of nonlinear equations many times, and is not guaranteed
to converge. Therefore, we choose an alternative approach which appears to work well
in practice. Instead of seeking to maximize the marginal data likelihood, we maximize
the complete likelihood, f(y,z|x,0) with respect to both z and 6. The advantage of this
approach is that it can be solved by one non-linear program, and produces estimates of
both z and @ simultaneously. This method is known to produce similar estimates to those
produced by maximizing the marginal data likelihood, and is much simpler and faster in
this context.

We demonstrate the success of the proposed identification and estimation strategy
method by generating synthetic “observational data” according to the proposed model
with known parameters, and then recovering the underlying parameters. We assume that
the functions f(-,-), g(), r(-) and w(-) are of the forms listed in Table EC.1.

We follow the identification procedure and estimation technique described above in order
to estimate the parameters of the functional forms described in Table EC.1. Figure EC.3
(left) shows the bootstrapped joint density of the estimates for (r) and w. The straight
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Table EC.1 Functional forms for parameter estimation

Function Form

I S

g(iz) Cy - El%:h_l

T (Uz) o, _1F*U

w(d) dv

T(h,u,v,d) | min{(¢h*pr, + (1 = ¢)u*pu), $T0h + (1 — )Tk} + 4]

Th
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Figure EC.3  Bootstrapped joint density for the estimation of w and ¢ (left), 7, and 7, (middle) and n, and ¢,

(right). Each bootstrapped sample contains 30 consumers and 20 observations per consumer.

lines show the true value of these parameters, and lighter blue indicates a higher density.
The middle of Figure EC.3 shows the joint density of the estimation of 7, and 7,. Finally,

the rightmost figure shows the density of the joint estimation of 7, and c,.

EC.4.5. Parameter estimates
The procedure described in the preceding section, and functional forms shown in Table
EC.1, are used to estimate the parameters for the partially synthetic Nielsen consumer

panel data. The estimated parameters are shown in Table EC.2.

Table EC.2 Estimates of modeling parameters from Nielsen data
Parameter| w ¢, 1u, 7 pu  pu Elro) Eln] Eln) E()
Estimate ‘0.3 2.34 0.48 0.0 0.03 0.023 0.57 2.44 0.22 0.62

EC.4.6. Government parameters and functions
The modeling parameters and functions used to determine the optimal individual and

population-level strategies for the data are given in Table EC.3.
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Table EC.3 Modeling parameters for the upper-level problem
U B(B) v(v)  d(é,z)

Value/functional form ‘ 3 B+B % ('5Zd§(j;z)d)'5

Parameter /function

EC.5. Population-level strategies
EC.5.1. Optimal individual strategies

The government’s optimal investment between value, price, and location-independent
access interventions for each individual consumer in the population is found by solving
the Problem (A7), the results of which are shown in Figure EC.4 as a ternary plot. Each
point on Figure EC.4 represents the optimal intervention for one household. Note that
the optimal individual interventions do not depend on the households’ locations. As seen
in Figure EC.4, the optimal strategy for individual households can vary widely. Many
households’ optimal intervention bundles contain a positive investment in only two out
of the three interventions. However, there are some households whose optimal strategy
includes a positive investment in all three (those that lie in the interior of the triangle in
Figure EC.4). Although the optimal individual intervention bundles are a function of the
household’s characteristics and original shopping behavior, it is quite difficult to directly
predict the optimal individual intervention bundles using linear models. This illustrates
the complexity of the relationship between the consumer’s characteristics and the optimal
intervention bundles. However, these prediction methods are employed in the next section

to help inform population-level strategies.

Education

Access ¥ ® & ® $ Price

Figure EC.4  Optimal strategies for individual consumers.
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EC.5.2. Group-level optimization problems

The utilitarian objective is given by Problem M

util*

Sftil = max Z ];’;k (ﬁk“ Vi d<6k1 ) zm)) (Mqﬁzl)

B}myk’ékyz’n .
ke{l,..,M} i€P

4
C
s.t. 6k+yk+5k§U_lezn Vk

z, €{0,1} Vn

Bka Vi, 6k Z 0

where c is the cost of a single location intervention (e.g., the cost of building or subsidizing
a new grocery store), and thus the government’s remaining budget each group-level strategy
is U — 57>, %n- The budget constraint enforces that each household receives the same
level of government funding, regardless of where they are located or into which group they
are classified. The term d(dy,, z,,,) is household i’s shopping disutility as a function of both
the location-dependent and location-independent access interventions. The functional for
of d(-) can be found in Appendix EC.3. It is assumed that if an access intervention is
implemented in a neighborhood, each household’s shopping disutility in that neighborhood
is impacted equally. However, Problem M", can easily be extended to the case where
households within a neighborhood are impacted by the access intervention differently.

The max-min objective is given by Problem M” . .

M

h d(61,20.)) — (0
s” = max Zmin ’(?k’yk’ (9, 2 ’))~ :(0)
i SR (v df) — K (0)
ne{ 17,..'.'.7,]\/} (M’rga$—min )

C

where (37, v7,0;) denotes the optimal individual allocation for household ¢ (shown in Fig-
ure EC.4), and h}(0) is household i’s average HF consumption with no government inter-
ventions. The objective function is thus the ratio of the percentage increase in FV spending
obtained through a population-level strategy and the percentage increase obtained through

the optimal individual-level strategy.
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Problems M7,

uti

, and M

maxr—min

are not necessarily unimodal and thus may be quite dif-
ficult (at least theoretically) to solve computationally. In practice, since the government
chooses funding levels from a discrete set of values (i.e., funding allocations are typically
not determined down to the cent), a grid search approach is practical and fast, and is
employed in this paper. Specifically, the following procedure is followed. First, each house-
hold’s F'V spending under each possible intervention bundle is determined. For each given
intervention bundle, determining each household’s FV spending is equivalent to solving
Problem M “(8,0,v), which is concave (Proposition 1) and can be solved quickly. Second,
the best intervention bundle for each group can be easily determined given the information

from the first step.

EC.5.3. Multi-output regression trees

Figure EC.5 shows the multi-output regression tree that was used to determine the groups
discussed in Section 4.3. Note that the goal of this tree is not prediction; the goal is to
subset the population strategically. The parameter v is the household’s value of nutrition,
and the parameter 7, controls the concavity of the function f(h, @) with respect to @ (the
specific functional form can be seen in Table EC.1). The predicted individual strategy is
denoted in the tree as value= (v, 3,4), meaning that the investment in education is the

first number, investment in the price intervention is second, and access is third.

v > .401
True False
mse=0.14
samples=582 Ny > 893
value = (0.241,2.758,0.001)
True False

mse=0.104 mse=0.585

samples=277 samples=334

value = (0.226,1.735,1.039) value = (0.858,2.066,0.076)

Figure EC.5 Multi-output regression tree used to choose groups in Section 4.3.



