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Abstract:  
Food banks and their affiliate pantries are an important part of the food assistance 
patchwork in the United States, feeding millions of individuals including many who are 
hungry and food insecure. This dissertation contains three essays which explore how 
consumers value food banks and pantries. The first essay detects a monthly cycle in food 
pantry use using administrative data from a food bank network in Colorado. It shows that 
food bank use increases at the end of the month, after SNAP (formerly “food stamps”) 
benefits have run out. The second essay uses revealed preference approaches to determine 
the value food banks offer to their communities and the people they serve, estimating that 
a single food bank network offers its clients approximately $300 in value each year. The 
third and final essay tests for negative perceptions of food pantry food, finding that 
particularly among nonusers there is a stigma associated with food from a pantry. It further 
finds that this stigma is mitigated through the use of images of food. Collectively these 
essays demonstrate how people use and value food banks and their pantries. This body of 
research shows that while this form of assistance appears to be a second (or even third) 
best option for many users, it is still important and valuable assistance.   
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INTRODUCTION 

 
Food insecurity in the United States poses a great threat to millions of Americans. In 2019, 

prior to the COVID-19 pandemic, 10.5% of U.S. households were food insecure (Coleman-Jensen 

et al., 2020). This number represented a concerning level of food insecurity in its own right, but 

rates have spiked much higher since the onset of the COVID-19 pandemic. Numerous studies have 

examined the these post-pandemic rates and they coalesce around the conclusion that roughly one 

in four U.S. residents has experienced food insecurity sometime during the pandemic (Bauer, 

2020b; Niles et al., 2020; Wolfson & Leung, 2020). Food insecurity is the inability to access 

adequate, nutritious food which is of course a tremendously difficult position for a person or 

household. It is often accompanied by hunger, which is the physical discomfort that stems from a 

lack of adequate, nutritious food. Beyond the direct impacts of food insecurity, there are adverse 

health effects associated with the condition. Food insecurity has been linked to asthma, birth 

defects, anemia, suicide ideation and diminished oral health, among other ailments (Gundersen & 

Ziliak, 2015).The first against food insecurity involves a range of programs, from large federal 

cash infusions to community-based aid. Collectively, these efforts work to reduce food insecurity 

and hunger.  

Food banks are an important part of the patchwork of assistance that serves food insecure 

and needy households. Food banks are large centers that collect donated and purchased food for 

distribution to affiliate food pantries. Food pantries are client-facing outlets that distribute grocery 

items to those in need. Versions of food pantries, where groceries are given away for free, pre-date 

food banks. In fact, food banking is relatively new. It began in the 1960’s when a resident of 

Phoenix, AZ named John van Hengel devised the food bank model after volunteering in a soup 

kitchen and interacting with that clientele. Over the decades that followed, food banks began to 
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emerge across the country. There are now over 200 serving all 50 states, Washington D.C. and 

Puerto Rico (Feeding America, n.d.). The nation’s food banks are linked through Feeding America, 

a national organization that provides support, research, and networking. Feeding America reports 

that 46.5 million people used their network’s services in 2014, a number which would likely be 

significantly higher during COVID-19 (Weinfield et al., 2014). This represents roughly one in 

every seven people in the United States, which demonstrates the importance of these organizations 

in allocating food.  

Food banks and pantries have received little attention in the economics literature for several 

reasons. First, there has been a dearth of data on the subject. Many food banks and pantries either 

don’t collect or don’t share data on their clientele. In some cases, data collection is simply not a 

priority. Food banks are nonprofits that operate with limited resources and typically want to funnel 

resources into food distribution, which may mean the purchase of a refrigerator instead of a 

computer. Furthermore, most food bank networks include a number of pantries, many of which 

operate with a fair amount of independence. Food banks may not feel that is within their 

prerogatives to ask these pantries to collect data and food pantries may not feel it’s within their 

objective. Those that do collect data may be disinclined to share said data outside of their 

organization because it’s of a private and personal matter. Second, food banks operate mostly 

independent from one another, so there is sparse public data connecting them. Among federally 

funded surveys, food bank use has occasionally been asked about in the Food Security Supplement 

of the Current Population Survey. Beyond national surveys, Feeding America regularly runs a 

Hunger in America survey, which asks an extensive set of questions to food banks, pantries, and 

clients. The most recent Hunger in America report was released in 2014. Compared to a program 

like the Supplemental Nutrition Assistance Program (SNAP, formerly “food stamps”), this is a 
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very limited amount of data which may make food pantries less attractive to applied 

microeconomists who rely on rich data sets to conduct rigorous analysis. Third, food banks provide 

food for free, so there is no monetary transaction to track or measure. Many studies in food 

economics are explicitly concerned with expenditures and prices, neither of which apply in the 

food bank context. Despite these barriers to entry, food banks are an important and interesting 

avenue for economic study. They are widespread in use, they address allocation of a critical 

resource, and they are unique in their structure.  

This dissertation explores research questions regarding consumer use and value of food 

bank services. The first chapter detects and analyzes monthly cycles of food pantry use in a paper 

that has been published in Applied Economics Policy and Perspectives (Byrne & Just, 2021). It 

demonstrates a monthly cycle of food pantry use whereby users tend to visit later in the month, 

often after SNAP benefits have likely been exhausted. The second chapter uses a revealed 

preferences model to estimate the value of a food bank network. It shows that among clients in the 

sample, food bank services are worth at least $180.00 per year and roughly $12.00 per visit. The 

third and final chapter uses primary survey data to test for the presence and mutability of stigma 

in potential food pantry users’ perceptions of pantry food. It finds that while stigma towards pantry 

food exists, it can be addressed through visual marketing that assures potential clients of the quality 

of the food. Collectively, these essays address questions about food bank and pantry use that have 

arisen over the years, including clients’ preferences regarding pantry food, the value they assign 

to pantry visits (including elasticities of demand), and the perceptions formed by users and 

nonusers alike about food pantries.  

A variety of methods are used in the chapters that follow, pulling from different branches 

of economics. In the examination of monthly cycles of food pantry use (chapter 1), a theoretical 
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model of food assistance cycling is proposed and empirically tested using regression analysis of 

administrative data. The revealed preferences model used to value food pantry services (chapter 

2) borrows its approach from the environmental economics literature, building a demand model 

and deriving a closed form expression for compensating variation that applies to this context. 

Demand functions, elasticities, and compensating variation are then calculated using 

administrative data. The final chapter, which studies stigma related to food pantry use, makes use 

of behavioral theory and experimental techniques. Participants in an online study were assigned to 

treatments and asked questions to elicit their perceptions of pantry food. Survey data was analyzed 

to draw conclusions about the presence and mutability of stigma.   

Food bank research is a relatively novel, but growing, branch of the applied economics 

literature. With the onset of the COVID-19 pandemic and the burst of food bank and pantry use 

that accompanied it, these organizations are being increasingly recognized for their important place 

in the patchwork of U.S. food assistance. Furthermore, the number of food pantries in the United 

States has been growing. In 2014, Feeding America reported 39,000 pantries in their network 

(Weinfield et al., 2014); they now report 60,000 (Delivering Food and Services, n.d.). In addition 

to this growth in both supply and demand, food banks are increasingly investing in data collection, 

making it easier for researchers to do rigorous empirical work. While the administrative data used 

in portions of this dissertation is rather unique right now, such data may very likely become the 

norm in the future. The chapters included in this dissertation represent three unique contributions 

to food bank research, which will hopefully help shape the conversation around food bank use and 

value as more research emerges.  
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CHAPTER 1 
THE OTHER HALF: AN EXAMINATION OF MONTHLY FOOD PANTRY CYCLES IN 

THE CONTEXT OF SNAP BENEFITS 
 
 

1.1 Introduction 
Monthly cycles of food purchasing and consumption among needy households has been 

long observed, with cycles among Supplementary Nutrition Assistance Program (SNAP, formerly 

“food stamps”) beneficiaries noted two decades ago (Wilde & Ranney, 2000). While the existence 

of these cycles is known, the underlying dynamics represent a longtime puzzle. Many researchers 

have offered competing rationales for why individuals receiving federal food assistance are prone 

to spending spikes in the start of the month, followed by thinned reserves at the end of the month 

which result in diminished nutritional intake. Some have offered theories of hyperbolic or quasi-

hyperbolic discounting, whereby these households have high discount rates in the immediate term 

and therefore maximize utility by spending a high proportion of available cash assistance early in 

the month. Others have suggested that the issue is one of insufficient benefits which simply run 

out. What has not been investigated is the role of other forms of assistance in this puzzle, namely 

the role of food banks and their affiliate pantries, which serve many of the same households that 

have been observed exhibiting the so called “SNAP benefit cycle.” The purpose of this paper is to 

fill in this piece of the puzzle, examining the monthly cycle of food pantry users and relating their 

behavior to what is already known about SNAP.  

For an American household in need of food assistance, there are multiple forms available. 

SNAP remains a large program with $57 billion dollars distributed to needy families in 2018 

(Supplemental Nutrition Assistance Program (SNAP), 2019). Food banks and their pantry affiliates 

also represent a sizeable share of assistance provided to households across the country, serving 

over 46 million people at last count by Feeding America in 2014 (Weinfield et al., 2014). But 



 7 

given their heterogeneity and relative independent status, as well as the nonmarket nature of their 

food provision, food banks remain less well understood than SNAP which provides cash 

equivalent assistance and is regularly tracked on a large and far reaching scale.  

While small pantries have existed for much longer, the emergence of large food banks since 

the late 1970’s has led to a rapid increase in the supply of food pantries. In 1977, there were 18 

food banks in the United States, today there are over 200 food bank networks which serve millions 

of families through pantries and other food programs (Feeding America, n.d.; Weinfield et al., 

2014). While significant work in the economics literature has tackled questions pertaining to public 

food assistance, such as SNAP, this paper seeks to add to our broader economic understanding of 

private assistance with an analysis of monthly cycles of food pantry use and as well as the interplay 

between public and private assistance.  

Both public and private assistance play important roles in the nation’s fight against food 

insecurity (Gundersen et al., 2011). Food insecurity is a large and growing problem in the United 

States, with one in seven American households reporting that at some time each year they were 

without “reliable access to a sufficient quantity of affordable, nutritious food” (Weinfield et al., 

2014). Food insecurity is linked to numerous other consequences, including hunger, malnutrition, 

decreased quality of life, and decreased overall levels of health (Campbell, 1991). Furthermore, 

these results have been found among particularly vulnerable subpopulations, such as children 

(Cook et al., 2004) and seniors (Gundersen & Ziliak, 2015). 

Food pantries have received relatively little attention in the literature, especially when 

compared to SNAP. Among the studies that do exist, findings suggest that transportation and time 

costs are significant factors in determining clients’ pantry use (Algert et al., 2006; Daponte et al., 

1999; Dave et al., 2017; Demartini et al., 2013). An early study in Allegheny County, PA examines 
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low-income households to determine differences between those that did and those that did not use 

food pantries, finding that whether a household had a car was a key determinant in pantry use 

(Daponte et al., 1999). Another study in the same location found that elderly residents, who 

typically have more free time than younger clients, tended to prefer food pantries over alternative 

assistance including public assistance (Daponte, 2000). A few studies have examined food 

insecurity among pantry clients, noting that food insecure clients are more likely to have challenges 

paying bills and are more likely to engage in coping mechanisms than food secure counterparts 

(Gundersen, Engelhard, et al., 2017).  And finally, the issue of food pantry geographic distribution 

has been addressed in the literature, where Gundersen et al. (2017) found that counties with smaller 

populations had relatively more charitable food assistance. 

The dearth of research is likely tied to the fact that private food assistance suffers from a 

dearth of data. This is true for several reasons. Private food assistance programs are much more 

heterogeneous than public programs like SNAP. They include everything from small pantries 

housed in church closets to large mobile food distributions. Many rely on volunteers and operate 

without reporting requirements beyond what’s necessary to preserve their nonprofit status, so they 

often don’t have comprehensive data on their clients. Furthermore, small, community-based 

programs are unlikely to invest time and money in data collection when resources can be allocated 

towards feeding more clients. Where there is data, it often comes from surveys which can suffer 

from underreporting. The Current Population Survey (CPS) data was reported in Coleman-Jensen 

et al. (2016) where they state that just over 15 million residents visited a food pantry that year. 

However surveys conducted at the pantries through the Feeding America Hunger in America study 

report over 46 million individuals used charitable assistance two years prior (Weinfield et al., 

2014). This large difference demonstrates the difficulty in identifying and accounting for pantry 
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clients using survey methods. Furthermore, on the valuation front, it is difficult to put a cash value 

on food pantry visits because meal services (e.g. soup kitchens) and grocery assistance (e.g. food 

pantries) provide food for free, and thus there is no clear market value attached to a single client’s 

visit. So, while SNAP and other federal programs provide rich, nationally representative data of 

use patterns for research purposes, analogous data for private programs does not exist.  

This study contributes to the literature by examining cycles in food pantry use. It is 

grounded in the notion that many households rely on both public and private assistance to meet 

their needs. And many of these individuals are in circumstances where monthly fluctuations in 

resources lead to cycles, as has been noted by numerous studies that have examined the SNAP 

monthly cycle. Households that use both SNAP and food pantries will necessarily allocate their 

resources and time between the two food sources, linking their use intertemporally. Thus, the 

SNAP cycle’s presence and the debate surrounding it beg the question: is there a monthly food 

pantry cycle and, if so, how does it interact with the SNAP cycle?  

We examine data from a food bank network in Northern Colorado, which has collected 

data on clients for over a decade. Making use of over 2 million client-visit observations, we find 

evidence of a monthly food pantry cycle, driven by use among longer-term clients who fit the 

profile of SNAP recipients. In fact, in Colorado where SNAP benefits are distributed between the 

first and tenth of the month, the cycle we find suggests that SNAP beneficiaries may be visiting 

the pantry just as their SNAP benefits are exhausted. After our analysis of the food pantry cycle 

from both the pantry and client perspectives, we close with a discussion of the results, including 

how this monthly pantry cycle may relate to the monthly SNAP cycle as well as relevant policy 

implications.  
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1.2 Literature Review 

Private versus Public Food Assistance 

Food banks and their pantry affiliates vary across regions, but generally follow the same 

model. Food banks collect food donations and purchase food which is eventually distributed to 

food pantries within their network. Thus a food bank serves as a distribution center. The majority 

of food banks in the US are part of the Feeding America network, a national organization that 

oversees and connects regional food banks.  Similar organizations exist in Canada, Australia, the 

UK and elsewhere around the globe (Middleton et al., 2018). From the bank, food is distributed to 

clients through local pantries or other direct assistance programs (e.g. “backpack programs” which 

deliver food to needy children at school for consumption over the weekend). The pantries 

themselves differ in several ways. In some cases, they are large centers, staffed with full time 

employees, with hours equivalent to a grocery store. In other cases, they might be small rooms in 

a converted office of a church, staffed with volunteers, and open only a few hours per month. And, 

of course, there’s everything in between. Similarly, there is wide diversity in the types and numbers 

of foods available at pantries, as well as the degree to which patrons are able to choose which foods 

they would like. What pantries do have in common is that clients are able to come and get some 

assortment of grocery items for free.  

Large federal assistance programs make up what we refer to as “public assistance,” the 

largest being the Supplemental Nutrition Assistance Program (SNAP), formerly called “food 

stamps.” This program offers cash assistance to needy families which is delivered monthly on an 

electronic benefits transfer (EBT) card. The typical monthly benefit per person is $129.83, with 

over $55 billion distributed annually across beneficiaries (Supplemental Nutrition Assistance 

Program Participation and Costs, 2020). SNAP benefits are disbursed to each beneficiary on the 
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same day each month, with some states staggering by last name or social security number so that 

not all beneficiaries receive their benefits on the same day as one another.  In addition to SNAP, 

the Special Supplemental Nutrition Program for Women, Infants and Children (WIC) and the 

National School Lunch Program also provide substantial federal assistance to needy families. We 

are interested specifically in the benefit cycles and relationships with SNAP and thus limit the 

remaining discussion of public assistance to that program.  

In determining how best to meet the needs of food insecure households, a natural question 

arises about how different sources interact or overlap. A handful of studies examine the 

relationship between food pantry use and SNAP use. A broad national study on this topic found 

that while both pantry use and SNAP use were driven by low incomes and low food security, there 

were distinctions between who tended to use which form of assistance. In particular, single-parent 

households were more likely to use SNAP than other households but not more likely to use pantries 

(Bhattarai et al., 2005). Using a bivariate probit model and the Current Population Survey data for 

1999, this study also found pantry use and SNAP use to be positively correlated, suggesting that 

families in need relied on both. Thus, they are not substitute sources, but complementary sources. 

However, this question of substitutes versus complements is controversial. Others have contended 

that food pantries and SNAP are, in fact, substitutes due to observed increases in food pantry use 

that follow declines in SNAP use (Daponte & Bade, 2006). It seems possible, and even plausible, 

that on the extensive margin the two are substitutes with demand for one corresponding to 

increased demand for the other, and on the intensive margin they are complements with demand 

for one leading to decreased demand for the other. The relationship between the two has more 

recently been explored by Fan et al. (2020), who examine the temporal relationship between SNAP 
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and charitable food assistance, finding evidence that pantry goers typically visited pantries after 

SNAP benefits were distributed. 

A major source of the debate about the relationship between food pantries and SNAP is the 

tradeoff between in-kind and cash assistance. 1 Food banks collect and purchase food that is 

distributed as in-kind assistance to clients, while SNAP offers benefits that can be used in a store 

much like cash, though purchases are limited to food. While many have argued that cash or cash-

equivalent transfers are better in numerous ways than in-kind transfers, the political economy 

demands that drive in-kind assistance may supersede logistical benefits (Currie & Gahvari, 2008). 

But this may not be what best suits beneficiaries. Stigma and a limited choice set may make pantry 

food less appealing than food from a store (Fong et al., 2016). To combat this, client choice has 

become the focus of many researchers and pantry managers who have found that clients prefer 

environments where they can select their own food as opposed to environments where bundles are 

pre-selected for them by the pantry or food bank (e.g. Remley et al. 2010).  Finally, in terms of 

cash-equivalent transfers, it should be noted that SNAP benefits themselves are unique, with an 

impact on food demand that is greater in magnitude than that of cash (Fraker, 1990). Some have 

used this as evidence for mental accounting (Thaler, 1980) among the food insecure (Smith et al., 

2016). An alternative explanation is that behavioral drivers of the monthly SNAP cycle induces 

necessary unplanned spending on food in the latter part of the month. If benefits could be used on 

non-food products, similar unplanned spending cycles may occur at months end, though would not 

necessarily be specific to food.  

 

 

 
1 This is also a debate in the international development literature. See Barrett (2002) for a review.  
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Monthly Food Cycles 

Several economic studies have examined the monthly SNAP cycle. The monthly SNAP 

cycle refers to the observed phenomenon in which SNAP benefits tend to be spent primarily in the 

few days after receipt of the benefit. According to multiple reports, this spike in expenditures can 

leave households without adequate nutrition at the end of the month (Hamrick & Andrews, 2016; 

Kharmats et al., 2014; Wilde & Ranney, 2000).  

Monthly cycles in the food market, and specifically the SNAP monthly cycle, have been 

the subject of debate in the literature. These cycles have been documented regularly among the 36 

million Americans who currently receive SNAP, as well as the vendors they visit to spend their 

SNAP benefits (USDA, 2020). Furthermore, low-income individuals who stretch income or 

benefits across the month may generate other visible cycles. The monthly food pantry cycle is 

likely to relate closely to the SNAP cycle due to the substantial overlap in use among households. 

Feeding America estimates 54.7% of those visiting an affiliated food pantry are also SNAP 

beneficiaries (Weinfield et al., 2014). However this likely represents a lower bound as there is 

evidence of significant underreporting of SNAP participation (Meyer et al., 2015). This means that 

a SNAP benefit cycle that influences pantry visitation would likely affect enough people to see 

such trends emerge at the pantry level.   

SNAP benefits average $129.83 per person (USDA, 2020), which is not always sufficient 

to cover a full month of food needs. There is clear evidence that in aggregate SNAP benefits are 

spent in the earlier days of the benefit cycle, meaning some recipients use their benefits in the early 

part of the cycle and do not smooth across the entire benefit month as neoclassical theory would 

predict. In one estimation, benefits are largely spent in the first three days of the cycle (Wilde & 

Ranney, 2000).  
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The spending spike observed in the first few days of SNAP receipt is at odds with the 

income smoothing that neoclassical economic theory would predict. Papers concerning the SNAP 

cycle typically note that consumption smoothing is a natural assumption of the neoclassical model 

of household production with exponential time discounting, as has been standard practice in 

economic models of intertemporal preference since Samuelson (1937). However, smoothing 

doesn’t appear to hold up among SNAP beneficiaries purchasing early in the cycle and then 

holding off later, even in cases where nutrition is adversely affected (Wilde & Ranney, 2000). This 

is in part due to the strong assumptions that lead to conclusions about income smoothing. First, 

access to credit and a willingness to borrow against future income may be severely limited in 

SNAP households. Additionally, consumption and purchase of food are not the same thing. 

Households may make a large purchase and consume over longer periods of time. However, while 

everyone faces a requisite threshold of food need, most food cannot be stored indefinitely, and in-

home storage may be limited (especially for perishables that need to be refrigerated).  

 Wilde and Ranney (2000) were the first to study the monthly SNAP cycles through an 

economic lens, although they note previous studies on the subject done in other fields of study. 

They link food expenditure and food intake, assuming consumers are eating food that has always 

been purchased rather than depending on a portfolio of sources which may include food banks and 

pantries. They find that shopping frequency is an important factor in driving the SNAP monthly 

cycle. Caloric intake among SNAP beneficiaries who shop infrequently was particularly low by 

the fourth week of the benefit month.  

 Shapiro (2005) examined the SNAP cycle as potential evidence of time inconsistent 

preferences. He looked specifically at quasi-hyperbolic discounting, which is the phenomenon 

whereby the short-term discount rate is much higher than the longer-term discount rate. In the case 
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of hyperbolic or quasi-hyperbolic discounting, the individual is willing to trade off utility in the 

next period for utility in the current period at rates that are much higher than what he or she would 

be willing to trade off in a longer time horizon. Shapiro (2005) finds evidence of such behavior by 

looking at the caloric intakes and value of food consumed over the course of a SNAP monthly 

cycle. Similarly, while his paper examines consumption, it does not explicitly examine the role of 

in-kind assistance such as that obtained from a food pantry.  

 Todd (2015) revisited many of the same questions asked by Wilde and Ranney (2000), 

focusing on diet quality at the end of the SNAP cycle and comparing before and after the 

implementation of the 2009 American Recovery and Reinvestment Act (ARRA) which increased 

SNAP benefits. Her findings suggest that when benefits were increased as a result of the ARRA, 

the cycle was muted, which leads to the conclusion that the SNAP cycle is driven by insufficient 

benefits. This leads to a common policy debate about SNAP, which is whether the benefits are 

sufficient.  

 Smith et al. (2016) examine the extent to which income is fungible, positing that SNAP 

benefits are viewed differently than cash by beneficiaries and that mental accounting is a driver of 

the monthly cycle. They find evidence of time-inconsistent spending among SNAP beneficiaries 

among those who don’t engage in planning efforts such as using a grocery list. They further find 

that the combination of time-inconsistent preferences and income fungibility lead to the 

pronounced spike in SNAP spending at the start of the cycle seen throughout the literature.   

Also of interest in Smith et al. (2016) is the finding that not all SNAP beneficiaries act 

alike and the benefit cycle may be exacerbated by or even completely driven by a certain subset 

of beneficiaries. This is the story in Dorfman et al. (2019), who further examine the cycle through 

the lens of a finite mixture model. They empirically identify two categories of SNAP recipients- 
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patient and impatient- and find markedly different spending patterns among these two categories, 

with the smaller group of “impatient” individuals driving the spike in benefits expenditure at the 

start of the SNAP cycle.  

Finally, Kuhn (2018) investigated the SNAP monthly cycle through a lens which explores 

within-household dynamics. He finds that diet quality worsens over the benefit month, a result 

previously reported in other studies. However, his key contribution is in his examination of the 

relationship between the SNAP monthly cycle and the National School Lunch Program, which he 

finds mitigates the harmful end-of-month effects brought on by the SNAP cycle among children 

when school is in session. This demonstrates the fact that other sources of assistance play a critical 

role in addressing food insecurity and interact with the SNAP cycle in meaningful ways.   

 The papers that have examined the SNAP monthly cycle have shed light on phenomena 

ranging from the role of shopping frequency to evidence of quasi-hyperbolic discounting to 

suggestions of insufficient benefits. These are important findings; however, none consider the role 

of food pantries explicitly. Among these papers, there is data used on food consumption, 

acquisition, and expenditure. The first two would implicitly include pantry food because it is still 

acquired and consumed, but the last category of data would eliminate the ability to pick up on food 

acquisition happening though food banks or pantries. The analysis provided in these papers should 

include the possibility that households are getting food from food pantries. For example, Shapiro 

(2005) discusses the decrease in product value of food consumed over the course of the month. 

There is no straightforward way to place a price tag on pantry food and if that’s part of the 

consumption bundle, his conclusions may be overstated.  
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1.3 Conceptual Framework 

Food bank services such as food pantries differ from other food sources because acquisition 

doesn’t require money. For this reason, a standard utility maximization with a money-based budget 

constraint is insufficient because it will not capture the costs associated with acquisition from this 

source nor the constraints placed on food pantry choices. We instead construct a model that 

examines allocation of resources, including time, across a cycle of benefits. We propose a discrete 

model because individuals make discrete decisions in regard to food procurement and, therefore, 

such a model is closer to reality than a continuous approach.  

Suppose that in each period 𝑖 ∈ {0, … ,∞}, the household derives utility from the 

consumption of units of meals. These meals are either purchased from the store, 𝑧*+ ∈ ℝ-, or 

retrieved from a food pantry, 𝑧.+ ∈ ℝ-. Meals at the store are purchased at a price 𝑝*, and require 

a fixed investment of time, 𝑡*̅. Meals obtained from the pantry do not require money and thus have 

a zero price but do require a time investment of 𝑡.̅. Finally, there is a limit on how many meals 

can be obtained from the pantry per the pantry’s own rules: 𝑧.̅. We assume that meals from the 

pantry and store are perfect substitutes for one another. This allows us to make useful derivations, 

but it should be noted that in reality these goods are likely not perfect substitutes. Pantry food may 

be closer to expiration, off-brand, or generally of lower quality than food purchased from the store.  

Suppose that households receive SNAP benefits equal to 𝐵 every other period 𝜏 ∈

{0,2,4, … ,2𝑖, … }. For simplicity, we ignore other income.2 Moreover, time not spent on shopping 

can be used for leisure, 𝐿+ ∈ ℝ-. Finally, in order to simplify the problem, we assume the 

 
2 The same principles apply as other income sources with periodic patterns are inserted, although the cyclicality 
becomes more complicated, especially if the other income is distributed during other times from SNAP income. 
Furthermore, the cycles will potentially last over a longer set of periods. The same general patterns persist if the 
model is expanded to allow non-food expenditures with other income, though not with SNAP benefits.  
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household’s resources are exhausted at the end of every two time periods. Thus, the household 

solves the following maximization problem 

max
:;<=>=?@

A
,:;B= >=?@

A
	
D𝛿+
F

+GH

I𝑢;K𝑧*+ + 𝑧.+ M + 𝐿+N 
(1.1) 

Where 𝛿 is the exponential discount factor, 𝑢;(⋅,⋅): ℝ-
S → ℝ-, 𝑢; > 0, 𝑢;V > 0, 𝑢;VV < 0, and where 

𝑧*+, 𝑧.+ , 𝐿+ ≥ 0,	and subject to the following constraints 

𝑝*𝑧*H-S+ ≤ 𝐵	 

𝑝*𝑧*Z-S+ = 𝐵 − 𝑝*𝑧*H-S+ 

𝐿+ = 𝑇 − 𝑡*̅𝐼K𝑧*+M − 𝑡.̅𝐼(𝑧.+ ) 

𝑧.+ ≤ 𝑧.̅ 

 

(1.2) 

where 𝐼(⋅) is an indicator function that takes on the value 1 for any argument greater than zero and 

zero otherwise. Further, let 𝑢;K𝑧.̅M − 𝑢;(0) > 𝑡.̅ so that at least one source of food will be chosen 

in any period. That is, if food from the store is unaffordable, food from the pantry will still be 

procured.  

 The resulting problem is a rather complicated discrete-continuous constrained 

optimization. The first order conditions for any set of two consecutive periods will depend on when 

the household visits the store and the pantry. Because the utility function is strictly increasing in 

pantry meals, in any period the household visits the pantry, they will maximize the meal units 

retrieved such that 𝑧.+ = 𝑧.̅.  

 We offer three propositions based on this model that motivate the empirical results. The 

proofs for these propositions are found in the online appendix.  

Proposition 1: If the net benefit from visiting the store is greater than the net benefit from 

visiting the pantry,  𝑢; _
`
.<
a − 𝑢;K𝑧.̅M > 𝑡*̅ − 𝑡.̅, then purchases in the first period will exceed 
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purchases in the second period, 𝑧*H-S+	 > 𝑧*Z-S+	. Prop. 1 informs us that the household will 

purchase more at the store in the first period than in the second given that food from the first store 

visit will lead to a larger net benefit.  Given that the household discounts future consumption, they 

will prioritize store shopping in order to maximize net present value of consumption. Store food 

may have a larger net benefit either if SNAP benefits allow for a larger purchase of foods, or if it 

takes less time or travel to visit the store. This is consistent with the literature which shows 

spending increases among SNAP recipients during the first period of the benefits month, as 

discussed in previous sections. This further implies that the household would never visit the pantry 

in the initial period before visiting the store unless the benefits 𝐵 were sufficiently low that a store 

trip was entirely unaffordable. This essentially tells us that if the benefits from purchasing at the 

store are large enough relative to the pantry, the household will always increase their purchases 

from the store in the periods in which they receive benefits.3 

Proposition 2: Under the assumptions of Proposition 1, if the travel cost of visiting the store 

is greater than the utility derived from half the SNAP benefits, 𝑡*̅ > 𝑢; _
`
S.<
a − 𝑢;(0), then the 

household will always limit their shopping visits to one per benefit period. Proposition 2 tells us 

that the household will limit their shopping trips if it is relatively expensive in time to make these 

trips to the store. This demonstrates the time cost associated with obtaining food and the limit 

placed on the number of trips a given household is willing to make over the course of the entire 

cycle. While the cost required to limit the household to one trip per period is very high (equivalent 

to half of benefits), the principle would hold for much lower costs with a generalized model 

allowing several potential shopping periods within the benefit cycle. In this case time costs of 

 
3 An alternative (not included in the model) is that food at the store is perceived to be of higher quality and thus 
yield a higher utility for the same number of meals. Thus, stigma surrounding the food distributed by the food pantry 
could lead to such a preference for SNAP cycling.  
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shopping will limit the number of trips a household could make in any benefit period, and lead 

them to fewer trips with larger purchases.  

Proposition 3: Under the assumptions of Proposition 2, households will only visit the 

pantry in the second period if the cost of visiting the pantry is larger than the marginal utility 

gained from a pantry trip in addition to a shopping trip, 𝑡.̅ > 𝑢; _
`
.<
+ 𝑧.̅a − 𝑢; _

`
.<
a. Proposition 

3 shows that if it is relatively costly in terms of time to visit both the pantry and the store and if 

SNAP allows significant purchasing power beyond the amount of meals afforded at the pantry, 

then we would expect to see households cycle between store and pantry visits.  Again, a 

generalized model allowing for many possible shopping periods within a benefit cycle would lead 

to economizing on pantry visits and concentrating them in the latter part of the month after benefits 

have been expended.  

 

1.4 Data and Study Location 

We analyze the behavior of food pantry clients receiving groceries through pantries in a 

single food bank network in Northern Colorado. This network is used because it has uniquely rich 

data, offers generous limits on the number of visits each household can make, and has lengthy 

hours that are convenient for many clients. This network of pantries sees many clients so we are 

able to observe over 2 million individual visits over the span of thirteen years. While many 

networks may include several small pantries that don’t collaborate on data collection, this network 

includes larger locations that collect data in a single database. The data is collected in the following 

manner: upon first visit, a member of the household will register his or her entire household, 

reporting income, members and their demographics, and address; in subsequent visits, clients will 

check in and a visit will be recorded for the household. A key benefit of this pantry network is that 
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with no other pantries in the area, we can be reasonably sure that clients aren’t visiting other 

locations in addition to the visits made to this network. Thus, we have a dataset that includes all 

pantry visits of pantry-going individuals in the county.  

This food bank refers to its pantries as “food share” locations. These pantries are large with 

offerings of fresh produce, meat, and dairy in addition to the typical food pantry offerings of dry 

and canned goods. The network has collected data since 2005 in its original location, and at a 

second location upon its opening in 2006. The second location moved in 2011 a couple miles from 

its original location, but remains about 13 miles south of the original location. Data in this study 

covers 2005 through the end of 2017.  

The pantry network used for this analysis is particularly conducive to understanding 

monthly cycles of food pantry use. These two locations serve thousands of households each week, 

with a median of 461.5 households served in a day over the full range of data and a median of 754 

households served daily in 2017. While many food pantries are open only a few times per month 

or have low caps on visitation (e.g. households can only visit once per month), the network used 

in this study has relatively extensive hours and allows households to visit up to twice per week (a 

total of 104 visits per year). While the visitation cap is high, the median number of annual visits is 

5 and the mean is 9.9; in fact 75% of all clients visit 12.4 times per year or fewer which is far less 

than the maximum visits available to them. This is notable because it shows that what we observe 

is actual demand for the services, not the upper limit of what is available to clients. Without such 

generous visitation caps, it would be difficult to ascertain whether a client had visited, say, once 

per month because that was their actual need or if that was simply the maximum allowed by the 

food pantry. This level of use coupled with the generous cap ensures that any monthly cycle that 

exists can be observed in the data.  
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1.5 Empirical Strategy 

We analyze the universe of clients who visited the food pantry sometime during the period 

covered in the data: 2005 – 2017. We examine the cycle from two perspectives: that of the pantry 

and that of the clients. As noted by Dorfman et al. (2019), heterogeneity in needy households may 

drive cycles. Understanding such heterogeneity is critical for policy recommendations and, more 

generally, for an accurate understanding of what is happening. Pantry-level cycles demonstrate a 

concentration of resource demands that can present a challenge to pantry managers. Such a cycle 

could be caused either by cycles in individual pantry clients’ behavior among some segment of 

users, or by cycles of need by intermittent users.  

To understand the cycle from the perspective of the pantry itself, we examine visitation by 

day of the month, controlling for day of the week, year, and month. This is expressed 

𝑉𝑖𝑠𝑖𝑡𝑠d = 𝛽H +D𝛽+𝐷𝑎𝑦+d

iZ

+GZ

+D𝛼+𝑊𝑒𝑒𝑘𝑑𝑎𝑦+d
o

+GZ

+D𝛾+𝑀𝑜𝑛𝑡ℎ+d
ZS

+GZ

+D𝜃+d
Zo

+Gv

𝑌𝑒𝑎𝑟+d	 (1.3) 

where 𝐷𝑎𝑦+d are a set of dummy variables representing the day of the month for an observation in 

period 𝑡, 𝑊𝑒𝑒𝑘𝑑𝑎𝑦+d is a set of dummy variables representing the day of the week, 𝑀𝑜𝑛𝑡ℎ+d is a 

set of dummy variables representing the month of the observation, and 𝑌𝑒𝑎𝑟+d is a set of dummies 

representing the year of observation. In (1.3), we are interested in the coefficients 𝛽+, and 

specifically whether they demonstrate a pattern of use over the course of the month. We focus on 

the first eleven months of the year because December holidays change the opening hours of 

pantries as well as visitation trends. This allows us to see visitation cycles from the perspective of 

the pantry.  
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 We further wish to understand monthly cycles from the perspective of the clients. We use 

a logit model where each observation represents a visit by a pantry client. This is to understand if 

a cycle observed by the pantry is uniform across clients or if instead there appears to be 

heterogeneity in who drives the cycle. Furthermore, some of the pantry clients are likely SNAP 

recipients, so we wish to see if their behavior differs from that of individuals who are unlikely to 

be SNAP eligible. In the logit model, the outcome variable is a binary variable set to 1 if the visit 

is at the end of the month and 0 if the visit occurs in the beginning of the month. Months are 

divided at the 15th day. We expect the timing to matter among seniors (age 65 and over), members 

of racial and ethnic minorities, and larger households (we define these to be households of more 

than two people). We expect the SNAP cycle to only impact individuals who are eligible for SNAP, 

so we conduct a falsification test on clients who checked in using a non-US ID (e.g. Mexican 

passport) and can therefore be assumed to be ineligible for SNAP. This assumes households 

checking in with foreign passports do not have eligibility through children or other members of 

the household who may have SNAP access. The logit model is defined as follows: 

𝑃+d =
1

1 + 𝑒𝒁𝒊𝒕 

𝒁𝒊𝒕 = 𝛼H + 𝛽Z𝐼𝐷𝑇𝑦𝑝𝑒+ + 𝛽S𝐿𝑜𝑛𝑔𝑒𝑣𝑖𝑡𝑦+ + 𝛽i𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑉𝑖𝑠𝑖𝑡𝑠+ + 𝛽�𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑆𝑖𝑧𝑒+

+ 𝛽v𝑀𝑖𝑛𝐷𝑖𝑠𝑡+ + 𝛽�𝐴𝑔𝑒+ + 𝜸𝟏𝑹𝒂𝒄𝒆𝒊 + 𝜸𝟐𝑮𝒆𝒏𝒅𝒆𝒓𝒊 + 𝜖 

(1.4) 

Where, 𝑃+d is the probability that individual 𝑖 visits the pantry in the second half of month 𝑡, 𝑍+d is 

a dummy variable taking on the value 1 if the household visits  in the second half of the month, 

𝐼𝐷𝑇𝑦𝑝𝑒+ is a dummy variable taking on the value 1 if the head of household 𝑖 checked in with a 

foreign ID, 𝐿𝑜𝑛𝑔𝑒𝑣𝑖𝑡𝑦+ is the number of years household 𝑖	has visited the pantry, 𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑉𝑖𝑠𝑖𝑡𝑠+ 

is the number of average annual visits made by household 𝑖 to either pantry, 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑆𝑖𝑧𝑒+ is 
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the number of individuals in household 𝑖, and 𝑀𝑖𝑛𝐷𝑖𝑠𝑡+ is the minimum distance to a pantry from 

the home of household 𝑖. 

 In (1.4), we are interested in the coefficients for 𝛽Z�� as these may provide insight into 

which clients are driving any discernable cycles seen by the food pantry. We are further concerned 

specifically with 𝛽Z as this represents our falsification test for SNAP users.  

 

1.6 Results 

 We first address the presence of a cycle from the perspective of the pantry itself. We 

estimate (1.3) and plot the point estimates for 𝛽S�iZ in figure 1.1. Note, this figure shows the 

estimates using only the first eleven months of the year because there are so many pantry closures 

associated with holidays in the latter half of December.  

 

Figure 1.1 Changes in visitation by day of month  
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We see that there is a clear pattern whereby additional clients visit the pantry at the end of the 

month, especially in the final third of the month. We note that Colorado SNAP benefits are 

distributed in the first ten days of the month and food pantry clients have reported that such benefits 

tend to run out after two weeks (Weinfield et al., 2014). Thus, this may reflect a cycle of choice 

between SNAP and food pantries. This aligns with Proposition 3 in our conceptual framework 

which predicts that individuals would visit the pantry in the second half of a cycle, after benefits 

have been received. 

 While it is clear from the estimation of (1.3) that a monthly cycle exists, it remains unclear 

which clients are driving these trends and if it is associated with SNAP participation. Thus, (1.4) 

must be estimated and analyzed to determine if cycles are associated with SNAP participation, or 

perhaps other drivers. These results are shown in table 1.1.  

 

Table 1.1. Clients qualities and their impact on end-of-month pantry visitation trends  

 Specification 1: 
Without 
Demographic 
Controls 

Specification 2: 
With Demographic 
Controls 

Specification 3: 
Seniors as 
indicator 
variable 

Intercept 0.5056*** 
(0.006543) 

0.4980*** 
(0.004276) 

0.3730*** 
(0.01028) 

ID Type  
(1 = Foreign, 0 = Domestic) 

-0.07401*** 
(0.01142) 

-0.07382*** 
0.01142 

-0.06401*** 
(0.01372) 

Years Active 0.006406*** 
(0.0004237) 

0.006360*** 
0.0004170 

0.007344*** 
(0.0005235) 

Average Annual Visits -0.001423*** 
(0.00006821) 

-0.001415*** 
0.00006799 

-0.001772*** 
(0.00007998) 

Household Size -0.004760*** 
(0.0008972) 

-0.004858*** 
(0.0008778) 

-0.001464*** 
(0.001124) 

Distance to Nearest Pantry -0.0005519~ 
(0.0003026) 

-0.0005497~ 
(0.0003023) 

-0.002331 
(0.0003609) 

Age  -0.0001942* 
(0.00009885) 

- -0.0001224 
(0.0001163) 

Senior  
(1 = 65 or over, 0 = under 65) 

- -0.009534** 
(0.003635) 

- 
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Female - - -0.02610 
(0.02061) 

Male - - 0.02767  
(0.02071) 

Ethnicity: Black - - 0.1942*** 
(0.02860) 

Ethnicity: Asian - - 0.1264*** 
(0.02860) 

Ethnicity: Asian & Pacific 
Islander 

- - 0.1282*** 
(0.03203) 

Ethnicity: White - - 0.1265*** 
(0.02170) 

Ethnicity: Hispanic - - 0.1080*** 
(0.02192) 

Ethnicity: Mestizo - - 0.1459* 
(0.06131) 

Ethnicity: Native American - - 0.1530*** 
(0.03311) 

Ethnicity: Other - - 0.1351*** 
(0.02512) 

Ethnicity: Pacific Islander - - 0.1416~ 
(0.07514) 

Standard errors in parentheses. 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.01 

We examine our falsification test to determine if the cycle observed is linked to SNAP use. 

We see that those checking in with foreign IDs are less likely to visit the pantry at the end of the 

month than those checking in with domestic IDs. This is highly suggestive that SNAP-eligible 

pantry clients are driving the monthly cycles. Given the timing of Colorado SNAP benefits, this 

leads to the conclusion that SNAP beneficiaries are likely visiting the pantry after SNAP benefits 

run out for the month.  

We next examine other subgroups to determine if the monthly cycle in pantry use is driven 

by certain households other than just SNAP beneficiaries. We see that longer term clients have a 

slight tendency to come later in the month, which suggests that the pantry is used as a known 

coping mechanism among those familiar with it.  
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1.7 Conclusion 

Policymakers have a strong desire to understand the dynamics of food insecurity because 

such understanding is necessary to address and alleviate this problem. Prior research has 

demonstrated that the time of month is a factor in determining the acquisition and consumption of 

food among those receiving SNAP benefits, a program intended to address food insecurity in the 

United States. Specifically, research has found that acquisition and consumption of food among 

SNAP beneficiaries is highest directly after benefit receipt. This leads to concern among 

policymakers for the other times of the month when these households are able to acquire and 

consume less food. Such dynamics have an adverse effect on nutrition and other ailments 

associated with diminished food insecurity. This research explores the role of food pantries in the 

monthly cycle of food acquisition among those in need, including those who suffer from food 

insecurity as well as those who are currently receiving SNAP benefits. We find that the monthly 

cycle of food pantry use is opposite that of SNAP, meaning households tend to visit the food pantry 

later in the benefit month, presumably as a second-best option after SNAP benefits have been 

exhausted.  

Several studies examining the SNAP monthly cycle have been unable to explain where 

food is acquired in the latter half of the month, often concluding that households engage in coping 

mechanisms that lead to diminished nutrition. While this may very well be the case in some 

households, we find evidence that some of these SNAP beneficiaries are visiting the food pantry 

to make up the difference of their food needs in the later days of the month. This is an important 

result because it demonstrates the role of food pantries, in tandem with SNAP, in meeting the food 

requirements of needy families. To that end, without access to a pantry, such households may be 

more likely to engage in risky coping mechanisms such as skipping meals or purchasing the 
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cheapest food regardless of nutritional content. In terms of food security and nutrition, these coping 

mechanisms have adverse effects on health and well-being and thus should be avoided if possible.  

These results also add to the conversation in the literature about whether SNAP and food 

pantries are complements or substitutes. Our findings suggest that they are substitutes at the 

intensive margin, with demand for food pantries increasing when SNAP benefits have run out and 

thus demand for SNAP has effectively ceased. Of course, this still assumes that the two are 

complements at the extensive margin for some, with a subset of individuals who demand SNAP 

also demanding pantries in many cases. This suggests that perhaps SNAP benefits are insufficient 

as we see likely SNAP recipients relying on the food pantry in later days of the month, forced to 

substitute one source of assistance for the other. If their incomes were not so heavily constrained 

by limited SNAP benefits, they may be able to make additional trips to the grocery store during 

the later days of the month and avoid the food pantry. To that end, Feeding America has been 

encouraging pantry clients to visit pantries prior to spending their SNAP benefits so that they might 

use the benefits to supplement whatever they get from the pantry. This strategy demonstrates that 

Feeding America, and likely many food bank and food pantry managers, are aware that the two 

sources of food assistance work in tandem for many households. Overall, our findings suggest a 

need to expand both SNAP and food pantry services as it is clear that both are being utilized and 

are necessary to address food insecurity among needy families. 
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CHAPTER 2: 
WHAT IS FREE FOOD WORTH? A NONMARKET VALUATION APPROACH TO 
ESTIMATING THE WELFARE EFFECTS OF FOOD PANTRY SERVICES 

 
2.1 Introduction 

Millions of Americans rely on food assistance. This assistance comes in a variety of forms, 

ranging from federal programs like the Supplemental Nutrition Assistance Program (SNAP) to 

charities such as food pantries. The goal of this assistance is to alleviate food insecurity and hunger, 

where food insecurity is defined as “a household-level economic and social condition of limited 

or uncertain access to adequate food” and hunger is “an individual-level physiological condition 

that may result from food insecurity.” There are clear linkages between food assistance and 

measures of health and well-being, such as the link between mothers on food stamps (now SNAP) 

and the birthweights of their children (Almond et al., 2011). Prior to the COVID-19 pandemic, 

there were 13.7 million U.S. households suffering from food insecurity and 41 million Americans 

facing hunger (Coleman-Jensen et al., 2020; Feeding America Annual Report, 2018). The 

pandemic has only increased these numbers, leaving a society with a clear need for food assistance 

in its many forms.  

This study focuses on one piece of the American food assistance patchwork: food pantries. 

Food pantries vary in many ways, including size and scope, but they share the same basic mission 

of delivering groceries to households in need. The universe of food pantries includes small pantries 

housed in religious or charitable institutions, campus pantries that serve college students, mobile 

pantries which are housed on trucks that can access remote areas, and large food share locations 

which operate much like small grocery stores in terms of hours and offerings. Typically, pantries 

of any type work with a food bank that collects donated and purchased food and then allocates it 

to affiliate pantries for distribution to households. Food banks across the country are networked 
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by Feeding America, a national organization that conducts research, manages information, and 

operates a purchasing system used by local food banks. In their comprehensive 2014 Hunger in 

America study, Feeding America reported 46,000 agencies in their network, 67% of which are 

organizations that distribute groceries, i.e. pantries. They found these organizations were reaching 

46.5 million people annually, or roughly one in seven residents of the United States (Weinfield et 

al., 2014). 

Given that food pantries are so common and widely used, a natural question is what value 

they bring to the communities they serve. This naturally leads to a need for welfare analysis. This 

study provides such analysis, examining the empirical questions of how welfare among clients 

changes when a pantry is removed from a community and when it moves locations. This is done 

through a revealed preferences approach, a methodology borrowed from the environmental 

economics literature which has not previously been applied in this context.  

Data on food pantries is sparse, so much of the literature on the subject features localized 

research. Many pantries do not collect detailed data on their clients and those that do are not always 

willing to share with researchers given the sensitive nature of that information. This study focuses 

on a single region, Larimer County, CO, and makes use of household-level visitation data from a 

novel administrative dataset.  

This study contributes to two distinct literatures: studies on food pantries and studies that 

use revealed preference techniques for nonmarket valuation. The empirical contribution of this 

paper- the elasticities of demand and welfare measures associated with a pantry’s removal or 

move- fit squarely in the body of research concerning food pantries. However, the methods used 

for these empirical estimations come from the nonmarket valuation literature and draw heavily on 
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techniques pioneered in research concerning recreational demand. This study demonstrates how 

these techniques may be used to determine the value of community assets like food pantries.  

Studies on food pantry use have largely focused on demographics and characteristics of 

pantry clientele. For example, Daponte et al. (1998) was one of the first to study use, and compared 

pantry users to low income non users in a localized study in Pennsylvania, exploring the question 

of why some low income households use pantries and others don’t. They found that ownership of 

a car was a key determinant of pantry use, and that pantry users in their sample generally used 

pantries over a span of about two years. Many of these questions about characteristics of pantry 

users naturally lead to questions about barriers to access and the characteristics of those who don’t 

use pantries (but would likely benefit from their services). For example, Remley et al. (2010) found 

that language was a key determinant of ease of use and access to food pantries among the 

population they studied. Finally, a key characteristic of interest is participation in SNAP and other 

federal assistance programs, which is explored in the literature on food pantries. However, there 

is not a clear consensus on how the two interact with some claiming they are substitutes (Daponte 

& Bade, 2006) and others finding that they are complements (Bhattarai et al., 2005). 

This study is the first to use revealed preference nonmarket valuation methods to conduct 

welfare analysis on food pantries. We use these methods to determine the value (not market value) 

of pantry food to pantry clients. Due to the use of these methods, this study fits in the literature on 

revealed preference approaches to nonmarket valuation with a specific place among the literature 

on travel cost models. Such models were first introduced at the suggestion of Harold Hotelling in 

1947 as a way to value national parks for which nominal fees were insufficient measures (Ward & 

Beal, 2000). Since Hotelling, revealed preference models that make use of travel costs have been 

used in numerous contexts to value things like lake recreation (Caulkins et al., 1986), mountain 
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biking (Fix et al., 2000), and cultural heritage sites (Poor & Smith, 2004). For current standards 

and applications of these models, we recommend the reader refer to environmental and resource 

economics textbooks such as Champ et al. (2017) or Freeman et al. (2014).  

The remainder of this chapter proceeds as follows. Methods are established in Section 2.2, 

where the theoretical foundation is presented and the exact expression for welfare is derived. This 

section also describes the price changes used to estimate welfare. Section 2.3 is used to present 

data and background on the study location used in this analysis. Section 2.4 describes the results 

for estimates of travel cost elasticity of demand and welfare estimates for the two price changes 

identified. Finally, we conclude in section 2.5. Sensitivity analysis can be found in the Appendix.  

 

2.2 Methods 

 The valuation of food pantries fits within the nonmarket valuation literature because food 

pantries provide goods without monetary transactions. While these goods are distributed for free, 

and often obtained by way of donations, the value of pantry food is clearly greater than zero as 

evidenced by the demand for it. Furthermore, while food at the pantry is free, travel to the pantry 

is not. We rely on these travel costs to reveal information regarding the value of the pantry to each 

user. Variation in distance to the pantry provides sufficient variation in travel costs for demand 

estimation. From estimated demand curves, we calculate both elasticities of demand as well as 

welfare measures.  

 We specify a consumer utility maximization problem which is used to derive consumer 

demand for food pantry trips and compensating variation (CV), the welfare measure used in this 

analysis. Elasticities are estimated from consumer demand. The recreational demand literature 

proposes a variety of approaches for determining the “unit of quantity demanded.” For example, 
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in a model of fishing demand, the unit of quantity demanded could be an individual trip, a day of 

a trip, or some measurement of the catch. In the pantry case, we observe trips, not individual food 

items. On a single trip, a household has access to a standardized basket of food, with a set amount 

of produce, dry food, meat, dairy, and baked goods. While individual products vary from day to 

day, the overall size and general composition of the basket is consistent. For these reasons, we 

treat a single trip to the pantry by an individual household as the quantity demanded.  

 Another key decision that must be made in models like this is whom to include. This 

problem arises because in most cases data is collected at the site being values. As a result, all 

observations have demand strictly greater than zero, and those whose demand is zero are left out 

of the data. We follow the lead of Creel & Loomis (1990) and numerous others who used truncated 

count data estimators for their demand function estimations, where “truncated” refers to the 

truncation of zeros observed in the data. We present both truncated negative binomial and 

truncated Poisson regressions, alongside their non-truncated (standard) versions, in our estimates 

of the demand function for food pantries. Given the overdispersion of the data (i.e. the mean and 

variance are not equal), we use the truncated negative binomial as the primary regression model, 

with the others estimated to test sensitivity to specification. Additional specifications, including 

one that generates synthetic observations for the nonusers, are presented in the Appendix.  

 To derive the expression for welfare, we begin with a theoretical model of food pantry 

demand. A household gets utility from consuming trips to the food pantry, 𝑥 ∈ ℝ-, and other 

goods, 𝑦 ∈ ℝ-. The goods have prices 𝑝� and 𝑝�, respectively, and the household has income 𝐼. 

Note, 𝑝� is the travel costs associated with a single trip. Thus, the household solves 

max
�,�

𝑈(𝑥, 𝑦) 

s. t. 𝑝�𝑥 + 𝑝�𝑦 = 𝐼 

(2.1) 
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This yields the demand functions for 𝑥 and 𝑦 

𝑥 = 𝐷�K𝑝�, 𝑝�, 𝐼M 

𝑦 = 𝐷�K𝑝�, 𝑝�, 𝐼M 

(2.2) 

And the indirect utility function 

𝑉(𝑝�, 𝑝�𝐼) (2.3) 

We measure welfare in terms of compensating variation (CV), a precise welfare measure that 

relates income to utility level (Hausman, 1981). CV measures the welfare associated with a price 

change and is equal to the amount of income that would need to be compensated to an individual 

to restore him to his original utility level after a price change.  

We consider food in this context to be a nonmarket good because it is distributed for free 

through the panty. Its value in this context is the dollar amount that would make clients indifferent 

to the food or the money, which is captured by the value of CV. This is distinct from the market 

value of the food, which is its selling price in a retail environment. Mathematically, given a price 

change from 𝑝�H to 𝑝�Z, CV is defined as follows 

𝑉K𝑝�H, 𝑝�, 𝐼M = 𝑉(𝑝�Z, 𝑝�, 𝐼 + 𝐶𝑉) (2.4) 

In the case of food pantries, we examine two welfare measures, each with an associated 

price change. Prices are estimated using travel costs. The first welfare measurement is of the value 

of the presence of the pantry network. The second is a measurement of the welfare change 

associated with one of the pantries moving. In the case where we measure the value of the presence 

of the pantry network, the value used for 𝑝�H is the observed price and the value used for 𝑝�Z is the 

so called “choke price,” as is standard in the literature (e.g. Englin & Shonkwiler, 1995; Haab & 

McConnell, 2002; Whitehead et al., 2000). The choke price is the price at which the destination 

becomes too expensive and thus individuals no longer visit. In terms of demand analysis, the choke 
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price is where demand goes to zero. In the case where a pantry moves, both 𝑝�H and 𝑝�Z are given. 

This study provides estimates of both: an annual measure of the value of the presence of the pantry 

and a per-mile value based on an actual move that occurred. These yield two different welfare 

measures, both of which provide insight into the value of the pantry.  

In order to obtain a closed form expression for CV, a functional form for the demand 

equation must be selected. We use the negative binomial and Poisson model specifications and 

derive demand equations from these distributions. For the Poisson, the probability mass function 

for trips to the food pantry in a given period of time can be represented as 

𝑓(𝑋 = 𝑥) =
exp(−𝜆)𝜆�

𝑥!  
(2.5) 

Where 𝜆 is a parameter to be estimated. The probability mass function for the negative binomial 

is 

𝑓(𝑋 = 𝑥) =
Γ _𝑥 + 1

𝛼a

Γ(𝑥 + 1)Γ _1𝛼a
(𝛼𝜆)S(1 + 𝛼𝜆)�(�-

Z
£) 

(2.6) 

Where 𝜆 and 𝛼 are parameters requiring estimation. For both distributions, the mean is 𝜆, so the 

regression takes the form 

𝐸(𝑥) = 𝜆 = exp(𝛽H + 𝛽Z𝑝� + 𝛽S𝐼) (2.7) 

We substitute the demand equation into Roy’s identity, yielding 

𝐷(𝑥, 𝑦, 𝐼) = exp(𝛽H + 𝛽Z𝑝� + 𝛽S𝐼) = −

𝜕𝑉(𝑝�, 𝐼)
𝜕𝑝�

𝜕𝑉(𝑝�, 𝐼)
𝜕𝐼

 
(2.8) 

Eq. (2.8) is a partial differential equation which yields the conjugate specification for the indirect 

utility function 
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𝑉(𝑝�, 𝐼) = 𝐶H ⋅ exp ¦
𝑒§¨.©
𝛽Z

𝐶Z −
𝑒�§@�§ª«

𝛽S
𝐶Z¬ 

(2.9) 

Where 𝐶H and 𝐶Z are arbitrary constants. Without loss of generality, we let 𝐶H = 𝐶Z = 1. This is 

simply a monotonic transformation of the indirect utility function, which preserves preference 

orderings. Thus, the indirect utility function can be represented as  

𝑉(𝑝�, 𝐼) = exp¦
𝑒§¨.©
𝛽Z

−
𝑒�§@�§ª«

𝛽S
¬ 

(2.10) 

We find a closed form expression for CV by substituting (2.10) into (2.4), which yields 

𝐶𝑉 = −
1
𝛽S
log ¦

𝛽S(𝑒§¨.©
¨ − 𝑒§¨.©@)
𝛽Z

+ 𝑒�§@�§ª«¬ −
𝛽H
𝛽S
− 𝐼 

(2.11) 

This expression is used to calculate CV in the two aforementioned price change scenarios: the 

existence of the pantry (a hypothetical event which uses the difference between the current price 

and choke price) and the pantry move (an event we observe in the data).  

 In addition to the estimates of CV, this demand analysis allows for the estimation of 

elasticities. Thus, this study provides the first estimation to our knowledge of the distance elasticity 

for food pantry services. For the negative binomial and Poisson forms, the distance elasticity of 

demand is calculated as follows (Zekri et al., 2011) 

𝜀 = 𝑝H ⋅ 𝛽Z (2.12) 

Where 𝑝H is the original price and 𝛽Z is the coefficient on the price of good 𝑥, 𝑝�. The demand 

elasticity estimates are useful in understanding client behavior. Furthermore, they inform our 

analysis of the estimates for CV.  
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2.3 Data and Study Location 

 We use data from a food bank network in Northern Colorado for this study. Specifically, 

data comes from the Food Bank for Larimer County, which operates in Fort Collins and Loveland, 

the two population centers for the county. Larimer County is home to 356,899 residents with 10.5% 

living in poverty (2019 estimates), which is slightly below the national average. The county is 

largely white (82.1%). The next largest group is non-white Hispanic (11.9%), with Black, Asian, 

Native American, Pacific Islander, and multiracial comprising the rest (U.S. Census Bureau- Quick 

Facts Larimer County, CO, 2019). The county is home to a large university, Colorado State 

University, which is one of the largest employers in the area. Overall, residents of Larimer County 

are more highly educated than the national average (Garcia, 2015).  

 The Food Bank for Larimer County serves over 37,000 residents each year, or roughly 10% 

of the county’s population. Annually, the food bank distributes over 7 million meals, including 

over 3 million pounds of fresh produce (Food Bank for Larimer County Annual Report, 2019). 

Much of this food is distributed through the food bank’s “food share” program, which is their term 

for on-site (i.e. housed within the food bank) food pantries.4 The households served by these food 

pantries have substantially lower incomes than the general population in the county. They are also 

more likely to be Hispanic or Latino. Statistics comparing the food pantry clients to the general 

county population can be found in Table 2.1.  

 

 

 

 

 
4 While the Food Bank for Larimer County refers to these as “food share locations,” we refer to them as “food 
pantries” because they fit that definition and “food pantry” is a more common term.  
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Table 2.1: Demographics and household characteristics (full county and food pantry clients) 

 All residents in Larimer 

County 

Food Pantry Clients 

Percent over 65 14.7% 12.5% 

Race/Ethnicity    

White, not Hispanic 83.1% 72.8% 

Black 1.1% 2.5% 

American Indian or Alaska 

Native 

1% 0.2% 

Asian or Pacific Islander 2.4% 0.9% 

Hispanic or Latino 11.2% 18.9% 

Mean income $32,433 $9,575 

Mean household size 2.5 2.3 

 

 The original food pantry location was at the Fort Collins food bank and has been at its 

current location since 1999. In November 2006, the organization opened a second location in 

Loveland. This location was operational until August 2011 when it moved 2.9 miles away. The 

current Fort Collins, former Loveland, and current Loveland locations are shown in Figure 2.1.  
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Figure 2.1: Map of Food Bank for Larimer County locations  

 

The data used in this study covers the years from. 2005 to 2017 and thus include the location move 

in Loveland, which is used for the per mile CV estimates. 

 The Food Bank for Larimer County is unique in its data collection. In 2005, the food pantry 

in Fort Collins began collecting household and visitation data from all its clients to track and 

streamline visits, and to learn more about their client population. This data collection was 

continued at the Loveland location when it was opened. At the initial visit, an individual will 

register his or her household. This put the household in the network so that the information is tied 

to each visit, regardless of location. In the registration process, the individual reports household 

size, address, phone number, race/ethnicity, and income. In subsequent visits, any member of the 

household checks in, so a data point is created for the time and location of the visit. Using this 
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data, we are able to pair visits with households and observe the number of annual visits made by 

each household. These visits are used in demand estimation.  

 The pantries offer generous limits on food, allowing households to visit up to twice per 

week (either location). On any given visit, a household member can pick up unlimited product and 

baked goods, as well as limited quantities of meat, dairy, and shelf-stable items. Although clients 

don’t know the exact products that will be available prior to visiting the pantry, they can assume 

these food groups will be represented. The generous visitation limit of twice per week is useful in 

demand analysis because it ensures there is no constraint on demand, and what is revealed is the 

true demand. To that end, we find that while the upper limit of visits is 104 times per year, 

approximately three quarters of clients visit once per month or less.5  

 These pantries are well-stocked and open five days per week. They each serve hundreds of 

clients each day they’re open. Because of their unique relationship with the food bank and their 

robust offerings, these are the only pantries of this nature in the county. They do not compete with 

other large pantries. This is important for our analysis because we must be able to account for all 

sites in the area in order to conduct the appropriate welfare measurements. To that end, we assume 

no other substitutes exist in the county.  

 The model used in this analysis requires travel costs. To estimate the travel cost for a 

household to visit a pantry, we first calculate the distance from the household’s address to the 

pantry using the Google maps directions function. We specify driving distance because the food 

bank managers have indicated that most clients reach the pantry by car (their own or someone 

else’s). To estimate the cost of a trip, we use historic gas prices (Weekly Retail Gasoline and Diesel 

Prices, n.d.) and the average miles per gallon for cars (Highlights of the Automotive Trends Report, 

 
5 Of the thousands of households observed, only 36 visited more than 100 times in any given year.  
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n.d.) to determine the cost of gas necessary to make the trip. The recreational demand literature 

has debated the inclusion of the opportunity cost of time in calculations of travel cost (e.g. 

Bockstael et al., 1987). We account for the opportunity cost of time, measuring it with the local 

minimum wage (Minimum Wage, n.d.) since many food pantry clients are likely to be earning a 

wage near or around the minimum wage. We determine the time used for a trip by assuming 30 

mph speed during drive time and a ten-minute visit in the pantry, both of which are conservative 

estimates. Finally, to account for the possibility that a trip to the pantry is part of a larger trip which 

includes multiple destinations, we estimate the travel cost of one direction of the trip only, again 

choosing a conservative estimate. In estimating travel costs, we require a residential address and 

thus have to drop homeless clients who account for 2.4% of the total clientele. These dropped 

observations lead us to understate the individual and aggregate welfare impacts because these 

individuals are likely to incur high time costs in order to visit the pantry.  

 Finally, many models of recreational demand also account for quality differences among 

different sites. For an example, see the treatment of this issue in Willis and Garrod (1991) who 

explore recreational demand for forest amenities or Brown and Mendelsohn (1984) who explore 

recreational demand for fishing streams. However, the two pantries in this study are remarkably 

similar in terms of offerings, hours, and overall environment. For this reason, this study does not 

include any considerations for differences in quality and treats the two sites as perfect substitutes.  

 

2.4 Results and Discussion 

 The first step of this analysis is the estimation of the demand function, which is done using 

count data models. This is because the data are nonnegative count variables. The primary 

estimation model is the truncated negative binomial. The negative binomial is appropriate because 
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the mean and variance are not equal in the data and the negative binomial is best in such situations 

where there is overdispersion. The truncated negative binomial accounts for the zero truncation 

issue, meaning it is appropriate for data where there are no zeros, as is the case for the data for 

food pantry visitation used in this study. In addition to the truncated negative binomial, we estimate 

a truncated Poisson, a standard negative binomial and a standard Poisson. Using each of these 

models, we estimate the following regression 

ln 𝑥 = 𝛽H + 𝛽Z𝑝� + 𝛽S𝐼 + 𝛽i𝑍 + 𝜖 (2.13) 

Where 𝑍 is a vector of characteristics including age, gender, race/ethnicity, and household size. 

The coefficient estimates for the demand function can be found in Table 2.2. 

 

Table 2.2 Demand Function Estimation (N = 132,341) 

 Zero truncated 

negative 

binomial 

Zero truncated 

Poisson 

Negative 

binomial 

Poisson 

Intercept 1.68*** 

(0.0159) 

2.31*** 

(0.00241) 

2.22*** 

(0.0102) 

2.31*** 

(0.00241) 

Price (𝑝�) -0.0202*** 

(0.00126) 

-0.0212*** 

(0.00025) 

-0.0175*** 

(0.00090) 

-0.0212*** 

(0.00025) 

Income (𝐼) 0.0000284*** 

(5.62e-7) 

0.0000208*** 

(7.79e-8) 

0.0000234*** 

(3.83e-7) 

0.0000208*** 

(7.79e-8) 

Significance Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.1 ‘ ‘ 1 
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Most important in this function is the fact that the coefficient on price, 𝑝�, is negative. This is as 

expected for a standard demand function. Additionally, we estimate positive coefficients on 

income. We attribute this to the fact that higher income households are more likely to own their 

own car and have access to other resources (e.g. childcare) that enable them to visit the pantry 

more frequently. This result suggests that among low income individuals, food pantries are normal 

goods.  

 The estimates from the demand function can be used to calculate elasticities of demand as 

well as CV. We first report the distance elasticities of demand, which are found using (2.12). We 

find estimates ranging between -0.0930 and -0.112, with an estimate of -0.107 for the primary 

model specification. These estimates are presented in Table 2.3. 

 

Table 2.3: Distance elasticity of demand for pantry services 

 Zero truncated 

negative 

binomial 

Zero truncated 

Poisson 

Negative 

binomial 

Poisson 

Mean elasticity 

(Standard error) 

-0.107*** 

(0.00018) 

-0.112*** 

(0.00019) 

-0.093*** 

(0.00016) 

-0.112*** 

(0.00019) 

Significance Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.1 ‘ ‘ 1 

 

This suggests that demand for food pantries, among current users, is quite inelastic with respect to 

travel costs. This means that if the cost of accessing the pantry were to change, use would only 

marginally shift. Given that food pantries are a form of food assistance that serves the needy, this 

inelastic demand suggests that the pantry is an important resource to its clients.  
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 The demand function estimates are also used to calculate welfare. As mentioned, this study 

examines two welfare measures. For the estimation of the value of the presence of a pantry, we 

use the full network which includes up to two pantries, depending on the year. For the estimation 

of the value of the move, we use the 2011 move in Loveland, examining the clients from Loveland 

who were affected. In both cases, CV is estimated using (2.11).  

 The first estimates we report are for the CV associated with the presence of the pantry 

network, which uses the choke price to estimate this value as is standard in the literature. We set 

the choke price equal to the cost of traveling 55 miles to the pantry because this is roughly equal 

to the cost of the farthest user and is similar to the distance between the pantries and the edge of 

the county.6 The estimates for the CV associated with the presence of the pantry network are 

presented in Table 2.4. Standard errors are estimated through a bootstrap method that uses the 

standard errors of the beta coefficients, income data, and travel cost data.  

 

Table 2.4 Compensating Variation for the presence of the pantry (choke price estimation) 

 Zero truncated 

negative 

binomial 

Zero truncated 

Poisson 

Negative 

binomial 

Poisson 

Mean CV 

(Standard error) 

$171.47*** 

(47.15) 

$283.41*** 

(43.23) 

$292.35*** 

(64.15) 

$283.41*** 

(43.23) 

Significance Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.1 ‘ ‘ 1 

 

 
6 Adjusting the choke price distance up or down by 5 miles changes the per household annual CV by approximately 
$20, which is smaller than the range reported from different model specifications.  
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While the alternative specifications are closer to $300 per household, the primary specification 

(truncated negative binomial) finds an annual per household value of $171.47. This suggests a 

median per trip value of $18.05. Depending on the specification, the annual value of the pantry 

falls between 2 and 4% of the clients’ annual household income. Given that these are needy 

households, such a sum has a clear impact on a household’s finances and demonstrates that the 

pantry provides significant value to its clients. It is also of interest to policymakers to determine 

the aggregate value of the pantry network, which we calculate using 2017 visitation numbers. In 

that year, 12,958 unique households visited the pantry network (both locations), so the annual 

aggregate value is estimated to be between $2.22 and $3.67 million. This demonstrates that the 

pantry network is bringing value to its community and provides a benefit number that can be used 

for cost benefit analysis.  

 The second estimates we report are for the CV associated with a pantry move. This 

estimation takes advantage of an actual move which occurred in 2011 and affected pantry goers 

who were using the Loveland location. At that time, the location was moved for administrative 

purposes to a site 2.9 miles away. For clients in Loveland, the average distance change was 0.31 

miles. The new location was closer for more clients than not. Using this subset, we estimate the 

total CV associated with the move as well as the CV per mile. These estimates are provided in 

Table 2.5. 

 

Table 2.5  

 Zero truncated 

negative 

binomial 

Zero truncated 

Poisson 

Negative 

binomial 

Poisson 
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Mean total CV 

(Standard error) 

1.53*** 

(0.38) 

$2.67*** 

(0.92) 

$2.51*** 

(0.62) 

$2.67*** 

(0.92) 

Mean per mile 

CV 

$4.91*** 

(1.21) 

$8.58*** 

(2.94) 

$8.07*** 

(1.99) 

 

$8.58*** 

(2.94) 

 

Significance Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.1 ‘ ‘ 1 

 

Both are annual measures. We find that the per mile value of the pantry is between $4.91 and $8.58 

annually. These results suggest that a small move is relatively unimportant to pantry clients. 

However, it also suggests that a larger move, such as a move across town, could have a real impact 

on the value captured by current users.  

 The results presented here are of course subject to the sensitivity of their specifications. 

While the count data models used in this analysis are most appropriate for this data and estimation 

strategy, alternative specifications could be used, though they would yield less precise results. For 

additional sensitivity analysis, alternative specifications are provided in the Appendix. This 

includes a standard OLS specification as well as an approach that creates synthetic data for zero 

visit individuals and estimates zero-inflated count data models.  

 

2.5 Conclusion 

 Food banks and their affiliate pantries are an important part of the patchwork of assistance 

that serves food insecure and needy households across the United States. These organizations 

distribute groceries to those who express need by showing up during open hours. This expression 

of need is important because it shows that these services provide value to the clients looking for 
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help. However, due to the nonmarket nature of food pantries, it has previously been difficult to 

ascertain the value of these pantries to clients in dollar amounts. Furthermore, we posit that 

location matters for clients so it’s not only worthwhile to estimate the value of a pantry, it’s also 

worthwhile to estimate the value of the pantry in a given location. This takes into account how the 

pantry’s value might change if it were to move.  

 This study contributes to the literature by offering a nonmarket valuation method for 

estimating the value of food pantries and applying this method to a food pantry network in 

Colorado. We borrow from the literature on recreational demand and construct a revealed 

preferences model using travel costs for food pantry demand analysis. Using this approach, we 

estimate two welfare measures. The first measures the value of the presence of the pantry using 

the choke price approach which is standard in the recreational demand literature. The second takes 

advantage of an exogenous site move covered in the data and measures the per mile value of the 

pantry’s location. In addition to these welfare estimates, we estimate the elasticity of food pantry 

demand which informs our analysis. We use data from the Food Bank for Larimer County, in 

Northern Colorado. They offer rich administrative data which can be used to estimate this model.  

 Results demonstrate that pantries offer substantial value and that clients are relatively 

insensitive to small moves. Our most conservative estimate for the per household annual value of 

the presence of the pantry network is $180.44, with estimates ranging as high as $309.29, 

depending on the model specification. The lower bound estimate is that the pantry provides value 

equivalent to 2% of the average pantry going household’s annual income. Furthermore, the 

aggregate value of the pantry network falls in the range of $2.3 to $4.0 million. The elasticity 

estimates, coupled with the welfare measures for the pantry move, reveal that clients are relatively 

insensitive to the cost associated with accessing the pantry. Elasticity estimates are -0.10 and the 
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per mile value of the pantry falls between $5.07 and $8.59 annually. This suggests that clients will 

travel, even longer distances, to access a pantry. However, the per mile values are not negligible 

and still suggest that pantries should be located in areas most convenient to a large number of 

clients and potential clients.  

 Given the nonmarket nature of food pantries, it is important that we be able to perform 

welfare analysis as is done in this paper. Since the food is given away for free, there may be those 

who assume that it doesn’t have value to those who receive it. However, the revealed preferences 

approach presented here demonstrates that pantries do indeed offer value to their clients.  

 While the method and results presented here are based on a single food bank network, they 

may generalize to other locations, especially those that are similar. The location used, Larimer 

County, CO, is moderately dense with two population centers and population of just over 350,000. 

To that end, there are many counties and areas around the country with population sizes and 

densities close to Larimer County’s. However, the structure of the Food Bank for Larimer County 

may be unique in that they manage two large food pantries that are open several days a week and 

offer generous visitation caps. Certainly, there are other models, including those where the local 

food bank works with numerous small pantries that are open far less frequently. To that end, these 

results may not generalize to areas where the pantry network structure is significantly different.  

 Finally, this analysis has been made possible by a very unique administrative data set. The 

Food Bank for Larimer County has collected household and visitation data for all of its clients 

since 2005. Many food banks and food pantries do not engage in data collection of this type, though 

that seems to be changing. Indeed, products like PantryTrak are making it easier for banks and 

pantries to collect and manage administrative data. As more banks and pantries collect data on 

their clients, the model in this paper and other nonmarket valuation methods may be used to 
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perform demand and welfare analysis. Asking these questions and marrying them with such data 

is an important step in deepening our understanding of this important branch of food assistance in 

the United States.  
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CHAPTER 3: BUT IT CAME FROM A FOOD PANTRY: STIGMA AND PERCEPTIONS OF 
QUALITY OF FOOD PANTRY OFFERINGS 

 
3.1 Introduction  

Far more individuals could benefit from food pantries than actually avail themselves of 

pantry services (Coleman-Jensen et al., 2018). Food pantries have long been used to meet 

emergency food needs and have more recently become vessels for addressing longer-term needs. 

Feeding America, the centralized organization that networks the nation’s food banks, has the stated 

mission of ending hunger in the United States (US), where hunger refers to the physical discomfort 

resulting from a lack of adequate, nutritious food. Hunger is inextricably linked to food insecurity, 

which refers to the lack of continuous access to adequate, nutritious food for an active, healthy 

life. However, prior to the COVID-19 pandemic, only 26%7 of food insecure households used food 

pantries (Coleman-Jensen et al. 2018).8 This is true despite the prevalence of food banks and their 

affiliate pantries across the United States, with 202 banks serving all 50 states as well as Puerto 

Rico and Washington, DC. These food banks represent a vast network of food pantries, of which 

there are roughly 60,000 nationwide (Delivering Food and Services, n.d.). 

This gap between need and use represents a serious problem as hunger and food insecurity 

are dangerous, pervasive, and on the rise since the COVID-19 pandemic began.9 Food insecurity 

is associated with numerous negative health outcomes. Among these are increased risk for asthma, 

 
7 The USDA Economic Research Service reported that according to the 2017 Current Population Survey Food 
Security Supplement, 14.8 million households were food insecure that year. Of those, 3.8 million used a food pantry.  
8 There is frequent misreporting of food pantry use and, therefore, wide discrepancies in published numbers. USDA 
Economic Research Service (ERS), using data from the U.S. Census Current Population Survey Food Security 
Supplement – the source of the official estimates of US food security prevalence – reports 15.9 million pantry users 
in 2017 (Coleman-Jensen et al., 2018). While this figure is often cited, so is the much higher figure from Feeding 
America’s Hunger in America study, conducted in 2014, which reports 46.5 million users of food bank services, the 
vast majority of which are food pantries. There are a number of potential reasons for this discrepancy. The 
referenced number of food insecure pantry goers may be an undercount.  
9 Food insecurity was falling prior to the onset of the COVID-19 pandemic 
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depression, suicide ideation, anemia, behavioral problems, diabetes, and tooth decay (Gundersen 

& Ziliak, 2015). Food insecurity is also linked to negative educational outcomes, with studies 

reporting decreased learning among students who are food insecure (Chilton et al., 2007; Winicki 

& Jemison, 2003).  

Rates of food insecurity appear related to economic conditions, where we see an increase 

in food insecurity following the 2008 recession which only returned to 1995 levels (~12% of the 

total population categorized as food insecure) around 2019 (Coleman-Jensen et al., 2020). 

Unfortunately, this trend recently reversed with the onset of the COVID-19 pandemic. Rapid 

research investigating the impacts of the COVID-19 pandemic reveal dismaying results. Feeding 

America estimates that one in six Americans could face hunger as a result of the pandemic, which 

cast an estimated 17 million more Americans into food insecurity (Gundersen et al., 2021; Morello, 

2020). Schanzenbach and Pitts (2020) estimated that 23% of households experienced food 

insecurity in the period after lockdowns went into full effect, between late April and mid-May 

2020, although the survey data they use are not directly comparable to the official estimates. Others 

have reported even higher estimated rates of food insecurity (Bauer, 2020b; Niles et al., 2020; 

Wolfson & Leung, 2020). Households with children have always been more likely to experience 

food insecurity than households without children, but the pandemic has exacerbated this 

phenomenon with 27.5% of households with children exhibiting signs of food insecurity during 

the COVID-19 pandemic (Bauer, 2020a). 

Food pantries collectively represent an important, and growing, component of the nation’s 

patchwork of food assistance. The model of a food pantry is simple: pantries stock groceries, 

mostly sourced from food banks, which they distribute to clients in need. Proving need is generally 

quite simple and often requires little justification from the client beyond showing up to the pantry.  
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Using a pantry can also help reduce difficult choices that needy households have to make. 

A survey of pantry clients found that they often have to choose between essentials, with 57.1% 

reporting that they have had to choose between food and housing costs, 65.9% reporting that they 

have had to choose between food and medical care, 66.5% reporting that they have had to choose 

between food and transportation, and 69.3% reporting that they have had to choose between food 

and utilities (Weinfield et al., 2014). By boosting a household’s food supply, a pantry may reduce 

these tensions.  

Furthermore, food pantry use may directly benefit those suffering from food insecurity. 

Typical food pantries provide effective, immediate solutions to severe food deprivation while more 

robust food bank systems, especially those with considerable stocks of perishable foods and 

resources to address client needs, improve food security more broadly for patrons (Bazerghi et al., 

2016). Moreover, many food pantries offer additional services, such as help enrolling in the 

Supplemental Nutrition Assistance Program (SNAP), which may alleviate food insecurity and 

persistent hunger. But the fact remains that while millions of people in the US use food pantry 

services each year, tens of millions more could prospectively benefit from them, but do not access 

food pantries (Coleman-Jensen et al., 2018; Weinfield et al., 2014). 

Multiple barriers may prevent potential users from availing themselves of food pantry 

services. Pantry use requires a certain degree of access. Physical, geographic, temporal, or cultural 

impediments to access may prevent use. In order to use a pantry, an individual must be able to 

physically get to the site and transport groceries to wherever they are going. In many cases this 

requires access to a car or public transportation, which may not be available, not to mention the 

physical ability to carry heavy groceries, which may pose a problem for older or disabled clients 

(Daponte, 2000; Garasky et al., 2004). There is also the issue of geographic access, since some 
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people live in areas where there are no nearby pantries. This is especially true in some rural areas. 

The timing of pantry openings may impede access (El Zein et al., 2018). While some pantries offer 

extensive hours, many have more limited hours that may prove infeasible for some potential 

clients. There may also be cultural barriers. For example, English may not be the primary language 

of any member of a household in need while pantry staff and volunteers exclusively speak English, 

making it difficult for such households to access pantry services (Algert et al., 2006). In addition, 

the food offered may not be culturally appropriate for a household.  

Beyond access issues, there are concerns that stigma may keep needy individuals from 

visiting pantries. This may be because they are sensitive to the way they might be perceived (by 

themselves or others) for going to the pantry, they may have a low opinion of the pantry as an 

organization, or they may have a negative perception of the quality of the food they would receive 

(Bhattarai et al., 2005; El Zein et al., 2018; Nooney et al., 2013). This study addresses stigma by 

considering perceptions of food quality and the possible contribution of that type of stigma in 

limiting food pantry use. This question matters because if stigma appears significant, then feasible 

marketing or messaging interventions might de-stigmatize pantries and their food, reducing a 

psycho-social barrier to food pantry use. Conversely, if perceptions of quality and issues of stigma 

are not detected, then efforts to promote greater food pantry use by needy households should focus 

on other barriers. Specifically, we investigate the following questions: 

1) Do potential pantry clients anticipate food to be lower quality simply because it comes from a 

food pantry? 

2) Do information treatments, such as pictures of food to show they are identical to products 

available in commercial groceries, improve perceptions of the quality of pantry food? 
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We answer these questions using an online survey of individuals from across the United 

States. We focus exclusively on individuals whose households are SNAP-eligible, based on 

household size and income, because the federal government identifies these people as needing 

food assistance. The survey is structured with four treatments and is designed to test reactions to a 

pantry (versus a grocery store) as the source of food as well as reactions to photographic 

information about the food items. We describe our data and methods in more detail in section 3.3.  

At the heart of this investigation is the notion of individual perceptions of quality. The term 

“quality” is fluid and generally has dimensions that are objective as well as dimensions that are 

subjective (Grunert, 2005). In terms of food, comparisons like “fresh” vs. “spoiled” have clear 

quality rankings. However, other characteristics may be more subjective. For example, a frozen 

pizza may be viewed as low quality by one consumer because it is considered unhealthful, while 

another consumer may view it as high quality because they think it tasty and convenient. The time 

at which a product is evaluated may also influence perceptions of quality. Prior to acquisition, the 

consumer has to rely on look and feel, while after acquisition, they can taste the item. But while 

one's determination of product quality may be more well-formed after acquisition, the stage before 

acquisition matters to the producer or provider and may be more meaningful for understanding 

behavior. At the store or pantry, consumers may estimate quality through a variety of approaches. 

Product specifications, including brand and any certification labels, perceived taste, healthfulness, 

and convenience all affect consumers' evaluations of food products (Grunert, 2005). We provide 

insights into our participants’ notions of quality in section 3.3.  

Perceptions of quality also relate to notions of stigma, which is pointed to as a reason 

people avoid food pantries (for examples of such claims in popular media, see Brewis and Wutich 

2019 or Daniels 2020). Of course, there is considerable variability in definitions of “stigma.” One 
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common definition comes from Goffman, who states that stigma is an “attribute that is deeply 

discrediting” (Link & Phelan, 2001). For a food pantry visit, the discrediting attribute may be 

associated with the organization, the person visiting, or the food itself. In the first case, a food 

pantry may suffer stigma that is intrinsic to the host organization or facility, for example, due to a 

dilapidated structure or a host church embroiled in a public scandal. Such "organizational stigma" 

may be expensive or infeasible to address.  In the second case, studies that seek to measure 

individual stigma of a person often evaluate stigma as judgment and/or ostracization from others 

(Berger, Ferrans, and Lashley 2001). In this way, visiting a food pantry may make people feel 

disgraced or judged, by themselves or others.  The psycho-social origins of such "personal stigma" 

may be especially difficult to address.  

Alternatively, food pantry stigma may originate with people's perceptions of the quality of 

the foods the pantry offers, what we term "functional stigma" because it relates to the pantry's 

function in providing products that a prospective client desires. If prospective clients believe the 

pantry offers low quality food, then the stigma born by the pantry might change with its product 

offerings or simply with changes in peoples' perceptions of the food it provides. If stigma is salient 

to prospective consumer choice, then it is important to identify its origins and feasible methods to 

counteract that stigma.  We focus on functional stigma because the interventions that could address 

it are relatively feasible for organizations to implement.  

Stigma in food assistance programs has received some prior attention. Yu, Lim, and Kelly 

(2019) examined the presence of stigma among middle school students receiving free lunch. They 

measured stigma by observing students’ grades, peer relationships, self-esteem, achievement goal 

orientation, and satisfaction with teachers, where the latter four metrics were determined through 

a panel survey. They found that stigma associated with receiving free meals was more pronounced 
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among students at schools where a low number of pupils received free lunch. This suggests that 

stigma depends on how much the assistance differentiates a person from the rest of the community. 

Kindle et al. (2019) use the concept of social distance to measure the presence of stigma in a rural 

community, using a survey tool adapted from the 12-item HIV Stigma Scale originally created by 

Reinius et al. (2017). They found stigma present among food insecure non-users of food pantries. 

There is also prior evidence that pantry-related stigma is mutable. Nooney et al. (2013) found that 

the 2008 recession and the general need it generated mitigated reluctance to use food pantries 

among rural households. Finally, de Souza (2019) explores in great detail the structure of pantries 

and argues that demographic tensions drive stigma.  

We find strong evidence of functional stigma associated with pantry food. Individuals 

evaluate it as lower quality than food from a grocery store. However, we find that pictures of food 

items provide useful signals of quality and counterbalance the negative perception associated with 

the pantry source. This suggests that while functional stigma is present, perception can be altered 

through improved marketing. 

The remaining sections of this paper address our two research questions, determining if 

prospective clients perceive pantry food as of lower quality than food acquired at a grocery store, 

and if photos of the pantry food products improve such perceptions. In section 3.2, we set up the 

conceptual framework for our experiment. In section 3.3, we introduce the data collected through 

our online experimental survey and the methods used to analyze it. Section 3.4 presents the results. 

Section 3.5 discusses the results and section 3.6 concludes with policy implications and 

suggestions for future study.  
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3.2 Conceptual Framework 

Stigma associated with food pantries can arise through a variety of mechanisms. We focus 

in particular on the prospect of “functional stigma” associated with prospective clients' adverse 

perceptions of pantry food quality and selection. Pantry clients may view pantry food as inferior 

for two potential reasons. First, it may be that potential clients are uncertain about the food items 

in the pantry and how they compare to food items that could be purchased in a store (e.g., “I don’t 

know if I’ll be able to get the milk I like at the pantry”). A negative impression of pantry food of 

this nature is driven by ambiguity or uncertainty aversion. Alternatively, it could be that potential 

clients perceive that particular food from the pantry is of inferior quality compared to the same 

food from the store (e.g., “The cereal at the pantry isn’t a good brand”).  A negative impression of 

pantry food of this nature is driven by a bias towards pantry food, which may be based on prior 

experience of a pantry’s reputation. To the extent that such perceptions of availability and quality 

are inaccurate, functional stigma may impede pantry use.  

A bias towards pantry food may be informed by previous food pantry use. Studies have 

shown that context can have significant impacts on consumer perception of food products. In the 

dining space, Meiselman et al. (2000) showed vast differences in food acceptability ratings and 

sensory perceptions of identical meals procured and consumed in a restaurant, lab, or cafeteria. 

Even without consumption, perception differences related to food context are well documented. A 

classic example comes from Thaler (1983), who asked respondents to imagine being on a beach 

on a hot day, craving a bottle of their favorite brand of beer. In the experiment script, their friend 

is sent to fetch a bottle of beer which will be brought back and consumed on the beach. Half are 

asked how much they would be willing to pay for beer from a nearby resort hotel while the other 

half are asked how much they would be willing to pay for the same beer from a run-down grocery 
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store. The responses differ dramatically, with averages of $2.65 and $1.50, respectively. Even with 

an identical product and experience – drinking their favorite beer on the beach – consumer 

willingness to pay is heavily influenced by the beer’s source.  

In the beer study, Thaler reconciles the differences in willingness to pay by positing two 

types of utility. First is acquisition utility, which comes from having and consuming the beer. This 

is the utility so often assumed in economic models. Second is transaction utility, a behavioral 

concept. Transaction utility refers to the enjoyment that a person gets from the process of a 

transaction in reference to the price. In Thaler’s beer study, the transaction utility comes from the 

enjoyment of the beer in reference to the price, where individuals likely expect a beer to be more 

expensive when coming from a resort than when coming from a run-down grocery store. This 

model of utility as the sum of acquisition and transaction utilities has served as the basis for a 

number of studies on individuals facing differing prices for the same good, often garnering 

counterintuitive results (e.g. Heilman, Nakamoto, and Rao 2002).  

Whether potential pantry clients view pantry food as inferior may reflect transaction utility 

or it may reflect anticipated acquisition utility. It’s possible that an individual experiences negative 

transaction utility simply because food came from a pantry.  However, if functional stigma is at 

play and either ambiguity or bias drive negative perceptions, then such perceptions should be 

corrected by improved information about pantry offerings, given that the offerings are of 

acceptable quality. The present study tests these differences to determine if pantry avoidance 

appears to be driven by functional stigma, which can be addressed through improved product 

offerings and information, or other stigmas related to pantries which may be more difficult to 

address.  
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We ground this study in a model of consumer utility from the procurement and 

consumption of a bundle of food 𝑥 ∈ ℝ-
² , where 𝑛 is the number of goods in the bundle 

𝑈(𝑥, 𝑝|𝜃) = 𝑣´(𝑥) + 𝑣d(𝑥, 𝑝|𝜃) (3.1) 

where 𝑣´:ℝ-
² → ℝ is acquisition utility, or the enjoyment that comes from consuming the bundle 

of food, 𝑣d(𝑥, 𝑝|𝜃): ℝ-
² × ℝ-

² → ℝ is the transaction utility that comes from the process of 

procuring bundle 𝑥 at price vector 𝑝 in context 𝜃. In the context of a food pantry, the price will 

always be a vector of zeros, with 𝜃 representing the context of a pantry, which we treat as a 

dichotomous indicator variable.10 Given identical bundles of food, a binding budget constraint (not 

shown), and full information about the offerings at both locations, this model would suggest that 

the only reason to forgo the pantry to purchase from the store instead would be if the transaction 

utility was high enough in the store to offset the cost difference. Such differences in transaction 

utility would represent organizational or individual stigma.  

However, individuals often don’t have full information about food pantries and may have 

to rely on priors. To that end, perceived acquisition utility in the store may be notably higher than 

perceived acquisition utility in the food pantry. This is because acquisition utility is experienced 

after the purchase and use of an item, and thus may be subject to risk or uncertainty prior to the 

consumer's choice of where to go to obtain food. The level of uncertainty present may differ quite 

a bit between a food pantry and a store. At a grocery store, the product offerings are usually very 

consistent. People tend to frequent the grocery store and thus have fairly accurate, precise beliefs 

as to the foods available. Alternatively, beliefs about the food available at pantries may be more 

diffuse and/or biased. People who do use pantries may not visit more than once per month (Byrne 

 
10 In reality, there are numerous contexts for food acquisition, including a wide range of store types and wide variety 
of pantry types. We limit our context set to two- generic food pantry and generic grocery story- in order as a means 
of simplifying the problem.  
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& Just, 2021) and they may find offerings to be quite different from visit to visit. Furthermore, 

pantry goers may find off-brands, damaged food, or food near expiration. Or they may simply hold 

such priors without having visited the food pantry due to perceptions formed through word-of-

mouth or media coverage of food pantries.  

We build on equation (1) by establishing 𝑈¶, the reservation level of anticipated utility that 

one would expect from not going to the pantry, i.e., from purchasing food at the grocery store. In 

order to visit the pantry, their utility must exceed 𝑈¶. We modify (1) as follows 

𝑈(𝑥, 𝑝|𝜃) = 𝐴(𝑣´(𝑥)|𝜃) + 𝑣d(𝑥, 𝑝|𝜃) > 𝑈¶ (3.2) 

where 𝐴(𝑣´(𝑥)|𝜃) represents the anticipated level of acquisition utility in context 𝜃.  If 

𝐴(𝑣´(𝑥)|𝜃) < 𝑣´(𝑥), that is if the anticipated acquisition utility is lower than the acquisition utility 

once one consumes the food, then the individual displays some functional stigma regarding food 

in that context. Note that functional stigma does not arise from the transaction. Therefore it arises 

not from the act of receiving free food nor from the attributes of the pantry, since the food 

consumption experience occurs away from the pantry, enabling us to conceptually separate 

functional stigma from organizational and patron stigma, which would originate from 

the	𝑣d(𝑥, 𝑝|𝜃) term.  

Our experimental approach ties together quality evaluations with utility, allowing us to tease 

out functional stigma. Because pantry food is not purchased, product quality evaluations are more 

appropriate than willingness to pay estimates. Quality evaluations signal the individual’s 

perception of the source’s reputation including any bias or uncertainty associated with it. We 

assume that the anticipated acquisition utility from an item perceived as high quality is higher than 

the anticipated acquisition utility yielded from an item perceived as lower quality. This is intuitive, 
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but important to define. This assumption allows us to compare the utility garnered in one situation 

to the utility garnered in another by directly comparing the quality evaluations. 

 

Hypothesis 1: For a given food item, individuals anticipate greater acquisition utility from a 

grocery store than from a pantry, 𝐴(𝑣´(𝑥)|𝜃 = 𝑝𝑎𝑛𝑡𝑟𝑦) < 𝐴(𝑣´(𝑥)|𝜃 = 𝑔𝑟𝑜𝑐𝑒𝑟𝑦). This 

hypothesis aligns with our first research question, "Do potential pantry clients expect food to 

be lower quality simply because it comes from a food pantry?" 

 

We seek to understand how context influences utility. For this reason, we explore quality 

evaluations of products typically found in the two contexts of interest: stores and food pantries. 

This hypothesis tests for functional stigma associated with food pantries.  

For a number of reasons, one might expect information to play a key role in the preference 

function embodied in function 𝐴. If consumers are well informed about food in both store and 

pantry contexts, any difference in quality assessment may reflect preferences over acquisition 

utility rather than stigma arising from differences purely in context-dependent anticipated 

acquisition utility.  

Consumer product quality evaluations may, however, be impacted by a lack of information 

that leaves space for mistaken impressions to affect beliefs, i.e., bias associated with the context. 

Indeed, some participants in our study have never used a food pantry. We expect such individuals 

to have poor information about pantries and their offerings. Beyond biases towards pantry food, 

people tend to have an aversion to ambiguity (Ellsberg, 1961), which has been experimentally 

linked to fears of negative evaluation from others (Curley et al., 1986).  
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Ambiguity and bias, the sources of functional stigma, can be directly addressed by 

providing individual decision-makers more information about the food they are evaluating. 

Pictures can depict quality through either direct visual inspection of the items or through signaling 

their brand. For branded products with a long shelf life, like breakfast cereals or canned soup, 

acquisition utility should be virtually identical across contexts. Furthermore, if functional stigma 

depresses anticipated acquisition utility, information about high quality offerings should lead to 

higher a priori quality evaluations.  

 

Hypothesis 2: Provision of information regarding quality increases anticipated acquisition 

utility. That is, 𝐴K𝑣´(𝑥)M is increasing with information and thus, if the products are indeed 

equivalent in the two contexts then information renders 𝐴(𝑣´(𝑥)|𝑝𝑎𝑛𝑡𝑟𝑦) =

𝐴(𝑣´(𝑥)|𝑔𝑟𝑜𝑐𝑒𝑟𝑦) = 𝑣´(𝑥). This relates to our second research question, " Do information 

treatments, such as pictures of food to show they are identical to products available in 

commercial groceries, improve perceptions of the quality of pantry food?" 

 

Beyond resolving ambiguity aversion, information is generally important in marketing, 

especially the marketing of food. Information about attributes has been shown to increase 

consumer willingness to pay for certain food products (Gao & Schroeder, 2009). Information can 

even impact consumers’ sensory evaluations of food (Pambo et al., 2018). One piece of 

information that may be particularly relevant to consumers is the product’s brand, which may 

increase willingness to pay (Lewis et al., 2016). Collectively, these findings suggest that people 

want and expect information about the food they are going to consume. Furthermore, food retailers 

have conditioned consumers to assume that such information will be readily available and 
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consistent. Food pantries are often unable to keep such consistent offerings because they depend 

on donations and food bank purchases, and therefore don’t provide the kind of consistent 

information that retail consumers have grown to expect.  

The specific information treatment we test is visual. We display pictures of food items. 

Pictures provide rich information, alerting the individual to the brand, and thereby signaling 

quality, perhaps stimulating physical responses because visual cues have been shown to have great 

importance in appetite and eating, with food images activating entirely different parts of the brain 

than non-food images (van der Laan et al., 2011). Visual stimulation can substantially increase 

appetite, as shown by Linné et al. (2002) who experimentally showed that blindfolded subjects ate 

22% less than subjects who could see their food. Visual stimulation triggers other physiological 

responses that may cause discomfort, such as enhanced startle reflex and increased heart rate 

(Drobes et al., 2001), leading individuals to seek out food to alleviate these sensations. Of course, 

eating and appetite are somewhat individual and visual stimulation may vary from person to 

person. For example, overweight individuals have very different responses to visual food cues than 

normal weight individuals (Ouwehand & Papies, 2010). While such distinctions are important, 

they are beyond the scope of this study. For this reason, it is important to consider interaction 

effects between context and provision of visual information.  

 

 
3.3 Data and Methods 

Data for this study come from an online survey, distributed in December 2020 using 

Qualtrics survey services, which yielded 2,051 observations. Data were collected from across the 

United States from market research panels actively managed by Qualtrics. Participants were 

screened for SNAP eligibility. No other quotas were imposed so the sample skews more rural and 
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more female than the general population. We use SNAP eligibility as a screener because SNAP-

eligible households have been identified by the federal government as warranting food assistance.  

67% of respondents are female, which is clearly an overrepresentation compared to the 

general population. However, according to research conducted by Statista (2018), 65% of primary 

shoppers in multi-person households are female. In other words, women do more of the food 

acquisition than men and thus may be a more relevant population for our purposes. 1,237 of the 

respondents (60.3% of the sample) are white with the others identifying as one or more other race. 

This is lower than the general US population, where 73% are white, but higher than the population 

receiving SNAP benefits, which is 36% white (Cronquist, 2019).11 The survey could be accessed 

through desktop or mobile platforms and took an average of three minutes and 51 seconds to 

complete. Respondents were compensated for their time according to the Qualtrics model.12 There 

is a long history of such online surveys in analysis of consumer food behaviors and preferences.  

For examples, see Johnson et al. 2020, Talati et al. 2019, Shen et al. 2015, Pechey and Marteau 

2018, or Hollands and Marteau 2016. 

Our survey was designed to elicit consumers’ evaluations of food quality under different 

treatments. There are four distinct treatments designed to answer our two research questions. Each 

respondent is assigned to one treatment. To answer our first research question, we test a priori 

quality assessments associated with procuring food from a food pantry as opposed to a grocery 

store. We do this through the wording of the questions in the different treatments. In two of the 

treatments, respondents are asked the following: “Imagine you are visiting a food pantry to pick 

 
11 These figures represent pre-COVID-19 SNAP participation. Participation in SNAP has increased since the onset 
of the pandemic and the demographic makeup of SNAP participants may thus have changed. Furthermore, they do 
not represent the population that is SNAP eligible.  
12 According to Qualtrics, respondents receive an “incentive based on the length of the survey, their specific panelist 
profile, and target acquisition difficulty, amongst other factors.” The incentive may be given in the form of “cash, 
airline miles, gift cards redeemable points, charitable donations, sweepstakes entrance and vouchers.”  
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up food. The pantry has [food item] as one of its offerings. What is your expectation of its quality?” 

They are offered the following choices: very poor quality, somewhat poor quality, moderate 

quality, somewhat high quality, and very high quality. In the other two treatments, the questions 

appear exactly the same, except “food pantry” is replaced with “grocery store.” To answer our 

second research question, we test for the impact of product photo information on evaluations of 

food quality. Two of the four treatments (one food pantry, one grocery store) include photos of the 

food. These treatments are detailed in Fig. 3.1.  

 

Figure 3.1: Experimental Treatments (Soup Example) 

 Pantry Grocery 

No photo 

Imagine you are visiting a food pantry 
to pick up food. The pantry has canned 
soup as one of its offerings. What is 
your expectation of its quality? 
 

Imagine you are visiting a grocery store 
to pick up food. The store has canned 
soup as one of its offerings. What is 
your expectation of its quality? 
 

Photo 

Imagine you are visiting a food pantry 
to pick up food. The pantry has canned 
soup as one of its offerings. What is 
your expectation of its quality? 
 

 

Imagine you are visiting a grocery store 
to pick up food. The store has canned 
soup as one of its offerings. What is 
your expectation of its quality? 
 

 

 

We examined five different food products, which are shown in Fig. 3.2. They are breakfast 

cereal, bacon, yogurt, canned soup, and grapes. These items were selected because they represent 

a diversity of food types and are the kinds of foods that may be offered in a food pantry. The bacon, 
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yogurt and grapes are perishable, and evaluations of their quality may take into consideration their 

freshness. Since pantry food is often donated, it may have a reputation for being less fresh than 

food from a store. The cereal, bacon, yogurt and canned soup are all processed, and evaluations of 

their quality may be informed by attitudes towards processing and additives and perhaps 

differences in perceptions regarding processing could affect perceptions of such foods between the 

store and the pantry. Importantly, some of these foods are branded items. One of the key functions 

of a brand is to communicate a uniform set of quality standards (Ubilava et al., 2011). Such quality 

should thus not be affected by perceived differences between the pantry and the store if the foods 

in question are not highly perishable. Finally, the grapes are meant to detect opinions about 

produce, which is unbranded and perishable. We also ask participants how frequently they 

consume these products because we suspect this may influence their overall quality assessment. 
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Figure 3.2: Images of food items used in experimental survey  

 

               Breakfast cereal 

 

 

                     Bacon 

 

               Yogurt 

 

 

              Canned soup 

 

 

                      Grapes 

 

We ask about quality, but this term may have different meanings for different individuals. 

To determine how our respondents define quality, we ask them to rank a set of thirteen 

characteristics based on how strongly they associate these characteristics with the term “quality.” 

We expect survey participants to grow tired of this task as they get into the lower ranked terms, so 

we focus on their highest ranked choices for our analysis. The choices, along with the percentage 
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of respondents who ranked this choice highest in their association with quality, are reported in 

Table 3.1. “Freshness” is the most common top choice.  

 

Table 3.1: Characteristics associated with the term “quality”  

Characteristic  Percent of respondents who ranked this as their 

first choice 

Freshness 21.4% 

Taste 14.4% 

Appearance 9.5% 

Nutrition content 7.8% 

Natural ingredients 7.5% 

Recognizable brand 7.4% 

Presence of an organic or non-GMO label 7.0% 

High price 5.9% 

Locally produced 5.3% 

Smell 4.1% 

Small ingredients list 4.1% 

Specific region of origin (e.g. Italian tomatoes, 

Wisconsin cheddar) 

3.0% 

Religious designation (e.g. Kosher, Halal) 2.7% 
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There is a range of experience with food pantries within our sample. We ask respondents 

if they have ever used a food pantry, allowing them to choose one of the following options: “no, I 

have never visited a food pantry,” “yes, I used to but I don’t anymore,” and “yes, I visit regularly.” 

There is good representation of each of these three categories (Table 3.2). There exist notable 

differences between categories of use. Never users are more likely to be white and slightly older. 

Current users are more likely to be people of color than never and former users, skew slightly 

younger, and report lower incomes. Former users lie in between never users and current users.  In 

our regression analysis (see below), we collapse pantry use into a binary variable where never 

users are assigned 0 and former and current users are assigned 1, indicating if the respondent has 

ever used a food pantry.  

 

Table 3.2: Respondent demographics by food pantry use history  

 All 
Respondents 
N = 2,051 

Never Users 
N = 831 

Former Users 
N = 738 

Current Users 
N = 482 

Race (% White) 60.3% 68.0% 
(t = -5.904, p-
value < 0.01) 

58.5% 
(t = 1.314, p-
value = 0.1889) 

49.8% 
(t = 7.0834, p-
value < 0.01)  

Gender (% 
Female) 

67.0% 70.5% 
(t = -2.424, p-
value = 0.0154) 

67.5% 
(t = -0.0003, p-
value = 0.9998) 

62.2% 
(t = 3.662, p-
value < 0.01) 

Mean Age 38.4 40.3 
(t = 4.166, p-
value < 0.01) 

37.6 
(t = -2.019, p-
value = 0.04355) 

36.5 
(t = -3.998, p-
value < 0.01) 

Median Income $20,000 to 
$29,999 

$20,000 to 
$29,999 
(𝜒S = 39.66, p-
value < 0.01) 

$20,000 to 
$29,999 
(𝜒S = 9.74, p-
value = 0.5539) 

$10,000 to 
$19,999 
(𝜒S = 65.74, p-
value < 0.01) 

Median 
Education Level 

Some college 
but no degree 

Some college 
but no degree 
(𝜒S = 56.52, p-
value < 0.01) 

Some college but 
no degree 
(𝜒S = 35.34, p-
value < 0.01) 

Some college but 
no degree 
(𝜒S = 24.98, p-
value < 0.01) 

Statistical tests compare subgroups to the group of all respondents. T-tests are used for continuous 
values and Chi-squared tests are used for categorical variables.  
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We use ordinal logistic regression to analyze the survey data to address our two research 

questions. This is the appropriate approach because the outcome variable, evaluation of quality, is 

an ordinal variable and our outcome variable skews towards higher ratings, making this model 

preferable to an ordinal probit model. We estimate a triple difference regression model of the 

following form:  

𝑌+¹ = 𝛽𝑇+ + 𝛾𝑃+ + 𝜃𝑈+ + 𝜂𝑇+𝑃+ + 𝜎𝑇+𝑈+ + 𝜙𝑃+𝑈+ + 𝜌𝑇+𝑃+𝑈+ + 𝜆𝐹¹ + 𝜇𝑋+¹ + 𝜀+ (3.3) 

where 𝑌+¹ is the quality evaluation by individual 𝑖 of product 𝑗, 𝑇+ is the indicator variable taking 

value one for the pantry treatment, 𝑃+ is the indicator variable equal to one for the photo treatment, 

𝑈+ is an indicator variable that takes value one if the individual has ever used a food pantry before, 

𝐹¹ is an indicator for food type 𝑗, and 𝑋+¹ is a vector of individual characteristics, including 

frequency of use of product 𝑗. This specification allows us to determine the change in product 

evaluation as a result of the pantry treatment, the photo treatment, and the individual’s personal 

background.  

We examine the coefficient estimates to gather evidence for or against they hypotheses that 

correspond to our two research questions. If there is a negative perception of pantries, the 

coefficient on the 𝑇+ term, 𝛽, will be negative and significant. If the photo treatment improves 

perceptions among those in the pantry treatment, then the coefficient for the 𝑇+𝑃+ term, 𝜂, will be 

positive and significant.  

We investigate the impact of an individual’s history with food pantries because this may 

be one way in which information has been communicated outside the experimental setting. That 

is, if a person has used a food pantry before, they may have priors about the types of food they 

have seen in pantries as well as the quality. This kind of background knowledge may be especially 
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important in the treatments where photos are not shown, and quality details are left to the 

imagination. Pantry goers may also differ in fundamental ways from those who have never used a 

pantry. The coefficient on the 𝑇+𝑈+ term, 𝜎, captures the impact of being a pantry goer on quality 

evaluations in the pantry treatment, which reflects the existence of prior beliefs about pantries 

among those who have used them as compared to those who have never used them. It may be that 

negative perceptions of pantry food reflect reality and that pantry food simply is lower in quality. 

In this case those who have used pantries would be inclined to rate pantry food lower and the 𝜎 

term would be negative. If, however, those who know more about pantries (i.e. those who have 

used them) rate food quality in the pantry treatment more highly, we would see a positive and 

significant value for 𝜎. This result would suggest that functional stigma affects quality evaluations.  

In order to compare across food types, we run an adjusted specification where our 

coefficients of interest are interacted with the indicator for food type, as specified in (3.4) 

𝑌+¹ = 𝛽Á¹𝑇+𝐹¹ + 𝛾Â¹𝑃+𝐹¹ + 𝜃Á¹𝑈+𝐹¹ + 𝜂Â¹𝑇+𝑃+𝐹¹ + 𝜎Â¹𝑇+𝑈+𝐹¹ + 𝜙Á¹𝑃+𝑈+𝐹¹ + 𝜌Â¹𝑇+𝑃+𝑈+𝐹¹

+ 𝜆Ã𝐹¹ + 𝜇Â𝑋+¹ + 𝜀+̃ 

(3.4) 

This allows us to test for differences in treatment effects across food types. For example, we can 

test if 𝜂Â*ÅÆ. = 𝜂Â�ÅÇÆÈd which will tell us if the impact of the photo treatment on functional stigma 

is equivalent across these two food types. Given the variation in food types and coupled with our 

understanding of how respondents define “quality,” exploring differences across food types may 

provide insight into the nuances of functional stigma.  

 

3.4 Results  

We first analyze the evaluation of quality by treatment. Figure 3.3 shows the breakdown 

for all five food products by treatment. It is clear that quality evaluations are typically higher for 
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grocery store food and that photos appear to mitigate some of the lower evaluations for pantry 

food. These conclusions are explicitly tested using our estimations of (3.3).  

Respondents clearly evaluate the five foods differently. Notably, no respondents evaluated 

breakfast cereal as being of poor quality, regardless of the treatment. This is not the case for any 

of the other four food items. This suggests that breakfast cereal has a reputation for having less 

negative variability in quality, regardless of context. Part of this may be due to the long shelf life 

of breakfast cereals, which could indicate freshness to respondents. Given that freshness is an 

important component of quality to many respondents, this may be what drives the high evaluations 

of breakfast cereal.   

 

Figure 3.3: Responses for Quality Evaluation of Five Food Products 
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 Table 3.3 reports results for the estimation of (3.3) across all users and all foods. To test 

hypothesis 1, we examine the coefficient associated with the pantry treatment, 𝛽, which is -1.176. 

This means that for respondents who are given the pantry treatment the log odds of assigning a 

higher quality rating to the food is 1.176 points lower than respondents who were given the grocery 

store treatment. This supports the hypothesis that there is functional stigma associated with pantry 

food, where bias or an aversion to ambiguity are present.  
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Table 3.3: Coefficient estimates for main regression analysis for all foods (controls omitted)  

 Value Standard Error 

Pantry Treatment (𝛽) -1.176*** 0.079 

Photo Treatment (𝛾) -0.010 0.080 

Pantry User (𝜃) -0.471*** 0.075 

Pantry Treatment* Photo Treatment (𝜂) 0.983*** 0.112 

Pantry Treatment * Pantry User (𝜎) 0.416*** 0.103 

Photo Treatment*Pantry User (𝜙) 0.493*** 0.104 

Pantry Treatment*Photo Treatment*Pantry User (𝜌) -0.425*** 0.146 

Frequency of use: More than weekly - - 

 Weekly -0.265*** 0.068 

 Two or three times a month -0.655*** 0.068 

 Once a month -0.916*** 0.072 

 Rarely (less than once a month) -1.060*** 0.070 

 Never  -1.601*** 0.082 

Very low quality | Somewhat low quality -4.485*** 0.106 

Somewhat low quality | Moderate quality -3.230*** 0.099 

Moderate quality | Somewhat high quality -1.270*** 0.094 

Somewhat high quality | Very high quality 0.076 0.093 

Significance: *** <1%, **<5%, *<10% 

 

We posit that if this estimate exclusively reflects true knowledge about food from pantries, 

then individuals who are more familiar with pantries would exhibit greater reductions in quality 
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evaluations. However, when we examine the coefficient estimate on the interacted term for pantry 

treatment and pantry user, 𝜎, and we see that it is positive. This suggests that being a pantry user 

when given the pantry treatment actually improves the quality evaluation, so the stigma is more 

present among those who have never used a pantry. Of course, this stigma may be precisely why 

they have never used a pantry. While we can’t directly address this question of causality, we can 

conclude that functional stigma, perhaps in the form of bias, drives some of the difference in 

evaluations of food in pantries versus grocery stores.  

In our estimations of (3.3), we control for the frequency of consumption. Frequency of 

consumption plays an important role in respondents’ evaluations of food quality. As reported in 

Table 3.3, across all product types there is a positive correlation between frequency of use and 

quality rating. This raises an important consideration in understanding why people might not use 

food pantries because it suggests that preferences may play a role. Indeed, when we examine 

frequency of use between never users, former users, and current users, we find marked differences. 

Across all food types, never users are much more likely to report “never” or “rarely” eating these 

products. Overall, median consumption of these products is lowest among never users, as reported 

in Table 4. In our analysis of Hypothesis 1, this difference in preferences may explain the differing 

behaviors we see between those who do, those who have, and those who have never used a food 

pantry.  

 

Table 3.4: Median frequency of use across user types  

 Cereal Bacon Yogurt Soup Grapes 

Never users Two or three 

times a month 

Once a month Once a month Once a month Once a month 
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Former users Two or three 

times a month 

Two or three 

times a month 

Two or three 

times a month 

Once a month Two or three 

times a month 

Current users Weekly Two or three 

times a month 

Two or three 

times a month 

Two or three 

times a month 

Two or three 

times a month 

 

 Frequency of use is particularly striking when we examine canned soup, the food product 

most closely associated with food pantries given the once prevalent “canned food drives” that food 

banks have used to gather donations and raise awareness. Never users and former users report 

eating canned soup infrequently. If a person assumes a pantry is only offering food that they eat 

only occasionally, they may be disinclined to visit. However, many food pantries strive to offer a 

wide variety of foods, including meat, dairy, and produce. Those who have never used may be able 

to find more of what they’re looking for at pantries than they realize.  

Next we gather evidence for Hypothesis 2. We look at the coefficient estimate associated 

with the interaction term between pantry treatment and photo treatment, 𝜂. This value is 0.983, 

which indicates that an individual assigned to the pantry treatment is more likely to rate the food 

product as being of higher quality if they are also assigned to the photo treatment. We can further 

test the hypothesis that the coefficient on the pantry treatment term, 𝛽, is equal in magnitude and 

opposite in direction to the coefficient on the pantry treatment/photo treatment interaction term, 𝜂. 

In other words, does the photo treatment fully offset the stigma associated with the pantry 

treatment? To do this we run a linear hypothesis test, which produces a Chi-squared statistic of 

150.01 (p < 0.01). This leads us to fail to reject the null hypothesis that the two coefficients are 

equal in magnitude and opposite in sign, thus concluding that the photo treatment fully offsets the 

functional stigma associated with the pantry.  
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 We next examine differences across food groups for further analysis, as reported in Table 

3.5. Overall, soup is the only food that is rated as being of lower quality based on the estimate 

for  𝜆Ã*ÅÆ., which is negative and significant at the 1% level. In the pantry treatment, it appears that 

cereal and soup are yield higher ratings than the other foods. We test this using linear hypothesis 

tests and confirm that cereal in the pantry treatment is rated higher than grapes (𝜒S = 6.153, p = 

0.013) and yogurt (𝜒S = 6.953, p = 0.008). Similarly, soup in the pantry context is rated higher 

than grapes (𝜒S = 13.583, p = 0.0002) and yogurt (𝜒S = 14.763, p = 0.0001). The increase in quality 

evaluations between soup and cereal is not statistically significantly different (𝜒S = 1.470, p = 

0.225). These are the two most shelf stable products used in the survey. The fact that they were 

rated most highly when placed in the pantry context suggests that perishability is a key concern 

when it comes to functional stigma of pantry food. This mirrors the findings in Table 3.1, where 

“freshness” was most associated with quality.  

 

Table 3.5: Coefficient estimates for effects of individual foods (controls omitted, bacon used 

as reference)  

 Estimate 

(Standard Error) 

 Cereal Grapes Soup Yogurt  

Food (no interaction) (𝜆ÉÊ ) -0.225 

(0.180) 

0.071 

(0.179) 

-0.407** 

(0.180) 

0.004 

(0.178) 

Pantry Treatment 

interaction (𝛽Á¹) 

0.500** 

(0.247) 

-0.107 

(0.247) 

0.796*** 

(0.247) 

-0.144 

(0.247) 
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Photo Treatment 

interaction (𝛾Â¹) 

0.219 

(0.254) 

-0.385 

(0.251) 

-0.189 

(0.254) 

-0.181 

(0.254) 

Pantry User interaction (𝜃Á¹) 0.090 

(0.235) 

0.094 

(0.235) 

0.144 

(0.236) 

0.187 

(0.234) 

Pantry Treatment* Photo 

Treatment interaction (𝜂Â¹) 

-0.498 

(0.356) 

0.332 

(0.355) 

-0.253 

(0.356) 

0.179 

(0.358) 

Pantry Treatment * Pantry 

User interaction (𝜎Â¹) 

-0.220 

(0.324) 

-0.293 

(0.327) 

-0.268 

(0.325) 

-0.089 

(0.325) 

Photo Treatment*Pantry 

User interaction (𝜙Á¹) 

-0.509 

(0.332) 

-0.044 

(0.329) 

-0.282 

(0.332) 

-0.300 

(0.332) 

Pantry Treatment*Photo 

Treatment*Pantry User 

interaction 𝜌Â¹ 

0.641 

(0.464) 

0.161 

(0.465) 

0.100 

(0.464) 

 0.220 

(0.466) 

Significance: *** <1%, **<5%, *<10% 

 

3.5 Discussion 

These results provide evidence to support both Hypotheses 1 and 2 proposed in the 

Conceptual Framework, detecting functional stigma associated with food pantries which can be 

offset by visual information that communicates pantry offerings as being of acceptable quality. 

Our experimental design allows us to detect two phenomena. First, there is a negative perception 

of food from food pantries. Second, information treatments improve such perceptions. This lends 

credence to the idea that ambiguity aversion and bias play into the evaluation of pantry food.  



 82 

We explore the notion that people are rating food from a pantry as lower quality because 

they are simply reflecting the truth based on experience. While it may be that food found in pantries 

is of lower quality on average, we would expect current and former pantry users to have the deepest 

knowledge of this difference based on their experience. If indeed the lower ratings reflected such 

knowledge, the coefficient on the pantry treatment interacted with the pantry user treatment would 

be negative. However, we find just the opposite: that coefficient is positive, indicating that bias or 

ambiguity aversion is most present among those who have never used a food pantry. There are two 

possible explanations for this. It may be that because of stigma related to pantry food, there is a 

barrier preventing these people from using a pantry. Alternatively, it may be that because they 

have never bothered to use a pantry, they have stigma which could easily be alleviated through use 

of a pantry. In either case, our results suggest that functional stigma is present and is part of what 

drives lower evaluations of pantry food.  

 The trends across food types suggest that perishability is a major factor in determining how 

people evaluate food from a pantry. Foods that are more perishable (e.g., yogurt and grapes) 

elicited more negative evaluations than foods that are less perishable (e.g., canned soup, cereal) 

when the respondent was told that the food was from a pantry. Concerns about pantry food being 

closer to expiration may be well-founded, as many pantries distribute donated food. However, 

pantry food is increasingly being sourced directly through food bank purchasing and the USDA 

Emergency Food Assistance Program (TEFAP), which supplied $3 billion worth of food to food 

banks in the wake of the COVID-19 pandemic (FNS Responds to COVID-19: USDA Foods, 2021). 

This suggests that the notion that pantry food is necessarily closer to expiration may be outdated.  

 

3.6 Conclusions 



 83 

Our findings suggest that functional stigma may be a deterrent among needy individuals 

who don’t use food pantry services. While this only represents one type of stigma, and leaves 

questions about organizational and individual stigma, it clarifies our understanding of pantry use 

and avoidance. Building on research that has shown the power of visual information as it relates 

to food, we find that images of food offset functional stigma of pantry food. This is true across 

products, ranging from branded to unbranded, and perishable to shelf stable. This suggests that 

bias towards pantry products and ambiguity in pantry offerings may be deterrents, but they are 

deterrents that are easily corrected with simple marketing.  

These results have clear policy implications for pantry management. Pantry managers are 

probably well aware of stigma associated with pantry use. Our results show that some of this 

stigma is attached to the perceived quality of the food offerings. This implies that stigma can be at 

least partially addressed by combatting perceptions of pantry food quality and the types of food on 

offer at the pantry. In addition, our results show one promising way to address this product quality 

stigma. In addition to offering foods that patrons find acceptable, which many pantries already do, 

visual marketing may help. Pictures depicting food that is of acceptable quality can remove the 

functional stigma that impacts pantries’ reputations. Such a shift may increase use.  

This begs the question of how food banks and food pantries are currently marketing 

themselves. Anecdotally, most food bank marketing is targeted toward potential donors rather than 

clients. In a review of food bank websites, we found that roughly a quarter featured photo of 

volunteers and close to half featured pictures of people, often children. This content suggests that 

food banks are using their sites to attract volunteers and donors as well as clients. Furthermore, 

client-focused marketing tends toward providing information on location, time and eligibility. 

Individual pantries may have fewer resources to dedicate to marketing, but many have sparse 
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websites or Facebook pages, often featuring pictures of their space and volunteers. Pantry 

marketing targeting clients with depictions of food could have a real impact on functional stigma 

and, thus, pantry use.  

Food banks and food pantries face multiple objectives with their marketing, particularly in 

website designs or social media campaigns. Currently, this material seems to focus on donor 

relations, volunteer recruitment, and basic information about hours and locations. It is currently 

unclear how people learn about food pantries. Our research suggests that whichever avenue(s) is 

most client-facing may benefit from displaying food given the potential de-stigmatizing effect. 

Considering the basic structure of most food bank networks, it likely makes sense to keep food 

bank websites focused on donors and volunteers, with food pantry websites focused on food and 

client services.  

This research contributes to the continuous innovation of food banks and food pantries. 

The notion of a food pantry started as small, disconnected initiatives to feed the hungry. In the late 

60’s, the food bank model was developed in Phoenix, AZ (Feeding America, n.d.). In the decades 

that followed, food banks and, in tandem, food pantries grew in prominence (Daponte & Bade, 

2006). Since then, there have been many innovations in food banking, from the introduction of 

mobile pantries to the Feeding America auction system. It may be time for food bank systems to 

make another innovation: to change the way they market. This research supports the idea that 

signaling the availability of quality food offerings at pantries may reduce psychological barriers to 

access.  

Of course, there remain other forms of stigma that may create barriers to pantry access. 

Organizational and individual stigma may play powerful roles in preventing needy individuals 

from using food pantries. Organizational stigma is the stigma associated with the place and 
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experience of being there. Increasingly, many pantries are being located in schools, medical 

clinics, and other places where clients may feel more comfortable. These changes may 

accommodate research into organizational stigma. Individual stigma is concerned with the shame 

a person feels for using a pantry or the negative perception of those who use pantries. This is an 

area that has received a modest amount of attention in the literature and would benefit from 

additional research.  

Even a small shift in de-stigmatizing food pantries could have notable consequences. 

Expanded use of these services may help households meet their needs and combat food insecurity. 

Given the large numbers of food insecure households, and the sizable spike in food insecurity due 

to COVID-19, the role of food banks and pantries remains critical. Combatting stigma of all sorts 

is an important step in helping food banks and pantries reach those in need.  
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APPENDIX 

Alternative Specifications (Chapter 2)  

 The results presented in chapter 2 are the most appropriate models for the data used in that 

analysis. However, to test sensitivity of those results, we employ two additional specifications and 

report their results here so that the reader can examine the impact of a change to the specification. 

The first specification reported here is a standard OLS model for food pantry demand. This is done 

because OLS is often treated as a baseline. The second specification is a set of zero-inflated 

specifications. This specification is used to address some of the concerns that arise in the 

recreational demand literature, specifically how to deal with nonusers. While the main estimation 

in the body of the paper is concerned only with pantry users, this model includes nonusers and 

explores sensitivity to that inclusion. To generate data for nonusers, we use census tract data and 

construct data points for theoretical nonusers. This leads to an overrepresentation of nonusers, so 

the regression models used are the zero-inflated negative binomial and the zero-inflated Poisson. 

These are double hurdle models that calculate the user versus nonuser estimation first, then 

calculate estimates for the number of visits for the users.  

 

OLS specification 

 The OLS model is estimated with the specification given in (2.13) and is reported in Table 

A.1 below. 
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Table A.1: OLS demand function estimation (N = 132,341) 

 Estimate 

Intercept 0.736*** 

(0.049) 

Price (𝑝�) -0.0179*** 

(0.0011) 

Income (𝐼) 0.0000243*** 

(4.13e-7) 

Significance Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.1 ‘ ‘ 1 

 

This is then used to estimate CV using the choke price, which yields and average value of $67.38 

which implies a total value for the presence of the pantry of $873,110. These results are of course 

lower than the values estimated in the main analysis, but do not differ by orders of magnitude. 

Furthermore, they suggest the same conclusion: pantries are valuable to clients. We also examine 

the localized move and find a per mile CV of $1.80, which is again lower than the values found in 

the original estimation.  

 

Zero-inflated specification 

 While the data set used in this study does not include observations for nonusers, we are 

able to generate observations for them using census tract-level data on incomes in Larimer County. 

This data provides some rudimentary information on income and approximate location for each 

household. For this exercise, we focus on 2017 pantry use and thus draw our synthetic observations 

from the 2017 census data. We generate observations in the following manner: each observation 



 89 

is assigned a distance to the food pantry according to the distance from the centroid of the census 

tract, then incomes are determined based on the income distributions reported in the census data. 

All of these observations are then assigned a visitation count value of 0. They are then merged 

with the pantry visitation data from 2017, which includes all strictly positive visitors.  

 We analyze the generated data set with the inclusion of zeros using zero-inflated double 

hurdle models. The first hurdle is the binary choice of whether or not an individual visited the 

pantry or not and uses a logit regression. The second hurdle, contingent on the first being nonzero, 

is the number of visits demanded. We estimate this model using both the zero-inflated negative 

binomial and the zero-inflated Poisson. The results are shown in table A.2 below. 

 

Table 2.2 Zero-inflated demand function estimation  

  Zero-inflated negative 

binomial 

Zero-inflated Poisson 

First hurdle  

(Logit) 

Intercept -1.58*** 

(0.0287) 

-1.36*** 

(0.0269) 

 Price (𝑝�) 0.0876*** 

(0.00214) 

0.0859*** 

(0.00208) 

 Income (𝐼) 0.000178*** 

(1.66e-6) 

0.000183*** 

(1.67e-6) 

Second hurdle Intercept 2.46*** 

(0.0190) 

2.60*** 

(0.00341) 

 Price (𝑝�) -0.000171 

(0.000368) 

-0.000147* 

(0.0000857) 
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 Income (𝐼) 0.0000108*** 

(1.37e-6) 

0.0000150*** 

(2.23e-7) 

Significance Codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘~’ 0.1 ‘ ‘ 1 

 

The coefficients on price in these models are substantially lower than the coefficients in the 

original regressions. This is because the model is examining a different population. This model 

examines the full population of the country, which is expected to be less sensitive to distance 

(price) because the majority of the residents don’t use the pantry at all. 

 From the second hurdle estimates, we calculate the two measures for CV. The choke price 

calculation yields an annual per household CV of $623.70 for the zero-inflated negative binomial 

and $880.20 for the zero-inflated Poisson. We find the per mile CV to be $30.99 for the zero-

inflated negative binomial and $47.28 for the zero-inflated Poisson. The values are substantially 

larger than the values found in the original calculations, but we expect this given the wide 

dispersion of data points used to make the calculations.  
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