
ABSTRACT

HASNAIN, TANZID. Agents’ Preferences in a Food Bank Network and Their Interaction.
(Under the direction of Julie Simmons Ivy and Irem Sengul Orgut).

Food insecurity, or a household’s inability to access sufficient food for the normal growth

of their family member, is a ubiquitous problem worldwide. A network for distributing the

donated food consists of agents such as Feeding America, their partner food banks, and

charitable agencies in the US. These agents’ primary goal is to distribute the donated food

to the food-insecure households in the US. However, each of these agents can have its own

set of criteria, preferences, and utilities for the reception and distribution of the donated

food. This dissertation aims to study the criteria, preferences, and utilities of a food bank

and its partner agencies and study the interaction between these agents.

In Chapter 2, we study the trade-off among the three commonly considered distribution

criteria for the food bank: Equity, Effectiveness (minimizing undistributed food), and Effi-

ciency (minimizing distribution cost). We develop a single-period, multi-echelon, weighted

multi-criteria optimization model that considers the three criteria simultaneously in the

objective function. Then we develop a preference elicitation algorithm that can identify

the food bank’s preferences over the three criteria by observing the food bank’s historical

distribution action. The algorithm does not require any interaction with the food bank.

Then we implement the model and the algorithm on our partner food bank’s data and

develop important managerial insights for the food bank.

In Chapter 3, we study the charitable partner agencies of a food bank to identify their

heterogeneous utilities. For a given agency, we define a utility function based on the agency’s

Pounds per Person served In Need (PPIN). We develop a single-period, minimax, non-linear

programming model to elicit an agency’s utility by observing the received pounds by the

agency, the number of persons served by the agency, and a PPIN benchmark set by the food



bank for past periods in time. Applying the model to our partner food bank’s agencies, we

study the heterogeneity among the agencies’ utility. Moreover, we develop a novel algo-

rithm that can elicit the number of periods where an agency’s actions remain significantly

similar. The elicited number of periods, otherwise denoted as the stable horizon, represents

an agency’s stability, which can also be heterogeneous among the partner agencies of a

food bank. Moreover, we study the association of the agencies’ utility with their ability,

stability, and socio-economic factors using multiple linear regression. Nine themes emerge,

including access to food, race, age, and income, from 37 significant factors associated with

the agencies’ heterogeneous utility.

In Chapter 4, we develop a single-period, two-echelon, weighted, multi-criteria opti-

mization model that identifies the optimal distribution policy for a food bank considering

four criteria: Equity, Effectiveness, Efficiency, and Minimax Utility Regret. The fourth crite-

rion minimizes the maximum gap, i.e., regret, between the agencies’ maximum utility and

the utility achieved by the agencies in a given distribution policy to increase the utility of all

partner agencies of a food bank. We apply the model to our partner food bank’s agencies’

data and develop managerial insights about the trade-off among the four criteria.
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CHAPTER

1

INTRODUCTION

1.1 Preamble

Food is one of the �ve basic requirements for human survival. The world produces enough

food to feed every person in the world. However, an estimated 720-811 million people went

hungry daily worldwide in 2020 (United Nations 2021). The following questions remain: why

do people go hungry even though there is enough food, and what can be done, strategically

and operationally, to �ght against hunger? This dissertation aims to study the distribution

of donated food in reducing hunger and develop tactical and operational strategies.

The United Nations (UN) launched its "Sustainable Development Agenda," consisting

1



of 17 United Nations Sustainable Development Goals (UNSDGs) in 2015 (United Nations

2020a). This agenda aims to reduce poverty, create a sustainable economy to reduce Green-

house Gas Emissions, and overall improve the lives of people worldwide. Goal 2, "End

Hunger, Achieve Food Security and Promote Sustainable Agriculture," has been established

to reach several targets, including to end hunger and ensure food access to vulnerable

populations, end all forms of malnutrition, and double the agricultural productivity by 2030

(United Nations 2021). This dissertation focuses on developing strategies for the food banks

and their partner agencies who distribute donated food to the food-insecure population in

their localities.

Food Security in the World and in the US

Food security is de�ned as the ability of a household to afford a suf�cient amount of

nutritious food for the average growth and development of its members (Feeding America

2015). According to a recent report on food security published by the UN, an estimated

720-811 million people worldwide may be food insecure in 2020, which about 10% of the

world's population (United Nations 2021). If the recent increasing trend in food insecurity

continues, an estimated 840 million people will become food insecure by 2030, which

would be a signi�cant deviation from the zero hunger target by 2030. In addition, COVID-19

has exacerbated the situation. An additional 70-161 million people are estimated to be

food-insecure in 2020 due to the socioeconomic impact of COVID-19 (United Nations

2021).

While the least-developed countries suffer from food insecurity due to the scarcity

of available food or famines, developed countries such as the US face food insecurity

due to income inequality. In 2020, an estimated 45 million people, including 15 million

children, may have experienced food insecurity (Feeding America 2021a). The impact of

food insecurity has been worse for African American, LatinX, and Native American families
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Figure 1.1: The distribution network for donated food in the US

as a result of systematic racial justice (Feeding America 2020e).

In the US, a set of agents work towards alleviating food insecurity. The agents are Feeding

America, food banks, and charitable agencies. The agents are connected, forming a network

for distributing donated food to the food-insecure households in the US. Figure 1.1 shows

a simpli�ed representation of the distribution network for the donated food in the US.

The �gure shows the agents of the network and how they are connected. Even though the

ultimate goal of the agents is to achieve food security in the US, each of the agents can

have their own utilities for the distribution or reception of the donated food. The utilities

of the agents may not share the same goal. Even an agent's utility can be a function of

multiple con�icting criteria. Moreover, an agent can have their own preferences over the

set of criteria that constitute its utility. We study the intricacies associated with the utilities

of a subset of agents, speci�cally a food bank and its partner agencies, and the interaction
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Figure 1.2: Feeding America's network of partner food banks

among the agents. Below, we discuss each agent of the network for the donated food in the

US.

Agents of the Network for the Distribution of Donated Food in the US

Feeding America (FA), the largest hunger-relief organization in the US, resides at the top

echelon of the network for the donated food. FA works with a network of 200 food banks

and 60,000 agencies to serve the food-insecure population in the US. Figure 1.2 shows the

locations of the food bank af�liates of FA. FA maintains a close relationship with national-

level donors in the US and employs a non-monetary bidding platform to present the

available donations to their food banks daily. A food bank can bid on their preferred food

using a non-monetary currency called "shares" and collect the food given the food bank

wins the bid (Prendergast 2016). In addition to donations management, FA assists food

banks with paying transportation costs if required. FA also bids on behalf of a food bank

when it does not have the resources to participate in the bidding process (Prendergast 2016,

2017).
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Figure 1.3: The FBCENC network

A partner food bank of Feeding America resides in the middle echelon of the food

distribution network. A food bank (FB) can receive donations as winnings from the FA

bidding platform, U.S. Department of Agriculture (USDA) and other national sources, and

local sources such as local farmers, Walmart, and Food Lion. A FB usually serves the food-

insecure population in a de�ned geographical region known as the "service region." The

service region of a FB consists of unique geographical blocks. For example, the Food Bank of

Central and Eastern North Carolina (FBCENC) serves 34 counties in North Carolina, whereas

the Los Angeles Regional Food Bank (LARFB) serves eight Service Planning Areas (SPAs). A

FB can also distribute food to another FB's service region, especially during disasters. A FB

usually works with a network of charitable agencies to distribute donated food within its

service region.

To illustrate the intricacies of a food bank's operations, we consider FBCENC as an
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example. FBCENC works with over 900 charitable agencies to distribute donated food to

food insecure households in the 34 counties they serve. FBCENC operates through a hub in

Raleigh and six branches in Durham, Greenville, New Bern, Raleigh, Sandhills, and Wilming-

ton. FBCENC receives donations from the Feeding America bidding platform and national

sources such as USDA and federal food assistance programs. The hub distributes donations

to the branches. Each branch may also receive regional donations from local donors such

as local farmers, Walmart, and Food Lion. The branches distribute the donations to the

agencies located within the counties served by each branch. Figure 1.3 shows the FBCENC

network, including the hub and branch locations, the counties served by each branch, and

the service region of the food bank.

The charitable agencies are the last point of distribution in the network for the donated

food. These agencies include churches, shelters, food pantries, and schools. Each agency

receives food donations from one or more food banks or local sources. The agencies can

distribute the food to the households they serve, or the household members can pick up

food from the agencies. The agencies may focus on speci�c communities such as senior

citizens, schools, and pregnant women. They may vary in terms of the population served,

the available storage capacity, and disaster relief activities. Figure 1.4 shows FBCENC's

service region and the locations of its partner agencies.

The bene�ciaries are the households within a food bank's service region who do not have

access to suf�cient food to ensure their family members' average growth and development.

The bene�ciaries collect food from the agencies, usually situated in the vicinity of their

home locations. Some bene�ciaries or households can receive Supplemental Nutrition

Assistance Program (SNAP) bene�ts, given that the households meet the requirements.

The SNAP program is the most extensive federal nutrition assistance program, which

provides bene�ts to eligible low-income individuals and families via an Electronic Bene�ts

Transfer card (Bene�ts.Gov 2021). The bene�ciaries use this card to purchase eligible food
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Figure 1.4: FBCENC's partner agencies (approximately 900)

in authorized retail stores (Bene�ts.Gov 2021).

The way these agents interact can signi�cantly impact the distribution of food donations

to bene�ciaries, thus impacting food insecurity in the US. In this dissertation, we focus on

the interaction between a food bank and its partner agencies within the food bank's service

region (boxed areas in Figure 1.1). We study the impact of competitive and cooperative

interaction among the food bank and it's partner agencies on the performance of food

distribution within the food banks' service region.

The Interaction between A Food Bank and Its Agencies

The interaction between a food bank and its partner agencies can be summarized in one

sentence as follows: a food bank distributes and the partner agencies receive donated

food. A food bank has a certain utility for the distribution of the donated food whereas

the agencies have their own utilities for receiving the food. We will at �rst discuss the food

bank's utility, followed by the agencies' utilities, and discuss the interaction between these
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agents.

A food bank's utility for the distribution of the donated food can usually be expressed

as a function of three criteria: (i) equity, (ii) effectiveness, and (iii) ef�ciency. An equitable

distribution happens where each geographical area, e.g., county, within the food banks' ser-

vice region receives food in proportion to their population in need. For example, FBCENC's

equitable distribution refers to each of the 34 counties receiving food in proportion to their

food-insecure population. An effectivedistribution policy for a food bank happens when it

distributes all available food. An ef�cient distribution is one where the cost of distribution is

minimized. Each of these three criteria bears importance for a food bank, usually motivated

by different geographic and socio-economic perspectives.

The importance of equity is highlighted by the need to reach all food-insecure house-

holds regardless of their accessibility. A food bank's service region can consist of urban and

rural areas. People in urban areas may have greater access to donated food compared to

those in rural areas (Sucharitha and Lee 2019). The equity criterion encourages a food bank

to reach out to every population in need within its service region. The importance of the

effectiveness criterion is highlighted by the fact that around 72 billion pounds of food are

wasted per year in the US, which is more than enough to feed the whole population (Feeding

America 2021c). A food bank can minimize food waste and maximize the pounds of food

received by each person in need by maintaining effectiveness. In contrast, maintaining

ef�ciency in food distribution allows a food bank to minimize costs and use the savings to

collect more donations or purchase additional food. Cost minimization is important as $1

USD is equivalent to 10 meals (Feeding America 2020b). At the same time, maximizing the

percentage of donated resources used for serving the population in need encourages the

donors to increase donation in the future (Burkart et al. 2016).

There are trade-offs among the equity, effectiveness, and ef�ciency criteria. Let us

consider an example where a food bank distributes all available food to the urban areas
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within the food bank's service region. The agencies located in the urban area are close to the

food bank warehouses. So it costs the food bank less to distribute the food to those agencies.

This distribution policy is effective as all food is distributed and ef�cient as the distribution

policy incurs low cost. However, it is highly inequitable as the rural areas receive no food.

Let us consider another instance where the food bank distributes only a portion of the

available food to every service region equitably. This policy is less costly as all food is not

distributed but ineffective due to the leftover food. Furthermore, the food bank can have

a speci�c preference over the three criteria, which may change as demand and supply

�uctuate. Thus, to capture the utility of a food bank, one need to consider the trade-off

among the three criteria and the food bank's preference over the three criteria.

Charitable agencies are independent entities and may have their own criteria and

preferences over the receipt and distribution of the donated food. Each agency determines

the amount of food to distribute to each person in need among the population it serves.

Several factors may impact the agencies' actions. An agency with limited storage capacity

may not wish to receive food in bulk quantities due to the risk of running out of space.

In contrast, an agency with suf�cient storage capacity may wish to receive as much as

possible. An agency may not want to receive costly food due to a limited budget, whereas

another with substantial monetary resources may want to collect particular products. An

agency located in a food desert may not have any preference over the food types it receives,

whereas an agency in an agriculturally rich location may only wish to collect food that is

not locally grown. We can infer that the behaviors of the agencies towards the food they

receive from the food bank may vary. Thus, a food bank needs to study its partner agencies'

behaviors and include their behavioral traits to identify an optimal distribution policy for

the available food.
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Research Questions

In this dissertation, we aim to answer three research questions (RQ). First, how does a

food bank capture the trade-offs among Equity, Effectiveness, and Ef�ciency according to

their preferences?In order to answer this broad question, in Chapter 2, we have developed

the following three sets of sub-questions. Set 1: 2.1.a. How do food bank decision-maker

preferences and priorities with respect to equity, ef�ciency, and effectiveness affect optimal

distribution policy? 2.1.b. How should a food bank distribute food donations to their bene�-

ciaries according to their preferences for the criteria of equity, ef�ciency and effectiveness?

Set 2:2.2.a. What can be learned about food bank decision-maker priorities and preferences

with respect to equity, ef�ciency, and effectiveness from their historical distribution behavior?

2.2.b. Can we capture a decision-maker's shifting preferences (weights) for the three criteria

in a non-interactive manner using the historical distribution decisions by the food bank? Set

3: 2.3.a. What insights can be learned about the impact of food bank manager preferences on

their distribution decisions from exploration of historical distribution behavior? 2.3.b. How

can these insights be used to provide guidance to improve distribution with respect to the

criteria of equity, effectiveness, or ef�ciency?. We then have taken a three-step procedure to

answer these questions. First, we have developed a single-period, multi-echelon, weighted

multi-criteria optimization model named the model "EEE". This model considers equity,

effectiveness, and ef�ciency as the three criteria in the objective function to simultaneously

capture the trade-offs among these criteria. The weight assigned on each criterion repre-

sents the food banks' preference over the criterion, thus allowing the provision to include

the food bank's preferences in identifying the optimal distribution policy. Second, to elicit

the food bank's preference over the three criteria, we have developed a novel preference

elicitation algorithm in the multi-criteria optimization literature named the "PE" algorithm.

The algorithm observes the actual distribution actions taken by the food banks historically
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and identi�es the implied preference of the food bank on the three criteria. Finally, we

have applied the model and the algorithm on FBCENC's data and developed important

managerial insights, speci�cally on the impact of FBCENC's preference in determining its

optimal distribution policy.

The second question: how do we capture and explain the heterogeneous utilities of the

charitable agencies?We consider the following sets of sub-questions in Chapter 3. Set 1:

3.1.a. How do we capture the utilities of a given charitable agency over the pounds of food

received from the food bank? Set 2:3.2.a. How do we elicit the risk attitudes of the agencies?

Set 3:3.3.a. How do we capture the stability level of the agencies? Set 4:3.4.a. What factors

are associated with the heterogeneity of the risk attitudes of the agencies? To answer the

�rst set of sub-questions, we de�ne a utility function structure for an agency based on

the agencies' Pounds served per Person In Need (PPIN). The utility function is equipped

with an exponent over PPIN, otherwise denoted as the risk attitude of the agency, which

dictates the marginal nature of the agencies' utility. If the exponent is between zero and

one, then the marginal utility of an agency decreases with PPIN. Such an agency is denoted

as risk-averse. The risk-seeking agencies are with an exponent more than one or less than

zero, thus have marginally increasing utility. The risk-neutral agencies' exponents take a

value of zero or one, thus their marginal utility remain constant with PPIN. We develop a

minimax optimization model, named "Model HUE", that observes the historical PPINs

of a given agency to elicit the agency's risk attitude in comparison with a de�ned PPIN

benchmark by the food bank. By eliciting the risk attitudes of the partner agencies, we

study the heterogeneity of the agencies' utilities. Moreover, we develop a method, named

the "Utility-Dominance Algorithm", that can elicit the number of periods, denoted as the

stable horizon, where a given agencies' utility remain signi�cantly similar. Moreover, we

perform a Linear Regression analysis to identify associations between the risk attitudes of

the agencies and factors related to the agencies' ability and stability, and the socio-economic
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factors within the location of the agencies. We identify ten themes such as accessibility,

race, age, and income based on the signi�cant factors associated with the risk attitudes of

the agencies.

The �nal question: how do we consider the interactions of the food bank and the agencies

towards developing an optimal distribution policy? We have three sets of sub-questions in

Chapter 4. Set 1: 4.1.a. how do we capture the agencies' utility in a way that allows a food

bank to distribute food to its partner agencies while maximizing their utilities in a fair way

Set 2:4.2.a. how do we identify the optimal food distribution policy considering the criteria

of equity, effectiveness, ef�ciency, and the utility maximization criteria for the heterogeneous

utilities of the food bank's partner agencies? 4.2.b. How do we capture the preference of a food

bank over these criteria? Set 3:4.3.a. How do we quantify the trade-off among the criteria of

equity, effectiveness, ef�ciency, and the utility maximizing criteria? To capture the agencies'

utilities, we employ a minimax regret utility criterion that minimizes the maximum gap,

i.e., the regret, between the agencies' maximum utilities and the utilities they achieve by

receiving food in a given distribution policy. The agencies' utilities are maximized when the

maximum regret over all agencies is minimized. To answer the second set of sub-questions,

We develop a single-period, two-echelon, weighted, multi-criteria nonlinear programming

named "Model UtilEEEty". The weights on the criteria represent the food bank's preference

over the criteria. The model considers a weighted sum of the four criteria in the objective

function considering the supply availability at the food bank and receiving capacities at

the agencies as constraints. To answer the third set of sub-question, We apply the model to

our partner food bank's data and develop managerial insights about the trade-offs among

the four criteria.

In the next section, we perform an extensive literature review of the humanitarian aid

distribution literature to identify the potential gaps and match the gaps with the research

questions posed in this proposal.
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1.2 Literature Review

1.2.1 Equity, Effectiveness, and Ef�ciency in Humanitarian Aid Distri-

bution

In humanitarian aid distribution problems, decision-makers often consider multiple and

contradictory criteria to identify optimal distribution policies for relief aid in short-term

and long-term problems. Short-term problems in the humanitarian context usually refer

to disaster relief operations (Van Wassenhove 2006), whereas long-term problems refer to

ongoing processes such as the hunger relief activities of a food bank. Although the criteria of

equity, effectiveness and ef�ciency are commonly studied in both short-term and long-term

problems, they typically have different de�nitions and importance (Marsh and Schilling

1994; Beamon and Balcik 2008). This section discusses the papers in humanitarian aid

distribution literature that consider at least one of the three criteria.

Disaster Relief Operations

The criteria of equity, effectiveness and ef�ciency (EEE) can be found in the disaster relief

operations (DRO) literature. Gutjahr and Nolz (2016) review multi-criteria optimization

models in the literature where the papers include at least one of the EEE criteria.

The following DRO papers consider one of the EEE criteria in their studies. Aslan and

Çelik (2019) develop a two-stage stochastic programming model for the pre-positioning

and distribution of relief items in the context of sudden-onset disaster. In the objective

function of the second stage, the authors include equity which is de�ned as the demand-

weighted travel time. Carland et al. (2018) develop a multi-criteria optimization model for

the distribution of humanitarian medical aid, where they consider the cost of distribution

as one of the criteria. Viswanath and Peeta (2003) develop a multi-commodity maximal
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covering optimization model to minimize the cost of relief distribution in the aftermath of

an earthquake. Y�lmaz and Kabak (2020) develop a multi-criteria decision-making model

considering the criteria of minimizing transportation cost (ef�ciency), cost of infrastructure,

and security.

SeveralDRO papers consider two of the EEE criteria. Abazari et al. (2021) develop Multi-

criteria Mixed-Integer Non-Linear programming (MINLP) for the distribution of relief in

the presence of uncertainly in parameters such as demand, transportation methods for

perishable and non-perishable products. The model includes four criteria: (i) minimize

distances traveled or ef�ciency; (ii) minimize inventory holding costs (effectiveness); (iii)

minimizes maximum travel time and (iv) minimize the total quantity of perished items.

Balcik et al. (2008) develop a Mixed-Integer Linear Programming model to equitably and

ef�ciently distribute relief to demand points considering supply, vehicle capacity, and

delivery time restrictions. Döyen et al. (2012) develop a Two-stage Stochastic Programming

model for the pre-positioning and distribution of relief items. The model considers the

criteria of minimizing facility location, holding cost (effectiveness), transportation cost

(ef�ciency), and shortage cost.

Ferrer et al. (2018) develop a Multi-Criteria Optimization model that considers equity,

ef�ciency, and security to distribute larger amount of aid securely in the aftermath of

disasters. Ghasemi et al. (2020) consider minimizing the number of untreated injured people

equitably across different affected areas, shortage cost, and logistics costs (ef�ciency) of

disaster relief in their stochastic multi-criteria optimization model. Holguín-Veras et al.

(2013) introduce the term "deprivation cost" as a measure of suffering in the context of a

disaster. In this study, equitable distribution of relief is the policy where the deprivation

cost of all bene�ciaries is minimized simultaneously. They also consider minimization

of transportation cost as another criterion for relief distribution. Hong et al. (2015) study

a Two-stage Stochastic model for the pre-disaster facility location and pre-positioning
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of relief and the post-disaster distribution of the relief. In the second stage, the model

considers equity to minimize the shortage of demand at the demand points and ef�ciency

to minimize transportation costs. Huang et al. (2015) develop a Multi-Criteria Optimization

model considering the criteria of equity, lifesaving utility, and delay cost, and ensuring that

all relief must be distributed (effectiveness).

McCoy and Lee (2014) study the relief distribution problem considering equity and

ef�ciency. The authors develop the formulation for equity to allow them to examine equity

between egalitarian to utilitarian spectrum. Rawls and Turnquist (2011) consider equity

as the minimization of unmet demand across demand points and ef�ciency as the mini-

mization of shipping distance in a Stochastic Mixed-Integer Programming formulation for

relief distribution. Rezaei-Malek et al. (2016) consider a similar equity formulation with

the minimization of unused relief (effectiveness) in their Bi-Objective Linear Programming

relief distribution model. In their Multi-Criteria Optimization model, Tzeng et al. (2007)

de�ne equity as maximizing the minimal satisfaction during the planning period and ef�-

ciency as minimizing the transportation cost. Vitoriano et al. (2011) develop a Multi-Criteria

Optimization model considering six criteria: cost of distribution, travel time, equity as the

allocation according to demand proportion, the priority of demand nodes, reliability of the

arcs in the distribution network, and security.

A few DRO papers consider all three criteria in their study of relief distribution. Gralla

et al. (2014) develop a Weighted Multi-Criteria Optimization model consider EEE as the

criteria. They de�ne equity as prioritizing relief deliveries by location, effectiveness as the

number of cargo delivered, and ef�ciency as the transportation cost. Huang et al. (2012)

de�ne ef�ciency as the routing cost and effectiveness as the speed and suf�ciency of deliv-

eries. For the equity criterion, they consider three formulations where two are service-level

based, and one is based on arrival time. Noham and Tzur (2018) consider effectiveness

and ef�ciency as the criteria in their Stochastic Mixed-Integer Linear Programming model.
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They de�ne effectiveness as maximizing the total demand covered and ef�ciency as mini-

mizing the response time. They enforce equity as a constraint where the demand points

receive relief according to their demand proportion. Yu et al. (2018, 2019) study dynamic

programming models with a weighted sum of equity, effectiveness, and ef�ciency as the

objective function with user-de�ned weights on each criterion.

Although there are some commonalities in terms of the objectives considered, the DRO

literature is fundamentally different from the food banking operations as the food banks

focus on long-term aid distribution whereas the disaster-relief is short-term in nature

(urgency of operations). Moreover, none of these papers consider identifying a decision-

maker's preference over the criteria of equity, effectiveness, and ef�ciency non-interactively.

Furthermore, the DRO papers usually focus on the aid distributors' perspective; they do

not consider eliciting the utilities of the aid receivers. Consequently, these papers do not

consider the interaction among the different agents of the aid distribution network.

Food Rescue

Food rescue (FR) operations focus on collecting food from donors and distributing the food

to charitable agencies or the bene�ciaries quickly. In this section, we analyze the relevant

food rescue papers found in the humanitarian aid distribution literature.

The following FRpapers consider only one of the three criteria from equity, effectiveness,

and ef�ciency (EEE). Solak et al. (2014) develop a stop-and-drop problem to distribute the

rescued food to an optimal number of delivery sites from where the agencies pick up the

food. The model minimizes the distribution cost of the distributor (usually food banks) and

the agencies while identifying the locations for the delivery sites and the optimal amount to

be distributed to the sites. Gunes et al. (2010) study a one-commodity pickup and delivery

problem where the optimal route for delivering the rescued food is identi�ed by minimizing

the route cost. Both papers only consider ef�ciency as their criterion.
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The following FRpapers consider at least two out of three criteria in EEE. Eisenhandler

and Tzur (2019a,b) model effectiveness and equity as criteria in the objective function in

their routing resource allocation study. Balcik et al. (2014) develop multi-vehicle sequential

resource allocation problems that assign vehicles to agencies and donors in a way that

maximizes equity and minimizes waste. Equity is de�ned as maximizing the minimum

expected allocation to demand ratio, i.e., �ll rate. Lien et al. (2014) study a similar problem as

Balcik et al. (2014) for a single-vehicle scenario. Nair et al. (2018) study an allocation-routing

problem considering ef�ciency and effectiveness but do not consider equity. Nair et al.

(2017) compare egalitarian, i.e., maximizing the utility of the worst-case delivery node, and

deviation-based, i.e., minimize the deviation of utilities among delivery nodes, equity while

searching for an ef�cient routing for food-rescue organizations. Rey et al. (2018) develop a

Mixed-Integer Linear Programming model to �nd an envy-free allocation of the rescued

food (equity) through the routes with minimal cost (ef�ciency). Gonçalves et al. (2013)

develop a two-stage stochastic programming model for the food rescue problem where the

�rst stage identi�es the supply collection and the second stage decides the distribution of

food. In the second stage, the model minimizes the distribution cost (ef�ciency), ensuring

that all collected food from the stage is distributed among bene�ciaries (effectiveness).

The set of FRpapers are concerned with the quick collection and distribution of the

surplus food to the bene�ciaries. Even though these activities are relevant for a food bank,

gaps in this literature can be found which are similar to the DRO papers: the elicitation of

preferences over Equity, Effectiveness, and Ef�ciency criteria for the food banks and utilities

of the agencies; and the interactions between the food bank and the agencies. Moreover,

none of the FRpapers consider the three criteria simultaneously in the objective function.

Furthermore, the food rescue operations are different from regular food banking opera-

tions, which are usually concerned with a long-term goal. Thus, there exists a fundamental

difference between the food rescue papers and the context of our study.
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Food Banking Operations

Equity, effectiveness, and ef�ciency (EEE) are commonly considered criteria in the food

banking operations (FBO) literature that focuses on identifying optimal food distribution

policies.

The following FBO papers consider one of the three criteria in EEE in their studies.

Fianu and Davis (2018) study a discrete-time discrete-state Markov Decision Process (MDP)

model with stochastic supply, deterministic demand, and an equity-based objective, where

they de�ne equity as a function of the Pounds distributed Per Person in Poverty (PPIP).

Ahire and Pekgün (2018) develop a Mixed-Integer Linear Programming model to identify

a food bank's optimal number of fundraising events ef�ciently, i.e., with minimum cost.

Granillo-Macías (2021) develop a Linear Programming model that minimizes the distribu-

tion cost (ef�ciency) for a school feeding program. Mohan et al. (2013) develop a stochastic

simulation to reduce the food waste of a food bank (effectiveness). Sahinyazan et al. (2021)

develop a bi-level stochastic optimization model to optimally select the modality and the

amount of food to be distributed to the bene�ciaries according to their food-type prefer-

ences. Of three criteria considered in this study, only ef�ciency, i.e., minimizing operations

and distribution, of the EEE criteria is included. The other two criteria modeled are the

bene�ciaries' nutrition level and the economic contribution to the local community.

The following FBO papers consider at least two of the three criteria in EEE. Sengul

et al. (2013) study a deterministic, capacity-constrained network �ow problem considering

equity and effectiveness. Distribution is de�ned to be equitable if every county receives

food proportional to their demand, while effectiveness refers to maximizing the distribution

quantity or minimizing waste at the food bank warehouse. They consider effectiveness as

the objective and enforce equity through constraints. Sengul Orgut et al. (2016b) study a

similar problem where the absolute deviation from perfectly equitable distribution for each
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county's service region is bounded above by a user-de�ned value. Sengul Orgut et al. (2017)

extend Sengul Orgut et al. (2016b) by considering stochastic county capacities through a

two-stage stochastic model. Sengul Orgut et al. (2018) extend Sengul Orgut et al. (2016b) by

developing robust optimization models that are robust to the counties' receiving capacities

and level of allowed inequity.

Blackmon et al. (2021) develop A Mixed-integer Linear Programming model for a food

bank in Los Angeles to aid the food bank in their operations during COVID-19. The model

minimizes the cost of storing food (effectiveness) and the cost of distributing food to the

charitable agencies (ef�ciency) concerning truck capacity, truck scheduling, and supply and

demand constraints. Mogale et al. (2018) develop a multi-objective, multi-model and multi-

period Mixed-Integer Non-linear Programming model for the optimal location-allocation

of government-funded grain silo established to reduce food insecurity. The model consid-

ers two criteria: minimizing total distribution cost (ef�ciency) and response time while

distributing all food (effectiveness). To aid the the World Food Programme (WFP) in their

aim to save lives of vulnerable population through consistent supply of food, Park and

Berenguer (2020) develop an Integer Linear Fractorial Programming model considering

two criteria: equity and ef�ciency. Equity is de�ned as a Gini coef�cient, while ef�ciency is

the cost of distribution.

A few FBO papers consider all three criteria - equity, effectiveness, and ef�ciency -

in their studies. Islam and Ivy (2018, 2021) de�ne equity to be the absolute difference

in the proportion of demands ful�lled between pairs of counties, which is enforced as a

constraint. Ef�ciency, i.e., distribution cost, and effectiveness, i.e., waste minimization,

are equally weighted criteria in the objective function. Alkaabneh et al. (2020) consider

effectiveness (i.e., nutritional service maximization) and ef�ciency (i.e., maximization of the

total amount of distributed food) in the objective function and argue that an effective and

ef�cient allocation identi�ed by the model is proportionally allocated. Martins et al. (2019)
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study a strategic supply chain redesign problem where they consider a total of nine criteria,

including equity by minimizing the least satis�ed demand, effectiveness by minimizing

waste, and ef�ciency by minimizing travel by agencies. However, they do not consider

transportation cost minimization by the food bank.

The FBOpapers are concerned with the regular operations of a food bank, similar to

the context of our study. However, upon reviewing these papers, we can conclude that the

common gaps between the DRO and the FRpapers are similarly applicable for the FBO

papers as well. None of the FBOpapers consider Equity, Effectiveness, and Ef�ciency in the

objective function simultaneously or consider eliciting the food bank's preference over the

three criteria. None of the papers consider eliciting the aid receiver's utilities. Finally, none

of them study the interaction between the food bank and its agencies.

1.2.2 Agent's Preference Elicitation in Humanitarian Aid Distribution

In this section, we discuss the papers that elicit an agent's preference in humanitarian aid

distribution (AP-HAD). Here, an agent can either be an aid distributor or an aid recipient.

We summarize the different methodologies adopted in the humanitarian aid distribution

literature in eliciting agents' preferences. The AP-HAD literature is discussed in two parts

by: (i) aid distributor; and (ii) aid receiver.

Aid Distributor

Several papers in disaster relief and food banking operations use interactive approaches to

elicit the weights on the criteria of distribution maintained by an aid distributor. Gralla et al.

(2014) perform a conjoint analysis by surveying 18 experts to estimate their preferences

over �ve metrics to elicit the trade-offs between equity, effectiveness, and ef�ciency for

disaster relief operations. They have found that effectiveness was the most preferred criteria,
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followed by ef�ciency and then equity. Carland et al. (2018) use the swing weight method to

elicit the preferences of decision-makers in their study of urgent medical aid distribution

by private-sector humanitarian organizations. The swing method involves asking decision-

makers about their swing ranges for each attribute, i.e., the highest and lowest levels of

each attribute assigned by the decision-makers when making decisions.

Y�lmaz and Kabak (2020) apply an Interval type-2 fuzzy sets Analytic Hierarchy Process

(IT2FS AHP) to identify the weights placed on three criteria: transportation cost, infrastruc-

ture, and security. The authors adopted the method, IT2FS AHP, to deal with the uncertainty

of experts' judgments and expressions. Grover et al. (2020) identify the implicit criteria

for grain distribution by government bodies in India and the weights on the criteria by

using qualitative data collected via semi-structured interviews, focus group discussions,

and guided conversations with 40 participants representing eight different stakeholders. A

rank-order method has been applied to identify the weights on the criteria measures.

All methodologies adopted by these papers to identify an aid distributor's preference

over her criteria for distribution require interacting with the experts or the individual

decision-makers. However, the food bank staff or managers are not always available to

interact with the modelers regularly, as they are usually busy with critical jobs such as

soliciting funding from the donors and distributing food to the charitable agencies. At

the same time, a food banks' preference over its criteria for distribution may not remain

stationary over time ( ?).

However, a humanitarian aid distributor may collect data about its actions. The ac-

tions may include the pounds of relief or food distributed to the receivers and the relief

distribution time. A preference elicitation technique that can identify a humanitarian aid

distributor's preference over its criteria for distribution by only observing its recorded

historical actions can be bene�cial. Such a technique does not require any interactions

and can help generate optimal distribution policies for the distributor according to its
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preference. To the best of our knowledge, no paper in the humanitarian aid distribution

literature adopts such a technique, which, we believe, is a signi�cant gap in this literature.

Aid Receiver

Several humanitarian aid papers consider the preference of the aid receivers as well. Pren-

dergast (2016, 2017) study the �rst-mile distribution problem in the humanitarian aid

distribution network in the US, i.e., Feeding America to food banks. The author collects

food bank's bidding data for the daily assortment of available food in Feeding America's

donor network over six years and estimates the food banks' preference over different food

types. More speci�cally, the author identi�es a food banks' willingness to pay to acquire

one pound of each type of food. Then the food types are divided into "high-quality" and

"low-quality" food based on their willingness-to-pay measures, where a given food bank has

a linearly increasing utility for the "high-quality" food and marginally diminishing utility

for the "low-quality" food. The paper does not consider the heterogeneity in preferences of

the food banks over different food types. Sahinyazan et al. (2021) employ a bi-level program-

ming approach for the last-mile distribution of donated food where the aid receivers are the

bene�ciaries or the people in need. The authors employ standard utility formulations found

in the marketing literature for food items to incorporate the bene�ciaries' preferences over

different food types. They do not employ an elicitation technique for the bene�ciaries'

preferences.

Macea et al. (2018a); Cantillo et al. (2018) perform Stated-Choice analyses (SC) to elicit

the bene�ciaries' post-disaster utility of daily necessities as a function of deprivation time,

i.e., the waiting time to receive drinking water. The SC method involves asking bene�ciaries

to choose between different hypothetical scenarios.

Several disaster relief game-theoretic papers study the �rst-mile problem where a set of

humanitarian organizations (HO) receive relief from a set of donors (Castaneda et al. 2008;
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Fathalikhani et al. 2018; Kamyabniya et al. 2019). These papers de�ned the HO's preferences

as utility functions. The components of these utility functions may include maximizing

the reception of relief, minimizing the cost to collect donations, and maximizing relief

distribution to the affected areas to encourage the donors to donate more relief. None of

these papers consider eliciting the priorities of the aid receivers over the components of

their utility functions, interactively or non-interactively. Other game-theoretic papers such

as (Muggy and Stamm 2020; Stamm 2010) incorporate the bene�ciaries' preference as the

distance between their locations to relief centers and the congestion at those centers. These

papers also allow the bene�ciaries to assign weights on multiple relief centers based on

their congestion. However, they do not consider eliciting the bene�ciaries' preferences over

the relief centers.

Several papers consider the food bank downstream network, including the charitable

agencies and the bene�ciaries, to identify the food access characteristics. Sucharitha and

Lee (2019) employ a Gaussian Mixture Model approach to cluster the families served by the

charitable agencies within a food banks' service region based on the families' distance from

their assigned agencies. Each cluster of families is compared based on their geographic

and demographic information to identify potential families with low access to food.

Alotaik et al. (2017) clusters the census tracts within the service region of the Central

Pennsylvania Food Bank (CPFB) based on two features: (i) the distance of the census tracts

from their closest agencies; and (ii) the income level of each census tract. Their study aims

to identify census tracts with low food access so that the food bank can plan on the number

of agencies to be located within these census tracts. Waity (2016) identi�es low access

census blocks in Indiana using descriptive statistics of income and distance-to-closest-

agencies. Davis (2018) uses hypotheses testing to examine if the census blocks with high

food insecurity are closer to agencies. He et al. (2018) clusters the 27 counties served by

CPFB in terms of food insecurity and poverty rate using the K-Means algorithm. For each
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county, the authors de�ne food insecurity as the meal gap in each county and the poverty

rate as the percentage of people with low access to supermarkets and low-income. Similar to

Alotaik et al. (2017), the authors have identi�ed low-access counties so that CPFB can focus

on alleviating food insecurity in those counties. These food access papers have focused

on geographical segregation in the food bank network in terms of accessibility to food.

However, none of these papers consider segregating the agents of the network, or consider

eliciting the utilities or preference of the agents. Also, they do not study the interaction

among the agents.

To the best of our knowledge, a study to elicit the charitable agencies' behavior within

the US's food bank network is yet to be undertaken. By observing the actions of the agencies

or by interacting with them using surveys and other methods, a food bank can identify the

approach of these agencies towards receiving food donations. A better understanding of

the agencies' behavior may allow a food bank to make distribution decisions that are more

customized and may foster better relationships within the network.

1.2.3 Game-theoretic Models in Humanitarian Aid Distribution

Researchers have started focusing on the impact of cooperation and competition in disaster

relief after 9 / 11, the 2004 Indian Ocean Tsunami, and the 2010 Haitian Earthquake (Nagur-

ney 2016; Nagurney et al. 2016; Nagurney 2017). They have shown that the productivity of

the relief operations, both short-term and long-term, can be affected by the cooperation

and/ or competition between the agents of the relief distribution network. These agents

may include donors, governments, private sectors (PS), humanitarian organizations (HO),

charitable agencies, and the bene�ciaries. In this study, we review the applications of game

theory models to study the competition or cooperation among the agents of a humanitarian

aid distribution network.
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Disaster Relief

Game theoretic approaches are common in the disaster relief literature. Reviews of these

papers have been performed by Muggy and Stamm (2014) and Seaberg et al. (2017). Muggy

and Stamm (2014) have focused on game theoretic models or settings in which game theory

has the potential to contribute, mostly parsing through operations research, humanitarian

logistics, and the political and management sciences literature streams. Seaberg et al. (2017)

have taken a disaster-lifecycle approach. They have performed a review of 57 papers, divided

among the four phases of a disaster: preparedness, response, mitigation, and recovery. They

have found that most of the papers have focused on the Responsephase. In this section,

we systematically summarize the game-theoretic papers based on the type of actors, the

components of the actors' utilities, and their adopted methodologies.

Some papers study the competition of humanitarian organizations (HO) over the dona-

tions offered by a set of donors. Castaneda et al. (2008) consider a sequential game between

a single donor and N -HOs, where the HOs compete to acquire donations from the donor.

The donor's utility increases with the donation used to serve the population in need. On the

other hand, an HO's utility is a Cobb-Douglas function of donations used to serve people

and for personal expenditures. The authors have developed the Nash Equilibrium (NE)

for the game. Fathalikhani et al. (2018) develop a game between M -donors and N -HOs. A

donor's utility increases with the productivity of the HOs, and released information from

the HOs, and decreases with the donation amount. An HO's utility increases with donation

amount and distribution of relief to the people in need but decreases in fundraising cost.

The authors take a Stackelberg approach where the donors decide on donation amount

following the relief amount decided by the HOs.

Nagurney et al. (2016, 2017) study games where N -HOs serve J disaster demand points

and earmarked donations for each disaster point are created based on the media attention
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on the disaster point. The HOs compete to grab a portion of the donation across the disaster

points while maximizing their, the HOs, utilities which decrease in distribution cost and

increase in the distributed relief. The authors adopt a variation equilibrium approach

to identify the equilibrium solution for the games. Privett and Erhun (2011) develop a

principal-agent framework to ensure truthful reporting by HOs on their social output in

terms of distributed relief. They incorporate auditing of the HOs by the donor (principal-

agent) post-disaster and show that auditing improves the HOs' utilities. However, Besiou

et al. (2012) shows that auditing may degrade the HOs' quality of service.

Toyasaki and Wakolbinger (2014) study a 1-donor, 1-HO game to examine the impact

of regular and earmarked donations on the agent's utilities. The donor's utility increases

with earmarked donations, where the HO prefers to use all donations independently. The

authors allowed substitutability between the regular and the earmarked donations and

developed NE for the game. Zhuang et al. (2014) study a N -donor, 1-HO game. The HO

aims to maximize donations and minimize public information disclosure. On the other

hand, a donor aims to maximize its donated amount's publicity and social impact while

minimizing the donation amount. The authors have developed NE for a 2-donor scenario.

Several papers consider multiple disaster areas as competitors over the available do-

nations at the donors. Gupta and Ranganathan (2007); Ranganathan et al. (2007) study

games where M resource centers serve the need in N disaster areas. In this context, the

disaster areas are the game players where they compete for the available resources in the

resource centers. The utility of a given disaster area increases with the resource or relief it

receives as well as the response time (Gupta and Ranganathan 2007). The authors employ

Terje Hansen's �xed-point algorithm to �nd the NE of the games (Hansen 1977). Wang et al.

(2009) study a similar game, but they also consider the cost of disaster areas to acquire the

donations. They use an Improved Ant Colony algorithm to identify the NE of the game.

Majumder et al. (2019) develop a game for two disaster areas where they compete over a
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single pool of resources. A cost is assigned to each player for unmet demand. Another cost

is assigned when equity across the two areas is violated.

In addition, some papers consider the interaction among the public (HOs, Government,

Country) and private (for-pro�t relief suppliers) sector, commonly known as Public-Private

Partnership (PPP), where an agent in the public sector tries to maximize the social impact,

and a private agent tries to maximize its pro�t. Diehlmann et al. (2021) study a game where

the public sector aims to minimize the de�cit created by a disaster either by buying before-

hand or con�scating at the moment of disaster, and the private sector aims to maximize

pro�t. The authors have incorporated a collaboration spectrum starting from No to Full

collaboration. Guan and Zhuang (2015) study a sequential game where the government,

the �rst mover of the game, tries to subsidize the private sector through tax reduction or

other methods to encourage them to invest more in disaster preparedness infrastructure.

The authors consider a "damage" function that decreases as the public-private investment

in disaster infrastructure increases. Hausken and Zhuang (2013) consider a similar game

with a similar damage function in the context of Oil Spill prevention. Cheung and Zhuang

(2012) also study the Oil Spill prevention problem where the government can audit N oil

suppliers to check for safety procedures. The audits are costly, but less auditing may lead

to a higher chance of Oil Spill. Li et al. (2019) consider a Mixed Nash Equilibrium (MNE)

approach where the coordination and competition among a public sector and a private

sector agent are probabilistic.

Kamyabniya et al. (2019) study a blood distribution problem where a Blood Transfusion

organization (BTO) distributes blood platelets to Temporary Medical Shelters (TMS) where

platelets are given to people in need post-disaster, speci�cally earthquakes. The BTO is the

private sector agent that aims to minimize its production cost, wastage of blood platelets

(effectiveness), and its cost of distribution to the TMSs (ef�ciency). On the other hand,

the TMSs aim to minimize the time to distribute the platelets to the people in need. At
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�rst, the authors employ a bi-level programming model where the BTO identi�es the

cost-minimizing amount of platelets to be delivered to the TMSs and the followers, TMSs,

minimize the relief time. Then the author creates a capacity-sharing mechanism among

the BTO and TMS facilities as a means of coordination among the agents and shows that

coordination results in better utilities for both agents. The authors do not consider equity

as one of the components of the BTO's utility or the risk attitudes of the TMSs, the receiver

of the blood platelets.

Proano et al. (2012) study the competition among M countries and N suppliers for

vaccines in the aftermath of an outbreak such as In�uenza. Each vaccine supplier aims to

maximize its pro�t while each country aims to maximize its surplus. The country's surplus

is de�ned as the difference between the reservation price of the country and the price set

up by the supplier. The reservation price is the maximum price the country is willing to pay

for a unit vaccine. The authors develop a Mixed-Integer Linear Programming Problem to

optimally identify the number of vaccines and the price per unit of vaccine per supplier.

Rodríguez-Pereira et al. (2021) develop a linear-programming-based equitable coordination

cost-sharing mechanism, a substitute to the Shapley value, among multiple countries who

coordinate with each other to develop disaster resilient infrastructure. The context of this

paper is based on the existing coordination network among the Caribbean islands.

Some papers also study the competition among the agents within the public sector.

Du and Qian (2016) study the relations among the government and different HOs. In

China, government-owned (GONPO) and grassroots (GRNPO) non-pro�t organizations are

working for disaster relief. Government can contract or supervise the GONPOs, whereas

the strategies of the GONPOs are feasance and non-feasance. The payoff matrix considers

cooperation bene�t, reward incentive, punishment for non-feasance, response ef�ciency,

and coordination cost. In contrast to government vs. GONPOs, the government can adopt a

strategy to encourage GRNPOs or not, whereas the GRNPOs decide either to participate in
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disaster relief or not. The payoff matrix considers one extra feature: the GRNPO's legitimacy

from the government. Evolutionary game-theoretic approaches have been taken to study

these different relationships.

Hu et al. (2019); Liu et al. (2019) use a contract-based approach to study the PPP inter-

actions. Hu et al. (2019) study a problem where the government buys relief from a supplier

to preposition before a disaster. If there is no disaster, the relief goes to waste, which is

costly for the government. To develop a better coordination policy among the government

and the supplier, the authors have studied three different types of options contracts: (i)

Put Option Price contract (POC), where the supplier only repurchases a certain amount

of relief if demand is less than the order quantity by the government; (ii) Wholesale Price

Contract (WPC), where the supplier repurchases nothing; and (iii) Buyback Contract (BBC)

where the supplier repurchases everything. The authors show that a POC allows for better

coordination between suppliers and the government. Liu et al. (2019) extend the work of

Hu et al. (2019) for N suppliers. Liang et al. (2012) also study the impact of a POC in a 1-HO,

1-supplier context.

Nagurney and colleagues have focused on the logistics cost component in disaster

relief procurement and distribution (Nagurney 2016). In their work, an HO usually tries to

minimize the logistics cost so that the savings can be used to maximize the social impact. In

contrast, a Freight Transport Provider (FTP) who distributes relief supplies to the impacted

areas tries to maximize its pro�t. Nagurney and colleagues have effectively captured the

competition between the HOs and FTPs by employing different game-theoretic approach

and developing the equilibrium solutions. Some of these papers consider the competition

for the distribution of relief (Nagurney 2017), some consider both the procurement and

distribution of relief (Nagurney et al. 2019), and some consider the impact of uncertainty in

demand information (Nagurney et al. 2020). Gossler et al. (2019) includes the competition

among the HOs as well in their sequential game-theoretic model.
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The ultimate goal of humanitarian aid distribution is to serve people in need or the

bene�ciaries. Consequently, several papers study the interaction of the bene�ciaries with

the other agents in the humanitarian aid distribution network. Muggy and Stamm (2020);

Stamm (2010) study games where each of N bene�ciaries selects one out M facilities to

visit and be served. A bene�ciary's utility is a function of the facilities' distance, congestion,

and self-assigned preference (weight) on each facility. The authors develop the NE for

this game. The authors also develop a central planners' problem where the planner puts

the same weight on the facilities for all bene�ciaries to show the impact of coordination

compared to the competition. Nahirniak et al. (2021) develop a Stackelberg game where

a distributor, the leader, distributes relief to N bene�ciaries within a de�ned geographic

area. Each bene�ciary probabilistically decides either to stock up pre-disaster or seek relief

post-disaster. The �rst option has a probabilistic waste cost if no disaster occurs, and the

second option may leave the bene�ciary in a situation where no relief is available at the

distributor. The distributor, the leader, tries to maximize the distributed relief to the area,

and the bene�ciaries, the followers, aim to maximize their utilities.

Peng et al. (2014) study a game between insurance companies (private), government

(public), and households (bene�ciaries). The households choose to buy premiums in a way

that maximizes their utility. The utility function has been chosen to represent the risk-averse

homeowners to make the problem feasible for insurers. The insurers choose premiums

to maximize pro�t, and the government tries to subsidize the insurers to encourage them

to reduce the premium for the homeowners. A two-stage stochastic program has been

developed where the homeowners decide on whether to buy premium or not. Then the

insurers decide the optimum premium incorporating the government subsidies as well.

Eid et al. (2015) extend this problem by considering the government tax on households.

The authors take an evolutionary game-theoretic approach to solve this problem.

There are several fundamental differences between the GTM-DR papers and our work.
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First, we consider a long-term humanitarian aid distribution network and the interac-

tion among its agents. Moreover, none of these papers consider a distributor-receiver

game-theoretic framework where the distributor's utility consists of equity, effectiveness,

ef�ciency, and the receivers' utilities are based on their risk-attitude across the Risk-averse,

Risk-neutral , and Risk-loving spectrum.

Food Banking Operations

The implementation of game-theoretic models in food banking operations (GTM-FB) is

scarce in the literature. Only a few papers have studied the competition among agents

of a food bank network. Prendergast (2016, 2017) study the interaction among Feeding

America and its partner food banks. The author develops a principal-agent framework

where Feeding America is the principal agent and a set of food banks compete over available

donation upstream through a non-monetary auction mechanism named "Shares". The

author identi�es the willingness-to-pay of the food banks for each food type and segregates

the food types into high and low-quality types. The utility of a food bank is assumed to

be linear for high-quality food and marginally diminishing for low-quality food. Babaioff

et al. (2019) have studied a similar problem for two food banks. In their study, the resources

are assumed to be indivisible. The food banks are assumed to have additive utility over

the resources. They have developed an envy-free allocation process by implementing

competitive equilibrium from the generic incomes (CEGI) method.

Similar to Prendergast (2016), Lundy et al. (2019) develop a principal-agent framework

for the downstream echelon where a food bank (principal-agent) distributes food to a set of

charitable agencies. The authors assume that an agency's utility increases with the amount

of allocated food and decreases with the price of food. The authors have incorporated an

auditing mechanism for the food bank and showed that auditing could increase the utilities

of the agencies. Sanyal et al. (2021) develop a strategy-proof and Pareto-optimal algorithm
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to connect the donors to a set of volunteers with a goal to reduce food waste.

None of these GTM-FB papers consider a distributor-receiver framework where both

the distributor and the receivers have their own utilities and are competing with each

other to maximize their respective utilities. Moreover, none of these papers consider equity,

effectiveness, ef�ciency, and risk attitudes simultaneously as the components of the utility

of the agents in the network for the donated food.

1.2.4 Contribution of the Dissertation to the Literature

The contributions of this dissertation to the humanitarian aid distribution literature are

listed as follows:

1. To the best of our knowledge, our weighted multi-criteria model in Chapter 2 is

the �rst in the food banking operations literature to consider the criteria of Equity,

Effectiveness, and Ef�ciency simultaneously in the objective function.

2. Our preference elicitation algorithm in Chapter 2 is, to the best of our knowledge,

the �rst in the humanitarian aid distribution literature to elicit the aid distributor's

preference over Equity, Effectiveness, and Ef�ciency in a non-interactive manner.

3. To the best of our knowledge, our work in Chapter 3 is the �rst to develop a non-

interactive method to elicit the heterogeneous utility of a set of charitable aid receivers

in the humanitarian aid distribution literature over the relief they receive form a

distributor.

4. Chapter 3 is the �rst to develop an algorithm to elicit the stability of a charitable aid

receiver based on a novel metric to measure the level of stability of a charitable aid

receiver. To the best of our knowledge, this has not previously been studied in the

humanitarian aid distribution literature.
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5. To the best of our knowledge, our work in Chapter 3 is the �rst in the food banking

operations literature to elicit the utility and stability of the charitable agencies who

receive food from the food banks. Our analysis of the association of the agencies'

elicited utility with their ability, stability, and socio-economic factors is the �rst in

the food banking operations literature, to the best of our knowledge.

6. To the best of our knowledge, our model in Chapter 4 is the �rst in the food banking

operations literature to consider the agencies utility maximization as a criterion of

distribution for the available food at the food bank, alongside equity, effectiveness,

and ef�ciency.

7. To the best of our knowledge, our work in Chapter 4 is the �rst across the disaster relief,

food rescue and food banking operations literature that considers maximizing the

heterogeneous utility of the charitable aid receivers along with equity, effectiveness,

ef�ciency in the distribution decision of a charitable aid distributor, considering its

preference over the four criteria.
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2.1 Introduction

Achieving food security and reducing inequalities are among the Top 10 United Nations'

(UN) Sustainable Development Goals for 2030 (United Nations, 2020c). Food insecurity,

de�ned as the inability of a household to provide a suf�cient amount of nutritious food to

its members for normal growth and development (Feeding America 2015), is ubiquitous

and affects countries worldwide. According to the UN, an estimated 821 million people

worldwide suffered from food insecurity in 2018 (United Nations 2020b). Underdeveloped

countries may suffer from the scarcity of food, or famine, whereas the main reason for

food insecurity in developed countries such as the United States (US) is income inequality

(Elmes 2018). The impact of COVID-19 on the state of food insecurity has been signi�cant.

In the US, 10.5% of households were food-insecure in 2019 (United States Department of

Agriculture 2020). With the spread of COVID-19, food insecurity has signi�cantly increased.

The Feeding America (FA) COVID-19 Impact Assessment Report shows a 46% increase in

need, which translates to an additional 17 million people in need (Feeding America 2021b).

Appendix A.1 shows the weekly increase in food distribution by FA between March and

April 2020 compared to 2019.

In this paper, we address two of the UN Sustainable Development Goals (UNSDGs)

related to food insecurity: Zero Hunger (Goal 2) and Reduced Inequalities (Goal 10). Due

to the complexities of the UNSDGs, they cannot be considered in isolation and solutions

must address the interconnection between these goals (United Nations, 2020c; United

Nations Development Programme, 2020). To address the Zero Hunger goal, developed

countries should focus on operations due to the abundance of food and subsequent food

waste. Speci�cally, they should focus on preventing usable food from being wasted and

facilitating the equitable allocation of food to the population in need, which is aligned with

Goal 10. The concurrent consideration of these goals requires modeling approaches that
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aim to achieve an equitable, effective, and ef�cient allocation of usable food.

Feeding America is the largest non-pro�t hunger-relief organization in the US, operating

through a nationwide network of 200 food banks and 60,000 agencies. In 2019, they helped

provide 4.2 billion meals to over 40 million people (Feeding America 2020b). The organi-

zation collects food donations from national food and grocery manufacturers, retailers,

and governmental agencies and distributes the donations to its member food banks. The

food banks then distribute the food they receive from FA and other sources such as local

grocers, state and federal government agencies, and individuals to charitable agencies in

their service regions. These nonpro�t agencies, such as food pantries, churches, and soup

kitchens, distribute to food-insecure households in their local area.

Our study is motivated by our decade-long collaboration with the Food Bank of Central

and Eastern North Carolina (FBCENC), an af�liate member of Feeding America. The FB-

CENC network, shown in Figure 2.1, is representative of food bank supply chains in the US

and many developed countries (Sengul Orgut et al. 2016a; Zobel et al. 2015). FBCENC is

one of the seven FA-af�liated food banks working to alleviate food insecurity in the state

of North Carolina (NC) and the largest food bank in NC in terms of total food distributed

annually. It was established in 1980 in Raleigh, NC, and serves food-insecure households

in 34 of the 100 counties 1 in NC. FBCENC distributes food donations from national and

regional sources to more than 900 agencies through six distribution centers (branches)

(FBCENC 2021).

Unlike for-pro�t organizations, where maximizing pro�t and meeting consumer de-

mand are usually the central criteria, food banks try to ensure an equitable, effective, and

ef�cient distribution of donated food. The equity criterion refers to the "fair" distribution of

donated food to people who need it. Since demand typically exceeds supply in this environ-

1In the US, a county refers to an administrative subdivision of a state. There are over 3000 counties in the
US.
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Figure 2.1: Food bank network

ment (Sengul Orgut et al. 2016b), food banks aim to ensure that each county receives food

in proportion to the demand they serve, which is the equity metric used by FA (Feeding

America 2020c). This allocation of food according to each county's demand proportion is

also referred to as "perfect equity". The effectivenesscriterion refers to the minimization

of food waste within the food bank distribution network. As the supply of donated food is

less than the actual demand, food banks attempt to distribute the maximum amount of

donated food, minimizing potential food waste. However, like other organizations, food

banks require staff (paid and volunteer) and overhead to support their operations. They

also have limited operating budgets, as such high distribution costs may force them to limit

operations over time. The ef�ciency criterion refers to the minimization of the distribution

costs. Although food banks do not seek to generate pro�t, they try to achieve their goals of

equitable and effective food distribution for a minimum cost. This enables a food bank to

focus its budget on improving food security within its network. Money saved by minimizing

the cost of distribution can be used to feed more people in need, as one dollar equates
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to ten meals (Feeding America 2020a). At the same time, an ef�cient distribution policy

would allow a food bank to continue its daily operations without signi�cantly constraining

staf�ng and overhead. In humanitarian organizations such as food banks, donors may also

be concerned about how their monetary donations are allocated (Burkart et al. 2016) and

may like to see the minimum amount spent on overhead and logistical operations and

maximum amount spent on acquiring donations. Each of these priorities in�uences food

distribution policy.

Food banks face two major challenges considering the criteria of equity, effectiveness,

and ef�ciency simultaneously in their operations. First, these criteria may contradict. For

example, to lower distribution costs, a food bank may decide to distribute all available

food so that the counties closer to their warehouses receive more food. While this policy

is effective and ef�cient, it is inequitable as more distant counties receive less than their

fairshare. Second, a food bank's preferences over equity, effectiveness, and ef�ciency may

not be stationary and may shift based on �uctuations in supply and demand. Figure 2.2

shows the distribution actions taken by FBCENC over July 2017, September 2017, November

2017, and October 2018. As shown in the �gure, Meals per Person In Need (MPIN) is a

county-level equity measure used by FBCENC and is calculated by dividing the pounds of

food received by the county in a given time period (month) by 1.2 times the food-insecure

population estimate for that county where 1.2 pounds of food is equivalent to one meal

(Feeding America 2020a). When the MPIN values for all counties are the same, perfect

equity is achieved. If the MPIN value of a county is lower than other counties, this indicates

that a food-insecure person in that county received less food than a food-insecure person

residing in the other counties in the service region.

Figure 2.2 highlights the variability in distribution actions over the four months. For

example, Figure 2.2 shows that Sampson (1) county had a higher MPIN than its neighbor,

Duplin (2) county, in July 2017, whereas Duplin had a higher MPIN than Sampson in
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September 2017. A similar observation can be made for Franklin (3) and Nash (4) counties.

FBCENC usually receives more donations in November (8.7 million pounds) than other

months (e.g., this was 2 million pounds more than July 2017), as the month marks the start of

the holiday season. The additional food resulted in higher MPIN values across all counties

compared to July 2017, however, there was also greater variability in the MPIN values

suggesting that a lower level of equity was achieved in order to distribute the large amount

of donations. Likewise, FBCENC's preference may change drastically during the time of a

disaster, such as Hurricane Florence in 2018. The counties within the circle in the rightmost

geoplot in Figure 2.2 are those most impacted during Hurricane Florence as designated

by the U.S. Department of Homeland Security Federal Emergency Management Agency

(FEMA) (FEMA 2019). We can see that the MPINs within the most impacted counties were

noticeably higher than the other counties (highly variable MPIN, 5.65 - 49.61), suggesting

a decrease in FBCENC's preference for equity or an increase in demand. The county in

black, Jones (5) county, had the highest MPIN. This variability illustrates that a food bank's

priorities are dynamic and may change over time (e.g., seasonality) and in response to

extreme events (e.g., hurricane). Appendix A.2 contains an analysis of FBCENC's monthly

operations (donations, distribution, etc.) from July 2017 to June 2019.

Considering these challenges, our research questions are three-fold: 1.a. How do food

bank decision-maker preferences and priorities with respect to equity, ef�ciency, and effective-

ness affect optimal distribution policy? 1.b. How should a food bank distribute food donations

to their bene�ciaries according to their preferences for the criteria of equity, ef�ciency and ef-

fectiveness?To address these research questions, we develop a single-period, multi-criteria

network �ow model, Model EEE, that considers the weighted scalarized deviations from

perfect equity, effectiveness and ef�ciency (EEE). Speci�cally, our model minimizes the

sum of three components: the total weighted absolute deviation from a perfectly equitable

distribution (equity criterion), the total holding cost associated with undistributed food
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Figure 2.2: Changes in FBCENC's distribution over time; the geoplots show the MPIN
(Meals Per Person In Need) across counties where darker shading means a higher MPIN or
more pounds were distributed within that county per person in need relative to the other
counties; MPINr : the range of MPIN values across the counties, Supply (lbs) : Available
food supply in pounds at FBCENC warehouses, %: percentage of food distributed; Dashed
circle indicates the counties most-impacted by Hurricane Florence in 2018; 1: Sampson, 2:
Duplin, 3: Franklin, 4: Nash, 5: Jones

supply (effectiveness criterion), and the total distribution cost (ef�ciency criterion). The

scalarization for each criterion, also known as linear normalization (Ransikarbum and

Mason 2016), is performed such that each criterion is on a uniform, dimensionless scale.

The weight assigned to each criterion can be interpreted as the preference placed on the

criterion by the decision-maker, e.g., food bank manager. This approach allows us to cap-

ture a food bank's objectives and explore the trade-offs while providing the �exibility for a

food bank to adjust its preferences over the three criteria and understand the implications

of such changes. We assume a food bank's actions are driven by food bank management

which we refer to as the food bank manager who is the decision maker.

Our second research question is: 2.a. What can be learned about food bank decision-

maker priorities and preferences with respect to equity, ef�ciency, and effectiveness from their

historical distribution behavior? 2.b. Can we capture a decision-maker's shifting preferences

(weights) on the three criteria in a non-interactive manner using the historical distribution

decisions by the food bank?To address this research question, we develop a non-interactive

"Preference Elicitation" (PE) algorithm that can extract the weights the decision-maker

places on the criteria by analyzing their actual distribution actions during a single period.
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This algorithm only requires the historical data as input, can be solved iteratively over

multiple periods, and is non-interactive.

In multi-criteria optimization models (MCOM), it is important to capture the decision-

maker's preferences for the considered criteria in order to obtain results that are suited to

the needs of the decision-maker (Gralla et al. 2014). This is usually done by testing all possi-

ble weight combinations, developing an ef�cient frontier, and asking the decision-maker to

select weights based on the ef�cient frontier (Keeney and Raiffa 1976; Karwan et al. 1985).

However, such an approach is not sustainable in food bank operations for two reasons. As

illustrated above, a food bank's preferences are dynamic and food bank managers may not

have the time and resources to explore complex ef�cient frontiers regularly. In addition,

it may be dif�cult for food bank managers to interpret the trade-offs between three con-

tradictory criteria and capture their preferences for these abstract concepts among the

pairs of non-dominated solutions. Hence, the novelty of the PE algorithm is that it allows

us to capture a food bank's priorities for each of these criteria as re�ected by their distri-

bution actions in a non-interactive manner and to signi�cantly reduce the set of weights

to be explored by food bank managers. This algorithm can inform food bank managers

how their actions align with their perceived preferences and support future distribution

decision-making for achieving their strategic goals.

Our last research question is: 3.a. What insights about how food bank manager's pref-

erences impact their distribution decisions can be learned from exploration of historical

distribution behavior? 3.b. How can these insights be used to provide guidance to improve

distribution with respect to the criteria of equity, effectiveness, or ef�ciency? To address this

research question, we use the developed multi-criteria model and non-interactive algo-

rithm concurrently to perform an extensive case analysis using data from our collaborating

food bank, FBCENC. We explore how the distribution policies shift for varying weights

placed on the three criteria, elicit FBCENC's preferences on the three criteria based on their
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actions, and characterize the impact of the criteria on distribution actions.

The next section provides a review of the relevant literature. Sections 2.3 and 2.4 present

Model EEE and PE Algorithm respectively. Section 2.5 presents the FBCENC Case Study

and discusses corresponding managerial and policy insights. Section 2.6 provides possible

directions for future research.

2.2 Literature Review

Our work is related to two literature streams: (i) Modeling of Equity, Effectiveness and

Ef�ciency in Humanitarian Operations and (ii) Preference Elicitation Methods for Multi-

criteria Optimization Problems.

2.2.1 The Modeling of Equity, Effectiveness and Ef�ciency in Humani-

tarian Operations

Often in humanitarian aid distribution problems, decision-makers consider multiple and

contradictory criteria to identify optimal distribution policies for relief aid in short-term

and long-term problems. Short-term problems in the humanitarian context usually refer

to disaster relief operations (Van Wassenhove 2006), whereas long-term problems refer

to on-going processes such as the hunger relief activities of a food bank. Although the

criteria of equity, effectiveness, and ef�ciency are commonly studied in both short-term

and long-term problems, they typically have different de�nitions and importance (Marsh

and Schilling 1994; Beamon and Balcik 2008). Table 2.1 presents an overview of studies in

disaster relief and food banking operations that consider equity, effectiveness, or ef�ciency

as a criteria or as a constraint (marked with *). If weights are placed on the criteria, we

also indicate the method for determining weights, i.e., assumed, determined through an

interactive method, or determined through a non-interactive method, and highlight how

our model contributes to this literature.
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Disaster Relief Operations : Beamon and Balcik (2008) review disaster relief operations

criteria, while Gutjahr and Nolz (2016) and Balcik and Smilowitz (2020) present an overview

of multi-criteria optimization models in humanitarian aid distribution. In disaster relief

operations literature, several papers focus on equity optimization, which they de�ne as a

function of demand �ll rates (e.g., Anaya-Arenas et al., 2018), travel time (e.g., Aslan and

Çelik, 2019), or a measure of suffering (e.g., Yu et al., 2018). It is also common in the disaster

relief literature to implement equity as a constraint by limiting the maximum deviation

from a target value based on demand �ll rates (e.g., Noham and Tzur, 2018). Note that these

de�nitions of equity focus on satisfying demand or minimizing travel time, which are not

relevant goals in food bank operations as supply is much lower than demand and the goal

is to distribute the available food as fairly as possible rather than as quickly as possible

(Sengul Orgut et al., 2016b).

Effectiveness has also played a signi�cant role in the disaster literature and has been

de�ned as holding cost minimization (e.g., Döyen et al., 2012), maximization of relief

deliveries (e.g., Hong et al., 2015), and maximization of service quality (e.g., Yu et al., 2018).

Given the importance of timely response in the disaster literature, ef�ciency has been

represented by minimizing the number of trips between distributor and bene�ciaries (e.g.,

Anaya-Arenas et al., 2018), minimizing transportation costs (e.g., Balcik et al., 2008), travel

time (e.g., Huang et al., 2012), or travel distance (e.g., Abazari et al., 2021). Our work is

inherently different from disaster relief operations due to our de�nition of equity and the

ongoing nature of food bank operations (lack of urgency). Among the above papers, only

Gralla et al. (2014) and Yu et al. (2018, 2019) consider equity, effectiveness, and ef�ciency

simultaneously in the objective function. In addition to the differences in our de�nition of

equity, none of these papers consider non-interactive elicitation of the decision-maker's

preferences.

Food Rescue Operations : Some operational-level food distribution literature focuses
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Table 2.1: A review of disaster relief, food rescue, and food bank operations literature;
Eq: Equity, Effec: Effectiveness, Ef�c : Ef�ciency, Int : Interactive, Non-int : Non-interactive

Paper
Criteria Weights

Eq Effec Ef�c Assumed Int Non-int

Disaster Relief

Abazari et al. (2021) � � �
Anaya-Arenas et al. (2018) � �
Aslan and Çelik (2019) �
*Balcik et al. (2008) � �
Carland et al. (2018) � �
Döyen et al. (2012) � �
Ferrer et al. (2018) � � �
Ghasemi et al. (2020) � �
Gralla et al. (2014) � � � �
Holguín-Veras et al. (2013) � �
Hong et al. (2015) �
*Huang et al. (2012) � � �
*Huang et al. (2015) � � �
K�lc� et al. (2015) �
McCoy and Lee (2014) � �
*Noham and Tzur (2018) � �
Rawls and Turnquist (2011) � �
Rezaei-Malek et al. (2016) � �
Tzeng et al. (2007) � �
Viswanath and Peeta (2003) � �
*Vitoriano et al. (2011) � � �
Y�lmaz and Kabak (2020) � �
Yu et al. (2018) � � � �
Yu et al. (2019) � � � �

Food Rescue Operations

*Balcik et al. (2014) � � �
Eisenhandler and Tzur (2019a,b) � �
Gonçalves et al. (2013) � �
Gunes et al. (2010) �
Lien et al. (2014) � �
Nair et al. (2017) � �
*Nair et al. (2018) � �
Rey et al. (2018) � �
Solak et al. (2014) � �

Food Bank Operations

*Ahire and Pekgün (2018) �
*Alkaabneh et al. (2020) � �
*Blackmon et al. (2021) � �
Fianu and Davis (2018) �
Granillo-Macías (2021) �
Grover et al. (2020) � � �
*Islam and Ivy (2018, 2021) � � �
Kretschmer et al. (2014) � � �
Martins et al. (2019) � � � �
*Mogale et al. (2018) � �
Mohan et al. (2013) �
Park and Berenguer (2020) � �
Sahinyazan et al. (2021) � �
*Sengul Orgut et al. (2013, 2016, 2017, 2018) � �

Our work � � � �

*Papers with "asterisks" consider at least one criteria as constraint.

on food rescue, i.e., collecting food from donors and immediately distributing them to
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charitable agencies without considering storage or location distribution problems. These

papers may be categorized based on which and how many of the three criteria they con-

sider. As summarized in Table 2.1, this literature incorporates one or two of the equity,

effectiveness, and ef�ciency criteria to guide food rescue operations. These studies differ

from our study in several areas. First, none of these studies simultaneously considers equity,

effectiveness, and ef�ciency in the objective function. In addition, they focus on food rescue

operations, which eliminates the need to consider food storage. Although food banks may

also be involved in food rescue operations, their primary operations are the collection

and sorting of donations in their warehouses and distribution of donations to charitable

agencies, which in turn distribute food to bene�ciaries. Furthermore, these studies focus on

the routing element of this problem, whereas our model makes decisions on food storage

and allocation rather than routing.

Food Bank Operations : Equity, effectiveness, and ef�ciency are commonly considered

criteria in the food bank operations management literature that focuses on identifying op-

timal food distribution policies in the long-term. We summarize the research in long-term

humanitarian operations management that has focused on tactical decisions associated

with allocating food within the service regions by food banks, which is similar to the prob-

lem studied in this paper. Sengul et al. (2013) study a deterministic, capacity-constrained

network �ow problem considering equity and effectiveness. Distribution is de�ned to be

equitable if every county receives food proportional to their demand, while effectiveness

refers to maximizing the distribution quantity or minimizing waste at the food bank ware-

house. They consider effectiveness as the objective and enforce equity through constraints.

Sengul Orgut et al. (2016b) study a similar problem where the absolute deviation from

perfectly equitable distribution for each county's service region is bounded above by a

user-de�ned value. Sengul Orgut et al. (2017) and Sengul Orgut et al. (2018) extend Sen-

gul Orgut et al. (2016b) by considering stochastic county capacities through a two-stage
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stochastic model and a robust optimization model, respectively. Fianu and Davis (2018)

study a discrete-time discrete-state Markov Decision Process (MDP) model with stochastic

supply, deterministic demand, and an equity-based objective, where they de�ne equity as

a function of the Pounds distributed Per Person in Poverty (PPIP).

There are fundamental attributes that distinguish our work from these previous studies.

First, none of these papers incorporate the objective of ef�ciency (cost minimization). This

is limiting because some food banks, especially those in areas with a high cost-of-living have

to consider cost minimization to maintain their employees and pay their overhead while

aiming to maximize their distribution. Second, some criteria are optimized in objective

function in these papers while the other criteria are modeled as constraints. Sengul et al.

(2013); Sengul Orgut et al. (2016b, 2017, 2018) enforce equity as constraints which prioritizes

equity, whereas we model equity as a criterion in the objective function. Fianu and Davis

(2018) consider equity as the sole objective. These papers also do not consider the relative

preference of a food bank with respect to the criteria of equity, effectiveness and ef�ciency.

In contrast, our work considers all three criteria simultaneously in the objective function.

Placing all three criteria in the objective function allows us to develop a generalized model

which enables a food bank to operate according to their varying preferences, and hence

applies to most food banks in developed countries. Because the model has a generalized

form, the numerical results and insights are also applicable to various nonpro�t donation

distribution settings. Lastly, the supply chain structure that we utilize in our model is

general and applicable to different food banks. This extends the work of Sengul et al. (2013);

Sengul Orgut et al. (2016b, 2017, 2018) that model the entire food bank (hub and branches)

as a single entity and do not consider distribution or allocation between different branches

in order to obtain policies at the tactical level. This paper considers a more general supply

chain structure with three echelons, allowing inter-branch �ows and a county to be served

by multiple branches. Hence, our study represents the underlying system that considers
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both tactical and operational decisions.

A few food banking operations papers consider all three criteria - equity, effectiveness,

and ef�ciency - in their studies. Islam and Ivy (2018, 2021) de�ne equity to be the absolute

difference in the proportion of demands ful�lled between pairs of service regions, which

is enforced as a constraint. Ef�ciency, i.e., distribution cost, and effectiveness, i.e., waste

minimization, are equally weighted criteria in the objective function. Kretschmer et al.

(2014) develop a theoretical supply chain framework for school food programs to study

the impact of different factors such as demand, suppliers and donors, on equity, effective-

ness, and ef�ciency. Alkaabneh et al. (2020) consider effectiveness (i.e., nutritional service

maximization) and ef�ciency (i.e., maximization of the total amount of distributed food)

in the objective function and argue that equity can be achieved when an effective and

ef�cient allocation identi�ed by the model is proportionally allocated. Martins et al. (2019)

study a strategic supply chain redesign problem where they consider a total of nine criteria,

including equity by minimizing the least satis�ed demand, effectiveness by minimizing

waste, and ef�ciency by minimizing travel by agencies. However, they do not consider

transportation cost minimization by the food bank. Our paper is unique relative to these

papers as none considers equity, effectiveness, and ef�ciency simultaneously in the objec-

tive function. Further, these studies do not consider the elicitation of preference for the

equity, effectiveness, and ef�ciency criteria for hunger relief operations. Given that ending

hunger is one of the most important UNSDGs and food banks play a signi�cant role in

achieving this goal, understanding their operating objectives and exploring the impact of

these objectives on food distribution is a key component to improving their operations.

2.2.2 Preference Elicitation for Multi-criteria Optimization Problems

Multi-objective optimization model studies that consider decision-maker's preference for

the objectives can be traced back to Keeney and Raiffa (1976), and more recently in papers
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such as Karwan et al. (1985) and Karakaya and Köksalan (2020). The approach taken in these

papers is based on selecting pairs of solutions from the non-dominated set of solutions,

known as the Pareto front. For any two non-dominated solutions on the Pareto front, neither

of the solutions is better than the other across all criteria. To elicit the decision-maker's

preferences, the decision-maker is asked to choose between the solution pairs via "choice"

questions (Karwan et al. 1985). Rating methods have been used to develop the Pareto front

as the model is solved for several combinations of weights (Ransikarbum and Mason 2016).

Algorithms developed based on the answer to "choice" questions may not be practical

in cases where the decision-maker is not available to answer the choice questions or the

choice questions cannot be answered easily.

To circumvent this issue, Sumpsi et al. (1997), Amador et al. (1998), André and Riesgo

(2007), Andre et al. (2010), and Gómez-Limón et al. (2016) have developed non-interactive

algorithms to elicit the preferences of a decision-maker over multiple criteria based on their

observed values. These algorithms consider the observed values of the objective function

in any given period and seek to elicit the preferred weights of the criteria. They typically

employ inverse optimization methodologies as they usually deal with an objective function

and criteria that are well de�ned and known. While the objective function value is not

known in our problem context, the historical actions of the decision-maker can be tracked

easily. Therefore, we have developed a non-interactive preference elicitation technique

that considers only the actions taken by the decision-maker, i.e., the distribution actions

taken by the food bank manager, and does not require the objective function value.

Preference Elicitation in Disaster Relief and Food Banking Operations : Several papers

in disaster relief and food banking operations elicit the weights on the criteria using in-

teractive approaches. Gralla et al. (2014) conduct a conjoint analysis survey to estimate

the preference of 18 experts over �ve different metrics to elicit the trade-offs between

equity, effectiveness, and ef�ciency for disaster relief operations. They have found that
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effectiveness was the most preferred criteria, followed by equity and then ef�ciency. In their

study of private-sector humanitarian organizations, Carland et al. (2018) use the swing

weight method to elicit the preferences of decision-makers. This method involves asking

decision-makers about their swing ranges for each attribute, i.e., the highest and lowest

levels of each attribute assigned by the decision-makers when making decisions. Y�lmaz

and Kabak (2020) apply an Interval type-2 fuzzy sets Analytic Hierarchy Process (IT2FS AHP)

to identify the weights placed on three criteria: transportation cost, infrastructure, and

security. Grover et al. (2020) elicit the implicit criteria for grain distribution by government

bodies in India and the weights on the criteria by surveying experts. These papers consider

preference elicitation techniques that require interaction with the decision-maker while we

develop a non-interactive technique. These studies identify the decision-maker preference

for multiple criteria based on experts' perception, while we develop a method to learn the

preference from the actions taken by the decision-maker. The main difference between

these humanitarian operations preference elicitation studies and the work in this paper is

the development of an algorithm that elicits the preferred weights from the actions taken

by the decision-maker without observing the objective function value.

This paper makes several methodological and practical contributions to the literature:

1. Food Bank Operations Management. To our knowledge, this is the �rst paper in

food banking operations management literature that concurrently formulates the

criteria of equity, effectiveness, and ef�ciency in the objective function, where each

criterion is expressed as a function of the allocation policy. This approach allows

us to develop a �exible model which better captures the variability in food banking

operations and thoroughly examine the relationships and trade-offs between these

objectives. Further, our model is a three-echelon model which considers the layers

of hub, branches, and counties. Although not all food banks have these three layers,
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formulating the model this way allows us to incorporate the complex structure of

larger food banks such as FBCENC. The model can easily be scaled to smaller food

banks with two echelons by eliminating the hub or branch echelon (or assigning zero

donations to those locations).

2. Preference Elicitation for MCOM. We have developed a novel algorithm that does not

require direct interaction with the decision-maker to identify the inherent preference

for the criteria in a multi-criteria optimization model associated with the decision-

maker's actions. To the best of our knowledge, this algorithm is the �rst approach that

identi�es a decision-maker's preference non-interactively and by only observing the

actions rather than observing the objective function value. This approach is especially

applicable to humanitarian operations problems where decision-makers may not

be readily available to state their preferences or make selections of weights. The

non-interactive nature of the algorithm is fundamental for food bank operations as

the staff are usually too busy to engage in interactive approaches such as Analytical

Hierarchy Approach, regularly (Gralla et al. 2014).

3. Food Bank Management Insights. Our proposed algorithm and MCOM, in combina-

tion, can inform food bank decision-makers about their implied preference for the

criteria by analyzing actual distribution actions and providing recommendations on

distribution policies. This would allow food bank managers to evaluate their current

distribution actions and policies and modify them to better align with their strategic

goals. Our case study analyses highlight managerial insights to help food bank man-

agers understand the impact of their decisions and external factors, such as costs, on

their objectives. Further, we examine the trade-offs between the equity, effectiveness,

and ef�ciency criteria and the implications of different decision-maker preferences

for these criteria on distribution actions.
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2.3 Equitable, Effective, and Ef�cient Food Distribution Model

(EEE)

We formulate a single-period, uncapacitated, multi-echelon network �ow model with

the goal of identifying optimal distribution policies for food banks. The model objective

function is de�ned as the weighted sum of the functions of three individual criterion: equity,

f1, effectiveness, f2, and ef�ciency, f3. The general form of the objective function can be

written as

min w 1 f1 + w2 f2 + w3 f3 (2.1)

where f1, f2, and f3 are de�ned as the scaled deviations from perfect equity, perfect effec-

tiveness, and perfect ef�ciency, respectively. The weights assigned to equity, effectiveness,

and ef�ciency are w1, w2, and w3, respectively. The model assumptions are introduced be-

low. Section 2.3.1 de�nes the notation for the model and provides the formulation. Section

2.3.2 discusses the analytical formulations of the individual objectives.

The food bank network is assumed to be composed of three echelons: (i) hub, (ii) branch,

and (iii) county (see Figure 2.1). It is assumed that food cannot �ow upstream. This network

is assumed to operate under the following assumptions:

1. Food donations are received at the hub or any branch location and constitute the food

supply.

This assumption re�ects the actual operations of a food bank as donors typically

donate food to a location, which can be the hub or a branch, that is most convenient

or closest to them and within their community.

2. Transshipments between the branches are one-way and are allowed at a positive cost.

A branch cannot simultaneously ship to another branch and receive food from an-

other branch. From a managerial perspective, the food bank is headquartered at the

hub location and considered a single entity that includes the hub and the branches.
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For this reason, all costs are incurred at the hub.

3. All parameters are deterministic.

In food banking operations, demand is typically considered to be a function of the

food-insecure population. Feeding America estimates the food-insecurity rate of a

county, i.e., the percentage of individuals facing food insecurity in the county, using

a mixed-effects model (Feeding America 2020d). This model includes the following

variables for which state and county-level data are available: unemployment rate,

poverty rate, median income, percent Hispanic, percent African-American, and per-

cent of individuals who are homeowners. Using the food insecurity rates, the food

need in terms of pounds across the counties served by a food bank is calculated

by multiplying the Meals Per Person in Need (MPIN) and the poverty population of

each county. The MPIN estimate is used to calculate the equitable distribution of the

donated food received by a food bank. The estimated equitable distribution serves

as a benchmark for the food bank to understand the deviation from perfect equity

in the distribution of donated food in any given period. In this study, we use this

deterministic MPIN de�nition and the poverty population of the counties to estimate

demand in the food bank's service region. We also assume that supply is deterministic

as we are considering a single-period problem where distribution decisions are made

after food donations have been received at the food bank warehouses. In our case

study, we examine the sensitivity of our results to the incoming supply using actual

donation data from FBCENC for different months.

4. Donated food is non-perishable.

FBCENC categorizes the in-kind donations received as: Dry Goods ( � 51%), Refriger-

ated Food (� 23%), Frozen Food ( � 13%), and Produce ( � 13%)2. In this study, we do

not explicitly consider the perishability of the food items, i.e., we do not model the

varying shelf lives and storage requirements for the different food types. Hence, our

models are most applicable to dry goods. However, the models can be modi�ed to

include varying holding costs by food type as discussed in Section 2.6.

5. All food is distributed through point-to-point (P2P) distribution.

Point-to-point (P2P) distribution refers to the one-way distribution of food from a

2Percentages based on FBCENC food donations data from July 2013 to May 2020.
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serving entity to a receiving entity. A serving entity can be a hub or a branch, where

a receiving entity can be a county or a branch receiving shipments from another

branch or the hub.

6. Although the charitable agencies in a food bank's network are the last food distribution

points, in our model, we aggregate the agencies in terms of the counties they are located

in and consider counties to be the smallest demand points.

This aligns with how FBCENC evaluates equity, i.e., by county, not agency. We allow

for one county to be served by multiple branches if such a connection exists in the real

life system to achieve a more accurate representation of the food bank operations.

2.3.1 Multi-Criteria Optimization Model

Table 3.1 de�nes the model notation. The model parameters include the holding costs at

the hub and branches; the P2P distances between the hub, branches and counties; the

per-pound per-mile shipping cost, the demand at the counties, and the supply to the hub

and the branches. The holding cost represents the cost of holding one pound of food at

the hub or a branch. Holding food at the food bank for longer periods increases the risk of

spoilage. Hence, food banks aim to have short turnaround times which can be represented

through higher holding costs. Supply represents the food available for distribution at the

hub and branches, which is the sum of the starting inventory available at the warehouse

and donations. Demand is de�ned according to FA's MPIN de�nition discussed above.

Our decision variables include the pounds of food shipped from the hub to each branch,

transshipment �ows between branches, and distribution from each branch to the counties

in their service region.

Model EEE identi�es an optimal distribution policy for a food bank given the decision-

maker's preference weights for equity, effectiveness, and ef�ciency. First, we consider the

general form of the objective function. Section 2.3.2 discusses the analytic formulation of
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each criterion, f i .

M od e l E E E

M in w 1 � f1 + w2 � f2 + w3 � f3 (2.2)

S.t .
X

b 2B

Xo b � So (2.3)

X

a2Ab

Yb a � Sb + Xo b +
X

b 02Bnfb g

Zb 0b �
X

b 02Bnfb g

Zb b 0, 8b 2 B (2.4)

X,Y,Z� 0 (2.5)

The objective function in Equation (2.2) is expressed as the weighted sum of scaled

deviations from perfect equity, effectiveness, and ef�ciency, which will be de�ned in the

next section. Constraints (2.3) and (2.4) ensure that the hub and branches cannot distribute

more pounds of food than they receive, respectively. Finally, Constraints (2.5) ensure that

distributions are non-negative.

2.3.2 Structure of the Objective Function

In this section, we develop the analytical formulations of the three criteria: equity, effec-

tiveness, and ef�ciency in the objective function. We denote the non-scaled criteria as � i ,

8i 2 f 1,2,3g. Using the notation in Table 3.1, we �rst formulate the non-scaled form of each

criterion. Then, we discuss scalarization of each objective separately.

Equity

Perfect equity is de�ned as the case when each county receives their fairshare of food, i.e.,

pa �
�P

b 2B

P
a2Ab

Yb a

�
which is similar to Sengul Orgut et al. (2016b). The deviation from

perfect equity is expressed as the sum of the absolute differences between the fairshare of
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Table 2.2: Notations

Field Description Unit

Sets

o The hub
B Set of branches in the branch echelon, where B � f 1, . . . ,b , . . . ,jBjg
A Set of counties in the county echelon, where A � f 1, . . . ,a , . . . ,jAjg
Ab Set of counties served by branch b, where Ab � A
W Set of weights assigned to the objectives, where W � f w1,w2,w3g,

where w1,w2,w3 are the weights for equity, effectiveness, and ef�-
ciency attributes, respectively and w1+ w2+ w3=1.

Parameters
ho Holding cost at the hub o ($)
hb Holding cost at branch b 2 B ($)
do b Distance between the hub o and branch b (miles)
db b 0 Distance between branch b and b

0
(miles)

db a Distance between branch b and county a (miles)
� a Demand at county a 2 A (l b s)
pa Demand proportion of county a 2 A, � aP

a2A � a
(null)

So Total supply available at the hub o (l b s)
Sb Total supply available at branch b 2 B (l b s)
K Per-mile cost of distribution for one pound of food

�
$

l b � mi l e

�

Decision variables
Xo b Pounds of food to be distributed from hub o to branch b 2 B (l b s)
Yb a Pounds of food to be distributed from branch b 2 B to county a 2 Ab (l b s)
Zb b 0 Pounds of food to be transshipped from branch b 2 B to branch

b 02 B n fb g

(l b s)

each county and the pounds of food they have received:

� 1 =
X

a2A

�
�
�
�
�

X

b 2B

Yb a � pa �
X

b 2B

X

a2Ab

Yb a

�
�
�
�
�

(2.6)

To linearize Equation (2.6) for Model EEE, we de�ne a variable Ŷa for each a 2 A and

develop Constraints (2.8-2.9):
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� 1 =
X

a2A

Ŷa (2.7)

S.t. Ŷa �

‚
X

b 2B

Yb a � pa �
X

b 2B

X

a2Ab

Yb a

Œ

, 8a 2 A (2.8)

Ŷa � �

‚
X

b 2B

Yb a � pa �
X

b 2B

X

a2Ab

Yb a

Œ

, 8a 2 A (2.9)

Effectiveness

Perfect effectiveness refers to the distribution of all food donations, i.e., there is no waste.

The deviation from perfect effectiveness is de�ned by the total holding cost of the leftover

inventory at the hub and branches as follows:

� 2 = ho �

‚

So �
X

b 2B

Xo b

Œ

+
X

b 2B

hb �

 

Sb + Xo b �
X

a2Ab

Yb a +
X

b 02B=f b g

Zb 0b �
X

b 02B=f b g

Zb b 0

!

(2.10)

Ef�ciency

Perfect ef�ciency corresponds to a solution that results in zero distribution cost, which, in

this context, is a solution where no food is distributed from the hub or branches. Any amount

of food distributed will result in a deviation from perfect ef�ciency, which is expressed as

the cost to distribute the donated food to counties from the hub and branches. For each

P2P transaction, the cost is calculated as the product of the following terms: (i) the pounds

of distributed food, (ii) the distance covered in miles, and (iii) the per-mile cost K to deliver

one pound of food.

� 3 = K �

‚
X

b 2B

Xo b � do b +
X

b 2B

X

a2Ab

Yb a � db a +
X

b 2B

X

b 02B

Zb b 0 � db b 0

Œ

(2.11)
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2.3.3 Scalarization of the Criteria

In multi-criteria optimization modeling, the individual criteria functions are scaled to en-

sure that the criteria have the same units and range. In this study, scalarization is performed

using the linear normalization technique (Ransikarbum and Mason 2016). This technique

converts the objective function to values between zero and one based on the best and

worst-case scenarios of the criteria in the form of:

f i =
� i � � z e n

i

� nad
i � � z e n

i

,8i 2 f 1,2,3g (2.12)

where � z e n
i and � nad

i are the best (zenith) and worst (nadir) case scenarios for criterion

i , where i = 1 for equity, i = 2 for effectiveness, and i = 3 for ef�ciency. Since we aim to

minimize all three criteria in this study, the zenith and nadir points refer to the minimum

and maximum values of the respective functions.

Given the de�nitions of perfect equity, effectiveness, and ef�ciency, the minimum value

of each criterion is equal to zero. In a perfectly equitable solution, each county receives

its fairshare of food, resulting in a zero deviation from perfect equity. A trivial solution to

this is to ship zero pounds of food, which is a feasible solution of Model EEE and results in

perfect equity. In a perfectly effective solution, no food is held at the hub or the branches,

thus the holding cost is equal to zero. Shipping all food from the hub to the branches, and

from the branches to the counties is a feasible solution and results in perfect effectiveness.

In a perfectly ef�cient solution, no food is distributed, thus the cost of distribution is equal

to zero. Hence, we have � z e n
i = 0, 8i 2 f 1,2,3g.

In contrast, identifying the maximum value (worst-case scenarios) of each criterion

is more challenging. The worst-case scenarios for each criterion can be developed by

searching for the maximum values of the functions in Equations (2.6), (2.10), and (2.11),

which we discuss next.
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Lemma 1 states the conditions for obtaining the worst-case equity for a given set of

donations at the hub and the branches. The proof is provided in Appendix A.3.

Lemma 1 For a given set of donations at the hub and the branches, the worst-case equity

occurs when all food available in the network is distributed to the county with the lowest

demand proportion, i.e.,

� nad
1 =

�
�
�
�
�

‚

So +
X

b 2B

Sb

Œ

� p min
a �

‚

So +
X

b 2B

Sb

Œ�
�
�
�
�
+

X

a2Ajpa 6=p min
a

�
�
�
�
�
0 � pa �

‚

So +
X

b 2B

Sb

Œ�
�
�
�
�

(2.13)

where p min
a = mina 2 A pa .

The worst-case value for the effectiveness criterion corresponds to the case where no food

is distributed to counties and food is held at the location(s) with the highest holding cost.

The worst-case effectiveness can vary with holding cost differences by location, i.e., hub

and branches. We introduce Lemma 2 which states the worst-case effective scenario. The

proof is provided in Appendix A.4.

Lemma 2 The maximum deviation from perfect effectiveness can be expressed as,

� nad
2 = ma x (ho ,h ma x

b ) �So + h ma x
b

X

b 2B

Sb (2.14)

where h ma x
b = maxb 2 B hb .

The upper bound on ef�ciency refers to the policy that results in the maximum cost to

distribute all of the available food. We have developed a Mixed-Integer Linear Programming

(MILP) model, W CE f f i c i e nc y , to estimate the worst-case ef�ciency for a given set of input

parameters, i.e., supply, per-mile cost to ship a pound of food, and the distances between

the nodes within the network. The model is as follows.
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M od e l W Ce f f i c i e nc y

M a x � nad
3 = K �

 
X

b 2B

Xo b � do b +
X

b 2B

X

a2Ab

Yb a � db a +
X

b 2B

X

b 02Bnb

Zb b 0 � db b 0

!

(2.15)

S.t
X

b 2B

Xo b � So (2.16)

X

a2Ab

Yb a � Sb + Xo b +
X

b 02Bnfb g

Zb 0b �
X

b 02Bnfb g

Zb b 0, 8b 2 B

(2.17)
X

b 02Bnfb g

Zb b 0 � M � � b 8b 2 B

(2.18)
X

b 02Bnfb g

Zb 0b � M � (1 � � b ) 8b 2 B

(2.19)

Xo b ,Yb a ,Zb b 0 � 0,8(b ,b
0
) 2 B,8a 2 A, � 2 B

The objective function in Equation (2.15) maximizes the total cost of food distribution

within the network. Constraints (2.16) and (2.17) ensure that the hub and branches cannot

ship more than the total pounds of available food at their respective warehouses. Constraints

(2.18-2.19) ensure that if a branch receives food from the hub then the branch will not be

allowed to transship to the other branches, i.e., if � b = 1 for a given branch b , then, branch

b is allowed to transship to other branches (constraint 2.18), but not allowed to receive

food from the other branches (constraint 2.19). The opposite conditions hold if � b = 0.

This condition prevents redundant movement of the food available at the hub within the

branches. This set of constraints also prevents the model from being unbounded. Note

that since the per-mile per-pound distribution cost K appears in the criteria and the nadir
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values (both numerator and denominator of f3), it mathematically cancels out. However,

we keep that parameter in the original formulation to be able to estimate the distribution

costs in dollars. Here, M is a large number.

We have presented the general form of Model EEE, de�ned the analytical formulations

of the criteria, and developed methods to scalarize the criteria. A complete formulation of

Model EEE is provided in Appendix A.5, which includes the analytical formulation of the

criteria and constraints. We now discuss structural properties of Model EEE.

2.3.4 Structural Properties for Criteria Trade-offs

In this section, we characterize the structure of the solutions for different combinations of

weights on the criteria. In addition, we study the implications of including only one or two

of the criteria in the objective function (assigning a weight of zero for the other criteria) to

better understand trade-offs.

First, we consider the case when only one criterion is considered. If a food bank manager

only considers equity and puts 100% weight on the equity criteria, then there are in�nite

solutions possible, as the distribution decision variables are continuous. Any amount of

food that is distributed can be distributed according to the demand proportions of each

county, zero distribution being one trivial solution. If only the effectiveness criterion is

considered, then all food will be distributed. Similarly, this scenario has an in�nite number

of solutions as all available food can be distributed to any set of counties. Lastly, if only the

ef�ciency criterion is considered, then no food will be distributed, which is a unique yet

trivial solution.

Let us now consider the inclusion of only two criteria in the objective. First, consider the

scenario where equity and effectiveness are considered in the objective function. Lemma 3

states the solution structure for this scenario and its proof is provided in Appendix A.6.

Lemma 3 When only equity and effectiveness are considered in the objective function, all
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available food in the network will be distributed to the counties equitably.

Now, consider the equity and ef�ciency criteria in the objective function, placing zero

weight on effectiveness. Lemma 4 states the solution structure and its proof is provided in

Appendix A.7.

Lemma 4 When only equity and ef�ciency are considered in the objective function, a zero

distribution policy is optimal.

Finally, consider the case where only effectiveness and ef�ciency are considered in

the objective function by assigning a zero weight to equity criterion. For this scenario, we

develop a formulation to identify the "critical" weight of effectiveness. The critical weight

of effectiveness, w c r i t
i , for a given serving entity i 2 f o,b 2 Bgis de�ned as the minimum

weight on effectiveness required to distribute all food available at the serving entity i . The

analytical formulation for the critical weights of effectiveness for a branch b 2 B and the

hub are stated in Lemma 5, and their proofs are given in Appendix A.8.

Lemma 5 Consider the case where only effectiveness and ef�ciency are included in the ob-

jective function. Let w2 , w c r i t
o and w c r i t

b be the weight assigned to effectiveness, the critical

weight of effectiveness for hub o, and the critical weight of effectiveness for branch b 2 B,

respectively. Hub o will distribute all available food if,

w2 � w c r i t
o = minb 2 B

•
K � do b

hb � ho + K � do b

‹
(2.20)

where ho and hb are the holding costs per pound of food at the hub o and branch b 2 B,

and do b refers to the distance between hubo and branch b 2 B. Branch b will distribute all

available food if,

w2 � w c r i t
b =

K � d c l o s e s t
b a

hb + K � d c l o s e s t
b a

(2.21)
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where hb is the holding cost per pound of food at branch b , and d c l o s e s t
b a is the distance from

branch b to the closest agency a2 A.

Lemma 5 states that a branch will distribute all food if the marginal cost of distribution
�
K � d c l o s e s t

i a

�
exceeds the marginal holding cost ( h i ) for that entity. Note that since only

ef�ciency and effectiveness have positive weights in this scenario, a given branch will either

ship all of its available food, or ship nothing. Likewise, if the branch is shipping food, it will

be shipped to the closest agency. The critical weight w c r i t
b can be considered the relative

cost of distribution to holding per pound of food. A similar argument can be made for the

hub.

The optimal distribution policies depend on the weights placed on the equity, effec-

tiveness and ef�ciency criteria. To accurately capture the trade-offs between criteria and

various potential preferences of decision-makers, a model formulation must make it possi-

ble for all three scaled criteria to be considered simultaneously by food bank managers. In

the next section, we introduce a preference elicitation algorithm that learns the inherent

weights placed on these objectives by a food bank through their distribution decisions.

2.4 Preference Elicitation (PE) Algorithm

In Model EEE, the decision-maker's preference weights on the three criteria w1,w2,w3

are assumed to be known parameters. In fact, these values are dif�cult to estimate in

practice. Although many interactive methods are available for estimating preference weight

parameters (Karwan et al. 1985; Karakaya and Köksalan 2020), an interactive algorithm

is not suitable in a food bank setting for several reasons: (i) the decision-makers may

have dif�culty quantifying their inherent preferences for these three criteria, (ii) a food

bank's preferences may be dynamic, as illustrated in Section 2.1, and (iii) policy makers

may not be available to interact with modelers on a regular basis. For these reasons, we

develop a non-interactive Preference Elicitation Algorithm (PE Algorithm) that uses the food
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distribution decisions made by the decision-maker to determine their underlying weights.

As input, the algorithm requires a set of distribution actions made by the decision-maker

(e.g., the distribution decisions over at least one period) and the Model EEE parameter

values (i.e., supply, demand ratios, and costs). The algorithm starts by considering all

discretized combinations of possible weights in the set W for a given step size, s, and

reduces the set of weights by learning from the decision-maker's distribution actions. The

step value s determines the precision of the weight estimation; a smaller s provides more

precise estimates of the underlying preferences of the decision-maker but increases the

computational complexity of the algorithm. For each weight combination in the set W , the

algorithm solves Model EEE for the given set of parameters and stores the criteria values.

The algorithm then considers the single-period allocation action made by the decision-

maker and calculates the corresponding observed criteria values. The algorithm continues

this process of generating sets of criteria values for all elements in the initial weight set, W .

These criteria values are compared to the observed criteria values. The weight combinations

for which the absolute difference between each pair of criteria values are less than a small

threshold, � , are saved in the set W
0
for the next iteration. We denote this newly formed

set of weights as the "truncated" set. Using the truncated set and setting W = W
0
, the

algorithm continues the same procedure for the next iteration, which has a new set of

supply and distribution decisions. For example, in our illustration, supply and distribution

decisions from the next period (month) are used. In doing this we are implicitly assuming

that the decision-maker's preferences are relatively robust within a small time frame. If the

cardinality of the truncated set reduces to one after an iteration, i.e., if the truncated set

has only one combination of weights, the algorithm terminates. If the cardinality of the

truncated set reduces to zero after an iteration, we consider the weights from the previous

iteration and de�ne them as the "nearly convergent" weights. The convergence to a zero

cardinality set may be attributed to the variability of supply and distribution among the
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periods. For example, if we start the PE algorithm from July 2017 and it converges to a zero

cardinality weight set in October 2017, we can infer that the supply and distribution actions

in October 2017 are signi�cantly different from the July 2017, August 2017, and September

2017 data. Algorithm 1 provides the corresponding pseudo-code.

The PE Algorithm has some limitations. The algorithm may fail to converge to a single

set of weights when a given distribution policy can be generated from multiple sets of

criteria weights. Another limitation of the algorithm is its dependence on the step size.

There is a clear trade-off between the granularity of the step size and the computational

performance of the algorithm. For example, if s = 0.1, the number of possible combinations

of positive weights across all the criteria is 36, which increases to 4,885 when s = 0.01 and

almost 500,000 when s = 0.001. In our numerical experiments, we have considered a step

size of s = 0.01 to develop the starting weight sets. Another challenge with the step size

when the algorithm is implemented in practice is that the discrete weight combinations

evaluated may not include the inherent weights of the decision-maker. Moreover, the

algorithm requires a minimum allowable threshold, � , between the observed criteria values

and the solved criteria values to reduce the cardinality of the initial weight set. If � is too

small, the algorithm may be unable to �nd a weight combination for which the difference

between the solved criteria and the observed criteria is lower than this threshold.

2.5 Results

In this section, we provide the numerical results. Section 2.5.1 presents the case study based

on our food bank partner, FBCENC, and explores how a food bank's preferences on equity,

effectiveness and ef�ciency impact their distribution policies and actions. In Section 2.5.2,

we apply the PE Algorithm to FBCENC data which allows us to learn FBCENC's preferences

with respect to the three criteria from their historical distribution behavior. Section 2.5.3

discusses managerial and policy insights obtained from the case study including how
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Algorithm 1: Algorithm 1: PE Algorithm

1 initialization

2 t  1

3 W  f [w1,w2,w3] where w i = (0 : s : 1),8i 2 f 1,2,3g,s � step sizeg

4 W
0
 []

5 while jW
0
j 6= 1 do

6 Observe supply parameters of period t

7 Observe decision-maker's actions in period t for

8 [X � ,Y � ,T � ]  f X �
o b ,Y �

b a ,T �
b b 0,8(b ,b

0
) 2 B,8a 2 Ag

9 for [w1,w2,w3] 2 W do

10 Solve EEE for[X ,Y,T ]  f Xo b ,Yb a ,Zb b 0,8(b ,b
0
) 2 B,8a 2 Ag

11 Z  R(X ,Y,T )

12 [X 0,Y 0,T 0]  [X � ,Y � ,T � ];

13 Z 0  R(X 0,Y 0,T 0);

14 if jZ � Z 0j < � then

15 W 0[e nd + 1]  [w1,w2,w3]

16 else

17 W 0  W 0

18 end

19 end

20 W  W 0

21 t  t + 1

22 end

distribution policies may be adjusted based on varying preferences.

2.5.1 Case Study: The Food Bank of Central and Eastern North Carolina

(FBCENC)

In this section, we provide the results of Model EEE on the network of FBCENC and share

key insights for the food bank's distribution policies for varying weight combinations on

the three criteria.

FBCENC Network

The FBCENC network is composed of a hub, located in Raleigh, and six branches, located

in Raleigh, Durham, Greenville, New Bern, Sandhills, and Wilmington, serving 34 counties

in North Carolina (FBCENC 2021). Figure 2.1 shows the FBCENC network including the

locations of the hub and branches and the counties they serve. Although each county
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has a primary branch from which they receive food, some of the counties may receive

food from more than one branch. For example, during the 2017 �scal year, Duplin county

received 90% of its food from the Raleigh branch, and the remaining 10% from the Greenville

branch. We preserve this structure in solving our models by creating dummy counties for

the counties that are served by more than one branch. All calculations are performed across

four Windows machines with the following speci�cations: Machine 1: Intel(R) Core(TM) i7 -

10750 CPU @ 2.60 GHz, 16.0 GB RAM, 64-bit operating system; and Machines 2,3,4: Intel(R)

Core(TM) i7 - 6700 CPU @ 3.40 GHz, 32.0 GB RAM, 64-bit operating system.

FBCENC Data

We use the operations data from FBCENC for the 2017-18 �scal year for the monthly dona-

tions received by the hub and branches; the monthly distribution quantities shipped by

the hub to the branches and the branches to each county; and the monthly transshipment

quantities between the branches. The P2P great circle distances (Bullock 2007) between the

network entities are calculated using the distances between the population-weighted cen-

troids of each county using MatLog, a toolbox in MATLAB (Matlog 2020). We set h0 = hb = 0.5

for all b 2 B, K = 1
1000 as nominal values and perform sensitivity analyses by varying the

holding cost and donations. To estimate the proportion of demand for each county, we use

the MPIN estimates FBCENC uses to report their monthly achieved fairshare to Feeding

America as discussed in Section 2.3. We use the 2017-2018 Fiscal Year beginning inventory

for the network as reported in the FBCENC Audit report (Food Bank of Central and Eastern

North Carolina 2019). We develop a heuristic to calculate the starting inventory for each

month from July 2017 to June 2018 at the hub and at the branches, which is presented in

Appendix A.9.
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Model EEE Optimal Distribution Policies as a function of the decision-maker's Preference

Weights

This section explores the effect of the weights placed on the equity, effectiveness, and

ef�ciency criteria on food distribution policies. We solve Model EEE for varying weight

combinations and discuss the implications of the weights on food distribution.

We generate the set of weights on equity, effectiveness, and ef�ciency criteria for a

step size of 0.01, where the resultant set of weights has a cardinality of 5,151. Our analysis

shows that the computational time for solving EEE for any combination of the criteria

in the objective function is negligible (less than one second). For each element in the

weight set, we solve Model EEE for July 2017 and analyze the corresponding distribution

policies. There are groups of weight combinations that result in the same distribution

policies. For the entire set of weights, we calculate the number of unique distribution

solutions. Of the 5,151 weight instances, we generate 153 unique distribution policies.

For any two unique policies, the sum of absolute pairwise shipment differences is more

than epsilon of one, i.e., for two distribution solutions � and � ;
P

b 2B

�
�
�X �

o b (b ) � X �
o b (b )

�
�
� +

P
b 2B

P
a2A

�
�
�Y �

b a (b ,a ) � Y �
b a (b ,a )

�
�
� +

P
b 2B

P
b 02B

�
�
�Z �

b b 0(b ,b
0
) � Z �

b b 0(b ,b
0
)
�
�
� > 1. These unique

distribution policies are divided into several policy regions based on their distribution

attributes, i.e., pounds of food distributed (all, some, or none, corresponding to whether the

food was distributed effectively), whether the food was distributed equitably, and whether

the food was distributed ef�ciently. The policy regions are shown as a function of the

weights on equity (horizontal axis) and effectiveness (vertical axis) in Figure 2.3 (note that

one minus the sum of the weights on equity and effectiveness corresponds to the weight

on ef�ciency). In Figure 2.3, each dot represents a weight combination where the coloring

is based on the policy region (1, 2, 3, or 4).

Region 1 refers to the weight combinations for which the optimal solution is to ship no

food to the counties and instead, hold all food at the branch or hub locations. Regions 2
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and 3 refer to weight combinations where all available food is distributed to the counties

according to perfect equity and imperfect equity, respectively. The weight combinations in

Region 4 result in partial distribution of the food, which we explore in more detail later. Policy

Regions 1, 2, 3 and 4 contain 469, 2245, 1972, and 465 weight combinations, respectively.

Note, these regions may have more than one distribution solution. For example, in Region

3, the shipments vary according to the weight combinations although they all result in the

distribution of all available food with a deviation from perfect equity. Different regions

can have weights with similar preference relationships while the same region can have

weights with different preference relationships. For example, a set of weights with a higher

weight on effectiveness than ef�ciency can be observed in multiple regions (e.g., Region 2:

[0.09,0.89,0.02] and Region 3: [0.15,0.65,0.2]). On the other hand, Region 4 contains both

weight sets, [0.05,0.06,0.89] and [0.06,0.05,0.89], where the former has a higher weight on

effectiveness than equity and the latter has the reverse relationship. The regions illustrate

the trade-offs between equity, effectiveness, and ef�ciency and the corresponding effect on

food bank distribution.

Consider a scenario where the weight on equity is set equal to 0.2. From Figure 2.3,

we can see that for weights on effectiveness close to zero, there is no distribution in the

network (Region 1). As the weight on effectiveness increases, corresponding to a decrease

in the weight on ef�ciency, and crosses a threshold, Model EEE starts to distribute some

(but not all) of the available food, which we de�ne as Region 4. This is intuitive as a higher

weight on effectiveness would drive food distribution in the network. As the weight on

effectiveness increases, the distribution increases to the point where all food is distributed

inequitably (Region 3). This suggests that the weight of 0.2 on equity is not high enough

relative to ef�ciency to drive equitable distribution of all food in this region. However, if the

weight on effectiveness increases more because the weight on ef�ciency becomes very low,

all food starts to be distributed equitably since cost minimization loses its importance due
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Figure 2.3: Weight distribution across policy regions generated by Model EEE

to the low weight on ef�ciency. The changes in criteria weights can signi�cantly alter the

distribution policy as illustrated by the policy regions, which highlights the importance of

eliciting the preference of the food bank manager over the criteria.

To provide greater insight regarding the effects of the criteria weights on distribution, we

analyze the policy regions separately. We will not discuss Region 1 as zero food distribution

in a given month never happens in practice. In Region 2, all food is distributed equitably to

the counties. Thus, all combinations of weights will have the same distribution solutions

and criteria values. Insights about Regions 3 and 4 are more complex as the amount of food

distributed and the level of inequity evolves with the criteria weights within these regions.

In the following discussion, we take a deeper look at these two regions.

In Region 3, all of the available food in the network is distributed to the counties with a

deviation from perfect equity. Model EEE sacri�ces equity to distribute food more cheaply.

Figure 2.4 is an enlarged view of Region 3 where the color of the markers represents the

scaled ef�ciency values and where darker means a lower ef�ciency value and hence a lower
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cost solution. Note that scaled ef�ciency is the value of the ef�ciency criterion divided

by the upper bound of the criterion as de�ned in Section 2.3.3. As the weight on equity

increases, the need for a more equitable distribution causes the cost of distribution, and

hence the scaled ef�ciency value, to also increase. For example, since there may be rural

counties which are farther from food bank branches, it may be more costly to serve those

counties, yet necessary if equity must be satis�ed. Keeping the weight on equity �xed, the

scaled value of ef�ciency also increases as the weight on effectiveness increases, as this

causes the weight on ef�ciency to decrease; resulting in the same amount of food being

distributed in a more equitable way at a higher cost.

Another observation can be made from Figure 2.4 about the importance of the weight

on equity on the distribution policies. When the weight on equity is comparatively low,

it allows a larger range of effectiveness weights for which the optimal policy distributes

all food inequitably (it remains in Region 3), i.e., height of bars increases as the weight on

equity decreases. This is in part driven by the relative increase in the importance (weight)

of ef�ciency relative to equity. When the weight on equity is higher, the range of possible

effectiveness weights such that all food is distributed inequitably (the distribution decisions

remain Region 3) is smaller. When equity is more important, the trade-off between effec-

tiveness and ef�ciency becomes more pronounced and the resulting distribution policies

are more likely to move to the other regions. For a higher weight on equity, if the weight on

effectiveness is also high, the optimal distribution policy falls in Region 2 (equitable distri-

bution of all food), whereas if the weight on effectiveness is low, the optimal distribution

policy falls in Region 4 (partial distribution).

In contrast to Regions 2 and 3 where all food is distributed either equitably or inequitably,

in Region 4 only a portion of the available food is distributed. To understand the trade-off

between equity and effectiveness in Region 4, in Figure 2.5a, the scaled ef�ciency values

determine the coloring where the x and y axes correspond to the weights on equity and
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Figure 2.4: Scaled Ef�ciency values for varying weights on Equity and Effectiveness in
Region 3 (Inset)

effectiveness, respectively for this region, and lighter color means higher ef�ciency value,

i.e., higher cost. Note that a more ef�cient solution can be achieved in two ways: (i) by

distributing less food, or (ii) distributing the same amount of food along a cheaper (shorter

distance) path which typically corresponds to sacri�cing equity. Based on this, we see that,

keeping the weight on effectiveness �xed, as the weight on equity increases, the scaled

ef�ciency values, i.e., the cost of distribution, increases due to the increased importance of

the equitable distribution of food, causing the food to be distributed in a more expensive

way. Instead, if we keep the weight on equity �xed and increase the weight on effectiveness,

ef�ciency values also increase, now due to the need to distribute more food.

To further understand the impact of the weights of equity and effectiveness on the equity

of the distribution policies, we color code the weights within Region 4 according to equitable

(perfect equity - lighter) and inequitable (deviation from perfect equity - darker), based

on their corresponding achieved equity in Figure 2.5b. As shown, there is a clear boundary

between the equitable and inequitable weight regions. A minimum threshold on the equity
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weight is satis�ed for a partial distribution to be inequitable for a given effectiveness weight.

This threshold is higher if there is a higher weight placed on effectiveness. For higher

effectiveness weights, the model sacri�ces equity to reduce the cost of distribution and

improve the overall objective function value of Model EEE.

Figure 2.5: Scaled Ef�ciency values for varying weights on Effectiveness and Equity (5a)
and Distribution of weights on Equity and Effectiveness corresponding to equitable and
inequitable distribution (5b) in Region 4

We have also studied several modi�cations of Model EEE where we consider one or two

criteria in the objective function and assign the other criterion as a constraint to explore the

effect of placing all three criteria in the objective function. These analyses highlight bounds

on the criteria that constrain distribution and illustrate the interactions between the criteria

that drive distribution. Further, one of the strengths of the Model EEE formulation is that it

is possible to use Model EEE to identify the weights and regions that allow for corresponding

levels of ef�ciency, equity, and effectiveness as described below.

• Equity & Effectiveness in the Objective with Ef�ciency as a Constraint. As discussed

earlier, the weights on ef�ciency in�uence the amount of food distributed and how

food is distributed. If ef�ciency is modeled as a constraint with equity and effective-

ness in the objective function, it is binding for all values of scaled ef�ciency less than
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0.257. In other words, FBCENC would have to either sacri�ce equity or distribute less

to maintain the ef�ciency bound. This implies if the constraint on ef�ciency is greater

than 0.257, it is possible to distribute all food equitably. It is possible to use Model

EEE to identify the corresponding weight combinations for which scaled ef�ciency is

greater than 0.257, these weights likely are within Region 2.

• Effectiveness & Ef�ciency in the Objective with Equity as a Constraint. As discussed

earlier, like ef�ciency, equity can in�uence both the amount of food distributed and

the cost to distribute it. If equity is modeled as a constraint with effectiveness and

ef�ciency in the objective function, it is binding for all values of equity less than

0.532. Consequently, FBCENC would either have to distribute less or incur higher

cost of distribution to satisfy this equity requirement. This implies if the constraint on

equity is greater than 0.532, it is possible to distribute all of the food supply along the

cheapest path. It is possible to use Model EEE to identify the corresponding weight

combinations for which scaled equity is greater than 0.532 and these weights likely

are within Region 3.

• Effectiveness in the Objective with Ef�ciency as a Constraint. If there are no require-

ments associated with equity, i.e., the weight on equity is zero, and the focus is on

effectiveness, it is possible to distribute all the food supply if the bound on scaled ef�-

ciency is greater than 0.0208. If the bound is tighter, FBCENC would have to distribute

less food.

• Effectiveness in the Objective with Equity as a Constraint. If there are no require-

ments associated with ef�ciency, i.e., the weight on ef�ciency is zero, and the focus is

on effectiveness, it is possible to distribute all the food supply. But if the bound on

scaled equity is less than 0.07, the food must be distributed equitably. For any value

higher than 0.07, distributing all food does not require perfect equity, i.e., the equity
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constraint is not binding. In this case, a food bank is willing to sacri�ce a relatively

small level of equity in order to distribute the food.

The cases discussed above highlight that placing one of the criteria as a constraint in the

model may inadvertently result in that criteria being prioritized depending on how tight

the bound is, which may not re�ect the inherent preferences of a food bank. While the con-

strained models provide some insights on the boundary conditions of equity, effectiveness,

and ef�ciency, the models do not allow a decision-maker to explore her total spectrum of

preferences. By placing the criteria in the objective function, we are able to achieve a more

�exible model that can better re�ect the inherent preferences of a food bank, which may

vary dynamically.

Sensitivity Analyses : We have performed sensitivity analyses to explore the effect of

changes in holding costs and monthly donations on the policy regions. We have observed

that the policy regions remain robust for small changes in the holding cost and for relatively

large changes in donations. For example, keeping the holding cost at the hub constant, if

we increase the holding cost at the branches by 20%, then the cardinality of Policy Region 4

increases by 8%, and the cardinality of Policy Region 1 decreases by 10%. The changes to

Policy Regions 2 and 3 are insigni�cant (Appendix A.10.1, Table A.2). On the other hand, if

we consider the donations from August 2017 to December 2017 compared to the donations

in July 2017 (baseline), the changes in the cardinality for each policy region are within 1%,

except Policy Region 4 which decreases by 5% (Appendix A.10.1, Table A.3). Readers are

referred to Appendix A.10.1 for a detailed discussion on the sensitivity results.

2.5.2 PE Algorithm Results

While policy regions presented in Section 2.5.1 provide insights about the relationships

between weight combinations and resulting distribution policies, shipment decisions are

highly dependent on the decision-maker's preferred set of weights as illustrated by the
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behavior within Regions 3 and 4. We apply the PE Algorithm to FBCENC data to learn their

preferred weights as suggested by their distribution actions. We use our base case parameter

settings in our initial results. We also perform sensitivity analyses on model parameters

which are presented in Appendix A.10.2.

Before we discuss the PE Algorithm results, we provide a summary of the actual distri-

bution actions taken by FBCENC over July 2017. The total amount of available food in the

FBCENC network in July 2017 was 6.72 million pounds, comprised of 5.55 million pounds

of donations and 1.17 million pounds of starting inventory. A total of 4.84 million pounds of

food were distributed within the network, with an ending inventory of 1.88 million pounds.

We observe that in July 2017, FBCENC distributed less than the total available food in the

network with a deviation from perfect equity. Based on the insights from the different

policy regions in Section 2.5.1, we expect that the preferred set of criteria weights will fall

in Region 4. Next, we apply the PE Algorithm to the FBCENC data and characterize the

weights identi�ed, including their corresponding region(s).

To apply the PE Algorithm, we set s = 0.01and � = 0.07. We select the value of � iteratively,

starting from 0.01 and increasing by increments of 0.01 until the algorithm can reduce the

cardinality of the weight set. For values smaller than 0.07, the algorithm is unable to reduce

the weights. We start the PE Algorithm from the July 2017 period. We solve Model EEE for

the starting set of weights and reduce the cardinality of the weight set using the cutoff

condition. We move forward to the next month and apply the same procedure on the new

set of data considering the reduced set of weights. We plan to run the PE Algorithm until

June 2018, but the PE Algorithm may converge in an earlier month. Here, the PE Algorithm

does not converge to a single set of weights on equity, effectiveness, and ef�ciency. The

weight cardinality is reduced to zero by September 2017. However, the algorithm reduces

the cardinality of the weight set to three elements by August 2017. We denote this as "near-

convergence", where the algorithm reduces the starting set of weights to a set of reduced
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cardinality instead of converging to a weight set of unit cardinality. The total computational

time required for the algorithm was 152 seconds. The three weight combinations are: (i)

[0.29,0.13,0.58], (ii) [0.3,0.13,0.57], and (iii) [0.43,0.12,0.45]. To characterize the preferred

weights, we plot the nearly convergent weights from the PE Algorithm in Figure 2.6. We can

see that all three sets of weights in the nearly convergent set belong to Region 4, partial

distribution of available food.

Figure 2.6: Policy region for nearly convergent weights from PE Algorithm (Inset: Elicited
weights plotted over policy region 4); "*" marks the elicited weights

Examining the distribution of the weights on each criterion suggests that FBCENC prior-

itized ef�ciency �rst and then equity followed by effectiveness, in making their distribution

decisions. Although FBCENC has indicated that they prioritize equity �rst in our historical

correspondences, their actions suggest a different preference during the considered time

period. This may be due to the fact that although FBCENC considers equitable distribution

to be very important, they must consider cost minimization to be able to continue their

operations. Further, as highlighted in the inset of Figure 2.6, while these weight sets suggest

an inequitable distribution, at least one of the weights is close to the border of equity and
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inequity. As we met with our FBCENC partners to present our �ndings, they re�ected on

their priorities. They indicated that while equity is important, they prioritize not wasting

food, and in order to sustain operations, they prioritize having a non-zero ending inventory.

As a result, when they saw where their current actions placed on the distribution triangle, it

made sense to them and they indicated that it aligned well with their behavior and prior-

ities. We discuss the policy implications of this further in Section 2.5.3, along with other

managerial and policy insights.

Our result also differs from the �ndings of Gralla et al. (2014). While they have found

operational cost to be the least important in the context of disaster relief, we �nd the

opposite. This can be attributed to the urgency of a disaster relief problem, which is the

focus of Gralla et al. (2014). In contrast, we study a food bank's problem where a long-

term service is considered, and minimizing the cost of distribution can be signi�cantly

more important than in a disaster relief framework particularly given the need to sustain

operations. In Appendix A.10.2, we summarize the results of our sensitivity analysis based

on the holding costs and examine the scenarios where (i) the holding cost at the hub is

greater than the branch and (ii) vice versa. We �nd that the nearly convergent weights are

robust to small deviations in the holding costs. The nearly convergent weights remain within

Policy Region 4 if the percentage difference between the holding cost at the hub and at the

branches are within 5% of each other. The nearly convergent weights may shift to other

policy regions when the percentage difference between the holding cost at the hub and at

the branches is 10% or greater (Appendix A.10.2, Table A.4). We perform sensitivity analysis

on the algorithm with respect to the donations (or starting inventory) by implementing the

algorithm for different months and observe that the nearly convergent weights remain in

the same region (Appendix A.10.2, Table A.5).

We also perform experiments on a toy network and test its convergence performance.

Details of that analysis are provided in Appendix A.11. We �nd that although in some
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instances the PE Algorithm may never converge (e.g., weights that correspond to zero-

distribution policy), on average the PE Algorithm converges to a reduced set of weights

polynomially.

2.5.3 Managerial and Policy Insights

The policy regions discussed in Section 2.5.1 provide tangible insights for food bank man-

agers about their distribution policies. A food bank manager may have high level goals

regarding equity, effectiveness and ef�ciency to guide her distribution decision-making.

Given the starting inventory level, the effectiveness-equity distribution triangle (Figure 2.3)

can provide insight regarding the corresponding optimal distribution region, alternative

distribution policies, their commonalities, and respective criteria values. Alternatively, a

food bank manager may realize that the weights implied by their distribution actions as

identi�ed by the PE Algorithm differ from their strategic goals. In that case, she may be

interested in understanding how distribution should be changed to better align with her

priorities. A comparative analysis of distribution policies associated with each policy region

can inform the manager's decision-making process.

To illustrate the impact of the policy regions further, we compare four scenarios for

July 2017 where the ordering of the weights corresponds to equity, effectiveness, and ef-

�ciency, respectively: (i) distribution resulting from a weight combination from Region 2

with the highest weight on equity ( [0.43,0.37,0.20]), (ii) distribution resulting from a weight

combination from Region 3 with the highest weight on effectiveness ( [0.1,0.46,0.44]), (iii)

distribution resulting from one of the weight combinations in the nearly convergent set

identi�ed for July 2017 by the PE Algorithm, ( [0.29,0.13,0.58]; this weight combination is

from Region 4 and has the highest weight on ef�ciency), and (iv) the actual distribution

made by FBCENC in July 2017. For these distribution policies. Figure 2.7 illustrates the

MPIN and the MPIN range (MPINr) across counties; deviations from perfect equity and the
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equity deviation range across counties; the undistributed food or the ending inventories at

the food bank warehouses; and the total distribution cost. We de�ne the percent deviation

from equity at county a as ea =
jYb a � pa �

P
b 2B

P
a2A Yb a j

pa �
P

b 2B

P
a2A Yb a

. The county maps are color-coded by the

corresponding MPIN (Figure 2.7a) and the ea (Figure 2.7b) value for each county where

a lighter color represents lower MPIN and lower absolute deviation from perfect equity,

respectively.

Figure 2.7: A numerical study of equity, effectiveness, and ef�ciency among FBCENC's
distribution policy and policies in Regions 2, 3, and 4; MPINr : range of MPIN, PctDev:
percentage deviation from perfect equity, EndInv : ending inventory in pounds, DstrCost :
cost of distribution; "*" indicates a branch location; 1: Sampson, 2: Granville, 3: Wake
(Raleigh branch), 4: Durham (Durham branch)

The cost of equitable and effective distribution. Examining the leftmost map in Figure

2.7 (Region 2), we see that if FBCENC prefers to distribute all available food in the network

in a perfectly equitable manner, they incur an estimated distribution cost of $299,052. In the

actual distribution (the rightmost map in Figure 2.7), FBCENC retains 1.88 million pounds
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in ending inventory, has a wider MPINr and an estimated distribution cost of $288,140.

Several factors drive the difference between these two distribution schemes. First, FBCENC

is sometimes willing to sacri�ce equity if a county is experiencing hardship, as discussed in

Section 2.1. During June 2017, Sampson (1) county was declared a disaster region following

a tornado (of Public Safety 2020). We see that Sampson has the highest MPIN value of 15.35

(darkest color) on the actual distribution. Since Sampson is also farther from the branches,

this results in FBCENC spending $3,424 more to distribute 38,925 pounds more food to

Sampson compared to the equitable distribution case.

In contrast, some counties are underserved in the actual distribution compared to the

equitable distribution. For example, Granville (2) county has the lowest MPIN value of 3.6

despite being close to both the Raleigh (Wake - 3) and Durham (4) branches. We anticipate

that this may be due to capacity limitations in Granville county. In the equitable distribution,

an additional 62,829 pounds of food is distributed to Granville for an additional cost of

$3,471. Overall, if FBCENC prefers to achieve an equitable and effective distribution while

keeping their distribution costs low, they can decrease their distribution costs by adding

additional or satellite branch warehouses to the network that are closer to the consistently

underserved counties.

The equity implications of ef�cient and effective distribution. Alternatively, if FBCENC

prefers to distribute all food but at a lower distribution cost, they can choose the distribution

policy from Region 3. For this case, FBCENC's distribution cost decreases by 57%, but they

realize greater inequity across their service region. Speci�cally, Wake county, where FBCENC

hub is located, receives almost 1.36 million pounds of food more than their fairshare, i.e.,

ea = 94%, under this scenario. The total deviation from perfect equity equals 5.54 million

pounds of food. Similar to the �ndings associated with equitable and effective distribution

discussed above, one way a food bank may achieve ef�cient distribution with high levels

of effectiveness would be to decrease their holding costs by investing in additional or
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larger storage facilities (interestingly, since Hurricane Florence, FBCENC has maintained

additional warehouse storage at select locations within their network).

Potential bene�ts to food bank managers. The importance of the PE Algorithm is not

limited to identifying the preferred set of criteria weights corresponding to the distribution

actions taken by the food bank manager. The preferences associated with a food bank's

distribution actions may differ from the organization's operational priorities. For exam-

ple, we have seen in Section 2.5.2 that, based on the distribution actions taken over the

12-month horizon, FBCENC's highest priority is on ef�ciency, followed by equity and effec-

tiveness. However, FBCENC's historically stated preference places more weight on equity.

This inconsistency suggests that the actions taken by FBCENC may not align with their

stated preference. After our �ndings were shared with FBCENC, they acknowledged the

role that both ef�ciency and effectiveness played in their distribution decision-making,

sometimes at the expense of equity. While they prioritized turning their inventory as quickly

as possible, they acknowledged that it was vital to maintain some level of ending inventory

to sustain operations. FBCENC also identi�ed their target or aspirational region in the

equity-effectiveness distribution triangle as lying near the intersection of Regions 2, 3, and

4.

Given the preferences corresponding to their distribution actions elicited from the PE

Algorithm, FBCENC can plan their distribution policies strategically to align with their

stated preference. For example, suppose that FBCENC prefers to put more emphasis on

equity, but budget limitations restrict their ability to distribute the available food equitably

among the 34 counties. Under this scenario, they can explore Region 4 in Figure 2.3. It is

possible for them to increase their weight on equity by maintaining some inventory and

remain within Region 4. FBCENC can use Model EEE to identify the optimal distribution

policies for the candidate weight combinations that align with their preferences. FBCENC

can apply a range of these weight combinations, compare the corresponding distribution
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policies (such as the map for Region 4 in Figure 2.3), and choose a policy that best �ts

their preference. Model EEE is computationally inexpensive, as discussed in Section 2.5.1.

Therefore, the evaluation of multiple weight combinations and the selection of a suitable

distribution policy would not be time-consuming for FBCENC.

The bene�ts of Model EEE and the PE Algorithm are even more signi�cant consider-

ing the dynamic nature of FBCENC's preferences over the three criteria. To evaluate how

FBCENC's elicited preferences on equity, effectiveness, and ef�ciency have changed over

time, we have applied the PE algorithm to FBCENC data from August 2017 to December

2017. For December 2017, the PE algorithm was able to reduce the cardinality of the weight

set to the following �ve elements: (i) [0.22, 0.1, 0.68], (ii) [0.23, 0.1, 0.67], (iii) [0.24, 0.1, 0.66],

(iv) [0.24, 0.11, 0.65], and (v) [0.25, 0.1, 0.65]. All �ve weight combinations fall within Policy

Region 4. The ordering of the weights corresponds to the criteria of equity, effectiveness,

and ef�ciency, respectively. These nearly convergent weights are plotted over policy regions

which can be found in Figure 2.8b. Comparing these weight combinations with those for

July 2017 (Figure 2.8a), we see that the ef�ciency weights are higher and equity weights are

lower for December 2017. This may be attributed to the fact that FBCENC receives more

food in December, as this is during the holiday season, and FBCENC may sacri�ce equity

to distribute the additional food. This example of time-varying preference highlights the

potential bene�t of Model EEE's �exibility, allowing FBCENC to change the weights on the

criteria according to their current preferences and obtain distribution policy suggestions

accordingly. In addition, the PE Algorithm could be used to alert FBCENC of potential

changes in their preferences re�ected by their distribution actions.

2.6 Conclusion and Future Work

This paper aims to address two of the UN Sustainable Development Goals: achieving food

security and reducing inequalities. In developed countries, food banks commonly work to
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(a) Elicited weights for July 2017 data; Supply =
6.72 million lbs; Distribution% = 72%

(b) Elicited weights for December 2017 data; Sup-
ply = 7.6 million lbs; Distribution% = 70%

Figure 2.8: Elicited weights generated by PE algorithm for July 2017 and December 2017
FBCENC data

reduce food insecurity by distributing donations to food-insecure people in their service

regions in an equitable manner. In this paper, we study three commonly used criteria

considered by food banks: equity, effectiveness, and ef�ciency. To provide insight regarding

the optimal distribution policies for food banks and improve the understanding of the

trade-offs between different criteria, we formulate a single-period, uncapacitated, multi-

echelon multi-criteria network �ow model, denoted as Model EEE. The objective function

of the model is de�ned as a weighted sum of the three criteria. We use real data from our

partner food bank to illustrate results and characterize the trade-offs between the criteria

based on different weight combinations.

Understanding the preferences of decision-makers, i.e., the food bank managers, is crit-

ical for accurately and meaningfully informing the development of pragmatic distribution

policies for donated food. A food bank's preferences over the criteria of equity, effectiveness

and ef�ciency may vary based on supply and demand patterns. A distribution model that

assigns predetermined weights on the criteria may not be able to produce a distribution

policy that is acceptable and implementable. We have proposed a preference elicitation

algorithm, the PE Algorithm, which uses the distribution actions taken by a food bank over

time to elicit the inherent preference of the food bank over the criteria. The PE Algorithm
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considerably reduces the number of possible discrete weight combinations over these

criteria that correspond to the distribution actions taken by the food bank. Further, food

banks, such as FBCENC, can use this algorithm to demonstrate the differences between

their current and strategic preferences on equity, effectiveness, and ef�ciency for soliciting

funding from federal agencies and donors.

To the best of our knowledge, the PE algorithm is the �rst approach in the humanitarian

aid distribution literature to identify the decision-maker's preference for the criteria based

on only observing their distribution actions. A unique aspect of the PE Algorithm relative

to many non-interactive preference elicitation methods is that it uses only the distribution

actions and the corresponding criteria estimates but does not require knowledge of the

objective function value. We perform an extensive numerical case study to evaluate the

algorithm's computational ef�ciency and provide managerial insights for FBCENC based

on their historical distribution behavior and operations data. Although the algorithm does

not always converge to a unique set of weights, it can reduce the cardinality of the weights

set signi�cantly, providing a range of feasible weights that represent the preferences of

FBCENC based on their distribution actions. We discuss the policy implications of FBCENC's

preferred weights and the expected in�uence of these preferences on equity, total food

distribution, and transportation costs.

Furthermore, we presented our �ndings to the FBCENC managers. They agreed that

their preference for equity, effectiveness, and ef�ciency fell within Policy Region 4, i.e.,

partial distribution of the available food. FBCENC managers also indicated that their future

goal is to have a distribution policy that is closer to Region 2, i.e., equitable distribution of

all available food. We shared our recommendations on how that could be achieved and

the potential implications, based on our discussion in Section 2.5.3. FBCENC managers

found our comparative analyses on the policy regions and actual distribution in terms of

Meals Per Person In Need (MPIN), cost of holding food, and cost of distribution insightful
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and easy to understand. These analyses allowed them to better understand and explore

the impact of their actual distribution actions visually using their operational performance

metrics.

This paper can be extended in several ways. Our model considers a single period that

can be extended to a multi-period setting to provide optimal distribution decisions over

time. In addition, although our model assumes that the parameters are deterministic, some

parameters, such as supply, are stochastic. A possible extension would be to model stochas-

tic supply. Further, the model can be extended to consider the receiving and distribution

capacity of the counties and food bank hub and branches, respectively. We believe adding

capacity constraints may make achieving equity more dif�cult, creating a more pronounced

trade-off with effectiveness and ef�ciency. Finally, the perishability of some food items has

not been explicitly considered in this paper. Two approaches may be taken to consider

perishability: the holding cost may vary by food type, or a time limit may be imposed on

how long food items can be stored. If we consider a preference-based quality dimension,

then a utility-based approach can be taken.

Although our models are motivated by the operations of our food bank partner, they are

directly applicable to other food banks. Different food banks likely have different operating

priorities and place different weights on the criteria of equity, effectiveness, and ef�ciency

when making distribution decisions. A given food bank may prioritize equity over effective-

ness and ef�ciency, while another food bank may prioritize effectiveness to minimize food

waste and reduce the cost of waste disposal. For example, a food bank that operates in an

area with a high cost of living may prioritize minimizing operating costs to continue their

operations, whereas another food bank may be more concerned with the quick turnaround

of food due to limited storage. Given these variations in preference, solutions and policies

that are based on predetermined criteria weights, or those that ignore one or more of these

criteria, may overlook or inaccurately represent the preferences of a food bank in a given
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period. The models presented in this study have the �exibility to adjust to food banks'

changing preferences and needs. At a larger scale, Feeding America, which collects and

distributes food donations to its food bank af�liates in an equitable, effective, and ef�cient

manner, can use the model to determine their optimal distribution policies according to

their preference.

Further, the developed methods can potentially be applied to global humanitarian relief

efforts. One of the UNSDGs addressed in this paper, reducing food insecurity, is also a

primary strategic goal of World Food Programme (WFP) (World Food Programme 2017).

Under WFP, the United Nations Humanitarian Response Depot (UNHRD) is a global network

of depots located in Ghana, Italy, United Arab Emirates, Malaysia, Spain, and Panama that

procures, manages, and transports emergency supplies for the humanitarian community

(The United Nations Humanitarian Response Depot 2017). UNHRD usually considers two

criteria in distributing donated food: (i) maximization of demand met and (ii) minimization

of travel distances (Miraç and Eren 2020). UNHRD's �rst criterion can be related to Model

EEE's equity and effectiveness criteria, whereas UNHRD's second criterion can be related

to Model EEE's ef�ciency criterion. Therefore, the model developed in this paper can be

applied to a broader framework to address the complex challenges posed by UNSDGs.

Finally, our results can be used for long-term humanitarian relief operations, where the

goal is usually to distribute relief items to the affected population in an equitable (each

person's demand is met), effective (minimal waste of relief items), and ef�cient (minimal

distribution cost) manner. International humanitarian organizations such as Red Cross,

Doctors Without Borders, and Oxfam could also use the PE Algorithm to elicit their inherent

preferences over the criteria.

86



Acknowledgements

This research has been supported by the National Science Foundation (Grant number

1718672). The opinions expressed in the paper represent those of the authors and not

necessarily those of the National Science Foundation. We would also like to thank the

Food Bank of Central and Eastern North Carolina (FBCENC); speci�cally, Charlie Hale, Vice

President of Operations and Programs, and Earline E. Middleton, Vice President of Partner

Services and Public Policy, at FBCENC for their help and support in this study. We would

also like express our gratitude to Dr Katie Homar, Director of Academic Engineering Writing

Support at The Graduate School of North Carolina State University, for proof-reading and

editing our manuscript.

87



CHAPTER

3

ELICITATION OF UTILITY AND STABILITY

OF THE PARTNER AGENCIES OF A FOOD

BANK AND THE ASSOCIATIONS OF THE

UTILITIES WITH SOCIO-ECONOMIC

FACTORS

88



3.1 Introduction

Feeding America (FA), the largest hunger-relief organization in the US, de�nes food insecu-

rity as "a household's inaccessibility to enough nutritious food for the normal growth and

development of its members" (Feeding America 2015). Food insecurity is ubiquitous and af-

fects countries worldwide. According to World Food Programme, approximately 811 million

people are food-insecure worldwide as of June 2022 (World food Programme 2022). Accord-

ing to FA, approximately 38 million people in the US, including 12 million children, are food

insecure as of June 2022 (Feeding America 2022a). Moreover, the COVID-19 pandemic has

exacerbated the state of food insecurity. Due to the pandemic, families with children and

communities of color already facing increased food insecurity have experienced hunger

disproportionately (Feeding America 2022a).

In the US, FA operates through a nationwide network of over 200 food banks to collect

and distribute food to the food-insecure population on a regular basis. A typical food bank

that is an af�liate of FA receives food from various sources, including Feeding America,

the US Department of Agriculture (USDA), local supermarkets such as Walmart and Food

Lion, and local farmers. The food bank then distributes the donated food to the charita-

ble agencies situated within the food bank's service region. In partnership with Feeding

America's over 200 partner food banks, approximately 60,000 agencies distribute food to

the food-insecure population in the US (Feeding America 2020b). The charitable agencies

include churches, shelters, food pantries, mobile food pantries, soup kitchens, and group

homes. For this paper, we collaborate with the Food Bank of Central and Eastern North

Carolina (FBCENC), an af�liate of FA, that partners with 979 agencies, as of September

2020, in a 34-county service region in North Carolina. Figure 3.1 shows the locations of the

979 partner agencies, hub and six branches of FBCENC.

The charitable agencies are the last point of distribution in this network and are respon-
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Figure 3.1: Locations of the hub, six branches, and 979 partner agencies of the Food Bank
of Central and Eastern North Carolina

sible for distributing food to the food-insecure population. Although food banks typically

determine the food allocations to the agencies, they also consider the agencies' preferences

or valuations for the food items they would like to receive. However, the agencies' valuations

for the pounds of food received ( i ) may not be clearly known to the food bank, ( i i ) may be

different for each agency, and ( i i i ) may change over time. This paper aims to characterize

a given agency's valuation over the pounds of food received in terms of a utility function.

We aim to elicit the utility functions for partner agencies of a given food bank with the

goal of understanding how this may be re�ected in food distribution and to explore the

heterogeneity among the agencies' valuations of the food they receive from a food bank.

Moreover, we aim to measure the stability of the partner agencies. Speci�cally, we identify

the period(s) over which a given agency's utility over the pounds received from the food

bank does not change signi�cantly. Similar to the utilities, we also explore the heterogeneity
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among the agencies' stabilities. Another goal of this paper is to explore the relationship

between an agency's utility and attributes of an agency and its environment including its

ability and relevant geographic and socio-economic factors.

The valuation of the agency over the pounds of food it receives from a food bank is an

abstract concept. One can roughly characterize the valuation as the pounds of food each

agency "wants" to receive from the food bank, which can be a function of multi-faceted

ability-related parameters. Consider an agency that does not have refrigeration capacity. A

food bank that provides food to the agency may never see the agency shopping for food that

requires refrigeration. Similarly, an agency with limited total storage capacity or limited

staff/ volunteer capacity will likely receive less food from the food bank compared to an

agency with higher storage capacity. An agency's valuation may also be in�uenced by its

monetary resources. An agency with fewer monetary resources may buy less food compared

to an agency with more monetary resources. There can be other ability related parameters

that may in�uence an agency's valuation of the pounds it "wants" to receive from a food

bank. Thus, eliciting an agency's valuation may also inform a food bank about the agency's

multi-faceted ability as well, which can inform a food bank's planning to ensure there is

adequate access to food throughout its service region.

The existing heterogeneity in agencies' valuations over the pounds of food they receive

can be seen in following examples from historical FBCENC agency data. In July 2017, 554

of 979 agencies in FBCENC's service region (i ) received some food (i.e., pounds of food

>0) from FBCENC, and (i i ) served and reported a positive number of persons to FBCENC.

We consider four actions taken by each agency in July 2017: ( i ) pounds of food received

by the agency from FBCENC; ( i i ) number of persons served by the agency; ( i i i ) average

cost per pound of food paid by the agency to FBCENC; and ( i v ) number of days the agency

received positive ( >0) pounds of food from FBCENC. Figure 3.2 shows the histograms and

summary statistics of these four actions for the 554 agencies and illustrates the variability
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in the actions.

Figure 3.2: Variability in the actions taken by 554 Partner Agencies of Food Bank of Central
and Eastern North Carolina in July 2017

Figure 3.2 portrays the variability in the actions taken by FBCENC's partner agencies in

July 2017. For example, we can see that 231 of 554 agencies received less than 1000 pounds

of food in July 2017 from FBCENC, whereas 171 agencies received more than 3000 pounds

of food. Moreover, 224 agencies ( � 40%) served fewer than 300 people, where 137 agencies

(� 30%) served more than 1,200 people. Variability existed in the average cost per pound

as well, 215 agencies had an average cost of less than 3 whereas 64 agencies incurred an

average cost of 3-6. Furthermore, 33% agencies received food only once in July 2017 whereas

14% agencies received food more than 4 days. In short, there is substantial variability in the

actions taken by the agencies which may re�ect heterogeneity in the agencies' valuations

over the pounds they receive from the food bank. Understanding the unique valuations

of their partner agencies may help a food bank develop more customized distribution
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policies for the agencies to serve them better and enable food banks to better serve the

food insecure in their service area.

Feeding America and its partner food banks use the parameter, Meals per Person In

Need or MPIN, either in estimating hunger need or as a part of distribution policy goal.

Every year, FA estimates the number of meals required to make every food-insecure person

food-secure in each county of the United States (Feeding America 2022c). The MPIN can

easily be transformed into pounds per person in need or PPIN. The food banks, such as

FBCENC, use MPIN and PPIN as measures to achieve equity within their service regions.

For example, FBCENC serves 34 counties and it tries to distribute food to these counties in

a way that each county's PPIN is the same. Any agency, which is a partner of a food bank in

the US and a partner of Feeding America, may also use PPIN as a measure of performance.

As available food donations are usually overshadowed by demand (Hasnain et al. 2021),

an agency may try to distribute food in a way that all people served by the agency receive

as much food as possible while also ensuring that each person in need receives the same

pounds of food. Thus, an agency's valuation over the pounds it receives from a food bank

may be captured through PPIN.

Moreover, in comparison to a measure like total pounds of food received, PPIN is a

scaled parameter for all partner agencies of a food bank. Consider two partner agencies

of FBCENC: Salvation Army in Raleigh and Feed the Pack. The former agency serves the

city of Raleigh, North Carolina whereas the latter serves only the students and employees

of a university. The number of people served and the storage capacity to receive food for

the former agency may be higher than the latter. Comparing the valuation of these two

agencies over the food they receive from a food bank in terms of either pounds received or

people served may not be fair. On the other hand, PPIN-based valuations are scaled for all

partner agencies of a food bank, thus comparing the heterogeneity that exists among the

partner agencies' utilities over PPIN may be fair and meaningful.
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Several factors may affect an agency's valuation over PPIN such as the agency's abilities.

An agency's ability can be multidimensional, such as its ability to buy, collect, and / or

store food. These abilities may constrain the actions taken by the agency in terms of the

pounds received to serve per person in need, i.e., PPIN. Moreover, the geographic and

socio-economic factors associated with the agencies' locations such as distance between

an agency and the food bank or the Median Family Income on the census tracts and zip-

codes, may also be associated with the agencies' valuations over PPIN. A study of these

potential associations may aid a food bank to obtain valuable insights into its agencies'

behaviors.

The stability of the agencies is another dimension we explore in this study. A given

agency's actions regarding the pounds of food it receives or bene�ciaries it serves may be

relatively constant over an extended period of time or may change sporadically. An agency

with a longer period of stability may indicate a consistent �ow of resources and volunteers

and/ or a stable source of vehicles to collect donations. Moreover, a food bank may prefer

to have more stable agencies so that the food-insecure population within the food bank's

service region are served reliably. For example, FBCENC asks their partner agencies to

maintain a set of six guiding values / principles: Client-Focus, Food Bank Engagement,

Distribution, Compliance, Capacity, and Partnerships (Food Bank of Central and Eastern

North Carolina 2022). The guiding value of "Compliance" requires an agency to report

regularly to FBCENC (Food Bank of Central and Eastern North Carolina 2022). If a method

can elicit the stability of the partner agencies, a food bank can use that information to take

necessary actions to maintain a stable �ow of food within its service region.

In this paper, we answer four research questions. Our �rst two questions are: What is

the valuation a given charitable agency places over the pounds of food received from the food

bank? How do we elicit the risk attitudes of the agencies? To answer these question, we de�ne

a utility function for each agency over the Pounds they receive to serve per Person In Need
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(PPIN) and develop a method for eliciting the shape of the utility function from the agency's

historical PPIN. We use this function to characterize the risk behavior of each agency. An

agency is "Risk-averse" if the agency has a marginal diminishing utility over PPIN. An

agency is "Risk-neutral" if the agency has a constant utility, or "Risk-seeking" if the agency

has a marginally increasing utility. The de�nition of the agency's risk attitude follows the

seminal work of Morgenstern and Von Neumann (1953). To the best of our knowledge, our

work is the �rst approach in the humanitarian aid distribution literature that captures the

heterogeneity of a set of receiving humanitarian agents' utilities in terms of risk attitude over

pounds per person in need. We develop a minimax, non-linear, deterministic optimization

model named "Model HUE", where HUE stands for "Heterogeneous Utility Elicitation".

The model observes a given agency's historical actions and elicits its risk attitude. To the

best of our knowledge, Model HUE is the �rst method in the humanitarian aid distribution

literature that identi�es an aid-receiving humanitarian agent's risk attitude, in turn, the

utility function, that requires no human interaction with the staff of food bank or the

agencies. We also extract important insights about Model HUE through rigorous analytical

proofs.

Our third question is: What is the stability of the agencies? To answer this question, we

develop a novel algorithm named the "Utility-Dominance Algorithm', i.e., the "UD algo-

rithm," that can identify the number of periods an agency's utility remain signi�cantly

unchanged. We denote the number of periods as the agency's "stable horizon." The algo-

rithm considers the change in utilities for an agency as one period from the past is added

to the agency's stable horizon. Based on statistical and analytical rules, the algorithm then

identi�es whether the change in utility is signi�cant. To the best of our knowledge, the UD

algorithm is the �rst to elicit the stability of a charitable aid receiver (i.e., agencies) in the

humanitarian aid distribution literature. Section 3.3.3 discussed the algorithm in detail.

Our �nal question is is: How are the heterogeneous risk attitude exponents of the agencies
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associated with their ability and stability or socio-economic factors in the agency's locations?

To answer this question, we employ a multiple linear regression model considering the risk

attitude of the agencies as the response variables. We consider factors as independent vari-

ables that capture the agencies' ability to buy, collect, store, or serve food, the stability of the

agencies, socio-economic factors associated with the agencies' locations, i.e., census tracts

and 5-digit zip codes. This analysis identi�es ability-based and socio-economic factors

that are signi�cantly associated with the agencies' risk behavior. Section 3.3.4 discusses the

factors selection and statistical techniques employed to perform the association analysis in

detail.

This paper is structured as follows: Section 3.2 provides a review of the relevant literature.

Section 3.3 discusses the methods employed in this study. In Section 3.4 summarizes the

results obtained by applying the methodologies on our partner food bank's agencies' data.

Section 3.5 concludes this paper.

3.2 Literature Review

The humanitarian aid distribution literature can be divided into ( i ) short-term and ( i i ) long-

term aid distribution. Short-term humanitarian aid distribution refers to the distribution of

relief items in a disaster setting. In contrast, the long-term distribution refers to the activities

of organizations that maintain a steady �ow of relief distribution over a long period. The

activities of a food bank can be placed among long-term distribution. We categorize the

decision-makers of both literature spectra as either an "aid distributor" or an "aid receiver."

In the following subsection, we place our work among the papers that consider an agent's

perspective in humanitarian aid distribution, as either an aid receiver or a distributor, and

aim to elicit its preferences / utilities.
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3.2.1 Disaster Relief

Several papers focus on aid distributors' perspectives and apply interactive techniques

to elicit their preferences. To elicit the trade-offs between equity, effectiveness, and ef�-

ciency for disaster aid distributors, Gralla et al. (2014) performed a conjoint analysis by

surveying 18 experts to estimate their preferences over �ve metrics. They de�ned equity as

the delivery of relief items to locations according their emergency priority placed by the

distributor, effectiveness as the maximization of aid delivery, and ef�ciency as the cost of

distribution. Their analysis revealed that effectiveness was the most preferred criterion

by the distributor, followed by ef�ciency and then equity. Carland et al. (2018) applied the

swing weight method for urgent medical aid distributors which involved asking expert

distributors about their swing ranges for each distribution criterion, i.e., the highest and

lowest levels of each criterion assigned by the distributors. To deal with the uncertainty of

experts' judgments and expressions, Y�lmaz and Kabak (2020) applied an Interval type-2

fuzzy sets Analytic Hierarchy Process (IT2FS AHP) in identifying the weights placed on

three criteria by disaster aid distributors: transportation cost, infrastructure, and security.

Grover et al. (2020) collected qualitative data via semi-structured interviews, focus group

discussions, and guided conversations with 40 participants representing eight different

stakeholders to identify the implicit criteria for grain distribution by government bodies in

India and the weights on the criteria by using a rank-order method that ranked the criteria

based on the qualitative data. These papers focused on a single agent; they did not consider

the elicitation of a set of agents' heterogeneous utilities.

Several papers focus on identifying the aid receivers' utilities regarding deprivation

cost. The term "deprivation cost" was �rst coined by Holguín-Veras et al. (2013) to illus-

trate the post-disaster human suffering in terms of a mathematical formulation. Macea

et al. (2018a), Cantillo et al. (2018), and Macea et al. (2018b) employed the Stated-Choice
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analysis to identify the aid receivers' deprivation in terms of access to drinking water. The

Stated-Choice analysis is a revealed preferencetechnique where the aid receivers were asked

to choose between different pairs of hypothetical disaster scenarios. In a similar context,

Holguín-Veras et al. (2016) applied another revealed preferencetechnique, the Contingent

Valuation process, where the aid receivers were shown different hypothetical scenarios

and asked how would they improve the scenarios. The authors found that the aid receivers'

deprivation increased non-linearly with waiting time to receive drinking water. Wang et al.

(2017) estimated the deprivation function over food, tent, and medicine access time by

applying a ratings-based method on the survey data collected from aid receivers with and

without disaster experience. The authors showed a signi�cant difference in the deprivation

between the aid receivers with and without disaster experience. The main difference be-

tween these papers and our work is that these papers considered a disaster relief context and

focused on the utility elicitation for bene�ciaries. In contrast, we consider a long-term aid

distribution context and focus on the charitable agencies that receive aid (food) from their

upper echelon agents (food banks). Moreover, these papers employed methods that require

interaction with the decision-makers, whereas we employ a non-interactive technique that

observes the historical actions of charitable agencies to identify their heterogeneous utility.

A body of disaster relief literature employed game-theoretic approaches to study the

interaction between aid distributors and receivers. Several papers considered the interac-

tion between donors and humanitarian organizations (HO) where the HOs compete for

the available donation (Castaneda et al. 2008; Fathalikhani et al. 2018; Kamyabniya et al.

2019). In these papers, the HOs or the aid receivers were assumed to have prede�ned utility

formulations composed of components such as maximizing relief received, minimizing

collection cost, and maximizing relief distribution to the affected areas. A separate set of

papers considered the scenario where aid receivers collected donations from relief centers

(Muggy and Stamm 2020; Stamm 2010). These papers assumed that an aid receiver's utility
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was a function of their distance from the relief centers and the congestion at the facilities.

The fundamental difference between these papers and our work is that these papers are

developed for a disaster relief context while we consider a food banking context, i.e., long-

term aid distribution. Moreover, while these papers consider the utility of the aid receivers,

they did not employ an elicitation technique for identifying the heterogeneous shape of

the utility functions.

3.2.2 Food Banking Operations

Food banking operations literature has typically focused on optimizing tactical distribu-

tion decisions taken by a food bank. For example, Sengul et al. (2013) and Sengul Orgut

et al. (2016b) developed deterministic, capacity-constrained network �ow models to de-

rive optimal distribution policies for a food bank considering equity and undistributed

food minimization (effectiveness). Sengul Orgut et al. (2017) and Sengul Orgut et al. (2018)

extended the previous papers by employing a two-stage stochastic model and a robust opti-

mization model, respectively. Fianu and Davis (2018) studied a discrete-time discrete-state

Markov Decision Process (MDP) model with stochastic supply. Islam and Ivy (2018, 2021);

Alkaabneh et al. (2020); Hasnain et al. (2021) considered equity, effectiveness, and ef�ciency

in developing optimal distribution policies for a food bank. Hasnain et al. (2021) developed

a method to non-interactively elicit a food bank's preference over equity, effectiveness, and

ef�ciency. However, this set of papers considered the food bank as the primary decision

maker and did not consider the perspective of the charitable agencies, who directly receive

food from the food bank.

Several papers on food banking operations also considered the aid receiver's utility.

Prendergast (2016, 2017) studied the interaction among Feeding America (FA) and its

partner food banks where the food banks receive food allotments from a bidding platform
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developed by FA. The author used the food banks' bidding data over six years to identify

their utility over different food types in terms of their willingness-to-pay (WTP) measures.

To estimate the WTP measure for a given food type, the author utilized descriptive statistical

methods such as calculating the average and standard deviation of the bidding prices of

the food banks for different food types. These papers did not consider the heterogeneity in

preferences of the food banks over different food types. Based on the varying WTP estimates

across food types, the author developed utility formulations where the food types with

higher WTP possessed a linearly increasing utility and the food types with lower WTP

possessed a marginally diminishing utility. In contrast, the partner agencies of a food bank

usually do not follow a bidding procedure to collect the food donations from a food bank.

Consequently, measuring the WTPs for the agencies cannot follow the same procedures as

in Prendergast (2016). In this study, we aim to address this gap.

Babaioff et al. (2019) employed a principal-agent framework for food banks receiving

indivisible resources with additive preferences for the food banks. Lundy et al. (2019)

developed a principal-agent framework where a food bank distributes food to a set of

charitable agencies. The agencies were assigned a prede�ned utility structure, increasing

with received food and decreasing food prices. On the other hand, Sahinyazan et al. (2021)

employed a bi-level programming approach for the last-mile distribution of donated food.

The authors considered prede�ned preference structures of the aid receivers, i.e., agencies,

over different food types. These papers did not develop a method to elicit the utility and

stability of the charitable agencies in a network for food as developed here.

Several papers focused on identifying the food access characteristics at the food-insecure

population echelon of the network for food. Sucharitha and Lee (2019) applied a Gaussian

Mixture Model to cluster the food-insecure households based on their distances from the

agencies. They de�ned the cluster of households with the highest average distances with

the least access to food. Alotaik et al. (2017) took a similar approach, but they clustered the
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census tracts instead of the households within the service region of Central Pennsylvania

Food Bank (CPFB). The authors employed the K-Means clustering algorithm considering

two metrics of the census tracts: (i) the distance of the census tract centroids from their

closest agencies; and (ii) the income level of each census tract. They categorized the cluster

of census tracts with the lowest income level situated further from the agencies as "food

deserts." He et al. (2018) clustered the counties within the CPFB's service region based on

food insecurity and poverty rate of the counties using the K-Means algorithm. Waity (2016)

employed descriptive methods to differentiate the Indiana counties using metrics such as

the food insecurity rate and the distance-to-the-closest-agencies. Davis (2018) developed

hypotheses tests to study the relationship between highly food-insecure census blocks and

their distances from the agencies. The primary difference between these papers and our

work is that we develop methods to elicit the utility and stability of the charitable agencies,

the echelon between a food bank and the food-insecure population.

3.2.3 Our Contributions

Our paper makes the following contributions to the humanitarian aid distribution literature.

1. To the best of our knowledge, our paper is the �rst to develop a non-interactive

method to elicit the heterogeneous utility of a set of charitable aid receivers in the

humanitarian aid distribution literature.

2. Our paper also introduces a new metric to measure the stability of a charitable aid

receiver and develops a technique to elicit the stability metric which has not previously

been studied in the humanitarian aid distribution literature.

3. This paper is also the �rst to study the association of the utility of the agencies with

their ability, stability, and socio-economic factors in the food banking operations
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literature.

In short, in this study, we aim to elicit the utility and stability of the charitable agencies

who receive food from a food bank and understand the associations of the utilities with

different socio-economic factors. The methodologies developed in this study and the

results obtained by employing the methods on our partner food banks' data are discussed

as follows.

3.3 Methodology

3.3.1 Utility Function of a Charitable Agency

Agencies within a food bank supply chain receive food from the food bank and distribute

the food to the food-insecure population (FBCENC 2022). We de�ne the utility of agency i in

period t in terms of the PPIN in period t , following the seminal work of John von Neumann

and Oskar Morgenstern in "Theory of games and economic behavior" (Morgenstern and

Von Neumann 1953).

De�nition 1 For period t , if agency i receivesr i t pound of food from the food bank and

servesn i t person in need, the agency's PPIN is
�

r i t
n i t

�
in period t . The utility of the agency in

period t , denoted as u i t , is de�ned as follows:

u i t =
•

r i t

n i t

‹ � i

, �1 < � i < 1 (3.1)

In other words, we assume that the utility function for a charitable agency is a function

of the agency's PPIN value. However, the utility functions of agencies can be heterogeneous

as an agency's willingness to receive the next pound to serve per person in need (or the

next PPIN) may vary from one agency to another, i.e, � i 's for the agencies vary. We de�ne
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this willingness as an agency's risk attitude. The willingness to receive the next PPIN of an

agency can be enumerated as the change in utility of the agency for receiving the next PPIN,

i.e., the marginal change in utility. Mathematically, the �rst-order conditions for the utility

function of an agency represent the marginal change in utility. In other words,

Agency i 's marginal change in utility = � i �
•

r i t

n i t

‹ � i � 1

(3.2)

Based on the range of values � i can take, the pattern of the changes in the marginal

utility of an agency varies. If 0 < � i < 1, then Equation 3.2 indicates that the marginal utility

of the agency to receive the next PPIN decreases as PPIN increases. An agency with such

an � i value belongs to the "risk-averse" group of agencies. If � i = 1, then the marginal

utility to receive the next PPIN is constant as PPIN increases. This group of agencies is

"risk-neutral." Finally, if � i > 1, we can see that the agency's marginal utility to receive the

next PPIN increases with increasing PPIN. These agencies are denoted as the "risk-seeking"

agencies. As� i corresponds to the risk attitude of agency i , we denote � i as the "risk attitude

exponent" or in short, the "risk exponent".

To interpret the risk attitude, we introduce two metrics: (i) actual PPIN, or the pounds

received by the agency from the food bank to serve per person in need; and (ii) PPIN

benchmark set by the food bank. The PPIN benchmark refers to the PPIN the food bank

expects an agency to achieve in a given period. The PPIN benchmark re�ects the food

bank's goal to achieve equity in food distribution as the food bank aims to distribute food to

each agency in way that all agencies' PPIN are the same. If in fact these two metrics, actual

PPIN and PPIN benchmark, match for a given agency, such an agency's utility is linear over

PPIN, and it is a risk-neutral agency.

A food bank may not fully regulate the pounds received by its partner agencies to serve

per person in need. For example, the agencies of FBCENC can shop for food from the food
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bank warehouse. Thus, an agency's actual PPIN may be higher or lower than the benchmark

PPIN set by food bank. If higher, such an agency is deemed as risk-seeking, i.e., � i > 1.

The DM may interpret that as the agency having higher ability to receive food to serve

per person in need. If lower, such an agency is deemed as risk-averse, i.e., � i < 1, and the

DM may interpret the agency having lower ability to receive food to serve per person in

need. In other words, the PPIN-based utility of an agency represents the agencies ability to

receive food to serve per person in need, where risk-seeking agencies have higher ability

and risk-averse agencies have lower ability. Note, the risk exponent of an agency can also

be negative, which is grouped with the "risk-averse" agencies as the agencies with negative

risk exponents can be deemed as having very low ability to receive food to serve per person

in need.

Moreover, the agencies within a group, i.e., "risk-averse" or "risk-seeking", may not have

the same willingness to receive the next PPIN. Equation 3.2 is used to differentiate between

any two agencies which belong to a certain risk group. Consider two "Risk-averse" agencies

i and j where � i > � j . From Equation 3.2, it is easy to see that agency i is more willing (or

able) to receive the next PPIN than agency j . A similar argument can be made about any pair

of "Risk-seeking" agencies. Thus, one can visualize the risk exponents of all agencies in a

food bank network as a risk spectrum that spans the R1 space. To summarize, � i represents

the risk exponent of a given agency i , thereby identifying � i 's for all agencies within a food

bank network would aid a food bank manager to understand the heterogeneity among its

partner agencies' utilities and develop customized distribution policies for the agencies.

In section 3.3.2, we develop a method to elicit the � i for a given agency i by observing the

agency's historical actions. Later, we apply the method to all agencies of our partner food

bank and build a risk spectrum.
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3.3.2 Model HUE: A Method to Elicit an Agency's Risk Attitude

We consider a food bank manager, i.e., the decision-maker (DM), who, at the beginning

of a given period, i.e., the "decision point (DP)", aims to elicit the risk exponent of a given

agency by looking back at the agency's historical actions. The number of periods the DM

considers to look back in eliciting the agency's risk exponent is de�ned as the agency's

"stable horizon ( SH)." The DM observes three pieces of information associated with the

agency for each period within the stable horizon: Actions ( i ) the pounds of food received;

and (i i ) the number of persons served, and ( i i i ) the PPIN benchmark.

The Heterogeneous Utility Elicitation Model or Model HUE is a multi-period, deter-

ministic non-linear programming model that elicits the risk exponent of an agency using

historical data. The model produces a representative risk exponent for the agency by mini-

mizing the maximum difference between the actual PPIN of the agency and the benchmark

PPIN set by the food bank for each period in the stable horizon. The model operates under

the following sets of assumptions:

1. The food bank is the only source of donations for its partner agencies. A partner agency

is an independent charitable organization that can have multiple sources for dona-

tions. However, a food bank may not have access to information about the donations

received by its partner agencies from other sources. Hence we assume a food bank is

the sole donation source for the agencies considered for this study. This assumption

also implicitly ensures that each partner agency serves the food-insecure population

within its locality only with the food it receives from the food bank. Thus, from the

food bank's perspective, the PPIN achieved by an agency is a ratio of the pounds the

agency receives from the food bank and the number of persons served.

2. Each agency distributes all of the food it receives from the food bank in a given period.

This assumption follows from the same fact that each agency is an independent
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organization. Thus, unless shared, it is not possible to track the on-hand inventory

of food at the agencies at any given point in time. This assumption may also be

justi�ed by the fact that some agencies are small nonpro�t organizations and may

lack resources required to store food for long periods of time.

3. No two agencies serve the same bene�ciary. Agencies report their monthly number of

persons served to the food bank. However, to the best of our knowledge, a method of

tracking whether multiple agencies serve an individual bene�ciary is not currently in

place. A food bank may prefer that its partner agencies serve a mutually exclusive set

of bene�ciaries to maintain an equitable distribution of the available food.

Table 3.1 contains the notation used in the model. Model HUE for a given agency i is as

follows.

Model HUE ( i )

min
� i

max
t 2SHi

�
�
�
��

� i
i t �

•
r i t

n i t

‹ �
�
�
� (3.3)

� 1 < � i < 1 (3.4)

Here, the Objective function in (3.3) is de�ned as the minimum of the maximum differ-

ences between the achieved PPINs and the PPIN benchmarks with an exponent of � i over

all periods within agency i 's stable horizon. In other words, Model HUE's goal is to identify

a risk attitude exponent for a given agency which best matches the agency's achieved PPIN

with the PPIN benchmarks set by the food bank over the periods. Equation (3.4) shows the

bounds of � i . We can linearize Model HUE for agency i by introducing a new variable z

and formulate the following model Reformulated HUE ( i ).
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Table 3.1: Notation

Field Description Unit

Sets
I Set of agenciesi 2 f 1, . . . ,jI jg
SHi Stable horizon for agency i

Parameters
r i t Pounds of food received by agency i in period t 2 SHi (l b s)
n i t Number of persons served reported by agency i in period t 2 SHi (person)
� i t PPIN benchmark for agency i in period t 2 SHi (l b s/ person)

Decision variables
� i Risk attitude exponent of agency i 2 I

Model Reformulated HUE ( i )

min
� i ,z

z (3.5)

s.t. � � i
i t �

•
r i t

n i t

‹
� z , 8 t 2 SHi (3.6)

� � i
i t �

•
r i t

n i t

‹
� � z , 8 t 2 SHi (3.7)

0 < � i < 1 ,z � 0 (3.8)

Structural analyses on the reformulated Model HUE have allowed us to develop impor-

tant insights about the behavior of Model HUE which are discussed in Section 3.3.2.

Model HUE Structural Insights

To develop structural insights from Model HUE, we perform mathematical analyses on

Model HUE and prove several model characteristics. First, note that constraints (3.6) and

(3.7) indicate that for a given period t 2 SHi , the difference
�
� � i

i t � r i t
n i t

�
is either bounded

above and below by (+z) and (� z), respectively. We de�ne the former as the "positive" and
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latter as the "negative" constraints for period t 2 SHi . At �rst, we study Model HUE under a

scenario for a stable horizon with a single period. Lemma 6 provides the structure of the

risk exponent of an agency i , � i , for a single-period stable horizon.

Lemma 6 Let us de�ne "Single Period Risk Exponent (SPRE)" of agencyi in period t as � i t .

The closed-form solution for � i t is stated as follows:

� i t =
log

�
r i t
n i t

�

log(� i t )
(3.9)

Proof of Lemma 6 can be found in Appendix B.1. The Single Period Risk Exponents

(SPRE) or� i t s, play an important role from a decision-making perspective. Consider a

scenario where the food bank network is disrupted due to a sudden onset disaster such as

a hurricane. Such an event may alter the abilities of the charitable agencies of a food bank

promptly. In such a scenario, a food bank manager, i.e., the DM, may prefer to only look

back to one period for a decision point right after the disaster to observe the charitable

agencies' immediate willingness to receive pounds to serve per person in need. In that

case, the food bank can use Equation (3.9) to estimate the risk exponent of the agency.

Furthermore, SPREs help us dissect the nature of � i coef�cients produced by model HUE

for stable horizons with more than one period, as shown by Lemmas 7 and 8.

Lemma 7 Let us consider a stable horizon for agency i with two periods, i.e. SHi = f 1,2g.

Model HUE(i ) for a 2-period SHi , i.e. for jSHi j = 2, can be written as:

min
z

z (3.10)

s.t. � � i
i 1 �

•
r i 1

n i 1

‹
� z , (3.11)

� � i
i 1 �

•
r i 1

n i 1

‹
� � z , (3.12)

� � i
i 2 �

•
r i 2

n i 2

‹
� z , (3.13)
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� � i
i 2 �

•
r i 2

n i 2

‹
� � z , (3.14)

� 1 < � i < 1 ,z � 0 (3.15)

We denote the two sets of constraints in Model HUE( i ) for a given period t 2 SHi in the stable

horizon SHi asCt . For a given period t , we denote the constraint bounded above by (z) as the

"positive" constraint and the constraint bounded below by ( � z) as the "negative" constraint.

We denote the set of positive and negative constraints for all periods t 2 SHi in Model HUE

asC+ and C� , respectively. Model HUE(i ) constraints in a 2-period SHi have the following

properties.

i There exists two binding constraints in Model HUE( i ) for a 2-period SHi , denoted as

the setCb � f c 1
b , c 2

b g. We denote the periods that contain at least one of the binding

constraints as the "dominant periods".

ii Each period contains one of the binding constraints, i.e., both periods are "dominant".

In other words:

either
�
c 1

b 2 C1 and c 2
b 2 C2

�

or
�
c 1

b 2 C2 and c 2
b 2 C1

�

iii The binding constraints are juxtaposed; if the "positive" constraint from period 1 is

binding, then the "negative" constraint from period 2 will be binding, and vice versa.

In other words:

either
�
c 1

b 2 C+ and c 2
b 2 C�

�

or
�
c 1

b 2 C� and c 2
b 2 C+

�
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iv The "positive" binding constraint belongs to the period which has the minimum of

the SPREs of the two periods inSHi . The "negative" binding constraint belongs to the

period which has the maximum of the SPREs of the two periods in SHi . In other words:

c+
b 2 a r g min Ct jt 2f 1,2g(� i t )

c �
b 2 a r g ma x Ct jt 2f 1,2g(� i t )

Here, c+
b and c �

b are the positive and negative binding constraints, and � i t is the SPRE for

agency i in period t .

The proof for Lemma 7 can be found in Appendix B.1. Lemma 7 provides interesting

insights into how the SPREs impact the risk exponent from Model HUE for any given 2-

period stable horizon. We can see that the minimum SPRE of the two periods produces a

positive dominant constraint bounded above by (z) whereas the maximum SPRE produces

a negative dominant constraint bounded below by (� z). Thus the risk exponent produced

by Model HUE for a 2-period stable horizon will be bounded within the minimum and

maximum SPREs of the two periods. However, as we extend our analysis to an n -period

SHi , this bound only holds for certain conditions as stated in Lemma 8.

Lemma 8 Consider a stable horizon (SHi ) with n periods, f 1,2, . . . ,n g. Let us de�ne the

following two sets of "dominant" periods:

i T+
b c : Set of periods in SHi , where

log
”
z+

€
ri t
ni t

Š—

log[� i t ] = min t 02SHi

log
•
z+

•
r
i t 0

n
i t 0

‹˜

log[� i t 0] ; 8 t 2 T+
b c

ii T�
b c : Set of periods in SHi , where

log
”
� z+

€
ri t
ni t

Š—

log[� i t ] = max t 02SHi

log
•
� z+

•
r
i t 0

n
i t 0

‹˜

log[� i t 0] ; 8 t 2 T�
b c

Then the following statements hold.

i There exists a total of
� �
�T+

b c

�
� +

�
�T�

b c

�
� � 2

�
binding constraints in Model HUE( i ) in an

n-period stable horizon.
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ii Let us de�ne zop t as the optimum value of z from Model HUE( i ) for an n -period

stable horizon. There exists a threshold value for zop t , denoted as z+
T H (� 0), where,

if zop t < z+
T H , then the periods in T+

b c will have the minimum SPREs among all the

periods in SHi . Similarly, there exists a threshold value for zop t , denoted asz �
T H (� 0),

where, if zop t < z �
T H , then the periods in T�

b c will have the maximum SPREs among all

the periods in SHi .

The proof for Lemma 8 can be found in Appendix B.1. Both statements in Lemma 8

provide valuable information in the determination of a given agency's risk exponent over

an n -period stable horizon and its relationship with the SPREs. Let us consider an example

where the DM, at decision point (t = 0), considers the last two periods, (� 1) and (� 2),

to elicit agency i 's risk exponent. As we have seen from Lemma 7, both of these periods

are dominant, i.e., contain one binding constraint each. Let us denote the risk exponent

produced by Model HUE for this two-period stable horizon as � i ,(� 1,� 2). Note, the negative

sign on the periods denotes how many periods the DM is looking back to elicit an agency's

risk exponent.

Now, let us assume that the DM decides to put period (� 3) into the stable horizon to

determine the agency's risk exponent. Let us denote the risk exponent produced by Model

HUE for the three-period SHi as � i ,(� 1,� 2,� 3). Following the dominant period de�nitions

in Lemma 8, we can easily determine if period (� 3) is dominant or not. If period (� 3)

is not dominant, then the periods (� 1) and (� 2) will be dominant as there exist at least

two dominant periods. As we can see, these two periods are also dominant for the two-

period stable horizon. Thus, adding period (� 3) will not impact the risk-behavior, i.e.,

� i ,(� 1,� 2,� 3) = � i ,(� 1,� 2). However, if period (� 3) is, in fact, a dominant period, then the former

condition may not hold as period (-3) will contain one of the binding constraints. In other

words, adding a period to the existing stable horizon will impact the output risk exponent
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of Model HUE if the new period becomes dominant. This dominance property also allows

us to develop a method to elicit the "stability" of an agency, which will be discussed in

detail in Section 3.3.3.

The second statement of Lemma 8 gives the conditional relationship between the risk

exponent of an agency and the SPREs of the agency in an n -period stable horizon. The

conditions are based on the value zop t takes. Given that the conditions hold, one need only

look at the SPREs of the n periods to identify the dominant periods.

3.3.3 The UD Algorithm: A Method to Identify the "Stable Horizon" of

an Agency

The need to identify the stable horizon for an agency originated from Model HUE. The

model looks back at the agency's actions and PPIN benchmarks over the past periods and

produces a representative risk exponent for the agency. This method implicitly assumes that

the agency's actions are somewhat stable over the periods considered by the model. A DM

may select an arbitrary number of periods as the stable horizon of an agency. However, if the

agency's actions vary widely among the selected periods, one representative risk exponent

may be insuf�cient to represent the agency's valuations over the food received within the

selected periods. This section develops an algorithm, denoted as the "Utility-Dominance

Algorithm" or the "UD algorithm," to elicit the stable horizon for an agency. The discussion

of this algorithm is divided into two sections: (i) adding the previous period to the stable

horizon when the horizon contains only one period; and (ii) adding the previous period to

the stable horizon when the horizon contains two or more periods.
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Adding the previous period to the stable horizon when the horizon currently contains

only one period

It is worth noting that a DM needs to look back at least one period to identify the risk

exponent of an agency. Let us denote the risk exponent of a given agency i produced by

Model HUE when the DM looks back one and two periods as � i ,(� 1) and � i ,(� 1,� 2), respectively.

Here, period 0 is the decision point, and the decision is to decide whether period (� 2) should

be added to the stable horizon of the agency. We use a "utility function comparison" method

to decide. We add period (� 2) to the stable horizon if adding period (� 2) does not change

the utility of the agency "signi�cantly." The steps for the utility comparison method are as

follows.

First, let us denote the PPIN for agency i as x , the minimum and maximum values of

the agency's PPIN as min x and ma x x , respectively. The utility functions of the agency for

� i ,(� 1) and � i ,(� 1,� 2) then can be written as follows:

u i (� i , (� 1)) = x � i ,(� 1), min x < x < ma x x (3.16)

u i (� i (� 1,� 2)) = x � i ,(� 1,� 2), min x < x < ma x x (3.17)

Second, we transform the utility functions u i (.) in Equations 3.16 and 3.17 to prob-

ability density functions (PDF), denoted as f [u i (.)], by dividing the functions with their

corresponding area under curves, which is estimated as the de�nite integral of the utility

function. Then we identify their corresponding cumulative density functions (CDF), de-

noted as F [u i (.)]. For a given � i 2 f � i ,(� 1), � i ,(� 1,� 2)g, the PDF of the utility function and its

corresponding CDF are de�ned in Equations (3.18) and (3.19), respectively.

PDF: f [u i (� i )] =
x � i

Rma x x

min x
x � i d x

, min x < x < ma x x (3.18)
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CDF: F [u i (� i )] =
x � i +1

�
� i ,(t � 1) + 1

�
�
Rma x x

min x
x � i d x

, min x < x < ma x x (3.19)

Third, we sample random utility values s1 and s2 of size � from the CDFs for � i ,(� 1)

and � i ,(� 1,� 2) in Equation 3.19. The random numbers are sampled following the Inverse

Transform method. The CDF in Equation 3.19 is easily invertible as shown in Equation 3.20.

F [u i (� i )] = y =
x � i +1

K � (� i + 1)

! x =
�
y � (K � (� i + 1))

� 1
� i +1 (3.20)

The subroutine to generate the random numbers is as follows:

1. Generate V = U ni f o r m [0,1];

2. Return x = [V � (K � (� i + 1))]
1

� i +1

Fourth, we perform the Kolmogorov–Smirnov test (Berger and Zhou 2014), generally

known as the KS test, to determine if the distribution of the samples s1 and s2 are signi�cantly

different. The KS test calculates the supremum of the set of vertical distances between two

empirical distributions and determines if the maximum distances are signi�cantly different

(Berger and Zhou 2014). We select a p-value = 0.1 for the signi�cant test and a maximal

distance d = 0.05 (Vrbik 2018). For this p-value and maximal distance, the sample size, � ,

for samples s1 and s2 can be calculated using Equation (3.21) as follows (OAK 2022).

� =
1.362

d 2
(3.21)

If the maximum difference of the two samples, d , is found to be signi�cantly large by

the KS test, then we decide that the utility function will change signi�cantly if period (� 2)

is added to the agency's stable horizon. In other words, the agency is only stable over the
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period (� 1). If d is not signi�cantly large, then we decide that period (� 2) should be added

to the agency's stable horizon, i.e., the agency's actions are stable over periods (� 1) and

(� 2). Figure 3.3 uses a hypothetical example to summarize the four steps taken to decide

whether the previous period should be added to the stable horizon of an agency if the

horizon currently contains only one period.

Figure 3.3: A hypothetical example to illustrate the four-step process to determine whether
the previous period should be added to the stable horizon of an agency when the horizon
currently contains only one period

Adding the previous period to the stable horizon when the horizon contains two or more

periods

Now, let us consider the scenario where the stable horizon of an agency already contains

two or more periods from the past and we need to decide whether a given period from the

past should be added to the stable horizon. As in this scenario, the stable horizon already

contains at least two periods, we can use the dominance property of the periods. Following

the discussion of Lemma 8, we know that if we add a period from the past to the stable

horizon, denoted as t pa s t , and the period is not dominant , then the risk exponent of an

agency from Model HUE, � i , will not change. In turn, the change in utility will be zero

for adding the period. Only when the period t pa s t is dominant will the agency's utility

change. To decide if the change in utility is signi�cantly different, we employ the four-step

procedure discussed in Section 3.3.1. As the algorithm combines a utility change approach
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with the dominance property to elicit the stable horizon of an agency, we name it the

Utility-Dominance algorithm or the UD algorithm. The pseudo-code for the algorithm can

be found in Algorithm 2.

3.3.4 Association of the Agencies' Risk Exponent with their Abilities and

Environmental Socio-economic Factors

To study if the heterogeneity of the agencies' risk exponents is associated with their ability

and environmental socio-economic factors, we develop a multiple linear regression model

where the risk exponents, i.e., � i , are the response variables for all agencies i 2 I . Equation

(3.22) shows the linear regression model as follows,

� i = � 0 + � X1
� X1i + � X2

� X2i + . . .+ � XjIVj
� XjIVji ,8i 2 I (3.22)

where, � i is the risk exponent of agency i , � 0 is the intercept, X j i is the the value of the

j t h independent variable for agency i and � X j
is the associated slope of j t h independent

variable. We consider three groups of independent variables: (i) ability factors, (ii) stability

factor, and (iii) socio-economic factors. These factors are discussed in detail as follows.

Ability Factors (AF) . The Ability Factors refer to the factors that may express a given

agency's ability to buy, store, collect or serve food. In this study, we consider four variants

of ability factors.

1. The ability to "buy" food . We employ two factors that may represent an agency's

ability to "buy" food: (i) Average dollars spent per visit per period within the look-back

horizon, denoted as dollars ; and (ii) Average cost per pound per visit per period within

the look-back horizon, denoted as meanCPP. One can argue that these two factors

provide redundant information. Here, we present a counterexample to this argument.
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Algorithm 2: The UD Algorithm

1 Initialization

2 Create the set of agencies, IR and the look-back horizon, LH

3 Create an empty set, ISH(� 1) = []

4 for i 2 IR do

5 Identify the risk-exponents of agency i looking back one and two periods, and their corresponding CDFs

6 Select a maximal distance, d , and p-value threshold, pt h , to perform KS test

7 Identify the sample size, m , for the selected maximal distance and p-value

8 Generate samples of random utility values of size m from the CDFs

9 Perform KS test on the sample pair, and identify the p-value of the test

10 if p-value < pt h then

11 ISH(1)  ISH(1) + i

12 IR  IR ni

13 end

14 end

15 Create the following sets: ISH(t ),8 t 2 f 2, . . . ,jLHjg

16 for i 2 IR do

17 for t 2 f 3, . . . ,jLHjgdo

18 Solve Model HUE for the periods [� 1, . . . ,� t ]

19 Identify the dominant periods, Tb c

20 if (� t ) 2 Tb c then

21 Identify the risk-exponents of agency i looking back one and two periods and their CDFs

22 Select a maximal distance, d , and p-value threshold, pt h , to perform KS test

23 Identify the sample size, m , for the selected maximal distance and p-value threshold

24 Generate samples of random numbers of size m for the CDFs

25 Perform KS test on the sample pair, and identify the p-value of the test

26 if p-value < pt h then

27 ISH(t � 1)  ISH(t � 1) + i

28 break

29 end

30 else

31 continue

32 end

33 end

34 end

Consider an agency with a low cost per pound per visit but a high average dollar spent

per visit. This observation may tell us that the agency buys cheap products, but it

may possess a considerable monetary budget. Thus, only considering cost per pound
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may not provide a complete picture of an agency's ability to "buy" food.

2. The ability to "collect" food . We use two factors that may express an agency's ability

to "collect" food: (i) Number of visits to the food bank per period within the look-back

horizon, denoted as visits; and (ii) the distance of the agency from its primary branch,

denoted as distances. Note, the primary branch of an agency is de�ned as the branch

where the agency shops most of its food.

3. The ability to "store" food . We use one factor that may express an agency's ability

to "store" food: Average pounds shopped or received per visit per period within the

look-back horizon.

4. The ability to "distribute" food . We use two sets of factors that may express an

agency's ability to "distribute" food: (i) the types of service provided by an agency; and

(ii) if the agency is a part of The Emergency Food Assistance Program (TEFAP). TEFAP

"...is a federal program that helps supplement the diets of low-income Americans by

providing them with emergency food assistance at no cost" (USDA 2022). The services

provided characterize the type of agency, e.g., a Food Pantry, Group Home, and Shelter.

We identify a total of 12 services provided by agencies and summarize their de�nitions

in Appendix B.2. In addition to these services, some agencies are denoted as a TEFAP

agency, that means it can serve the food provided by the Federal government.

Stability Factor (SF) . The stability of an agency may also be associated with its risk

exponent. This study uses the number of periods in stable horizons elicited by the UD

algorithm as the stability factor for the agencies.

Socio-Economic Factors (SEF) . An agency's risk exponent may also be associated with

the socio-economic factors of the environment or geographic region of the agency. To

identify the socio-economic factors of the agencies, �rst, we �nd their census tracts and
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5-digit zip-codes by using the 2017 census tract and zip-code shape�les data collected

from the United States Census Bureau (United State Census Bureau 2019). Then, we collect

the socio-economic data for the census tracts, and zip-codes of the agencies from three

data sources: (i) Social Vulnerability Index (SVI) data (Agency for Toxic Substances and

Disease Registry 2021); (ii) Food Atlas data (USDA Economic Research Service 2021); and

(iii) Rural-Urban Community Area (RUCA) codes data (Rural Health Research Center 2021).

The SVI dataset mostly contains demography-based data such as population, race, and

housing units. The Food Atlas data also contains demography-based data, focusing mainly

on the access of people to their closest supermarket, which is de�ned as access to food. The

RUCA dataset contains demography-based data in categorical forms. The SVI and Food

Atlas data are available on a census tract level, and the RUCA data are available on a 5-digit

zip-code level. The SVI, Food atlas, and RUCA data contain 117, 87, and 19 socio-economic

factors, respectively. We match these socio-economic factors to each agency based on its

census tract or 5-digit zip-code.

We also create 41 augmented SEF. These augmented factors primarily consist of popula-

tion count at different distance ranges from a supermarket. Adding the augmented factors,

we consider a total of 264 SEFs in this study. Appendix B.3 contains the de�nitions and

sources of SEFs, where augmented factors are indicated with a ( +) sign.

We adopt a four-step procedure that spans gathering all factors to performing the linear

regression analysis. Each step is discussed in detail below.

Step 1:Gather all ability, stability, and socio-economic factors relevant to each agency .

This study considers a look-back horizon from December 2017 to January 2017. Thus, the

period is de�ned as a month, and the look-back horizon has 12 periods. Within this look-

back horizon, we collect 62 ability factors, 1 stability factor, and 331 socio-economic factors

for each agency, a total of 394 factors. We collect 19 factors from the RUCA dataset, where

all factors are categorical. For each of these factors, we create (n � 1) dummy factors where
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n is the number of categories within the factor. Each dummy factor is binary, i.e., either

contains 0 or 1. In the multiple linear regression analysis, each of these dummy factors

can be explained in comparison with the category that does not have an assigned dummy

factor. We create 86 dummy factors for the original 19 RUCA factors, which are included

into the total set of 331 SEFs. A detailed account of the total 394 factors can be found in the

Appendix B.4.

Step 2: Impute the missing values for all factors . We have observed 8383 missing values

in 59 out of 394 factors identi�ed in Step 1. 58 out of 59 factors are related to the population

count living at a certain distance away from a supermarket within a census tract. For these

factors, the missing values mean that such distances from a supermarket do not exist for

the census tracts. To paraphrase, no person lives at that distance away from a supermarket

within those census tracts. Thus, we impute the missing values for these 58 factors with

0. The remaining factor is “Median Family Income” of the census tracts of the agencies

with only one missing value. We apply the Multiple Iterated Chained Equation or the MICE

method to impute the missing value. The MICE method iteratively creates linear regression

models that take the factors with missing values as response variables and other factors as

independent variables. This method is often used in literature as this imputation procedure

considers the association a given factor may have with the other factors considered in a

linear regression study (White et al. 2011).

Step 3: Apply Variance In�ation Factor (VIF) method to handle multicollinearity . In

regression analysis, one needs to consider the correlations within the independent variables

as the existence of high correlation among the variables impedes the existence of unique

solutions for the slope parameters. This problem is known as the multicollinearity problem.

To reduce multicollinearity in our study, we employ the Variance In�ation Factor (VIF)

method (Vittinghoff et al. 2006). VIF measures the increase in the variance of a regression

coef�cient due to colinearity. Identifying variables with high collinearity and removing them
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is typically done iteratively. First, a threshold is de�ned for the VIF measure. For a set of

independent variables in a regression model, if the VIF measure for a given variable is more

than the threshold, then the variable is removed. Then, VIF measures are calculated for the

remaining variables. This loop continues until the VIF measures for all remaining variables

are less than the threshold. In the literature, researchers have used a VIF threshold of 1, 5

or 10. (Vittinghoff et al. 2006; O'brien 2007). However, we have observed that using a VIF

threshold of 1, 5 or 10 results in the removal of a substantial number of factors, especially

socio-economic factors. To sidestep this issue, we employ an incremental-VIF method

where we increase the VIF threshold as high as possible until the pairwise correlations

for the remaining factors are bound between +0.9 and -0.9. We have observed that, a VIF

threshold of 14 is the maximum threshold for which the pairwise correlations between the

remaining factors are bound between +0.9 and -0.9. After implementing VIF method, the

number of remaining factors equals to 143.

Step 4: Apply stepwise method with the risk exponents as response and the remaining

factors from Step 3 as independent variables. In this step, we apply the stepwise method that

sequentially adds and deletes the independent variables based on entry and exit p-values,

respectively. The Stepwisemethod allows �ne-tuning of a regression model to choose the

best predictor variables from the available options (Yamashita et al. 2007). We take an

incremental threshold approach, where we increase the p-value thresholds for entry and

exit until the p-values of the factors in the regression are less than or equal to 0.1. We identify

that a 0.55 entry p-value and 0.50 exit p-value give us the maximum number of factors, 37,

where the p-values of all factors in the regression are less than 0.1. Note, as we increase the

thresholds, we always maintain a gap of 0.05 between the entry and exit thresholds, with

entry p-value being the largest. We do this to make the entry of new factors into the set of

independent variables for stepwise regression easier.
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3.4 Results

3.4.1 A Case Study of the Partner Agencies of the Food Bank of Central

and Eastern North Carolina (FBCENC)

We consider the partner agencies of FBCENC as our case study for this paper. The FBCENC

network is portrayed in Figure 3.1. FBCENC operates with one hub and six branches. The

hub is situated in Raleigh, and the branches are located in Raleigh, Sandhills, Wilmington,

New Bern, Greeneville, and Durham. The hub distributes the donated food to the branches,

which in turn distribute the food to the partner agencies situated within FBCENC's service

region consisting of 34 counties. FBCENC works with a network of 979 agencies (Food Bank

of Central and Eastern North Carolina 2020). These agencies receive food from FBCENC and

report the number of food-insecure individuals and households they serve on a monthly

basis to FBCENC.

We consider January-2018 as the Decision Point and December 2017 - January 2017 (12

months) as the look-back horizon. In other words, on January-2018, the Decision-maker

elicits the risk exponent of a given partner agency by looking backwards at the last 12

months, at most to January 2017. A total of 408 agencies have been selected for this study

based on the following two criteria: each of these agencies received positive ( >0) pounds of

food and served a positive number of people each month within the look-back horizon. To

estimate the maximum and minimum value of PPIN for a given agency's utility function,

we consider a total of 36 months, starting from January 2016 to December 2018. For a given

agency, we estimate its PPIN in each of the 36 months, then select the maximum PPIN as

the upper bound and minimum PPIN as the lower bound of the agency's domain for utility

function. We use Equation (3.23) to estimate the PPIN benchmark of an agency i in a given

122



period t , � i t as follows.

� i t =
Total pounds distributed to the county of agency i

Total food-insecure population of the county
(3.23)

Note, as the pounds distributed to the counties can vary in a given month and the food-

insecure population estimate can vary among the counties, the estimated PPIN benchmark

for the agencies can vary for a given month. The food-insecure population estimate for each

county is collected from the Map the Meal Gap Data maintained by Feeding America (Feed-

ing America 2022c). The information regarding the pounds received by the agencies per

month are collected from FBCENC's daily log of activities. Appendix B.5 contains descriptive

statistics about the pounds received ( r i t ), persons served (n i t ), and PPIN benchmarks ( � i t )

for the 408 agencies over the look-back horizon. We apply the Utility-Dominance Algorithm

on the agencies' data to identify their respective stable horizons. Then we apply Model

HUE on the agencies data over their identi�ed stable horizons to elicit their risk exponents.

3.4.2 Results discussion

Agencies' stable horizons and risk exponents

Figures 3.4(a) and 3.4(b) show histograms of the stable horizons (in months) and risk

exponents of the 408 agencies, respectively. We can see that most agencies' stable horizons

are one month long or more than or equal to twelve months. On the other hand, the risk

exponents of the agencies are distributed around one. The minimum and maximum risk

exponents obtained by the agencies are -1.954 and 2.954, respectively. 7.3% of the agencies'

risk exponents are negative, 38.1% of the agencies' have a risk exponent between 0 and 1;

and 54.6% of the agencies have a risk exponent of more than one. There are no agencies

who have a risk exponent exactly equal to 0 or 1. However, we have applied the Kolmogorov-
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Figure 3.4: Distribution of stable horizons and risk exponents of the 408 agencies

Smirnov test to identify the agencies whose risk exponents are not signi�cantly different

from one, i.e., not signi�cantly different from risk-neutral. We have identi�ed 126 risk-

neutral agencies. There are 136 risk averse agencies and the remaining 146 agencies are

risk seeking. Most partner agencies of FBCENC seem to be risk seeking. Figure 3.4 portrays

the heterogeneity in the stability and risk exponents / utilities of the partner agencies of

FBCENC.

Figures 3.5(a) and 3.5(b) show the geographical distribution of the risk exponents of

the agencies. In Figure 3.5(a), we plot the risk exponent of a given agency by its location

in longitude and latitude. We divide the agencies into two groups: ( i ) agencies with risk

exponents less than one (191 agencies); and ( i i ) agencies with risk exponents greater than

one (217 agencies). First, by observing Figure 3.5(a), we can see a gradual decrease in
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Figure 3.5: The geographic distribution of stable horizons and risk exponents of the 408
agencies; The 'stars' show the locations of the FBCENC branches. The numbers identify
a set of counties: (1) Sampson; (2) Halifax; (3) Duplin; (4) Pamlico; and (5) Wake. Most
agencies in counties (1) and (2) are risk-seeking and most agencies in counties (3) and (4)
are risk-averse. County (5) - Wake - contains the hub and a branch.

the density of agencies as the distance between the agencies and their closest branches

increases. For example, in Wake county (5), where the Raleigh branch (and the hub) is

located, there are 56 agencies, where Sampson county (1) only has three agencies and

Pamlico county (4) has two agencies. In general, we can see a larger number of agencies in

and around the counties where the branches are located. This observation, even before

diving into the agencies' risk exponents, provides a overview about how ensuring access to

food to the people in need across the 34 counties may be limited for a food bank as a result

of the disproportionate distribution of the agencies.

Moreover from Figure 3.5(a), we can see that most agencies with a risk exponent greater

than one are located closer to the branches. This observation suggests that the agencies that

are located closer to the branches may have better access to food, which may have allowed

these agencies to attain a high risk exponent, i.e., a high ability to receive pounds to serve
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per person in need. This statement is also explored through our regression analysis, which

is discussed in Section 3.4.2. From Figure 3.5(a), we can also observe several counties where

either the number of agencies with a risk exponent greater than one, i.e., � > 1, dominates

the number of agencies with � < 1. To assess this variability for all counties, we calculate

the percentage of agencies with � > 1 using Equation 3.24 as follows (refer to Figure 3.5(b)).

% of agencies with � > 1 in county c =
Number of agencies with � > 1 in county c

Total number of agencies in county c
(3.24)

From Figure 3.5(b), we can identify the counties where most agencies have higher or

lower risk exponents than one. The darker the shade, the higher the percentage of agencies

with � > 1. For example, we can see that Sampson county (1) and Halifax county (2) each

have a high percentage of agencies with � > 1 whereas Duplin (3) and Pamlico (4) counties

have most agencies with � < 1. Also, we notice that the counties closer to branches seem to

have a relatively high percentage of agencies with � > 1 compared to other counties. This

graph provides a food bank with a snapshot of its counties' performance in terms of their

agencies' ability to receive pounds to serve per person in need. We have presented this

graph to our partner food bank and received positive feedback about the usefulness of this

graph for identifying potential gaps in the service area.

Sensitivity analysis . We study the sensitivity of the stable horizons and risk exponents

of the baseline scenario for varying pounds received, persons served and PPIN benchmarks.

For each of these parameters, we observe the changes in stable horizons and risk exponents

by changing the value of the parameter within � 5% of the baseline value, while keeping

the other parameters �xed. Holding other parameters �xed, the distribution of the stable

horizon remains relatively constant for a 2% increase and 2% decrease in the pounds

received by the agencies in each period of the look-back horizon, whereas the distribution

of risk exponents remains relatively constant for a 5% increase or 5% decrease in monthly

126



pounds received of the agencies within the look-back horizon. The distributions of the

stable horizon and risk exponents remain relatively constant for a 2% increase or decrease in

persons served by the agencies in each period of the look-back horizon. On the other hand,

keeping other parameters �xed, the distribution of the stable horizon remains relatively

constant for 5% increase or 5% decrease in monthly PPIN benchmark within the look-back

horizon, whereas the distribution of risk exponents remains relatively constant for 5%

increase or 5% decrease in PPIN benchmark within the look-back horizon. To summarize,

the agencies' stable horizons are fairly sensitive to changes in their monthly pounds of

received food, whereas both their stable horizons and risk exponents are fairly sensitive

to the number of persons served by the agencies. On the other hand, the agencies' risk

exponents are fairly insensitive to their monthly pounds of received food. Moreover, both

their stable horizons and risk exponents are fairly insensitive to the PPIN benchmark set by

the food bank. The summary of the sensitivity analysis can be found in Appendix B.6.

Association of the agencies' risk exponents with ability, stability, and socio-economic

factors

The goal of the association analysis of the risk exponents of the agencies with their ability,

stability, and socio-economic factors is to develop useful insights regarding the agencies

behaviors, speci�cally understanding different factors that may in�uence the heterogeneity

of the risk exponents. In Section 3.3.4, we discuss a four-step procedure which has identi�ed

37 factors that are signi�cantly associated with the risk exponents at a 0.1 signi�cance level.

The residual plot and error distribution (see Appendix B.7) for the linear regression model

do not suggest any violation of the model assumptions. We have also performed a Shapiko-

Wilk test (Shapiko and Wilk 1968) for error normality where the test statistic is de�ned as

the square of the Pearson correlation coef�cient computed between the order statistics

of the sample. If the value of the statistic is close to 1.0 the sample behaves like a Normal
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Table 3.2: Summary of the 37 signi�cant factors of the regression analysis

Factors Type Theme beta p-

value

Description

PANTRY Ability Programs 0.2834 0.0000 Providing food or non-food essentials to those in need of sup-
plemental or short-term food assistance

visits-Jun-17 Ability Accessibility 0.2811 0.0000 Number of visits in June 2017

meanCPP-Sep-17 Ability Cost -0.1515 0.0000 Average cost per pound per visit in September 2017

GroupQuartersFlag SEF Housing 0.1517 0.0000 Group quarters, tract with high share

PPV-May-17 Ability Capacity 0.1799 0.0000 Pounds per visit in May 2017

lenofSH Stability Stability 0.1004 0.0000 Stable horizon length

E_DAYPOP SEF Population -0.1470 0.0000 Census tracts, Estimated daytime population

PPV-Jun-17 Ability Capacity 0.1464 0.0001 Pounds per visit in June 2017

TEFAP Ability Programs -0.0924 0.0001 Serves TEFAP

PPV-Dec-17 Ability Capacity -0.1580 0.0001 Pounds per visit in December 2017

F_PCI SEF Income -0.1103 0.0003 Census tracts, Flag - estimated per capita income is in the 90th
percentile (1 = yes, 0= no)

dollars-Oct-17 Ability Budget 0.1049 0.0003 Dollars spent per visit in October 2017

laasian_half_1 SEF Race -0.0980 0.0004 Census tracts, Asian population count between half and 1 mile

from the nearest supermarket, supercenter, or large grocery

store.

meanCPP-Nov-17 Ability Cost 0.1144 0.0005 Average cost per pound per visit in November 2017

SUPPLEMENT Ability Programs -0.0881 0.0007 Providing supplemental food and non-food essentials for stu-

dents to access in advance of the weekend

EPL_CROWD SEF Housing 0.1062 0.0009 Census tracts, Percentile of the tracts' percentage households

with more people than rooms estimate

lablack_half_1 SEF race 0.0884 0.0015 Census tracts, African American population count between

half and one mile from the nearest supermarket, supercenter,

or large grocery store.

laasian_1_10 SEF Race 0.0847 0.0022 Census tracts, Asian population count between 1 and 10 miles

from the nearest supermarket, supercenter, or large grocery

store.

lawhite1share SEF Race -0.1051 0.0023 Census tracts, White population percentage from 1 mile or

more from a supermarket or large grocery shop

meanCPP-Oct-17 Ability Cost -0.1138 0.0024 Average cost per pound per visit in October 2017

SENIOR Ability Programs 0.0697 0.0026 Providing food and non-food essentials and / or serving meals

as part of a broader program serving senior citizens

EPL_MUNIT SEF Housing 0.1051 0.0030 Census tracts, Percentile of the tracts' percentage housing in

structures with 10 or more units estimate

PCTGQTRS SEF Housing -0.0895 0.0039 Census tracts, Percentage of tract population residing in Group

quarters

lahisp1 SEF Race 0.0763 0.0067 Census tracts, Hispanic population count from 1 mile or more

from a supermarket or large grocery shop

LILATracts_-

1And10

SEF Income -0.0698 0.0075 Low income and low access tract measured at 1 mile for urban

areas and 10 miles for rural areas

distance Ability Accessibility -0.0677 0.0087 Distance form primary branch

F_AGE17 SEF Age -0.0650 0.0104 Census tracts, Flag - the percentage of persons aged 17 and

younger is in the 90th percentile (1 = yes, 0= no)
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Table 3.2 (continued).

meanCPP-May-17 Ability Cost -0.0835 0.0113 Average cost per pound per visit in May 2017

visits-Jan-17 Ability Accessibility 0.1068 0.0123 Number of visits in January 2017

SHELTER Ability Programs -0.0598 0.0126 An agency providing on-site meals in addition to providing

housing and other services, i.e.; homeless and domestic vio-

lence shelters.

visits-Sep-17 Ability Accessibility -0.1020 0.0157 Number of visits in September 2017

E_MOBILE SEF Housing 0.0870 0.0187 Census tracts, estimated mobile homes

visits-Oct-17 Ability Accessibility -0.0991 0.0187 Number of visits in October 2017

visits-Apr-17 Ability Accessibility -0.0964 0.0233 Number of visits in April 2017

lablack1share SEF Race -0.0690 0.0260 Census tracts, Percentage of African-American individuals liv-

ing more than one mile from the nearest supermarket, super-

center, or large grocery store.

F_UNEMP SEF Income 0.0485 0.0649 Flag - the percentage of civilian unemployed is in the 90th

percentile (1 = yes, 0= no)

TTIM4B_1 SEF Accessibility 0.0422 0.0693 5-digit zip-code centroid: Road travel time to nearest Urban-

ized Area (between 1-29 minutes)

sample whereas if W is below 1.0 the sample is non-Normal. (Henderson 2006). We observe

a test statistic value of 0.99998 with a p-value of 0.1039. As p-value is greater than 0.1 (see

Henderson (2006)), we conclude that there is not enough evidence to suggest that the

errors are not normally distributed. The linear regression model achieves an R2 = 0.64 and

adjusted R2 = 0.61. Table 3.2 summarizes the factors, i.e., their types, coef�cients, p-values,

and de�nitions. For the 37 factors, we identify the following nine themes that are associated

with the agency risk exponents.

1. Theme 1: Accessibility . There are several signi�cant factors that may represent the

accessibility of a given agency. For example, the distance of an agency from its primary

branch is negatively associated with the risk exponents. In other words, as distance

increases from the closest branch, the agencies' risk exponents decrease, or their

ability to receive pounds to serve per person in need decreases. Moreover, as the

probability of an agency being located in a zip-code with a distance between 1 to 29

miles from the nearest urbanized area ( T T I M 4B_1) increases, the risk exponents

increase as well. In other words, the agencies near urbanized areas may be more risk-
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seeking than risk-averse. In general, the agencies risk exponents may be positively

associated with better access to food facilitated by either being closer to the branches

or urbanized areas which usually have better food sources than rural areas in the

US (Larson et al. 2009). In terms of the number of visits made by the agencies to

FBCENC, the association varies for different months. The number of visits made in

April, September and October are negatively associated with the agency risk exponent,

whereas the number of visits in January is positively associated.

2. Theme 2: Income . There are three factors that may represent the income of the census

tract population which are signi�cantly associated with the risk exponents of the

agencies. First, there is a positive association with the probability of a census tract be-

ing �agged as one where the civilian unemployed population is in the 90t h percentile

among all census tracts ( F _U N E M P ) in the state of North Carolina. We observe that

as the probability of a census tract being �agged as one where the estimated per capita

income is in the 90t h percentile among all census tracts ( F _P C I ) increases, the risk

exponents of the agencies decrease, i.e., the agencies' ability to receive PPIN decrease.

This association is expected as areas with higher per capita income may have lower

need for donated food. However, if the probability of a census tract being �agged

as low income and low access ( a signi�cant number of population lives at 1 mile or

more for urban areas and 10 miles or more for rural areas ( L I L AT r a c t s � 1and 10)

from the nearest supermarket or grocery stores) increases, the risk exponents of the

agencies decrease. In other words, a low income and low access census tract may

have agencies with lower ability to receive pounds to serve per person in need. Our

partner food bank managers associated the lack of agencies in distant areas with the

result.

3. Theme 3: Stability . Stability is based on the association between the risk exponents
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of the agencies and the length of their stable horizons. We notice that as the length

of stable horizon increases, the agencies' risk-attitudes increase. In other words, the

risk-seeking agencies are more stable than the risk-averse agencies. This association

may be related to the agencies' access to food. We have seen that the risk-seeking

agencies are closer to their primary branches, which may also facilitate more stable

�ow of food from the branches to these agencies. This would allow them to have

better ability to receive pounds to serve per person in need "stably" for longer periods

in time.

4. Theme 4: Services . In our association analysis, we have found six agency services

are signi�cantly associated with their risk exponents. First, if an agency that serves

as Pantry or serves Senior citizens tends to be more risk-seeking, i.e., may have

better ability to receive PPIN. On the other hand, if the agency serves TEFAP food

or Supplement, or serves as a Shelter, then the agency is more likely to be more risk-

averse. Our partner food bank managers indicated shelters serve smaller populations

and therefore are more likely to appear to be risk averse. TEFAP agencies however tend

to be more stable, "the best of the best" so they suggest more analysis may be needed

to better understand their relationship. The TEFAP agencies receive predetermined

pounds of food from the federal government where the food bank works as cross-

docking station. Thus the food bank may not have signi�cant in�uence over the

TEFAP agencies' risk-averse behavior.

5. Theme 5: Housing / Household . We have noticed four factors that may be related

to housing and signi�cantly associated with the agencies' risk exponents. First, as a

census tract's percentage of overcrowded households (i.e., households with more peo-

ple than rooms, E P L_C ROW D), a census tract's percentage of multi-unit housing

(i.e., structures with 10 or more units, E P L_MU N I T ), and the estimated number of
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mobile homes in a census tract increase, the agencies within the census tract are more

likely to be risk-seeking. We can connect these associations with risk-seeking agencies

being closer to urbanized areas, as the overcrowded, multi-unit housing, and mobile

homes in the US are usually more prevalent in urban areas compared to rural areas

(HUD 2022; Lim and Kang 2022; The Daily Yonder 2022). Moreover, we have found

that if the probability of a census tract having 67% or more of its population living in

group quarters ( G r o upQ ua r t e r s F l ag ) increases, the risk exponents of the agen-

cies increase. However, a negative association is observed with the percentage of the

census tract population residing in group quarters ( P C T GQT RS). In other words,

census tracts where a large percentage (more than two thirds) of the population lives

in Group Quarters tend to contain risk-seeking agencies.

6. Theme 6: Race. We have identi�ed six factors that may represent the association be-

tween the agencies' risk exponents with four racial and ethnic groups: Asian, African-

American, Hispanic, and White. All six factors relate to food access for the racial and

ethnic groups, i.e., the count or percentage of the population for a given racial and

ethnic groups living at a certain distance from the nearest supermarket, supercenter

or large grocery store. For the Asian population count or percentage in a census tract,

as the estimated Asian population residing between half to one mile from the near-

est supermarket, supercenter, or large grocery stores ( l aa s ian _ha l f _1) increases,

the risk exponents of the agencies decreases. However, the association is �ipped

for the estimated Asian population between one and ten miles from the the nearest

supermarket, supercenter, or large grocery stores ( l aa s ian _1_10).

There are two signi�cant factors associated with the African-American population in

a census tract. As the African American population between half and one mile from

the nearest supermarket, supercenter, or large grocery stores ( l a b l a c k _ha l f _1)
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increases, the risk exponents of the agencies increase. However, as the percentageof

African-American population living at one mile or more from the nearest supermarket,

supercenter, or large grocery stores ( l a b l a c k 1sha r e) increases, the risk exponents

of the agencies decrease. In addition, as the estimated Hispanic population living

one mile or more from the nearest supermarket, supercenter, or large grocery stores

(l ahi sp 1) increases, the risk exponents of the agencies increase. As the percentage

of the White population living one mile or more from the nearest supermarket or gro-

cery shop (l a w hi t e 1sha r e) increases in a census tract, the agency's risk exponent

decreases.

These associations suggest that the effect of access to food on agency risk exponents

differs by race and ethnicity. This may inform planning for food banks as they consider

equitable distribution. For example, among other policy goals, FBCENC aims to

"...increase access to and distribution of nutritious food that is culturally appropriate,

reduces waste, and strengthens the food systems in our community..." in their 2021-

2024 strategic plan (FBCENC 2022). The associations presented in this study between

FBCENC's partner agencies' risk exponents (or ability to receive PPIN) and the food

access of different racial and ethnic groups can inform the food bank's "culturally

appropriate" food distribution policy

7. Theme 7: Age. We have observed that as the probability of a census tract being one

where the percentage of people 17 or younger is in the 90t h percentile ( F _AG E17)

increases, the risk exponents of the agencies decrease. In other words, the agencies in

census tracts with a high percentage of the population aged 17 or younger tend to be

risk averse, i.e., may have lower ability to receive pounds to serve per person in need.

8. Theme 8: Capacity . While the storage capacity of the agencies is related to its pounds

per visit, these associations vary for different months. For example, the pounds per
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visit are positively associated with the risk exponents of the agencies in May and June

2017, and negatively associated in December 2017.

9. Theme 9: Population . One factor, E_D AY P OP, represents the association between

the agencies' risk exponents and the census tract's estimated daytime population, i.e.,

the population count between the hours of 9 AM - 6 PM. We can see that there is a

negative association between E_D AY P OP and risk-attitudes, i.e., as the estimated

daytime population of a census tract increases, the risk exponents of the agencies

decrease. The daytime population of a census tract includes the population who go

to work in the census tract. In other word, daytime population can be high in areas

where job opportunities are available. In areas with high employment opportunity,

the agencies may have low ability to receive PPIN as the demand for donated food

may also be low.

3.4.3 Managerial Insights

Our methodologies have the potential to provide important managerial insights for a food

bank manager. First, by applying Model Hue, a food bank can understand the heterogeneity

that may exist among its partner agencies' valuations over the pounds of food they receive

from the food bank, which, in turn, also captures the heterogeneity in their ability to receive

food to serve per person in need. A food bank manager can use the elicited ability of its

partner agencies to take appropriate action. For example, from Figure 3.4(b), we have seen

that 7.3% of the agencies have a negative risk exponent, which also implies that these

agencies may have very low ability to receive pounds to serve per person in need. A food

bank manager can use this information to reach out to these agencies and provide �nancial

or storage support to improve these agencies' ability to receive food. As the agencies' ability

improves, it is more likely that the people in need receive their portion of the available

134



donated food in the food bank network. When we presented the heterogeneity that exists in

the ability of our partner food bank's agencies to the food bank manager, they agreed with

the important implications these �ndings could have in their decision making process.

Furthermore, we have also studied the agencies in different risk exponent ranges in

terms of the services provided by the agencies. Speci�cally, we have observed agencies

with negative risk exponents, risk exponents essentially equal to one (risk neutral), and

risk exponents of two or more. In other words, these groups of agencies may have very low

ability to receive pounds to serve per person in need, may behave according to the food

bank's expectation, and may have very high ability to receive pounds to serve per person in

need. We have evaluated the most common services provided by these group of agencies.

While services such as Food Pantry, TEFAP, or focused on Children are common among all

three groups. However, we have also found Group Homes and Shelter, unique to the group

with negative risk exponents or very low ability to receive pounds to serve per person in

need. According to our partner food bank, group homes and shelters target a small and

speci�c population, which might be re�ected in their negative risk exponents. On the other

hand, we have found that the agencies with very high ability to receive pounds to serve per

person in need include those providing "Senior" services. According to our partner food

bank, agencies who administer senior programs are among their more reliable agencies

selected for their ability to serve, thus these agencies may have high risk exponents.

In this study, we have developed Model HUE to elicit the risk exponent of a given agency

by observing the agency's past actions. Model HUE can also be used to track an agency's

ability over time by applying model HUE and eliciting the agency's risk exponent over time.

Such a tracking system may allow a food bank to monitor its agencies' ability over time

and help the food bank take appropriate action to be responsive to changes which may

adversely affect their network. We have applied Model Hue for the partner agencies of

FBCENC from January 2018 to September 2020 with a goal to observe the agencies' risk
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exponent evolution. Figure 3.6 shows the evolution for �ve of FBCENC's partner agencies.

By observing the agencies' evolution of risk exponents over time, we can generate several

managerial insights. First, we can see that the agencies' evolution of risk exponents may

remain stable over time (agency G1123, Figure 3.6(a)), or may experience downward trend

(agency N1071, Figure 3.6(b)) or upward (agency R1122, Figure 3.6(c)). In other words, an

agency may consistently take actions according to the food bank's expectation, or become

more risk averse or risk seeking over time. Our partner food bank managers found this

tracking system intuitive and useful.

Our partner food bank managers were interested in seeing how COVID-19 may have

in�uenced the evolution of risk exponents for the agencies. To do so, we mark the date

March 15, 2020 with a red arrow in Figure 3.6, as that is when states began to shut down

to prevent the spread of COVID-19 (CDC 2022). From Figure 3.6(b) and Figure 3.6(e), we

can see that agencies N1071 and R1355 experienced a substantial drop in risk exponents in

the months following the COVID-19 shutdown. In other words, some agencies' ability to

receive pounds to serve per person in need declined as COVID-19 shutdowns were imposed.

However, from Figure 3.6(d), we can see a substantial increase in risk exponents for agency

S1068 after March 15, 2020. In other words, some agencies might have experienced an

increase in their ability to receive pounds to serve per person in need. This insight can be

connected to the hidden capacity at some of the agencies, as mentioned by our partner

food bank manager. As COVID-19 hit, the demand for donated food skyrocketed, and so did

the food donations received by the food bank. Our partner food bank needed to distribute

more food than ever to meet the demand. At that point, some partner agencies started to

reveal extra capacity to receive food, which allowed the food bank to distribute food to

meet the excess demand, which may be captured by a sudden increase in risk exponents

for the agencies, such as shown for agency S1068 in Figure 3.6(d).

Our analysis of the association of risk exponents of the agencies with their ability,
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Figure 3.6: The evolution of risk exponents of �ve partner agencies of FBCENC from
January 2018 to September 2020; the "red" arrow approximately indicates March 15, 2020.

stability, and socio-economic factors has revealed several managerial insights as well. The

over-arching theme of the results of the analysis is the positive association of better access

to food and the agencies' high risk exponents. The agencies that are closer to the branches

or urbanized areas seem to have high risk exponents or better ability to receive pounds

to serve per person in need, and greater stability. This insight can also inform our food
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bank about the need to focus on the ability of the agencies in rural areas. We have also seen

that the agencies that are in rural and low income areas may have lower ability to receive

pounds, which can be an important insight for our partner food bank. We have shared

these insights with our partner food bank and received positive feedback.

3.5 Conclusion

This paper studies the heterogeneous utility structures and stability of the partner charitable

agencies of a food bank. In developed countries such as the US, food banks usually work

in partnership with charitable agencies to distribute donated food to the food-insecure

population. The charitable agencies may include shelters, churches and food pantries.

Each agency usually serves the food-insecure population in its region. The utilities of the

agencies may not be clearly de�ned. Moreover, the utilities of the agencies can vary from

each other and over time. Understanding the varying utilities of their partner agencies may

allow a food bank to serve the agencies by developing personalized distribution polices.

The agency's risk exponent determines the willingness of an agency to receive the next

Pound to serve per Person In Need (PPIN), which varies among the agencies. If the exponent

is between 0 and 1, then the agency's willingness to receive the next PPIN decreases with

PPIN. Such an agency is denoted as risk-averse. The willingness to receive the next PPIN

remains constant for a risk exponent of 0 or 1; such an agency is denoted as risk-neutral.

The willingness increases with PPIN for a risk exponent greater than 1 or less than 0; such

an agency is denoted as risk-seeking. The willingness to receive the next pound to serve per

person in need also represent the agencies' ability to receive pounds to serve per person in

need. In this paper, we have developed a minimax non-linear optimization model named

Model HUE to elicit a given agency's risk exponent based on the pounds they received,

number of persons served, and a PPIN benchmark set by the food bank. By observing the
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elicited risk exponents of all agencies, we have studied the heterogeneity that exists among

the partner agencies of our partner food bank, the Food Bank of Central and Eastern North

Carolina (FBCENC). We have observed that most of the partner agencies of FBCENC are

risk-seeking, i.e., most agencies have high ability to receive pounds to serve per person in

need.

We have also developed a method to identify the agencies' stability. Speci�cally, we have

developed an algorithm, named the Utility-Dominance algorithm, to elicit the number of

periods within which an agency's utility over PPIN remain essentially the same. We denote

the number of stable periods of an agency as their stable horizon. We have observed that,

most agencies' stable horizons are either one month or twelve months. Our methods to

elicit the risk exponents and stability of a food bank's partner agencies can be used by

other food banks in the US to understand their partner agencies' heterogeneous ability and

stability in a way that is meaningful for food banking operations.

In addition to understanding the varying utilities of its partner agencies, a food bank may

also like to understand the factors that may be associated with the agencies' heterogeneity

in risk exponents. We have developed a multiple linear regression model to identify the

factors (ability, stability, and geographic or socio-economic) that associate with the risk

exponents of the agencies signi�cantly. We have collected 394 factors for each agency. We

have identi�ed 37 signi�cant factors from which nine themes have emerged: Access to

food, Population, Race, Age, Housing, Services provided by the agencies, Storage capacity,

Income, and Stability of the agencies. Our analyses have revealed that the agencies ability

to receive pounds to serve per person in need is positively associated with better access to

food sources, i.e., agencies that are situated closer to the food bank branches or urbanized

areas seem to have high ability to receive pounds to serve per person in need.

The study can be extended in several ways. The �rst extension would be to identify the

utilities of the agencies in terms of food type, e.g., dry goods, produce, and frozen food.
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An agency can have several sources where they receive different food items. At the same

time, an agency can be situated in an agriculturally rich or poor geographic location. These

factors can potentially impact the agency's solicitation of food items from the food bank. A

study where the charitable agencies are studied for their inherent utilities over different

food item choices is a natural extension to this work. Another extension could incorporate

the capacity of the agencies where the objective would be to understand the impact of

available capacity on the agencies' behaviors.
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CHAPTER

4

WHEN A FOOD BANK CONSIDERS THE

UTILITY OF ITS PARTNER AGENCIES IN

THE DISTRIBUTION OF DONATED FOOD:

A NONLINEAR MULTI-CRITERIA

OPTIMIZATION APPROACH
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4.1 Introduction

"Zero Hunger by 2030", the second of the 17 United Nations Sustainable Development

Goals (UNSDGs), aims to " end hunger and ensure access by all people, in particular the poor

and people in vulnerable situations, including infants, to safe, nutritious and suf�cient food

all year round " (United Nations 2021). A household's access to suf�cient nutritious food for

adequate growth and development is termed as "Food Security" (Feeding America 2015).

Although UNSDG 2 aims to achieve a food-secure world by 2030, recent reports suggest that

the food security and nutritional status are likely to deteriorate further due to the health

and socio-economic impacts of the COVID-19 pandemic (United Nations 2020b).

In the United States (US), a network of multiple agents exists for collecting and dis-

tributing donated food to the food-insecure population. Feeding America (FA) resides at

the top of the network. Headquartered in Chicago, Illinois, FA is the largest hunger-relief

organization in the US. The organization works with a network of over 210 partner food

banks and 60,000 agencies to serve the food-insecure population around the US (Feed-

ing America 2021c). The leftmost geoplot in Figure 4.1 shows the locations of FA's partner

food banks. In 2016, FA and its partner food banks distributed around 4 billion meals in

the US (Feeding America 2021c). FA assists their partner food banks with sourcing food

from national donors through an online bidding platform. Each food bank can observe

the available national donations on the platform, bid on their chosen food items using

non-monetary currencies, and collect the food items if they win the bid (Prendergast 2016).

The existing literature on the distribution of donated food does not capture the inter-

actions among agents within the Feeding America network, speci�cally, the interactions

between a food bank and its partner agencies. The current study is motivated by observing

the interactions between our partner food bank, the Food Bank of Central and Eastern

North Carolina (FBCENC), and its partner agencies. FBCENC serves the food-insecure
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Figure 4.1: Feeding America's network of partner food banks and FBCENC's partner agen-
cies

population within 34 counties in North Carolina. The geographic region composed of

the 34 counties constitutes FBCENC's service region. FBCENC operates six facilities: one

hub situated in Raleigh and �ve branches situated in Sandhills, Wilmington, New Bern,

Greenville, and Durham (FBCENC 2021). The hub at Raleigh also works as a branch. The

hub receives food donations from the FA bidding platform and federal and local sources

and distributes food to the branches. Each branch can also receive food from local donors.

The branches then distribute their food to � 900 agencies situated within FBCENC's service

region. These agencies may include churches, shelters, and food pantries. The agencies

are the last distribution points of the network for the donated food from where the food-

insecure population receives food. The rightmost geoplot on Figure 4.1 shows the locations

of the FBCENC branches (stars) and their network of � 900 agencies (dots).

A food bank in the US usually considers three criteria when making distribution actions:

(i) equity, (ii) effectiveness, and (iii) ef�ciency. In Chapter 2, we denote these three criteria

as "EEE." An equitable distribution refers to a distribution policy where each county of

the food bank's service region receives food in proportion to its food need. In the context

of donated food, supply usually overshadows demand. Thus, maintaining an equitable
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distribution policy is essential so that each person in need receives their fair share of the

available food. An effectivedistribution policy for a food bank happens when it distributes

as much food as possible to its partner agencies. According to FA, the US has enough food

to feed its whole population, however around 72 billion pounds of food is wasted per year

(Feeding America 2021c). This highlights the importance of an effectivedistribution policy

in order to minimize waste and, in turn, maximize the amount of food distributed to the

food-insecure population. An ef�cient distribution is one where the cost of distribution

is minimized. Maintaining ef�ciency is vital for two reasons: (i) a food bank usually has a

limited budget, and (ii) a food bank can use the money saved from distribution to procure

more food to serve the population in need better. These three criteria are often con�icting.

Moreover, from Chapter 2, we have seen that a food bank's preference over these criteria

�uctuates based on varying supply and demand patterns.

However, a food bank may also consider the utilities of its partner agencies while dis-

tributing food. From Chapter 3, we have characterized an agency's utility as a function of

its achieved Pounds per Person In Need (PPIN), expressed as
�

X
N

� �
. Where X is the pounds

of food received by the agency from the food bank, N is the number of persons served by

the agency, and � is an exponent. As the last point of distribution for the donated food, an

agency may aim to distribute as many pounds per person as possible to maximize its utility.

From Chapter 3, we have also learned that this willingness / ability to distribute the next

PPIN may vary among the agencies, thus positing the existence of heterogeneous utilities

among the agencies.

The exponent of the agencies' utility function, � , plays an important role in capturing

the heterogeneity of the agencies' utilities. The exponent controls the marginal nature of the

agencies' utility functions. Based on the seminal work by Morgenstern and Von Neumann

(1953), the marginal utilities de�ne the risk attitude of the agents in a given system. Thus,

we denote the exponent, � , as the risk exponent of the agency. An agency is designated as
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"risk-averse" if it has a marginally decreasing utility over PPIN ( 0 < � < 1), "risk-neutral" if

marginally constant ( � = 1), and "risk-seeking" if marginally increasing ( � > 1). In Chapter

3, we elicit the risk exponents of FBCENC's 378 partner agencies in January 2018. Figure

4.2 portrays the distribution of the risk exponents, which shows the heterogeneity of the

utilities among the agencies.

Figure 4.2: Distribution of risk exponents of 378 partner agencies of FBCENC

The existing food banking operations literature identi�es optimal distribution policies

by aggregating all the agencies within a geographic area (such as a county) within its service

region and does not consider the individual priorities of each agency within a county

(Sengul Orgut et al. 2017; Islam and Ivy 2021). This may have unintended consequences,

for example, consider a scenario where a food bank wants to achieve perfect equity and

effectiveness with a distribution cost as low as possible. Such a policy can be achieved by

distributing to only one agency within each county of the food bank's service region. From

each county, the food bank can select the closest agency to the food bank's warehouse. Then,

the food bank can distribute all available food to these agencies equitably, thus achieving

the best equity and effectiveness at the lowest possible distribution cost. However, such

a distribution policy may result in zero or minimal utilities for the agencies who are not
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closest to the food bank. Moreover, distributing the pounds of food required to achieve

perfect equity among the counties to a selected agency within each county may result in

food waste if the agencies do not have suf�cient capacity to receive. Furthermore, a given

agency may not have suf�cient resource to serve food to all population in need within a

county, which may result in a portion of population in need receiving zero pounds of food.

On the other hand, a food bank that only considers maximizing the utility of its partner

agencies may impact the equity, effectiveness, or ef�ciency of its distribution. Maximizing

all agencies' utilities may require the food bank to distribute to each agency as much food

as possible. Such a policy may be costly as the policy requires food distribution to the

furthest agencies. Moreover, a food bank may disproportionately distribute food to the

agencies in a given county compared to others, resulting in an inequitable distribution.

Yet, if a food bank only considers maximizing the sum of all utilities of its partner agencies,

the food bank may distribute food in a way that the achieved utilities of the agencies are

disproportionate. The parameters that constitute the agencies' utilities such as the number

of persons served (denominator of the utility function) and the risk exponent (exponent of

the utility function) may drive a distribution policy that favors achieving high utilities for

some agencies while ignoring others. There exists a trade-off among the criteria of equity,

effectiveness, ef�ciency, and maximizing the utilities of the agencies proportionately. A

food bank distribution policy needs to consider all the trade-offs between these criteria in

distributing the available food.

Moreover, depending on the changes in supply, demand, or other events, a food bank

may change its preference over equity, effectiveness, ef�ciency, and agencies' utilities may

change. From Chapter 2, we have seen that a food bank's preference over EEE can vary.

Similarly, a food bank's preference to maximize its partner agencies' utility may differ from

the food bank's preferences over EEE. One example of such differences in preference can

be illustrated by the impact of COVID-19 on the distribution policy of the food bank. Based
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on our interactions with our partner food bank, FBCENC, we have learned that the food

bank allowed the agencies to come and shop for food from the food bank warehouses in

the pre-COVID era. However, COVID-19 imposed social distancing, thus restricting the

movements of the agencies to FBCENC. To cope with the restrictions of social distancing,

the food bank changed to a policy where it decided the amount of food that each agency

should receive and distributed the food to the agencies accordingly. This policy change

may be construed as the change in the food bank's preference in managing their agencies'

utilities. Thus, a method that considers the criteria of equity, effectiveness, ef�ciency, and

agencies' utilities in developing a distribution policy but ignores the food bank's preference

over the criteria may be unable to produce a distribution policy according to the food bank's

preference.

We aim to answer three research questions in this study. First, how do we capture the

agency's utility in a way that allows a food bank to distribute food to its partner agencies while

maximizing their utilities? To answer this question, we consider a minimax regret criterion.

The criterion minimizes the maximum gap between the utilities achieved by each agency

by receiving certain amount of food from the food bank and the maximum utilities the

agency can achieve. This gap is otherwise denoted as the regret in utilities. By minimizing

the maximum regret for all agencies, the criterion ensures that any given agency does not

observe a high regret compared to other agencies. We perform analytical and numerical

analyses to show the superior performance of the minimax regret criterion compared to

the three commonly used utility-based criterion in the literature: (i) maximizing the sum of

utilities, i.e., the utilitarian utility; (ii) minimizing the maximum utility, i.e., minimax utility;

and (iii) maximizing the minimum utility, i.e., maximin utility (Chen and Hooker 2021).

The second question is: how do we identify the optimal food distribution policy consid-

ering the criteria of equity, effectiveness, ef�ciency, and the minimax regret criteria for the

heterogeneous utilities of the food bank's partner agencies? How do we capture the preference
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of a food bank over these criteria? To answer these questions, we develop a single-period,

deterministic, two-echelon, weighted, multi-criteria optimization model named "Model

UtilEEEty". We de�ne the non-scalarized formulations of each criteria, and then scalar-

ize the criteria by identifying their minimum and maximum values. We either perform

mathematical proofs or develop optimization models to identify the minimum and maxi-

mum values. Finally, we de�ne the weighted sum of the scalarized criteria as the objective

function of Model UtilEEEty. The weights represent a food bank's preference over the four

criteria. The model considers the supply availability at the food bank and the receiving

capacities of the agencies. To the best of our knowledge, this is the �rst study in the food

banking operations literature that considers the heterogeneous utilities of the receivers

of aid (i.e., agencies) from an aid distributor (i.e., food bank) while considering equity,

effectiveness, and ef�ciency of the distributor.

Our last question is: How do we quantify the trade-off among the criteria of equity,

effectiveness, ef�ciency, and the minimax regret criteria? To answer this question, we apply

model UtilEEEty on our partner food bank's data. Speci�cally, we vary the weights of the

criteria and evaluate the corresponding equity, undistributed food, cost of distribution

and the utility concession of the agencies. Based on our numerical analysis, we develop

insights about the trade-offs among the four criteria to aid food banks in their distribution

decisions.

The rest of the chapter is arranged as follows. Section 4.2 provides a detailed review

of the humanitarian aid distribution literature and places our work in the context of the

literature. Section 4.3 discusses Model UtilEEEty, criteria de�nitions, and scalarization

techniques. Section 4.4 discusses the results obtained by implementing Model EEE on our

partner food bank's data. Section 4.5 concludes this chapter.
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4.2 Literature Review

The humanitarian aid distribution literature can be divided into two primary streams: (i)

short-term and (ii) long-term aid. Short-term aid distribution usually refers to disaster

relief, where humanitarian organizations (HO) distribute aid to offset the sudden increase

in need in the aftermath of disasters (Balcik et al. 2008; Gralla et al. 2014). In contrast, long-

term aid distribution is a continuous process where HOs work to alleviate an ever-existing

socioeconomic problem. For example, a food bank is a long-term aid distributor that works

to alleviate food insecurity within its service region (Sengul et al. 2013; Sengul Orgut et al.

2017). Another area in the long-term aid literature, known as "food rescue," focuses on

optimizing food collection from donors and immediate distribution of the food to charitable

agencies without considering storage or location distribution problems (Solak et al. 2014).

A humanitarian aid distribution network may consist of several agents such as donors,

government, private sector (PS), humanitarian organizations (HO), food banks, charitable

agencies, and the bene�ciaries (Muggy and Stamm 2014). Usually, the humanitarian aid

distribution literature papers study a distributor-receiver relationship, where the distributor

distributes relief or food to the receivers, e.g., a food bank distributing food to charitable

agencies.

In this chapter, we study a food bank's tactical distribution of the donated food to

its partner agencies, which belongs to the food banking operations literature class. The

studies in this literature are fundamentally different from the disaster relief operations as

the food banking operations do not require the urgency of distribution as in disaster relief.

Instead, they focus on developing optimal tactical policies for the food bank to aid them

in achieving long-term goals in terms of equity, effectiveness, ef�ciency, and the agencies'

utilities (Sengul et al. 2013; Islam and Ivy 2021). Moreover, food banking operations differ

from food rescue as the latter does not require a decision-maker to consider the cost of
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storing food. In this study, we brie�y discuss the disaster relief operations and food rescue

papers and focus mainly on the food banking operations literature. Table 4.1 provides a

summary of all disaster relief, food rescue, and food banking operations papers reviewed

for this study and places our study in relative to them. We provide a comparison of our study

to these papers with respect to the criteria considered, the heterogeneity of the utilities,

and the weights or preferences placed on these criteria.

4.2.1 Disaster relief operations

The disaster relief operations literature considers both single and multiple decision-makers.

In a single decision-maker scenario, disaster relief operations usually focus on a decision

maker who aims to deliver relief to as many people as possible within the disaster-impacted

area and as quickly as possible to minimize the suffering of the affected people. For example,

Anaya-Arenas et al. (2018) de�ne equity as maximizing demand �ll rates, whereas Aslan and

Çelik (2019) de�nes equity as minimizing the required travel time to reach the impacted

people. Yu et al. (2018) de�ne suffering-based equity where the objective is to minimize

the suffering of as many people as possible in terms delay in receiving aid. Hong et al.

(2015) considers maximization of relief delivery to as many people as possible as equity.

Noham and Tzur (2018) employs equity through constraints by limiting the maximum

deviation from a target value based on demand �ll rates. Effectiveness is usually de�ned

as the minimization of holding cost (e.g., Döyen et al. (2012)) in disaster relief operations.

Ef�ciency has been represented as minimizing the number of trips between the distributor

and bene�ciaries (e.g., Anaya-Arenas et al. (2018)), minimizing transportation costs (e.g.,

Balcik et al. (2008)), or travel distance (e.g., Abazari et al. (2021)), usually to enforce the

urgency requirement of a disaster-impacted area. Several differences exist between these

papers and our work. First, our work is inherently different from the single decision-maker
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Table 4.1: A review of humanitarian aid distribution literature

Paper Criteria Heterogeneity Weights
Equity Effectiveness Ef�ciency Receivers' Utility

Disaster Relief

Single-decision maker
Abazari et al. (2021) � � �
Anaya-Arenas et al. (2018) � �
Aslan and Çelik (2019) �
*Balcik et al. (2008) � �
Carland et al. (2018) � �
Döyen et al. (2012) � �
Ferrer et al. (2018) � � �
Ghasemi et al. (2020) � �
Gralla et al. (2014) � � � �
Holguín-Veras et al. (2013) � �
Hong et al. (2015) �
*Huang et al. (2012) � � �
*Huang et al. (2015) � � �
K�lc� et al. (2015) �
McCoy and Lee (2014) � �
*Noham and Tzur (2018) � �
Rawls and Turnquist (2011) � �
Rezaei-Malek et al. (2016) � �
Tzeng et al. (2007) � �
Viswanath and Peeta (2003) � �
*Vitoriano et al. (2011) � � �
Y�lmaz and Kabak (2020) � �
Yu et al. (2018) � � � �
Yu et al. (2019) � � � �
Multiple-decision makers
Adida et al. (2011) �
Castaneda et al. (2008) �
Cheung and Zhuang (2012)
Coles et al. (2018)
Diehlmann et al. (2021) � �
Du and Qian (2016) �
Eid et al. (2015) �
Ergun et al. (2014) �
Fathalikhani et al. (2018) � �
Gossler et al. (2019) �
Guan and Zhuang (2015)
Gupta and Ranganathan (2007) � �
Hausken and Zhuang (2013)
Hu et al. (2019) �
Kamyabniya et al. (2019) � �
Li et al. (2019)
Liang et al. (2012) �
Liu et al. (2019) �
Majumder et al. (2019) � �
Muggy and Stamm (2020) �
Nagurney (2016) �
Nagurney et al. (2016) �
Nagurney (2017) �
Nagurney et al. (2017) �
Nagurney et al. (2019) �
Nagurney and Qiang (2019) � � �
Nagurney et al. (2020) � �
Nahirniak et al. (2021) �
Peng et al. (2014) �
Privett and Erhun (2011) �
Proano et al. (2012) �
Ranganathan et al. (2007) �
Rodríguez-Pereira et al. (2021) �
Stamm (2010) � � �
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Table 4.1 (continued).

Toyasaki and Wakolbinger (2014) �
Vásquez et al. (2013) �
Wang et al. (2009) � �
Yang and Xu (2012) � �
Zhuang et al. (2014) �

Food Rescue Operations

Balcik et al. (2014) � � �
Eisenhandler and Tzur (2019a,b) � �
Gonçalves et al. (2013) � �
Gunes et al. (2010) �
Lien et al. (2014) � �
Nair et al. (2017) � �
Nair et al. (2018) � �
Rey et al. (2018) � �
Solak et al. (2014) � �

Food Bank Operations

Ahire and Pekgün (2018) �
Alkaabneh et al. (2020) � �
Babaioff et al. (2019) � �
Blackmon et al. (2021) � �
Fianu and Davis (2018) �
Hasnain et al. (2021) � � � �
Islam and Ivy (2018, 2021) � � �
Lundy et al. (2019) �
Martins et al. (2019) � � � �
Mohan et al. (2013) �
Prendergast (2016, 2017) �
Sahinyazan et al. (2021) � �
Sengul Orgut et al. (2013, 2016, 2017,
2018)

� �

Our work � � � � � �

disaster relief operations as food banking operations focus on achieving long-term goals

rather than alleviating short-term impacts of disasters. Moreover, none of these papers

includes the receiver's heterogeneous utilities over the relief items simultaneously with

equity, effectiveness, and ef�ciency as the criteria of the decision-maker's objective function.

Several disaster relief game-theoretic papers study the interactions between multiple

agents in a humanitarian aid network. These papers sometimes consider the utilities of

the agents in a distributor-receiver setting. Muggy and Stamm (2014) and Seaberg et al.

(2017) review the application of game theory to different problem settings in disaster

relief. Some papers (e.g., Castaneda et al., 2008) focus on the competition of humanitarian

organizations (HO) over the available donations. In contrast, some papers consider a donor
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utility that usually increases with the social impact made by the donations, e.g., whether

the donations were used to serve the most-impacted areas (Zhuang et al. 2014). In addition,

several papers (e.g., Diehlmann et al., 2021) consider the competition among HOs and

for-pro�t relief suppliers where the HO tries to maximize the social impact, and the supplier

tries to maximize its pro�t. Nagurney (2016) focuses on the logistics cost component in

disaster relief procurement and distribution. They consider a given HO that usually tries

to minimize the logistics cost (ef�ciency) so that the savings can be used to maximize the

social impact in terms of relief delivery maximization.

There are several fundamental differences between the game-theoretic papers and

our work. First, we consider a long-term humanitarian aid distribution network and the

interaction among its agents, whereas these papers focus on the agents in an emergency

relief delivery. Moreover, none of these papers consider equity in an egalitarian sense, e.g.,

where all counties a fairshare of the available food.

4.2.2 Food Rescue Operations

Food rescue operations refer to the quick collection and distribution of donated food to

agencies or food-insecure populations. We summarize the papers in food rescue operations

in terms of the criteria they consider in Table 4.1. There exist several signi�cant differences

between these papers and our work. First, food rescue operations do not consider food

storage. While food banks may be involved in food rescue operations, these are not the

primary goals of a food bank. As quick collection and delivery are the primary goals of food

rescue operations, i.e., real-time decision-making, researchers employ routing elements in

their studies of food rescue. In contrast, a food bank mainly focuses on tactical decisions,

such as aggregated distribution of available food to the counties equitably, effectively, and

ef�ciently monthly or yearly.
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4.2.3 Food banking operations

Food banking operations literature focuses on developing optimal distribution policies for

a food bank considering distribution criteria such as equity, effectiveness, and ef�ciency.

Food banking operations literature can be traced back to Sengul et al. (2013): they study

a deterministic, capacity-constrained network �ow problem considering the criteria of

equity and effectiveness. They enforce equity through a constraint such that every county

of a food bank's service region receives food proportional to their demand. They de�ne

effectiveness as minimizing undistributed food, which becomes their objective function.

Sengul Orgut et al. (2016b) relax the earlier study by allowing equity to deviate. They de�ne

a constraint where a user-de�ned value bounds the absolute deviation from perfectly

equitable distribution for each county. Sengul Orgut et al. (2017) considers the receiving

capacities of the counties to be stochastic, and as such, they develop a two-stage stochastic

model to handle the stochasticity. Sengul Orgut et al. (2018) develop a robust optimization

model considering the equity and effectiveness criteria. Fianu and Davis (2018) study a

discrete-time discrete-state Markov Decision Process (MDP) model with stochastic supply,

deterministic demand, and an equity-based objective; they de�ne equity as a function of

the Pounds distributed Per Person in Poverty (PPIP). None of these papers consider the

agencies' utilities as a criterion for distribution for a food bank.

Ahire and Pekgün (2018) develop an integer programming model considering only

ef�ciency to aid a food bank to host donation-collecting events optimally. Mohan et al.

(2013) also consider ef�ciency in their vehicle routing model for food banks. Blackmon et al.

(2021) develop an integer programming model considering effectiveness and ef�ciency

in a food bank network where the donor can directly distribute to the agencies. Here, the

agencies' demand can be thought of as homogeneous linear utility function over the pounds

they receive from a food bank. However, in this paper, we consider the heterogeneous
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utilities of the agencies over the Pounds per Person served In Need (PPIN). Sahinyazan

et al. (2021) develop a bi-level model for the optimal transportation modality selection, i.e.,

selection between bus or vans, and food relief distribution to the bene�ciaries according to

their homogeneous consumption behavior over different food types considering the criteria

of effectiveness and bene�ciaries' nutrition. However, none of these papers simultaneously

consider equity, effectiveness, ef�ciency, and receivers' utilities in the objective function.

Moreover, none of these papers consider the heterogeneity of the receivers' utilities in their

studies.

Several papers consider equity, effectiveness, and ef�ciency in their study of food bank-

ing operations. Islam and Ivy (2018, 2021) incorporate equity as a constraint, minimizing

the cost of wastage (effectiveness) and distribution (ef�ciency). They de�ne equity as the

absolute difference in the proportion of demands ful�lled between pairs of blocks within a

food bank's service region. Alkaabneh et al. (2020) consider effectiveness (i.e., nutritional

service maximization) and ef�ciency (i.e., maximization of the total amount of distributed

food) in the objective function and argue that equity can be achieved when an effective

and ef�cient allocation identi�ed by the model is allocated in proportion to the counties'

demand. Martins et al. (2019) study a strategic supply chain redesign problem where they

consider a total of nine criteria, including equity by minimizing the least satis�ed demand,

effectiveness by minimizing waste, and ef�ciency by minimizing travel by agencies. Has-

nain et al. (2021) consider the weighted sum of equity, effectiveness, and ef�ciency as the

objective of a food bank subject to supply constraints. None of these papers consider the

agencies' utilities as a criterion for distribution for a food bank. As discussed in Section 4.1,

a long-lasting relationship between a food bank and its partner agencies is essential for an

uninterrupted �ow of food to the people in need over a long-time horizon. Thus incorpo-

rating the utilities of the agencies of a food bank as a criterion for distribution is important.

Moreover, our work considers the receiving capacities of the agencies, in contrast to Has-
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nain et al. (2021). Finally, Lundy et al. (2019) develop a principal-agent framework where a

food bank (principal-agent) distributes food to a set of charitable agencies to maximize

their utilities. An agency's utility increases with the amount of allocated food and decreases

with food price. However, Lundy et al. (2019) do not consider equity, effectiveness, and

ef�ciency as the criteria of distribution for the food bank.

4.2.4 Our Contributions

Below, we list the contributions of this chapter to the humanitarian aid distribution litera-

ture as follows.

1. To the best of our knowledge, our work is the �rst in the food banking operations

literature to consider the agencies utility maximization as a criterion of distribution

for the available food at the food bank.

2. To the best of our knowledge, this is the �rst work across the disaster relief, food rescue

and food banking operations literature that considers maximizing the heterogeneous

utility of the charitable aid receivers along with equity, effectiveness, ef�ciency in the

distribution decision of a charitable aid distributor, considering its preference over

the four criteria.

4.3 Model UtilEEEty

Consider a food bank that distributes food to its partner agencies within its service region.

The service region is usually divided into smaller geographic regions. For example, the Food

Bank of Central and Eastern North Carolina serves over 900 agencies within 34 counties in

North Carolina. In this study, we develop a method for a food bank that identi�es the optimal

distribution policy of available food equitably, effectively, ef�ciently, and maximizing its
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agencies' utilities. To achieve equity, the food bank aims to distribute the available food

to the counties in proportion to their demand in pounds. Effectiveness is achieved by

minimizing the undistributed food, i.e., maximizing the food distribution to the agencies.

Ef�ciency minimizes the cost of distributing food to the agencies.

The fourth criterion of distribution aims to maximize the utilities of the agencies in a

fair way. The utility of an agency is a function of Pounds Person in Need (PPIN). Consider

an agency i that receives xi pounds of food from the food bank and serves n i persons in

need. The agency achieves a utility of
�

xi
n i

� � i , where � i > 0 and represents the risk exponent

or the risk exponent of the agency. The risk exponent of an agency refers to the marginal

attitude of an agency to achieve the next Pound per Person In Need (PPIN). If 0 < � i < 1,

then the agency's marginal utility decreases as PPIN increases. We denote such an agency

as 'risk-averse.' If � i = 1, then the agency's marginal utility to receive the next PPIN remains

constant as PPIN increases. We denote such an agency as 'risk-neutral'. Finally, if � i > 1, the

agency's marginal utility increases with PPIN. We denote such an agency as 'risk-seeking'.

The risk exponents of the partner agencies of a food bank varies, i.e., the agencies' utilities

are heterogeneous. As the fourth criterion, the food bank aims to distribute food to the

agencies to maximize the agencies' utilities. However, since supply and capacity limitations

may prevent the agencies to achieve their maximum utility, we aim to maintain fairness in

the achieved utilities of the agencies.

In this study, we consider the "minimax regret" criterion with a goal to maximize agen-

cies' utilities in a fair way. The minimax regret criterion is a minimax criterion which

minimizes the maximum gap, i.e., regret, between the maximum utility and the achieved

utility for all agencies in a given distribution policy as stated in Equation 4.8. As the risk

exponents of the agencies' utility functions are positive, it is easy to see that the maximum

utility of an agency happens when the agency receives food equal to its capacity. A given

agency may achieve a high utility compared to others due to the agencies' variability in
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receiving capacity. The minimax utility criterion increases the utility of the agencies by

minimizing their regrets. However, if an agency achieves an unfairly high utility, the regret

between its maximum utility and achieved utility will be small, however the regret for

another agency may increase, thus increasing the minimax regret criterion value. Thus, by

implementing the minimax regret criterion, each agency may observe a regret between

their maximum and achieved utilities, where the regrets among the agencies may remain

fair.

A food bank achieves perfect equity when each county receives food in proportion to

its demand in pounds, which is the same metric used by FBCENC to measure the level of

equity in their county. The food bank achieves perfect effectivenessif all available food at

the food bank is distributed to the agencies. Perfect ef�ciency happens when the food bank

incurs no cost of distribution. The perfect minimax regret requires further analysis, which

can be found in Section 4.3.2.

In this study, we develop a non-linear, single-period, weighted, multi-criteria optimiza-

tion model named "Model UtilEEEty" that captures a food bank's four distribution criteria

in identifying an optimal distribution policy for the food bank. The objective function of

the Model UtilEEEty is the weighted sum of four criteria: Equity, Effectiveness, Ef�ciency,

and Minimax Regret. The model also considers the supply constraint at the food bank and

the receiving capacities of the agencies. Table 4.2 summarizes the notation for the model.

It maintains the following set of assumptions:

1. We consider a single facility where the donations are received, stored and distributed

to agencies.

2. We have a single decision maker, who can be the food bank manager at the considered

facility, deciding on the food �ow amounts to each agency.

3. No two agencies serve the same person in need.

4. Donated food is non-perishable.
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Table 4.2: Notations of Model UtilEEEty

Field Description Unit

Sets

f Food bank
A Set of agencies served by the food bank, where A � f 1, . . . ,a , . . . ,n g
C Set of counties within the food bank's service region, where C � f 1, . . . ,c , . . . ,m g
Ac Set of agencies within county c
W Set of food banks' weights assigned to the criteria, where W � f w1,w2,w3,w4g, where

w1,w2,w3,w4 are the weights for equity, effectiveness, ef�ciency, minimax regret, re-
spectively.

Parameters

h Holding cost per pound of food at the food bank ($)
S Total supply available at the food bank ( l b s)
K Per-mile cost of distribution for one pound of food

�
$

l b � mi l e

�

d e mc Demand of county c 2 C (l b s)
� a c Risk exponent of agency a in county c
da c Distance between the food bank and agency a in county c (miles)
na c Number of persons served by agency a in county c pe r sons

 a c Storage capacity of agency a in county c (l b s)

Decision variables

xa c Pounds of food to be distributed to agency a in county c (l b s)

5. All parameters are deterministic.

6. The food bank distributes food directly to each agency, i.e, a point-to-point distribu-

tion.

Model UtilEEEty is as follows:

Model UtilEEEty

M in w 1 � f1 + w2 � f2 + w3 � f3 + w4 � f4 (4.1)

S.t .
X

c2C

X

a2Ac

xa c � S (4.2)

xa c � 
 a c , 8c 2 C,8a 2 Ac (4.3)

xa c � 0, 8c 2 C,8a 2 Ac (4.4)
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In objective function (4.1), f1, f2, f3, and f4 represent the scalarized deviation from

perfect equity, effectiveness, ef�ciency, and minimax regret, and w1, w2, w3, and w4 are

the corresponding weights assigned to the criteria. Constraint 4.2 ensures that the total

distribution by the food bank does not exceed the available supply. Constraints 4.3 ensure

that the agencies cannot receive more than their storage capacities. Constraint 4.4 ensures

the non-negativity of the distributed pounds to the agencies. In Sections 4.3.1 and 4.3.2,

we discuss the non-scalarized formulations and the scalarization methods for the Model

UtilEEEty.

4.3.1 Non-scalarized Criteria Formulations of Model UtilEEEty

Equity : We denote � 1 as the non-scalarized formulation for equity which is de�ned as the

sum of the squared deviation from the perfectly equitable distribution across all counties.

Note, perfect equity for a county happens if it receives food in proportion to its demand in

pounds.

� 1 =
X

c2C

–
X

a2Ac

xa c �

�
d e mcP

c2C d e mc

�

�
X

c2C

X

a2Ac

xa c

™2

(4.5)

Effectiveness : The non-scalarized formulation for effectiveness is de�ned as the devia-

tion from perfect effectiveness, i.e., holding cost of the undistributed food at the food bank,

denoted as � 2.

� 2 = h �

–

S �
X

c2C

X

a2Ac

xa c

™

(4.6)

Ef�ciency : The non-scalarized formulation for ef�ciency is de�ned as the deviation

from perfect ef�ciency, i.e., the distribution cost to the agencies estimated by multiplying

the pounds distributed, the miles traveled, and the per-mile cost to distribute a unit pound,
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denoted as � 3.

� 3 =
X

c2C

X

a2Ac

K � da c � xa c (4.7)

Minimax Regret : The non-scalarized formulation for the minimax regret criterion is

de�ned as the minimization of the maximum gap between the maximum utilities and

achieved utilities among all agencies, denoted as � 4. Note, the perfect minimax regret

happens when the maximum gap between the maximum utilitiess and achieved utilities

equals to zero.

� 4 = max
c2C,a2Ac

••

 a c

na c

‹ � a c

�
•

xa c

na c

‹ � a c
˜

(4.8)

We linearize the minimax regret criterion in Model UtilEEEty's objective function by

introducing a new variable, denoted as z, as follows:

M in z (4.9)

S.t .
•


 a c

na c

‹ � a c

�
•

xa c

na c

‹ � a c

� z , 8c 2 C,8a 2 Ac (4.10)

4.3.2 Scalarization of the Model UtilEEEty Criteria

In a Multi-Criteria Optimization Model (MCOM), it is essential to scale the criteria in the

same unitless dimension and range so that no one criterion dominates the minimization of

the objective function (Ransikarbum and Mason 2016). In this study, we scale each criterion

using the linear normalization technique (Ransikarbum and Mason 2016) that binds the

criterion between 0 and 1 using Equation (4.11) as follows.
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f i =
� i � � min

i

� ma x
i � � min

i

, 8i 2 f 1,2,3,4g (4.11)

where � min
i and � ma x

i represent the minimum (best-case) and maximum (worst-case)

values of criteria i . Below, we characterize the minimum and maximum values for each of

the criteria.

Equity : When each county receives its fairshare of available food, i.e., receives food in

proportion to its demand in pounds, a zero deviation from perfect equity happens. Thus,

the minimum value of the equity criterion de�ned in Equation 4.5 is zero. In contrast, the

worst-case value estimation requires further analysis. In this study, we analytically prove

the worst-case value for the equity criterion. Lemma 9 states the condition for a worst-case

equitable distribution of available food conditioned on the capacity of the agencies. The

proof of Lemma 9 can be found in Appendix C.1.

Lemma 9 The worst-case equity occurs when all of the food at the food bank is distributed

to the county with the lowest demand (in pounds) given there is suf�cient capacity within

the county to receive all of the food bank's food, i.e.,

� ma x
1 =

�
S � p min

c � E
�2

+

 
X

c2Cjpc 6=p min
c

�
0 � pc �S

�2

!

(4.12)

where pc = d e mcP
c2C d e mc

and p min
c = minc 2 C pc .

However, Lemma 9 may not hold if the agencies within the minimum demand county

do not have suf�cient capacity to receive all of the food available at the food bank. We

develop the analytical formulation for the worst-case equity formulation in a 2-county

scenario with capacity restrictions as stated in Lemma 10.
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Lemma 10 Consider two counties, 1 and 2, with receiving capacity limits, 
 1 and 
 2, and

demand proportions p1 and p2, where p1 < p2. The worst-case equity occurs when the county

with the minimum demand in pounds, i.e., county 1, receives food up to its capacity while

the other, county 2, receives zero pounds, i.e.,

� ma x
1 f 2 � C o un t i e sg=

�

 1 � p1 � 
 1

�2
+

�
0 � p2 � 
 1

�2
(4.13)

The proof of Lemma 10 can be found in Appendix C.1. Lemma 10 cannot be tractably

extended to a general m counties scenario yet. Instead, we develop a non-linear optimiza-

tion model named "Model WCEquity" that can identify the worst-case equity value for m

counties receiving food from a food bank. The model maximizes the equity criterion in

Equation 4.5 subject to the food bank supply and agencies' receiving capacity constraints

of Model UtilEEEty. The model is as follows.

Model WCEquity

M a x � 1 =
X

c2C

–
X

a2Ac

xa c �

�
d e mcP

c2C d e mc

�

�
X

c2C

X

a2Ac

xa c

™2

(4.14)

S.t .
X

c2C

X

a2Ac

xa c � S (4.15)

xa c � 
 a c , 8c 2 C,8a 2 Ac (4.16)

xa c � 0, 8c 2 C,8a 2 Ac (4.17)

Objective function (4.14) maximizes the equity criterion value as de�ned in Equation

(4.5). Constraint (4.15) ensures that the food bank cannot distribute more than its available

supply. Constraints (4.16) ensure that the agencies cannot receive more food than their

storage capacity. Constraint (4.17) maintains the non-negativity of the pounds of food

distributed to the agencies.

163



Effectiveness : A perfectly effective distribution refers to the distribution policy where

the minimum of the following two quantities are distributed: (i) available food at the food

bank; and (ii) the total capacity of all agencies. In the former case, the food bank incurs a

zero holding cost, whereas the cost can be positive for the latter case. Thus, the best-case

or minimum effectiveness can be expressed as stated in Equation 4.18.

� min
2 = h � min

‚

S,
X

c2C

X

a2Ac


 a c

Œ

(4.18)

It is also straightforward to see that the worst-case value for the effectiveness criterion

corresponds to the case where no food is distributed to agencies. In other words:

� ma x
2 = h �S (4.19)

Ef�ciency : In a perfectly ef�cient solution, the cost of distribution is equal to zero. This

can happen if no food is distributed to the agencies or if food distribution requires no travel.

On the other hand, identi�cation of the worst-case or maximum value of ef�ciency requires

extended analysis. Lemma 11 states the conditions to achieve the worst-case ef�ciency

value.

Lemma 11 Let the agencies be ordered by decreasing distance from their branch. Worst-case

ef�ciency is observed if the food supply is allocated to the agencies in this order such that

each agency receives food up to their capacity, until all food is distributed or all agencies'

capacities are exhausted.

The proof of Lemma 11 can be found in Appendix C.1.2.
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Minimax Regret : Let us consider the scenario when only the minimax regret criterion

is considered in Model UtilEEEty. If the available supply of food at the food bank exceeds

the total available capacity of the agencies, i.e., E �
P

c2C

P
a2Ac


 a c , the maximum regret

between the maximum and achieved utility among all agencies will be zero since, each

agency will receive food equal to their capacity. However, if the total available capacity at the

agencies surpasses the available food supply at the food bank, i.e., E <
P

c2C

P
a2Ac


 a c , then

there will be at least one agency that will receive food less than its capacity, thus making the

minimax regret criterion value positive. To identify the best-case value of minimax regret

criterion for any general case, we develop the Model "BC_Minmax_regret" states as follows.

Model BC_Minmax_regret

M in z (4.20)

S.t .
•


 a c

na c

‹ � a c

�
•

xa c

na c

‹ � a c

� z , 8c 2 C,8a 2 Ac (4.21)

X

c2C

X

a2Ac

xa c � E (4.22)

xa c � 
 a c , 8c 2 C,8a 2 Ac (4.23)

z � 0,xa c � 0, 8c 2 C,8a 2 Ac (4.24)

The objective function in (4.20) minimizes the maximum regret between the maximum

and achieved utilities of all agencies with the help of linearizing constraint (4.21). Constraint

(4.22)ensures that the pounds distributed do not exceed available supply. Constraints (4.23)

ensure that the food received by each agency does not exceed their capacity. Constraints

(4.24) ensure the non-negativity of the distributed pounds

Conversely, the worst-case minimax regret happens when the agency with the maximum
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utility among all agencies receives a zero utility. In other words,

� nad
4 = max

a2A

•

 a c

na c

‹ � a c

(4.25)

The minimax regret criterion is a minimax function which aims to minimize the maxi-

mum regret between the maximum and achieved utilities among all agencies. Thus, the

regret will be maximized if the agency with the largest achievable utility among all agen-

cies receives zero pounds and achieves a zero utility. Equation (4.25) characterizes the

maximum achievable utility among all agencies.

4.3.3 Minimax Regret: mechanism and comparison with three common

utility-based criteria used in the literature

In this section, we study three utility-based criteria usually found in literature (Chen and

Hooker 2021): (i) maximize the sum of utilities of all agencies, denoted as the "Utilitarian

Utility" criterion; (ii) minimizing the maximum utility of the agencies, denoted as the "Rawl-

sian utility"; (iii) maximize the minimum utility of the agencies, denoted as the "Maximin

Utility" criterion. The goal of this exercise is to understand if minimax regret criterion,

when considered with Equity, Effectiveness, and Ef�ciency (EEE) together, provides an

improvement over the three utility-based criterion considered here in order to maximize

utility of the agencies and achieve fairness among the achieved utilities of the agencies. Let

us at �rst de�ne each of three utility-based criterion mathematically and identify structural

insights.

Utilitarian Utility . The utilitarian utility criterion is de�ned as the sum of the agencies'
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deviations from their maximum utilities, as denoted in Equation 4.26.

� 4a =
X

c2C

X

a2A

••

 a c

na c

‹ � a c

�
•

xa c

na c

‹ � a c
˜

(4.26)

By minimizing the deviations from maximum utilities, the utilitarian utility tries to

increase the sum of utilities for the agencies. We linearize the criterion using its minimum

(best-case) and maximum (worst-case) values according to Equation 4.11. It is easy to see

that the worst-case scenario happens when no agency receive food from the food bank,

thus � ma x
4a =

P
c2C

P
a2A

�� 
 a c
na c

� � a c
�
. However, if the total available capacities at the agencies

exceed the total available supply, not all agencies can receive food up to their capacity to

achieve maximum utilities. Thus, to identify the best-case value for the utilitarian utility

criterion, we employ the model stated as follows.

Model BC_Utilitarian_Utility

M in � 4a (4.27)
X

c2C

X

a2Ac

xa c � E (4.28)

xa c � 
 a c , 8c 2 C,8a 2 Ac (4.29)

z � 0,xa c � 0, 8c 2 C,8a 2 Ac (4.30)

The objective function in (4.27) minimizes the sum of differences between the agencies'

achieved utilities and their respective maximum utilitiess to increase the agencies' sum of

utility. Constraint (4.28) ensures that the distributed pounds does not not exceed available

supply and Constraints (4.29) ensure that the received food by the agencies do not exceed

their capacities. Constraints (4.30) ensures the non-negativity of the distributed pounds.

Rawlsian Utility . The Rawlsian utility aims to minimize the maximum utilities among
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all agencies (Chen and Hooker 2021), which is de�ned in Equation (4.31).

� 4b =
•

max
c2C;a2Ac

•
xa c

na c

‹ � a c
˜

(4.31)

It is easy to see that the minimum value of Rawlsian utility happens when the maximum

of the achieved utilities of all agencies equals zero. On the other hand, the maximum

Rawlsian utility happens when maximum of the maximum utilities among all agencies is

achieved, i.e., when the agency with the maximum of the maximum utilities receives food

equal to its capacity. Using the minimum and maximum values, we scalarize the Rawlsian

utility criterion de�ned in Equation (4.31).

Maximin Utility . The maximin utility aims to maximize the minimum utility of all

agencies as de�ned in Equation 4.32.

� 4c = �
•

min
c2C,a2Ac

•
xa c

na c

‹ � a c
˜

(4.32)

We linearize the maximin utility in Equation 4.32 as follows.

Max z
0

(4.33)

S.t.
•

xa c

na c

‹ � a c

� z
0
, 8c 2 C,8a 2 Ac (4.34)

By observing the linearized version, we can see that the maximin utility criterion can

achieve a minimum (worst-case for maximization criterion) value of zero. To identify the

maximum value, let us observe Constraint (4.34). It is easy to see that the variable z
0
will be

bounded above by the minimum of the utilities achieved by the agencies, i.e.,

z
0
� min

c2C,a2Ac

•
xa c

na c

‹ � a c

(4.35)
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Further, since xa c � 
 a c , we have

z
0
� min

c2C,a2Ac

•

 a c

na c

‹ � a c

. (4.36)

Thus, the maximin utility criterion will be as high as the minimum of the maximum

utilities of all agencies. In Section 4.4, we compare the minimax regret criterion with the

three utility-based criteria de�ned in this section for the agencies of our partner food bank.

4.4 Results

4.4.1 A Case Study: Wilmington branch of the Food Bank of Central and

Eastern North Carolina

We consider the Wilmington branch of the Food Bank of Central and Eastern North Carolina

and its partner agencies as the subject of our case study. The Wilmington branch receives

food from the hub situated in Raleigh and other local sources and distributes the available

food to the agencies located in four counties: New Hanover, Columbus, Brunswick, and

Pender - as shown in Figure 4.3. New Hanover county houses the Wilmington branch.

In Chapter 3, we elicited the risk exponents of 49 agencies at the beginning of January

2018 whose primary branch, i.e., the FBCENC branch where the agencies receive food,

is Wilmington. Out of the 49 agencies, seven agencies had a negative risk exponent. We

assume that these agencies became inactive in January 2018, thus we do not consider these

agencies in this study. Of the 42 agencies considered in this study, 15 agencies each are

in New Hanover and Brunswick counties, and four and eight agencies are in Pender and

Columbus counties, respectively.

We select January 2018 as the period, as the elicited risk exponent of the agencies in
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Figure 4.3: Location of Wilmington Branch ('shown by "star") and the agencies (shown by
"dots") primarily served the branch situated within the four counties

Chapter 3 are estimated for the month of January 2018. The Wilmington branch distributed

a total of 735,450 pounds of food to the agencies in January 2018, which is the available

supply. To estimate the receiving capacity of a given agency a , we consider the 36-month

period between January 2016 and December 2018. For each month, we estimate the Pounds

received to serve per Person In Need (PPINs) for each agency a . Then, we multiply the

maximum of the monthly PPINs with the number of persons reported to be served by

agency a in January 2018 to estimate the agency's capacity in January 2018. We assume a

weight of 0.25 for all four criteria, i.e., the weights sum to one. We assume a holding cost per

pound h = $0.5=l b and a per-mile cost to distribute one pound, K = 1
1000. Note that, after

scalarization, both h and K are removed from the effectiveness and ef�ciency criteria, thus

these parameters do not impact the distribution policy. Nonetheless, these parameters

allow for a meaningful representation of effectiveness and ef�ciency criteria in terms of

holding cost of undistributed food and cost of distribution in USD, so we keep them in our

formulation. Table 4.3 presents the parameters associated with the 42 agencies considered

in this study. By summing the agencies' individual capacities, we can estimate the total
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available capacity at the agencies to be 1,528,931 pounds, which is higher than the available

food supply at the food bank.

4.4.2 Discussion

Criteria values and achieved utilities of the agencies

Table 4.4 presents the best-case, worst-case, and optimal values of each of the four criteria:

Equity, Effectiveness, Ef�ciency, and Minimax Regret. By observing the criteria best-case

values in Table 4.4, we can see that all best-case values achieve a zero value except minimax

regret. Note, as the total receiving capacities of the agencies are higher than the available

food supply, there will exist at least one agency that does not receive food up to its capacity

which results in at least one positive regret. Here, the best-case minimax regret value is

23.36. The best-case effectiveness is zero as all food can be distributed since the total

receiving capacity of all agencies exceeds supply. The worst-case value for the minimax

regret criterion is 4496.88, which is equal to the maximum utilities among all agencies. Note,

agency W1103 has the maximum utility of 4496.88 as shown in Table 4.3. By observing the

optimal scaled values of the criteria in Table 4.4, we can see that effectiveness achieves

a value of 0.0003, which suggests that most available food is distributed in the optimal

distribution policy. In fact, this corresponds to 99.96% of the total available food supply

at the food bank. The optimal distribution policy has a deviation from perfect minimax

regret, perfect equity, and perfect ef�ciency.

To evaluate the equity of the distribution policy, we estimate the percentage deviation

from perfect equity for each county, c 2 C, using Equation 4.37. For each county, Equation

4.37 divides the squared deviation from perfect equity with the squared pounds in perfect

171



Table 4.3: Parameters associated with the 42 agencies considered in this study; Alphas :
risk exponents in January 2018; Persons: Number of persons served by the agencies in
January 2018;Max PPIN : Maximum monthly Pounds per Person In Need between January
2016 - December 2018; Capacities : Storage capacities of the agencies in pounds; Distance :
Distance from the primary branch; MAU: Maximum Utility

Agencies Alphas Persons Max PPIN Capacities Distance County MAU

W1000 0.89 1044.00 16.26 16979.28 9.25 New Hanover 12.08
W1012 1.11 196.00 21.12 4138.91 79.34 New Hanover 29.21
W1031 0.31 993.00 3.84 3813.04 18.81 New Hanover 1.52
W1034 1.30 7693.00 14.54 111836.55 1.47 New Hanover 32.61
W1035 1.36 89.00 29.48 2623.97 1.76 New Hanover 98.95
W1036 0.68 9335.00 5.17 48225.58 5.92 New Hanover 3.08
W1039 1.14 946.00 103.17 97595.67 16.00 New Hanover 198.30
W1041 1.16 765.00 86.76 66368.65 6.94 New Hanover 173.86
W1056 0.65 5576.00 11.18 62360.09 4.30 New Hanover 4.85
W1057 1.01 263.00 11.62 3056.70 2.54 New Hanover 11.84
W1086 1.22 379.00 12.62 4781.16 10.26 New Hanover 22.24
W1095 1.16 1569.00 36.20 56805.14 1.76 New Hanover 63.74
W1096 1.32 68.00 60.39 4106.44 16.14 New Hanover 223.12
W1103 1.80 327.00 108.00 35317.12 5.80 New Hanover 4496.88
W1113 0.70 1719.00 15.18 26102.84 10.26 New Hanover 6.81
W1001 1.07 324.00 53.75 17415.37 79.34 Columbus 70.37
W1003 1.19 152.00 57.84 8791.77 79.34 Columbus 127.23
W1029 1.01 3440.00 47.80 164438.68 79.88 Columbus 48.75
W1032 0.68 1095.00 10.51 11511.21 48.51 Columbus 4.97
W1038 0.82 4948.00 27.96 138334.30 70.74 Columbus 15.47
W1049 1.12 376.00 160.15 60215.01 71.62 Columbus 288.77
W1051 0.37 504.00 15.26 7690.49 79.34 Columbus 2.72
W1055 1.02 156.00 62.33 9722.92 79.34 Columbus 67.06
W1008 1.30 549.00 47.16 25892.34 43.33 Brunswick 151.51
W1022 1.46 255.00 252.50 64387.50 58.85 Brunswick 3155.43
W1033 0.87 607.00 16.16 9807.01 7.61 Brunswick 11.40
W1042 1.33 134.00 38.85 5205.48 8.75 Brunswick 132.25
W1053 1.55 866.00 86.83 75191.39 22.75 Brunswick 1015.96
W1072 0.81 425.00 50.26 21362.05 8.75 Brunswick 23.61
W1080 0.65 403.00 17.20 6932.56 32.10 Brunswick 6.38
W1081 1.13 84.00 31.47 2643.14 28.49 Brunswick 48.84
W1083 1.28 2277.00 35.69 81261.07 22.30 Brunswick 95.76
W1084 0.37 2704.00 7.14 19295.41 52.45 Brunswick 2.07
W1087 0.42 252.00 12.26 3089.00 15.09 Brunswick 2.88
W1098 1.34 466.00 134.25 62559.46 13.05 Brunswick 720.78
W1100 1.04 658.00 64.33 42330.32 44.17 Brunswick 77.43
W1101 0.49 65.00 86.08 5594.91 17.38 Brunswick 8.69
W1104 0.72 698.00 18.00 12566.83 40.34 Brunswick 8.00
W1052 1.29 418.00 55.60 23239.84 38.83 Pender 180.23
W1068 0.75 1878.00 17.51 32892.43 39.02 Pender 8.47
W1079 0.68 3738.00 9.48 35434.19 45.84 Pender 4.61
W1085 0.15 2129.00 17.39 37015.14 41.18 Pender 1.53
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Table 4.4: The best-case, worst-case and optimal scaled values of the four criteria

Values
Criteria

Equity Effectiveness Ef�ciency minimax regret

Best-case 0 0 0 27.36
Worst-case 2.45448E+11 367725 45753 4496.88
Optimal scaled value 0.1517 0.0003 0.5393 0.0475

equity and multiplies it by 100.

% Equity Deviation (c) =

”P
a2Ac

xa c � d e mcP
c2C d e mc

�
P

c2C

P
a2Ac

xa c

—2

”
d e mcP

c2C d e mc
�
P

c2C

P
a2Ac

xa c

—2 , 8c 2 C (4.37)

Figure 4.4(a) shows the percentage deviation from perfect equity for the counties served

by the Wilmington branch. We can see that, Columbus county has the lowest percentage

deviation, whereas Brunswick county has the highest. Figure 4.4(b) shows the percentile of

pounds received by the agencies under the optimal distribution policy. Brunswick county,

the county with the maximum deviation from perfect equity, houses 15 agencies, seven

of which receive pounds at the 50t h percentile or higher level. This may have driven a

high deviation from equity. In the next paragraphs, we discuss the utilities achieved by the

agencies to provide insight about the optimal distribution policy.

Figure 4.5 shows the utilities achieve by the agencies with respect to their maximum

utilities. The agencies are arranged in the ascending order of their maximum utilities in

Figure 4.5. However, the regrets of the agencies are not uniform. Some agencies have a

higher regret compared to others. For example, consider agencies W1035 and W1003. While

the maximum utility of agency W1003 is higher than agency W1035, the achieved utility

of W1003 is lower than that of W1035. Similar observations can be made for agency pairs

(W1012, W1034) or (W1052, W1039). These observations invoke the question: how do the

agency-speci�c parameters, i.e., the parameters that vary among the agencies, in�uence
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Figure 4.4: Analysis: (a) percentage deviation from perfect equity for the counties; (b)
pounds received by the agencies and their percentile distribution

the regrets incurred by the agencies?

To answer the question posed above, we study the relationship between the agencies'

achieved utilities with three agency-speci�c parameters: (i) distances from their primary

branches; (ii) number of persons served by the agencies; and (iii) risk exponents of the

agencies, denoted as � a c . We show these relationships for the agencies W1035, W1003, and

W1042 in Figure 4.6. Note, the three agencies in Figure 4.6 are arranged in the ascending

order of their maximum utilities.

Firstly, from Figure 4.6(a), we can see that even though agency W1003's maximum utility

is higher than that of agency W1035, agency W1003 is situated further form its primary

branch. Thus, agency W1003 may have received less pounds compared to agency W1035 to

reduce distribution cost (i.e., to improve ef�ciency), which may have in�uenced agency

W1003's low achieved utility. From Figure 4.6(b), we can see that agency W1003 serves more

person in need compared to W1035. As the number of persons becomes the denominator

of an agency's utility function, higher number of persons served by agency W1003 may have

also in�uenced its low achieved utility. Moreover, agency W1003 has a low risk exponent

than agency W1035. As the risk exponent is the exponent of an agency's utility function,
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Figure 4.5: The achieved utilities of the agencies in comparison to their maximum utilities.

Figure 4.6: The relationship between the agencies achieved utilities with their (a) distances
from their primary branches, (b) number of persons served, and (c) risk exponents. coef�-
cients.

having a low risk exponent may have also contributed to agency W10003's low achieved

utility compared to agency W1035. A similar set so relationships can also be observed

between agency W1035 and W1042. Thus, we can see that the agency-speci�c parameters

can in�uence the achieved utilities of the agencies, as the parameters in�uence the values

of the four criteria.
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Impact of varying weights on the four criteria

Varying the weights on more than one criteria simultaneously may provide important

policy insights for a food bank. To identify such policy insights, we perform the following

exercise. We select a set of 20,825 weight combinations on the four criteria, where each

combination refers to a set of weights placed on the four criteria that sum to one. The

weight combinations are selected at a step size of 0.02. For example, if the �rst weight

combination is [0.97,0.01,0.01,0.01] on equity, effectiveness, ef�ciency, and minimax regret

criteria, respectively, then the next weight combination will be [0.95,0.03,0.01,0.01]. For

each of the 20,825 weight combinations, we solve Model UtilEEEty and record the solutions,

i.e., the distributed pounds, the achieved utilities of the agencies, the scaled values of the

four criteria and the objective function value. By observing the scaled criteria values, we

create two polices for each criteria using the following de�nitions:

1. Criteria 1: Equity . A distribution policy is de�ned as equitable if the the scaled equity

criterion value is less than 1e � 6 and inequitable if the scaled equity criterion value

is more than 1e � 6. We select this threshold value as Python sometimes mishandle

decimal point values lower than 1 e � 6

2. Criteria 2: Effectiveness . A distribution policy observes all distribution if all avail-

able food at the food bank is distributed. A distribution policy has a partial / zero

distribution if all available food at the food bank is not distributed.

3. Criteria 3: Ef�ciency . Unlike equity and effectiveness, de�ning a threshold cost to

segregate low from high cost distribution policies may not be straightforward. To

sidestep this issue, we apply the K-means algorithm on the scaled ef�ciency values for

all 20,825 weight combinations. The goal of this exercise is to segregate the optimal

distribution policies associated with each of the 20,825 weight combinations in a
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distribution cost group, either low or high. Based on our observations from the scree

plot developed for cluster sizes 1 to 10, we identify the optimal cluster size to be 2 as

shown in Appendix C.4. The cluster centroids for low and high cost groups are 0.21

and 0.51, and scaled ef�ciency value ranges are (0,0.36) and (0.36,1 ], respectively. If

the scaled ef�ciency value of a distribution policy is between 0 and 0.36, we assume

that the policy has a low cost. If the scaled ef�ciency value of a distribution policy is

between 0.36 and 1, we assume that the policy has a high cost.

4. Criteria 4: Minimax Regret . Similar to ef�ciency, de�ning a threshold regret value

to separate low from high regret policies is not straightforward. Thus, we apply the

K-means algorithm on the scaled minimax regret values for all 20,825 weight com-

binations. Similar to ef�ciency, the goal of this exercise is to segregate the optimal

distribution policies associated with each of the 20,825 weight combinations in a

regret spectrum, either low regret or high. Based on our observations from the scree

plot developed for cluster sizes 1 to 10, we identify the optimal cluster size to be 2

as shown in Appendix C.4. The cluster centroids are 0.08 and 0.84. If a distribution

policy belongs to the cluster with centroid 0.08 (or the scaled minimax regret value

is between 0 and 0.46), we assume that the policy has a low regret. If a distribution

policy belongs to the cluster with center at 0.84 (or the scaled minimax regret value is

between 0.46 and 1), we assume that the policy has a high regret.

Considering the policy de�nition pairs for each criteria simultaneously, we create a

set of 16 policy regions for the food bank. No weight combination results in the policy

"Equitable, All Distribution, High cost, High Regret". Appendix C.3 shows the distribution

of the weights of each of the 15 policy regions. However, in the main body, we focus on

policies that, we infer, may be of interest to a food bank. Table 4.5 shows the descriptive

statistics of the scaled equity, effectiveness, ef�ciency, and minimax regret values associated
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Table 4.5: Descriptive statistics for the scaled criteria values in the optimal distribution
policies for the 20,285 weight combinations

Policy Count mean std min 25% 50% 75% 95% max

f1: Scaled equity
Equitable, All distribution, High cost, Low Regret 129 0.0019 0.0025 0.0000 0.0003 0.0005 0.0029 0.0073 0.0098
Equitable, All distribution, Low cost, High Regret 25 0.0036 0.0028 0.0002 0.0008 0.0034 0.0057 0.0078 0.0094
Equitable, All distribution, Low cost, Low Regret 11 0.0045 0.0024 0.0017 0.0025 0.0038 0.0061 0.0080 0.0083
Equitable, Partial / Zero distribution, High cost, High Regret 62 0.0081 0.0026 0.0001 0.0087 0.0092 0.0095 0.0099 0.0100
Equitable, Partial / Zero distribution, High cost, Low Regret 504 0.0038 0.0025 0.0001 0.0018 0.0032 0.0058 0.0086 0.0098
Equitable, Partial / Zero distribution, Low cost, High Regret 626 0.0044 0.0032 0.0000 0.0011 0.0038 0.0074 0.0096 0.0100
Equitable, Partial / Zero distribution, Low cost, Low Regret 372 0.0059 0.0027 0.0001 0.0041 0.0058 0.0083 0.0098 0.0100
Inequitable, All distribution, High cost, High Regret 3 0.0516 0.0004 0.0513 0.0515 0.0516 0.0518 0.0520 0.0520
Inequitable, All distribution, High cost, Low Regret 7 0.0117 0.0010 0.0108 0.0109 0.0116 0.0119 0.0131 0.0137
Inequitable, All distribution, Low cost, High Regret 36 0.0608 0.0516 0.0100 0.0241 0.0495 0.0785 0.1782 0.2237
Inequitable, All distribution, Low cost, Low Regret 13 0.0896 0.0798 0.0106 0.0224 0.0365 0.1782 0.1899 0.1922
Inequitable, Partial / Zero distribution, High cost, High Regret 1366 0.0480 0.0109 0.0100 0.0518 0.0519 0.0519 0.0520 0.1480
Inequitable, Partial / Zero distribution, High cost, Low Regret 13479 0.1159 0.0397 0.0100 0.0930 0.1272 0.1521 0.1522 0.2253
Inequitable, Partial / Zero distribution, Low cost, High Regret 2073 0.0401 0.0366 0.0100 0.0159 0.0249 0.0502 0.1208 0.2813
Inequitable, Partial / Zero distribution, Low cost, Low Regret 2119 0.0395 0.0307 0.0100 0.0193 0.0286 0.0489 0.1078 0.1922

f2: Scaled effectiveness
Equitable, All distribution, High cost, Low Regret 129 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0001
Equitable, All distribution, Low cost, High Regret 25 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001
Equitable, All distribution, Low cost, Low Regret 11 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0001
Equitable, Partial / Zero distribution, High cost, High Regret 62 0.0776 0.0301 0.0025 0.0731 0.0773 0.0889 0.1106 0.1713
Equitable, Partial / Zero distribution, High cost, Low Regret 504 0.0408 0.0454 0.0001 0.0035 0.0161 0.0768 0.1269 0.1744
Equitable, Partial / Zero distribution, Low cost, High Regret 626 0.6830 0.2854 0.0001 0.5046 0.7935 0.9149 0.9755 0.9755
Equitable, Partial / Zero distribution, Low cost, Low Regret 372 0.4482 0.2519 0.0001 0.2053 0.4674 0.6688 0.8381 0.8612
Inequitable, All distribution, High cost, High Regret 3 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Inequitable, All distribution, High cost, Low Regret 7 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0001
Inequitable, All distribution, Low cost, High Regret 36 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0001
Inequitable, All distribution, Low cost, Low Regret 13 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0001 0.0001
Inequitable, Partial / Zero distribution, High cost, High Regret 1366 0.0802 0.0200 0.0022 0.0760 0.0760 0.0760 0.1077 0.3312
Inequitable, Partial / Zero distribution, High cost, Low Regret 13479 0.0008 0.0059 0.0001 0.0004 0.0004 0.0006 0.0006 0.2575
Inequitable, Partial / Zero distribution, Low cost, High Regret 2073 0.3121 0.1910 0.0001 0.1590 0.3101 0.4443 0.6534 0.8597
Inequitable, Partial / Zero distribution, Low cost, Low Regret 2119 0.1955 0.2029 0.0001 0.0148 0.1239 0.3591 0.5712 0.7461

f3: Scaled ef�ciency
Equitable, All distribution, High cost, Low Regret 129 0.3912 0.0155 0.3598 0.3798 0.3987 0.4029 0.4059 0.4292
Equitable, All distribution, Low cost, High Regret 25 0.3103 0.0133 0.2885 0.2996 0.3083 0.3237 0.3279 0.3310
Equitable, All distribution, Low cost, Low Regret 11 0.3490 0.0090 0.3311 0.3477 0.3502 0.3548 0.3583 0.3586
Equitable, Partial / Zero distribution, High cost, High Regret 62 0.3813 0.0133 0.3604 0.3753 0.3796 0.3820 0.3951 0.4431
Equitable, Partial / Zero distribution, High cost, Low Regret 504 0.3956 0.0213 0.3600 0.3784 0.3945 0.4110 0.4326 0.4881
Equitable, Partial / Zero distribution, Low cost, High Regret 626 0.0954 0.1110 0.0023 0.0089 0.0386 0.1604 0.3357 0.3587
Equitable, Partial / Zero distribution, Low cost, Low Regret 372 0.2206 0.0962 0.0680 0.1359 0.2147 0.3219 0.3528 0.3594
Inequitable, All distribution, High cost, High Regret 3 0.5382 0.0008 0.5375 0.5378 0.5382 0.5386 0.5390 0.5390
Inequitable, All distribution, High cost, Low Regret 7 0.3899 0.0241 0.3691 0.3697 0.3740 0.4153 0.4161 0.4162
Inequitable, All distribution, Low cost, High Regret 36 0.2271 0.0379 0.1508 0.1978 0.2262 0.2593 0.2821 0.2868
Inequitable, All distribution, Low cost, Low Regret 13 0.2747 0.0608 0.2038 0.2061 0.2963 0.3232 0.3512 0.3526
Inequitable, Partial / Zero distribution, High cost, High Regret 1366 0.4952 0.0332 0.3600 0.5064 0.5065 0.5065 0.5066 0.6395
Inequitable, Partial / Zero distribution, High cost, Low Regret 13479 0.5163 0.0387 0.3596 0.5044 0.5312 0.5398 0.5513 0.6083
Inequitable, Partial / Zero distribution, Low cost, High Regret 2073 0.1823 0.0929 0.0054 0.1059 0.1830 0.2526 0.3341 0.3585
Inequitable, Partial / Zero distribution, Low cost, Low Regret 2119 0.2679 0.0671 0.0753 0.2254 0.2851 0.3253 0.3515 0.3593

f4: Scaled minimax regret
Equitable, All distribution, High cost, Low Regret 129 0.0410 0.0244 0.0208 0.0337 0.0360 0.0441 0.0442 0.1912
Equitable, All distribution, Low cost, High Regret 25 0.7017 0.0000 0.7017 0.7017 0.7017 0.7017 0.7017 0.7017
Equitable, All distribution, Low cost, Low Regret 11 0.1968 0.1011 0.0727 0.1740 0.1866 0.1891 0.3632 0.4540
Equitable, Partial / Zero distribution, High cost, High Regret 62 0.9157 0.1322 0.4784 0.9651 0.9692 0.9738 0.9766 0.9970
Equitable, Partial / Zero distribution, High cost, Low Regret 504 0.1085 0.0644 0.0262 0.0460 0.0916 0.1773 0.1935 0.4316
Equitable, Partial / Zero distribution, Low cost, High Regret 626 0.7221 0.0914 0.4756 0.6930 0.7017 0.7040 0.9702 0.9996
Equitable, Partial / Zero distribution, Low cost, Low Regret 372 0.2041 0.0631 0.0337 0.1870 0.2216 0.2259 0.2602 0.4522
Inequitable, All distribution, High cost, High Regret 3 0.9768 0.0009 0.9758 0.9765 0.9771 0.9772 0.9773 0.9773
Inequitable, All distribution, High cost, Low Regret 7 0.0241 0.0046 0.0211 0.0212 0.0212 0.0266 0.0309 0.0311
Inequitable, All distribution, Low cost, High Regret 36 0.7053 0.0217 0.7017 0.7017 0.7017 0.7017 0.7020 0.8319
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Table 4.5 (continued).

Inequitable, All distribution, Low cost, Low Regret 13 0.0645 0.0328 0.0232 0.0436 0.0642 0.0642 0.1285 0.1321
Inequitable, Partial / Zero distribution, High cost, High Regret 1366 0.9727 0.0388 0.4759 0.9774 0.9774 0.9774 0.9774 1.0000
Inequitable, Partial / Zero distribution, High cost, Low Regret 13479 0.0675 0.0208 0.0204 0.0531 0.0598 0.0799 0.0998 0.3905
Inequitable, Partial / Zero distribution, Low cost, High Regret 2073 0.7837 0.1482 0.4617 0.6914 0.7023 0.9695 0.9772 1.0000
Inequitable, Partial / Zero distribution, Low cost, Low Regret 2119 0.1736 0.1014 0.0295 0.1028 0.1576 0.2225 0.3953 0.4612

with the 20,285 weight combinations.

Let us consider a scenario where the food bank would like to distribute food with low

regret among the agencies. We have found 16,693 weight combinations which correspond

to low regret distribution policies. We keep the weight on minimax regret �xed at 0.25 and

visualize the changes in policies as weights on equity, effectiveness, and ef�ciency vary in

Figure 4.7, where the X-axis shows the changes in weights on equity and the Y-axis shows the

changes in weights on effectiveness. Different weight combinations are colored according

to their corresponding policies. Figure 4.7 allows us to develop several insights. Firstly,

consider the weight on equity �xed 0.38. We can see that, when the weight on effectiveness

is at minimum, the corresponding optimal policy is to distribute a portion of the available

food equitably. However, as we increase the weight on effectiveness, the optimal policy

becomes inequitable at low cost, and then move into the policy region where a portion of

the available food is distributed at a high cost. As the weight on effectiveness increases, more

food is distributed to minimize undistributed food, which ultimately results in inequity

and high cost of distribution. We can also see that if we keep the weight on effectiveness

�xed at 0.04 and increase the weight on equity, the policies become equitable at low cost

from being inequitable at low cost. This observation is intuitive; as importance of equity

increases, the policies also become equitable. However, if we keep increasing the weight on

equity, weight on ef�ciency decreases thus the policies also become costly.

The discussion on Figure 4.7 have provided us insights about how changes in the weights

on different criteria changes the optimal distribution policy of the available food at the food
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Figure 4.7: Optimal distribution policies for varying wights on equity, effectiveness, and
ef�ciency while keeping weight on minimax regret at 0.25; the red crosses in X-axis and
Y-axis mark the weight on effectiveness at 0.38 and weight on equity at 0.04, respectively.

bank. However, Figure 4.7 does not contain a weight combination for which the correspond-

ing optimal distribution policy is to distribute all available food with low regret, which may

be of potential interest to the food bank. We have identi�ed 140 weights combinations

for which the optimal policy is to distribute all available food equitably with low regret.

Figure 4.8 shows the weight combinations. Here the X-axis shows the weight on equity

and the Y-axis shows that weights on minimax regret. We can see that there exist nine

weight combinations for which the corresponding distribution polices also have low cost

of distribution.
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Figure 4.8: Equitable distribution of all available food with low regret.

Numerical analysis of three utility-based criteria in comparison with minimax regret

We consider the minimax regret criterion in Model UtilEEEty to maximize the agencies'

utilities in a fair way. In this section, we compare the minimax regret criterion with the

utilitarian utility, Rawlsian and Maximin utility criteria de�ned in Equations 4.26, 4.31, and

4.32, respectively (Chen and Hooker 2021). For each of the utility criterion, the achieved

utilities of the 42 agencies considered in this study are compared as shown in Figure 4.9.

Let us consider the achieved utilities of the agencies for the case with minimax regret

(Figure 4.9(a)) compared to the case with utilitarian utility as shown in Figure 4.9(b). We can

see that under the utilitarian utility, the agency with the highest maximum utility receives

food up to its capacity, while some agencies receive zero pounds. This is expected, as the

utilitarian utility criterion is maximizing the additive utilities of the agencies. Such an

additive function tends to favor the agencies which can achieve a high utility or have high
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