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Abstract

Brazos Valley Food Bank (BVFB) is a non-profit organization in the Bryan-College Station area of Texas. It distributes
food supplies through partner agencies and special programs to eradicate hunger in Brazos Valley. However, a big gap
exists between the meals distributed by BVFB and the size of the food-insecure population. This research is motivated
by BVFB's desire to reach more people by recruiting more sustainable partner agencies. We used Geographic Informa-
tion Systems (GIS) to map food desert areas lacking access to nutritious food. We combined expert knowledge with

multi-criteria decision-making (MCDM) to address the challenges and time consumption of manually identifying
sustainable partner agencies for local food delivery. We identified evaluation criteria for all agencies based on BVFB
managers preferences using a qualitative approach, and then applied three quantitative decision-making models:
the Weighted Sum Model (WSM), the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), and
the Multi-criteria Optimization and Compromise Solution (VIKOR) models to obtain ranking results. We compared
the quantitative models'rankings to BVFB managers' manual choices and discussed the impacts of our research. The
key innovation of the research is to develop a mixed method by combining expert knowledge with mathematical
decision models and GIS to support spatial decision making in food distribution. Although our results were specific
to BVFB, these procedures can be applied to food banks in general. Future studies include finetuning our models to
measure and address human biases, wider applications and more data collections.
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1 Introduction

Food insecurity is a serious problem that millions of
Americans are facing. In 2020, 10.5% of American
households were food-insecure at least sometime dur-
ing the year (USDA, 2021). Feeding America estimated
that 45 million people, including 15 million children,
may have experienced food insecurity in 2020 (Feeding
America, 2021a). In the United States, food pantries
became an important food source for economically
marginalized families (Lohnes & Wilson, 2018; Robaina

*Correspondence: yli@mays.tamu.edu

2 Department of Information and Operations Management, Mays Business
School, Texas A&M University, College Station, TX 77843, USA
Full list of author information is available at the end of the article

@ Springer

& Martin, 2013). The COVID-19 pandemic made the
dependence even bigger (Feeding America, 2021b).
Food banks are non-profit organizations that function
like distribution centers of food. Upon receiving food
supplies from various sources, food banks sort them
out, consolidate them, and turn them into packages
(bulk or individual) that are ready to be sent out. Food
banks usually distribute their food supplies through
partner agencies (e.g., churches, shelters, mobile pan-
tries) or special programs instead of directly to food-
insecure populations to amplify the network across
various service areas (Brazos Valley Foodbank, 2022;
Houston Food Bank, 2022). Those partner organiza-
tions are responsible for local food distribution.
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Food banks play a crucial role in the fight against food
insecurity in the United States. Efficient food bank logis-
tics and equitable food distribution to food-insecure
communities are important topics for operations lit-
erature. Existing research efforts focus on routing and
scheduling issues associated with food collection and
distribution to and from food banks (Balcik et al., 2014;
Davis et al.,, 2014; Lien et al., 2014; Solak et al., 2014; Rei-
haneh & Ghoniem, 2018). Some research also looks for
algorithms and insight that help with equitable food dis-
tribution across counties (Sengul Orgut et al., 2016, 2017,
2018; Alkaabneh et al., 2021; Hasnain et al., 2021; Islam
& Ivy, 2021; Stauffer et al, 2022). These studies cover
many areas of food bank operations but assume that a
food bank worked with a fixed set of partner agencies.
The assumption allows this stream of studies to delve into
operational details regarding efficiencies and equitable
distributions within existent networks of partner agen-
cies for food banks. In the reality, the number and capa-
bility of partner agencies may not be stable. This is due
to the nature of the partner agencies. They are non-profit
organizations and many of them, for example, food pan-
tries, soup kitchens, shelters, etc. are run by volunteers.
As such, the stability of a partner agency is not guaran-
teed. Since food banks’ distributions are mostly accom-
plished via partner agencies and food banks are evaluated
by Feeding America by their distribution equity (Stauffer
et al.,, 2022), food banks have an incentive to continu-
ously maintain and expand its network of partner agen-
cies to reach enough or more population with food
insecurity. The number and quality of their partner agen-
cies can either strengthen or weaken food banks’ service
quality and quantity. Our research proposes analytical
methods to help food banks find suitable partner agen-
cies by examining the criteria that a food bank looks at
when making the decision to reach out to a new partner
agency. We used Brazos Valley Food Bank (BVFB) as an
example to illustrate our proposed methodologies. We
took a two-fold approach with Geographic Information
Systems (GIS) applications and Multi-Criteria Decision
Making (MCDM)), respectively.

GIS plays an essential role in mapping food deserts for
planning purposes, such as deciding which areas to tar-
get food services to (Feeding America, 2021a; Bradley &
Vitous, 2019). MCDM is, in theory, an effective way to
support decision-making, especially when dealing with
conflicting decision objectives (Malczewski, 1999, 2006).
In the past, MCDM has been combined with GIS to solve
various spatial decision-making problems (Malczewski,
1999; Zhang et al,, 2014; Zhang, Hu, et al., 2018; Zhang,
Demsg, et al., 2018), like routing problems for food banks
(Schneider & Nurre, 2019). An MCDM nonlinear pro-
gramming approach has also been developed to improve
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groundwater, energy, and food nexus management that
optimally allocates resources to food production (Rad-
mehr et al., 2021). Since food banks consider multiple
criteria when ranking candidate partner agencies and
some of the criteria conflict with each other (e.g., higher
poverty vs. better transportation access in the neighbor-
hood), MCDM is an appropriate tool to facilitate food
banks’ decision-making.

The key innovation of the research is to develop a
mixed method by combining expert knowledge with
mathematical decision models and GIS to support spa-
tial decision making in food distribution. Using GIS, we
mapped the food deserts in Brazos County, Texas, to
identify areas where outreach efforts are most needed.
We interviewed BVFB’s managers about how important
each criterion (e.g., number of parking spaces, its acces-
sibility from roads) is to them and integrated this infor-
mation as a weight for each criterion in the MCDM
models. We applied three models: the Weighted Sum
Model (WSM), Technique for Order Preference by Simi-
larity to Ideal Solution (TOPSIS), and Multi-criteria
Optimization and Compromise Solution model (VIKOR)
to rank BVFB’s potential partner agencies in the county
in terms of its suitability for working as a food distributor.
After that, we compared the results from these models to
BVFEB managers’ top choices to observe the differences
between human decisions and math-based decision rec-
ommendations. Although our results were specific to
BVEFB, these procedures can be applied to all food banks
in other areas.

Section 2 of this paper provides background information
on BVFB’s operations and clarifies the organization’s defi-
nition of a food desert and other related terms. Section 3
introduces the data and key methodologies used to map
food-insecure regions and develop the MCDM models
to evaluate future partner agencies. In Section 4, we dis-
cuss the results of our analysis. Building upon our research
efforts, Section 5 highlights managerial insights and the
potential impact of this research on the effectiveness and
sustainability of food banks’ outreaching efforts.

2 Background

Our research team is composed of domain experts with
institutional knowledge of BVFB as well as academic
researchers. Section 2.1 provides relevant details about
BVFB, and Section 2.2 discusses the definition of a food
desert and related concepts.

2.1 Introduction to BVFB’ operations and challenges

BVEB is a non-profit organization in the Bryan-College
Station area of Texas. Through its partner organizations,
BVEB serves Brazos Valley, which comprises six coun-
ties in central Texas: Brazos, Burleson, Grimes, Madison,
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Robertson, and Washington. Since 1985, BVFB has been
working toward its vision of “a hunger-free Brazos Val-
ley” In 2017-2018, BVEB distributed 6,858,438 pounds
of food, the equivalent of 5,621,670 meals (Brazos Val-
ley Foodbank, 2022). Although this was an outstanding
achievement, the number of delivered meals was insuffi-
cient to serve all food-insecure people in Brazos Valley.
According to Feeding America, Brazos County alone had
43,590 food-insecure people (Feeding America, 2021a).
If each of them was provided one meal per day, BVEB
would have to deliver 15 million meals annually. The gap
presented both challenges and opportunities for BVFB to
expand its outreach efforts.

To illustrate BVFB’s process of food collection and
distribution, Fig. 1 shows BVFB’s operation flow chart
to demonstrate how BVFB turns inputs (donations and
purchases) into outputs (food ready to be handed to the
community). These descriptions of BVFB’s operations
and challenges were collected through interactions with
the BVEB practitioners on our team. The BVFB practi-
tioners identified two types of inputs: food and money.
Using monetary donations and government funds,
BVEB buys high-demand and nutritious food items to
supplement what is not available from food donations
and reclamations (Brazos Valley Foodbank, 2022). Food
donations come from various sources: federal agencies,
state agencies, local communities, private sectors, etc.
These sources account for about 80% of BVFB’s food sup-
ply. Damaged but consumable food from grocery store
chains accounts for another 10%. The last 10% of food
supply comes from BVFB’s own purchases.

BVEB stores, inspects, and sorts its food while keeping
an inventory record. BVFB’s demand comes from partner
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agencies and special programs. Partner agencies are non-
profit organizations (e.g., churches) that run food pan-
tries and on-site feeding programs. They place orders
(mostly involving bulk food) to BVFB regularly. Special
programs, including backpack programs, school-based
food pantries, and senior outreach programs, need indi-
vidual meal packages that can be distributed to individu-
als without any further assembly or packing.

Consequently, BVEB either distributes its food sup-
ply in bulk or as composed meal packages, which are
designed by BVFB’s program staff and reviewed by their
nutrition team. The assembly of composed meal pack-
ages requires bulk food to be unpacked, sorted and
repacked. Local volunteers and BVFB’s staff usually per-
form these in-house tasks. Although BVFB has a steady
supply of food, the types of food and the amount of each
type it receives varies a great deal from month to month
and from year to year. Furthermore, BVFB does not dic-
tate the type and quantity of food ordered by its partner
agencies or the number of meal packages needed by its
special programs. Although supply and demand variabil-
ity pose challenges to BVFB, it is still able to fulfill orders
from partner agencies and special programs through
dynamic food purchasing decisions and designing nutri-
tious meal packages adjusted to varying food supply. The
most pressing challenge BVFB faces is reaching more
people given the discrepancy between the amount of
food BVEB is distributing and the amount of food needed
by the low-income population in Brazos Valley.

Without direct contact with the food-insecure popula-
tion, BVFB hopes to reach people by sustainably increas-
ing the number of partner agencies in each county
of Brazos Valley since partner agencies are the most

--------- » Monetary donations and allocations
i = - = § Food purchased by BVFB
— -+ ) Food donations and reclaimations
———) Food received by BVFB
| Food storage

/\—

Fig. 1 BVFB's operation flow chart
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important outreach channel for BVFB. Hence, we focus
on BVFB’s network of partner agencies and hope to pro-
vide insight that can guide BVFB’s efforts to recruit more
sustainable partner agencies.

Building a network of sustainable partner agencies is
a tedious and time-consuming process. For each appli-
cant, BVFB conducts a vetting process and evaluates
the applicant based on a set of criteria. For example, our
BVEB domain experts pointed out that they would prefer
a partner agency to serve low-income communities and
to have sustainable operations, ease of access to major
roads, a sufficient number of parking slots, and large
open spaces for delivering the food. BVFB also looks at
sustainability-related factors like years in operation and
regular opening hours. Given many criteria, it is diffi-
cult to identify an organization that satisfies all of them.
Often, BVFB has to prioritize different criteria in order
to pick the partner agencies that best fit BVFB’s mission.
An attractive potential partner based on some factors can
be undesirable based on others. How should BVFB pri-
oritize potential partner agencies’ applications? Which
applicants would be a valuable addition to BVFB’s net-
work of partner agencies? A map visualization of under-
served locations as well as a systematic approach that
ranks potential partner agencies based on BVFB’s stand-
ards would be helpful. This research provides science-
driven solutions that can support BVFB in its efforts to
build a network of sustainable partner agencies.

2.2 Definition of food desert and related concepts

The term “food desert” has been used widely to refer to
areas that lack access to affordable and nutritious food.
Identifying those areas is a crucial step for BVEB to allo-
cate resources effectively as it expands its outreach efforts.
The concept of food deserts first appeared when USDA
researchers identified areas “with low levels of access to
retail outlets selling healthy and affordable foods” (Breyer
& Voss-Andreae, 2013; Ploeg et al., 2011). A natural inter-
pretation of “retail outlets selling healthy and affordable
foods” would be grocery stores. They considered a food
desert to exist when a supermarket is not present within
a mile of an urban population center or within 10 miles of
a rural population center (American Nutrition Associa-
tion, 2022). Although this definition of “food desert” has
been accepted by many organizations, it has faced criti-
cism for making false assumptions about the food habits
of economically marginalized families (Guthman, 2011).
A literature review indicated that most economically
marginalized families left their neighborhoods to shop at
faraway supermarkets because they prioritized price over
convenience (Alkon et al., 2013). This finding implied that
locations in the vicinity of supermarkets could be food
deserts as well. This literature also showed that those
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economically marginalized families emphasized the qual-
ity of food rather than the quantity they could obtain.
Refined concepts like “food swamp” and “food mirage”
were sometimes used to compensate for what is missing
in the original definition of “food desert” (Hager et al,
2017; Haskell, 2021; Lindner, 2021). While a food swamp
refers to an urban environment where fast food and pro-
cessed food overshadow nutritious food, a food mirage
refers to a neighborhood where financial conditions limit
access to available nutritious food.

The discussions on food deserts, food swamps, and
food mirages motivated us to think carefully about how
to identify areas that lack access to nutritious food for
BVEB. As we mapped those areas, two types of food
sources were taken into consideration for a population
facing food insecurity: 1) grocery stores; 2) food pan-
tries. The choice of grocery stores was consistent with the
original and widely used definition of food desert (Guth-
man, 2011). The choice of food pantries was inspired by
the definition of food mirage, which was caused by a lack
of financial means.

3 Methodology and data

The data used in this project comes from facility data
(e.g., churches, shelters, grocery store locations) collected
using google maps, publicly available census data, and the
institutional knowledge of the practitioners on our team.
We describe the methodologies and their corresponding
data in three subsections below. Among the six counties
BVEB serves in Central Texas, Brazos County has the
highest number of people facing food insecurity: 43,590
(Feeding America, 2021a). For this reason, we used Bra-
zos County as the case study area for analysis.

3.1 Use of GIS in mapping the food insecure regions

As mentioned, we take into account two types of food
sources (grocery stores and food pantries) in this
research. We mapped locations lacking either of these
two food sources using GIS. Our first step was to identify
all food source locations (grocery stores and food pan-
tries) on the map of Brazos County. Using Google Maps,
we manually found the addresses of all grocery stores and
food pantries and used GIS geocoding services to manu-
ally geocode all locations onto a map.

Our second step was to map the area that each food
source serves. We adopted the convention of using one
mile as a tolerable walking distance and considered any
area within the radius of a mile of a food source as its ser-
vice area. The complication in mapping was that different
food source locations have overlapping service areas. For
a clearer visual result, we plotted service areas of food
source locations that were close to each as a combined
region. In order to do so, we applied Dijkstra’s algorithm
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to traverse networks. Dijkstra’s algorithm is known to
solve the single-source shortest paths for a given graph
with nonnegative edge weights (Dijkstra, 1959). In our
application, the algorithm returned a subset of con-
nected edge features that were within a one-mile walk-
ing distance from a food source location. Subsequently,
we input the edges into a triangulated irregular network
(TIN) data structure (Peucker et al., 1978), where the
network distances, along with the edges, served as the
heights of the locations inside the TIN. Locations not tra-
versed were put in with a much larger height value. An
area-generation routine was used with the TIN to carve
out regions encompassing areas in between the speci-
fied break values. As such, we could neatly plot the areas
served by all food source locations on the map of Brazos
County (see figures in Section 4.1 for details).

To help visualize poverty levels, we represented all
census tracts in Brazos County on the map. The census
tract level poverty data were obtained using 2016- 2020
American Community Survey 5years data (U.S. Census
Bureau, 2022b). In addition to the existing food pantries
and grocery stores, we also plotted the future partner
agencies and their reachable regions (one-mile distance)
from the grocery stores and existing food pantries.

3.2 MCDM decision analysis

MCDM is a mathematical decision-making framework in
which several decision criteria are combined to meet one
or several objectives that support decision-making (Tri-
antaphyllou et al., 1998). In an MCDM model, a set of m
alternatives should be given and denoted as A, A,, A, ...,
A, . According to policies governing food banks in gen-
eral, all partner agencies of food banks must be approved
by non-profit organizations (e.g., shelters, churches,
and soup kitchens) and meet a set of minimum stand-
ards. Through extensive and careful google searches, we
found 17 organizations in Brazos County that satisfy the

Table 1 The description and weight of the criteria
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minimum requirements to become a partner agency for
BVEB. Those 17 organizations were considered the alter-
natives as we applied MCDM. In the interest of confiden-
tiality, we used letters to label those organizations when
presenting our results in Section 4. Based on the insti-
tutional knowledge of the practitioners on our team, we
identified ten key evaluation criteria that are important
for BVFB’s selection of partner agencies. Those factors
are listed in Table 1. In an MCDM model, a set of n deci-
sion criteria should also be given but denoted as C;, C,,
Cy ..., Co

We included existing food pantries as a criterion but
not existing supermarkets. A higher number of existing
food pantries in the neighborhood indicated less demand
for establishing a new service. The locations of existing
supermarkets do not affect BVFB’s evaluation of future
partner agencies since we consider the low-income
families who rely on food pantries rather than buying
food from a grocery store. We measured accessibility to
potential partner agencies via criteria like parking condi-
tions, open space, and road access. We included poverty
condition as an important indicator since the goal of the
service is to provide food to more food-insecure people.
Furthermore, the sustainability of a potential partner
agency is important to BVFB’s long-term outreaching
efforts. Therefore, we included a set of sustainability-
related indicators such as serving groups, Facebook likes,
Facebook check-ins, opening hours, and years in opera-
tion. The descriptions of the ten evaluation criteria are
presented in Table 1.

Most multi-criteria methods require the definition of
quantitative weights for the criteria in order to assess the
relative importance of the different criteria. The Simple
Multi-attribute Rating Technique (SMART) weighting
is a process of rating alternatives and weighting criteria
(Olson, 1997; Odu, 2019). The criteria are ranked by their
importance from least to most important from a scale

Criterion Description Weight
1 Poverty condition Percentage of population under poverty in the same census tract 90
2 Opening hours Number of opening hours per day 70
3 Population groups Number of population groups the organization is serving 70
4 Years in operations Number of years the organization has been in operations 60
5 Facebook likes Number of likes on the organization’s Facebook page 50
6 Road access Accessibility to major roads (on a scale of 1 to 3 with 3 being the best) 50
7 Yard condition Number of people the yard can hold during food distribution 50
8 Existing food pantries Number of existing food pantries within 1-mile walking distance 40
9 Facebook check-ins Number of people checked-in on the organization’s Facebook page 40
10 Parking condition Number of parking slots 30
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of 10-100. After that, the criteria weight can be calcu-
lated by normalizing the sum of the points to one. Saaty
(1977) proposed a numerical scale from 1 to 9 to trans-
form qualitative data into quantitative data by includ-
ing the ideas that describe equal importance (e.g., with
intensity of importance score 1) and absolute importance
(e.g., with intensity of importance score 9). We combined
ideas from Saaty (1977) and SMART, so the decision
maker can assign a weight to each criterion from a scale
of 10-100 points without having to give any criterion an
absolute 100 that the SMART method requires. With this
mixed approach, alternatives can also receive an equal
weight if they contribute equally to the suitability of the
partner organization.

In the next step, the MCDM analysis requires deci-
sion-makers to collect or determine the performance
value a; (fori=1,2,3,.., mand j=1, 2, 3, ..., n) for each
alternative and each criterion. Based on the performance
matrix and weights, various techniques are used in dif-
ferent MCDM models to rank all the alternatives. For
example, a more significant value percentage in poverty
is preferred to build a new pantry. On the other hand, the
higher number of existing food pantries in the region is
less preferred than building a new service. The data value
and weights were normalized to reflect such logic. Usu-
ally, MCDM models normalize the weights so that they
add up to one.

The following actions describe our efforts to collect
data on the performance values a;. As described above,
we have 17 alternatives and ten evaluation criteria. We
used Google Maps Street View to observe the parking
and yard (potential distribution space) conditions of the
17 organizations of interest. The percentage of the popu-
lation under poverty was estimated using Census data at
the Census Tract level (US Census Bureau, 2022a). We
also visited the Facebook and official website of each of
the 17 organizations to find the values for criteria such
as the number of Facebook likes (which reflect the popu-
larity of an organization), opening hours, the number of
population groups served, and the years in operation. We
fit the performance values in three types of MCDM mod-
els (WSM, TOPSIS, and VIKOR) to rank the suitability of
the 17 potential partner agencies.

WSM is the earliest and likely the most widely used
MCDM method (Fishburn, 1967), while TOPSIS and

A* = {vi",vﬁ,...,v*,...,vﬁ} = {(max,-v,7|je]1)|i=1,...
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VIKOR are other methods that are often compared to each
other and with WSM (Hwang & Yoon, 1981; Opricovic &
Tzeng, 2004; Ploskas & Papathanasiou, 2019).

3.2.1 Weighted sum model (WSM)

If there are m alternatives and n criteria, the best alterna-
tive is the one that satisfies (in a maximization case) the
following expression (Fishburn, 1967):

n
A=maxz agwy, fori=1,...,m 1)
j=1

In the equation, n is the number of decision criteria, a;
is the performance value of the i™ alternative in terms of
the j'f criterion, and w; is the weight or importance of the
j criterion. The notation A represents the highest WSM
score, which is also the WSM score associated with the
best alternative. Note that a WSM score is the weighted
sum of performance values associated with an alternative.

3.2.2 Technique for order preference by similarity to ideal
solution (TOPSIS)
The TOPSIS method is a multi-criteria decision analysis
method which is based on the concept that the best alter-
native should have the shortest geometric distance from
positive ideal solution and longest geometric distance
from the negative ideal solution (Hwang & Yoon, 1981;
Behzadian et al., 2012; Zhang, Dems, et al., 2018).
TOPSIS employs the following procedure:

1) Create an evaluation matrix consisting of m alter-
natives and n criteria with the intersection of each
alternative and criteria given as a;. After that, calcu-
late normalized rating for each element in the deci-
sion matrix.

2) Calculate weighted normalized ratings v; using the
formula:

vi=wiagi=1,..mj=1,...,n (2)
3) Calculate positive ideal A" and negative ideal A~

solutions in terms of the weighted normalized values,
as shown below:

m} 3)

A = {vl_,vz_,...,v-_ ...,v;} = {(minyvylj € p)li=1,...m} (4)

j ’
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where ], is a set of benefit attributes and J, is a set of cost
attributes.

4) Calculate separation measures S} and S; . The sepa-
ration between alternatives can be measured by n
dimensional Euclidean distance. The separation of
each alternative from the positive ideal solution is
given by

n

Si = Z ((Vij—v;‘)z,izl,...,m (5)

j=1

Similarly, the separation from the negative ideal solu-
tion is given by

ST = i <(wj—vi_)2,i=1,...,m ©)

j=1

5) Calculate C, which measures similarity to the ideal
solution for alternative m.

ST

* l

T srrs )

with0 < C < 1whereC = 0whenA*=A" andC} =
when 4, = A*

6) Choose an alternative with maximum C;}* or rank the
alternatives according to C}" in descending order.

Q; = v((8i — Si—min)/Si—max — Si—min)) + (1 — V)((R; — Ri—min)/ Ri—max — Ri—min))»
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1) Determine the best f;* and worst f;~ values for each
criterion. Use Eq. (8) for profit criteria and Eq. (9)
for cost criteria.

' =Maxifyf;” = Minif; ®

£ =Minifyf = Maxif; ©)

2) Compute the values of Si and Ri using the following
equations:

(10)

N
w=3 =/l -1

R = Max j [Wj[fj* —f,-j}/[f,* —jﬂ,,‘ —1,2,...,M
(11)
The beneficial criteria require higher values, so Eq. (10)
is appliable. But non-beneficial criteria require lower val-
ues, so the term [(f;),,,,, —f;] in Eq. (10) is to be replaced
by [f;— (i) min)- Hence, for non-beneficial criteria, Eq. (11)
can be reformulated as:

N

si= > Wilfi = ) pin) /L) smax = i) omin)  (12)

j=1

3) Calculate the Q, value.

(13)

3.2.3 Multi-criteria optimization and compromise solution
(VIKOR) model

VIKOR method has gained a popularity among the
decision-making community (Opricovic, 1998; Opri-
covic & Tzeng, 2004). The basic concept of VIKOR
method lies in defining the positive and the negative
ideal points in the solution space. For instance, more
Facebook likes is ideal while having more existing food
pantries in the same 1-mile area is not ideal. VIKOR
focuses on ranking and selecting from a finite set of
feasible alternatives in presence of conflicting criteria.
The mathematical formulation of the VIKOR method is
illustrated below.

Let’s assume that we have a decision matrix with m
alternatives and # criteria, and the matrix is represented
as X=f(A;)

mxnt

are the maximum and minimum
values of s; respectively, and R;_,,,, and R;_,,, are the
maximum and minimum values of R; respectively. Varia-
ble v is introduced as weight of the strategy of “the major-
ity of attributes” (or “the maximum group utility”). Its
value lies between 0 and 1. Usually, the value of v as 0.5 is
preferred. The compromise can be selected with “voting
by majority” (v>0.5), with “consensus” (v=0.5) or with
“veto” (v<0.5). More specifically, when v equals unity, it
represents a decision-making process that can use the
strategy of maximizing group utility, whereas when v
is zero, it represents a process that can use a minimum
individual regret strategy that is found among maximum
individual regrets/gaps of lower-level criteria for each
alternative. The value of v affects the ranking of the alter-
natives and is usually determined externally by the deci-
sion expert.

where s;_,,.. and s;_,,;,
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4) Rank the alternatives, sorting by values S, R, Q in
ascending order.

5) Normally, S, R, Q ranking list should be used to pro-
pose the compromise solution as shown in Opricovic
(1998) and Opricovic & Tzeng (2004). In this paper, we
used the Q ranking list.

3.3 Use of expert knowledge in models’ validation

The evaluation criteria and weights of the MCDM mod-
els were selected based on the BVFB domain experts’
intuitional knowledge. The models implemented different
procedures to arrive at their ranking results. The imple-
mentations were, naturally, not influenced by human
experience or judgment. In the real world, food banks did
not routinely apply MCDM models when ranking poten-
tial partner agencies. Instead, experiences and intuitions
played an important role when BVFB recruited new part-
ner agencies. To check the practicality of our quantitative
models, we used experience-based validation.

While the researchers on our team fed performance
values to the MCDM models, the BVFB practitioners
on the team examined the same performance values and
picked their top three out of the 17 alternatives before see-
ing any results generated from the MCDM models. Then
the whole team examined the rankings from the MCDM
models and the top choices of the practitioners together. A
comparison of the two types of results generated interest-
ing observations, which are presented in Section 4.3.

4 Results
4.1 Mapping food deserts
We plotted food resources including grocery stores, exist-
ing food pantries, and future partner agencies in Fig. 2. A
food desert map for Brazos County is presented in Fig. 3.
The food desert areas refer to the regions outside the pur-
ple, green, and blue buffers on the map, which have lim-
ited access (e.g., more than 1 mile of walking distance) to
grocery stores and existing and future food pantries. The
food desert map will help BVFB managers picture the
food-insecure locations and identify the places that may
need more services in Brazos County. In Figs. 2 and 3, we
plotted most data layers into separate maps to produce
better visualization results. Figure 3d also provides over-
layed map to show the overall picture of the food deserts.
We used the 2016-2020 American Community Survey
Syears data at tract level managed by the U.S. Census
Bureau to create the poverty map. The darker color rep-
resents the higher percentage (e.g., over 25%) of the pop-
ulation whose income in the past 12 months is below the
poverty level (U.S. Census Bureau, 2022b). The areas with
accessibility (one mile walking distance) to grocery stores

Page 8 of 14

and existing food pantries were plotted in purple and
blue, respectively. Geo-visualization techniques and Dijk-
stra’s algorithm (see Section 3.1) are used to compute the
reachable area from the food sources including existing
grocery and food pantries and future food delivery loca-
tions. The blue drop pins represent the locations of the
potential partner agencies we examined for BVFB. Pur-
ple regions represent the expanded food delivery regions
by partners with each organization. The region created
using the Dijkstra’s algorithm around each organization
of interest (the blue drop pin) to help visualize their cov-
erage and possible overlap with existing food pantries in
its one-mile vicinity.

The map shows that there are overlaps - although not
many - between purple and blue regions. As mentioned
earlier, BVFB does not consider grocery stores as food
sources for food-insecure populations. In this case, mak-
ing outreach decisions based on the original food desert
definition that used grocery stores as food sources can be
misleading. The map also shows that the potential candi-
dates (dark purple regions Fig. 3) of the partner agencies
are mostly in areas lacking access to food pantries, mean-
ing that their operation could shrink the size of food
deserts in Brazos County.

4.2 The results from MCDM analysis
Valuing confidentiality, we replaced the real names of our
17 organizations with labels A, B, C, etc., in this paper.
While Organization A through P are churches, Organiza-
tion Q is a charity that provides shelter to families with
children. We noted that the majority of existing food
pantry programs in Brazos Valley were run by churches.
Table 2 presents the performance values we collected
and/or estimated. For ease of presentation, we use the
number labels of the criteria, instead of the names of the
criteria, in Table 2. The list of the criteria and their corre-
sponding number labels are presented in Table 1 earlier.
We considered each potential partner agency as an
alternative to apply in the WSM, TOPSIS, and VIKOR
methods. For example, in the WSM and TOPSIS meth-
ods, a; is the performance value (e.g., number of park-
ing slots, opening hours per day, number of Facebook
likes) of the i alternative in terms of the j™ criterion/
indicator, and w; refers to the weight of each indicator
as shown in Table 1. We calculated the WSM score for
each alternative (namely, potential partner agency) and
ranked all of them based on their scores in descend-
ing order. Following the procedure described in Sec-
tion 3.2.2, we calculated the separation measures (S}
and S;") and similarity to the ideal solution (C;) for each
alternative and ranked all alternatives based on their C;
in descending order. The ranking results are reported in
Table 3.
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4.3 Validation of the ranking results

We compared the results generated by each MCDM
model. Results showed that the VIKOR model differed
from the WSM and TOPSIS models in alternative B, D,
G, H, L, and Q. For instance, organization B received low
ranking results from WSM (ranking 15) and TOPSIS
(ranking 12) models and received an 8 from the VIKOR
method. A similar situation also applied to organization
Q. The opposite situation happened to organization D;
it was placed at the higher ranks of 7 and 4 respectively
by WSM and TOPSIS but placed nearly last by VIKOR.
Additionally, some striking differences appeared for
TOPSIS. For instance, it gave the rank of 3 to organi-
zation F, while WSM and VIKOR gave it a 13 and 14,
respectively. Organization | was ranked first by WSM and
third by the VIKOR method but ranked low according

to TOPSIS. Even though there is an existing food pan-
try in the vicinity of Organization ], the large size of its
yard and the higher number of parking slots, as well as
the high poverty level, make this organization a standout
from the list of potential partner agencies. This organi-
zation is a church that has actively served all types of
populations for over 13 years. Its many Facebook likes
and check-ins reflect how active and vibrant it was dur-
ing the past years. Aside from striking differences, WSM,
TOPSIS, and VIKOR methods were consistent on their
low-ranked alternatives: Organizations C and E, which
are located in wealthy neighborhoods (2.9% poverty rate).
Organization C serves only one ethnic group, which does
not have active Facebook activities. Organization E does
not seem to be active at all; its opening hours are short,
the location has a small yard and parking lot, and it has
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very little Facebook activity. Organizations N and O gen-
erally received good high-ranking scores from all three
models.

Another aspect that we analyzed is how closely
model-made decisions match with the instinct of the
practitioners of this research team, the food bank
managers. The practitioners examined Table 2, which
included performance values collected on the 17 poten-
tial partner agencies and picked their top three candi-
dates before learning the results from MCDM models;

the practitioners were aware of the real names of those
organizations.

They gave organizations O and K the top score and M a
three; organizations K and O are tied as No. 1 according to
the practitioners. They liked the overall portfolio of both
Organization K and O but recognized that the location of
Organization O could cause access problems for nearby
residents. They believed that the type of distribution that
would be best suited to Organization K and O might look
different than a drive-through or mass distribution. There
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Table 2 Performance values of the 17 organizations of interest (i.e. alternatives)

Organizations Criteria

1 2 3 4 5 6 7 8 9 10
A 30% 8 3 10 554 1 30 0 24 5
B 30% 7 3 622 727 1 10 0 8 2
C 2.9% 1 1 0 0 3 50 0 2 40
D 2.9% 12 3 977 454 3 50 0 75 100
E 14.8% 1 3 200 227 1 10 0 2 2
F 14.8% 1 3 103 1090 3 20 0 9 50
G 10% 12 3 500 568 3 100 0 9 20
H 7.7% 13 3 1305 498 3 100 0 3 40
/ 13% 14 3 368 529 3 40 0 1.5 20
J 43% 13 3 3000 6292 3 100 1 2 50
K 51.6% 11 3 535 1577 1 30 0 1 50
L 38% 11 3 1240 295 1 30 0 9 30
M 57.6% 10 3 547 417 3 100 0 1 20
N 40% 12 3 606 1013 3 40 0 9 100
o] 61.9% 13 3 4552 2524 3 10 0 9 6
P 40.6% 10 3 1575 866 3 15 0 2 20
Q 40.6% 12 3 65 715 1 15 3 8 30

are many ways food pantries can distribute food. Drive-
through and mass distribution are the more efficient and
popular approaches. However, these two widely applied
approaches imply that all clients receive the same food (in
pre-packed bags or boxes). In contrast, by-appointment
distributions generally serve fewer people but allow clients

Table 3 Ranking results of the potential partner agencies using
WSM, TOPSIS, and VIKOR

Organization WSM rank TOPSIS rank VIKOR rank
A 10 6 4
B 15 12 8
C 17 14 17
D 7 4 15
E 16 15 16
F 13 3 14
G 5 2 1
H 6 7 13
I 12 9 12
J 1 16 3
K 9 13 10
L 1 10 5
M 4 M 6
N 3 1 1
0} 2 5 2
P 8 8 9
Q 14 17 7

to choose the food best suited to the needs of their house-
holds. Our practitioners ranked Organization M as the
third place because it would provide good visibility due
to its physical location in the region, which was not con-
sidered a criterion in our models. In addition, the practi-
tioners found Organization C a possible valuable addition
to BVEB’s network because of the particular ethnicity of
the population it served. However, organization C has
problems with sustainability and opening hours accord-
ing to our models. From these three organizations, only O
matches the high score the models gave it, but M mainly
was given a medium score from WSM and VIKOR, and K
was given a relatively low score from all three models. This
finding suggests that MCDM may consider more details
than humans with pure instinct but may also fail to con-
sider aspects that aren’t explicitly modelled.

5 Conclusions and discussion

Food banks are essential in the fight against food inse-
curity in the US. In order to understand how food-
banks function and the needs of BVFB in particular, we
reviewed relevant literature, spent several months volun-
teering at BVFB, and collaborated with practitioners with
insight of BVEB. The task of meeting supply with demand
is a tall order for food banks to execute because they have
limited control over supply and demand. BVFB has done
a great job with its resources and believed that the best
way to achieve its goal of a “hunger-free” Brazos Valley is
to recruit more sustainable partner agencies.
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We applied a GIS algorithm and geo-visualization tech-
niques to illustrate the impacts of different definitions of
“areas lacking access to nutritious food” on mapping for
Brazos County. Outcomes show that the potential part-
ner agencies we picked for BVFB mainly were in areas
lacking access to food pantries instead of in areas lacking
grocery stores. The techniques we used for mapping can
be later applied to other counties in Brazos Valley and
other regions. Such maps visualize the areas in need of
food pantries and can help food banks use their resources
effectively in their outreach efforts.

The vetting process of a partner agency is tedious and
time-consuming. BVFB examined several factors (e.g.,
sustainability of operations, physical conditions, and
accessibility in low-income communities) when deter-
mining future partner agencies. We compared three
MCDM models to develop a science-driven solution to
help BVFB reach future partner agencies. Both TOPSIS
and VIKOR methods are based on measures of distance
from reference objects. Our study shows that the choice
of selection methods plays a crucial role in ranking part-
ner agencies given multiple criteria. We chose not to
use the Analytic Hierarchy Process (AHP) (Saaty, 2004)
method because of the complexity of conducting pair-
wise comparison for ten evaluation criteria (e.g., 10 x 10
pair-wise comparison needs to be developed using the
AHP method). When dealing with large evaluation crite-
ria, WSM, TOPSIS, and VIKOR are more effective. Given
the setting, we believe MCDM models are useful tools
to support BVFB’s evaluation of future partner agencies.
We illustrated how MCDM models could help with a
case study on Brazos County by identifying 17 potential
partner agencies in the county, creating a criteria table
based on the knowledge of the practitioners on our team,
collecting performance values, and applying our three
MCDM models.

To validate the ranking results from the MCDM mod-
els, we compared those results to the top choices of the
practitioners, which revealed both agreements and dis-
crepancies. It is interesting to see how factors that are
difficult to be articulated or measured affect the prac-
titioners’ choices. For example, the visibility of a loca-
tion, which was not a criterion in the MCDM models,
significantly boosted an organization’s standing with the
practitioners. Meanwhile, the low performance values on
parking condition, yard space and opening hours, which
were criteria considered by the MCDM models with
non-trivial weights, did not hurt some other organiza-
tions’ standings with the practitioners because they were
able to come up with a mitigating mode of food distribu-
tion that would circumvent those drawbacks. Neverthe-
less, we were excited about the collaboration between the
researchers and practitioners who value the potentials of
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the MCDM models. These models are easy to adjust and
can provide evaluations of future partner agencies. The
comparisons between results of the MCDM models and
the practitioners’ judgments support a more complete
picture of how a food bank can advance its mission sus-
tainably and effectively.

We recognize that the assignment of weights affects
MCDM models’ outcomes. Relying on practitioners’ direct
inputs allows us to build practical models. But human
biases are inevitable under this approach. In addition, the
criteria articulated by practitioners may not include the
ones that only surface in special cases. We plan to address
these biases or measure these biases in future studies. We
also hope to collect more field data that can help us validate
the criteria choices and weight assignments.

Although our results were specific to BVEB, these pro-
cedures can be applied to food banks in other geographic
areas. In the future, we hope to apply our decision-mak-
ing models to more food banks and find out how well
they would be adapted.

Acknowledgements

We sincerely thank Brazos Valley Food Bank for working with us on this
research. We greatly appreciate the editors and reviewers'comments and
suggestions.

Code availability
Our computer codes are available upon request.

Authors’ contributions

Conceptualization, S.S,, Y.L, methodology & analysis, S.S.; data curation, S.S.,
S.AA., EK,; writing - original draft preparation, S.S., Y.L; writing - review and
editing, S.S,, Y.L, S.A, EK. The author(s) read and approved the final manuscript.

Funding
The authors did not receive support from any organization for the submitted
work.

Availability of data and materials
Data utilized in this research are public information.

Declarations

Ethics approval and consent to participate
Not applicable. The interviewees are co-authors of this manuscript.

Consent for publication
The authors agree to have this manuscript published on Computational Urban
Science.

Competing interests
The authors have no financial or proprietary interests in any material discussed
in this article. The authors have no competing interests related to this research.

Author details

1College Station High School, 4002 Victoria Avenue, College Station, TX 77845,
USA. 2Department of Information and Operations Management, Mays Busi-
ness School, Texas A&M University, College Station, TX 77843, USA. 3Brazos
Valley Food Bank, 1501 Independence Avenue, Bryan, TX 77803, USA.

Received: 30 May 2022 Accepted: 26 September 2022
Published online: 09 October 2022



Saari et al. Computational Urban Science (2022) 2:37

References

Alkaabneh, F, Diabat, A., & Gao, H. O. (2021). A unified framework for efficient,
effective, and fair resource allocation by food banks using an approxi-
mate dynamic programming approach. Omega, 100, 102300.

Alkon, A. H,, Block, D, Moore, K, Gillis, C, DiNuccio, N., & Chavez, N. (2013). Food-
ways of the urban poor. Geoforum, 48(1), 126-135. https://doi.org/10.1016/j.
geoforum.2013.04.021

American Nutrition Association. (2022). USDA defines food deserts. Available
from web: http://americannutritionassociation.org/newsletter/usda-defin
es-food-deserts. Accessed 25 May 2022.

Balcik, B,, Iravani, S., & Smilowitz, K. (2014). Multi-vehicle sequential resource
allocation for a nonprofit distribution system. IIE Transactions, 46(12),
1279-1297.

Behzadian, M., Khanmohammadi Otaghsara, S, Yazdani, M., & Ignatius, J.
(2012). A state-of the-art survey of TOPSIS applications. Expert Systems
with Applications, 39(17), 13051-13069.

Bradley, S. E,, & Vitous, C. A. (2019). Using GIS to explore disparities between
the location of food deserts and vulnerability to food insecurity. Journal
of Hunger & Environmental Nutrition, 16(3), 406-422.

Brazos Valley Foodbank. (2022). Get food. Available from web: https://www.bvfb.
org/get-food. Accessed 7 Feb 2022.

Breyer, B, & Voss-Andreae, A. (2013). Food mirages: Geographic and economic
barriers to healthful food access in Portland, Oregon. Health Place, 24(1),
131-139.

Davis, L. B, Sengul Orgut, I, Ivy, J. S, Brock Ill, L. G., & Miles, L. (2014). Scheduling
food bank collections and deliveries to ensure food safety and improve
access. Socio-Economic Planning Sciences, 48(3), 175-188.

Dijkstra, E.W. (1959). A note on two problems in connexion with graphs.
Numerische Mathematik, 1, 269-271.

Feeding America. (2021a). Food insecurity in Brazos County. Available from web:
https://map.feedingamerica.org/county/2017/overall/texas/county/
brazos. Accessed 5 Feb 2022.

Feeding America. (2021b). The food bank response to COVID by the numbers.
Available from web: https://www.feedingamerica.org/hunger-blog/food-
bank-response-covid-numbers. Accessed 6 Aug 2022.

Fishburn, P. C. (1967). Methods of estimating additive utilities. Management
Science, 13(7), 435-453.

Guthman, J. 2011). Weighing. In Obesity, food justice, and the limits of capital-
ism. University of California Press.

Hager, E,, Cockerham, A, O'Reilly, N., Harrington, D,, Harding, J,, Hurley, K. M., &
Black, M. M. (2017). Food swamps and food deserts in Baltimore City, MD,
USA: Association with dietary behaviours among urban adolescent girls.
Public Health Nutrition, 20(4), 2598-2607.

Haskell, S. (2021). Food insecurity and food deserts: How are they related? Institute
for Food Laws and Regulations Available from web: https://www.carnr.
msu.edu/news/food-insecurity-and-food-deserts-how-are-they-related.
Accessed 5 Feb 2022

Hasnain, T, Sengul Orgut, I, & lvy, J. S. (2021). Elicitation of preference
among multiple criteria in food distribution by food banks. Production
& Operations Management, 30(2), 4475-4500. https://doi.org/10.1111/
poms.13551

Houston Food Bank. (2022). Our partners. Available from web: https://www.houst
onfoodbank.org/about-us/ouragencies/. Accessed 4 Aug 2022.

Hwang, C. L, & Yoon, K. (1981). Multiple attribute decision making: Methods and
applications. Springer-Verlag.

Islam, M. H,, & Ivy, J. S. (2021). Modeling the role of efficiency for the equitable
and effective distribution of donated food. OR Spectrum, 44, 485-534.
https://doi.org/10.1007/500291-021-00634-z

Lien, R. W, Iravani, S. M., & Smilowitz, K. R. (2014). Sequential resource alloca-
tion for nonprofit operations. Operations Research, 62(2), 301-317.

Lindner, A. R. (2021). Food, food, everywhere, but no scrap of health in reach.
OR/MS Today, 48(6), 38-40.

Lohnes, J., & Wilson, B. (2018). Bailing out the food banks? Hunger relief, food
waste and crisis in Central Appalachia. Environment and Planning A:
Economy and Space, 50(2), 350-369.

Malczewski, J. (1999). GIS and multicriteria decision analysis. Wiley.

Malczewski, J. (2006). GIS-based multicriteria decision analysis: A survey of the
literature. International Journal of Geographical Information Science, 20(7),
703-726.

Page 13 of 14

Odu, G. 0. (2019). Weighting methods for multi-criteria decision making
technique. Journal of Applied Sciences and Environmental Management,
23(8), 1449-1457.

Olson, D. L. (1997). Decision aids for selection problems. Journal of the Opera-
tional Research Society, 48(5), 541-542.

Opricovic, S. (1998). Multicriteria optimization of civil engineering systems. PhD
thesis (Vol. 2, pp. 5-21). Faculty of Civil Engineering.

Opricovic, S., & Tzeng, G. H. (2004). Compromise solution by mcdm methods: A
comparative analysis of vikor and topsis. European Journal of Operational
Research, 156, 445-455.

Peucker, T.K, Fowler, R. J,, Little, J. J, & Mark, D. M. (1978). The triangulated
irregular network. American Society for Photogrammetry (ASP). In- ACSM
proceedings of Digital Terrain Models (DTM) symposium, St. Louis (pp.
516-540).

Ploeg, M., Nulph, D, & Williams, R. (2011). Mapping food deserts in the United States.
USDA Economic Research Services Available from web: https://www.ers.
usda.gov/amber-waves/2011/december/data-feature-mapping-food-deser
ts-in-the-us/. Accessed 4 May 2022

Ploskas, N., & Papathanasiou, J. (2019). A decision support system for multiple
criteria alternative ranking using TOPSIS and VIKOR in fuzzy and nonfuzzy
environments. Fuzzy Sets and Systems, 377, 1-30.

Radmebhr, R, Ghorbani, M., & Ziaei, A. N. (2021). Quantifying and managing the
water-energy-food nexus in dry regions food insecurity: New methods
and evidence. Agricultural Water Management, 245, 106588.

Reihaneh, M., & Ghoniem, A. (2018). A multi-start optimization-based heuristic
for a food bank distribution problem. Journal of Operational Research
Society, 69(5), 691-706.

Robaina, K. A, & Martin, K. S. (2013). Food insecurity, poor diet quality, and obe-
sity among food pantry participants in Hartford, CT. Journal of Nutrition
Education and Behavior, 45(2), 159-164.

Saaty, T. L. (1977). A scaling method for priorities in heirachical structures.
Journal of Mathematical Psychology, 15(3), 234-281.

Saaty, T. L. (2004). Decision making—The analytic hierarchy and network
processes (AHP/ANP). Journal of Systems Science and Systems Engineering,
13(1), 1-35.

Schneider, K, & Nurre, S. G. (2019). A multi-criteria vehicle routing approach to
improve the compliance audit schedule for food banks. Omega, 84, 127-140.

Sengul Orgut, I, vy, J. S., & Uzsoy, R. (2017). Modeling for the equitable and
effective distribution of food donation under stochastic receiving capaci-
ties. lISE Transactions, 49(6), 567-578.

Sengul Orgut, I, Ivy, J. S., Uzsoy, R, & Hale, C. (2018). Robust optimization
approaches for the equitable and effective distribution of donated food.
European Journal of Operational Research, 269(2), 516-531.

Sengul Orgut, I, vy, J. S., Uzsoy, R, & Wilson, J. R. (2016). Modeling for the
equitable and effective distribution of food donation under capacity
constraints. /ISE Transactions, 48(3), 252-266.

Solak, S., Scherrer, C, & Ghoniem, A. (2014). The stop-and-drop problem in
nonprofit food distribution networks. Annals of Operations Research,
221(1),407-426.

Stauffer, J. M., Vanajakumari, M., Kumar, S., & Mangapora, T. (2022). Achiev-
ing equitable food security: How can food bank mobile pantries fill
this humanitarian need. Production and Operations Management, 1-20.
https://doi.org/10.1111/poms.13663

Triantaphyllou, E., Shu, B, Sanchez, S. N, & Ray, T. (1998). Multi-criteria decision
making: An operations research approach. Encyclopedia of Electrical and
Electronics Engineering, 15(1998), 175-186.

U.S. Census Bureau. (2022a). Explore census data. Available from web:
https://data.census.gov/cedsci/. Accessed 12 Apr 2022.

US. Census Bureau. (2022b). New statistics available from 2016-2020 American
community survey 5-year estimates. Available from web: https://www.census.
gov/newsroom/press-releases/2022/acs-5-year-estimates.html. Accessed 3
Aug 2022,

USDA. (2021). Definitions of food security. Available from web: https://www.ers.
usda.gov/topics/food-nutrition-assistance/food-security-in-the-u-s/defin
itions-of-food-security/. Accessed 3 May 2022.

Zhang, Z, Demsa, U, Rantala, J,, & Virrantaus, K. (2014). A fuzzy multiple- attrib-
ute decision making modelling for vulnerability analysis on the basis of
population information for disaster management. International Journal of
Geographical Information Science, 28(9), 1922-1939.


https://doi.org/10.1016/j.geoforum.2013.04.021
https://doi.org/10.1016/j.geoforum.2013.04.021
http://americannutritionassociation.org/newsletter/usda-defines-food-deserts
http://americannutritionassociation.org/newsletter/usda-defines-food-deserts
https://www.bvfb.org/get-food
https://www.bvfb.org/get-food
https://map.feedingamerica.org/county/2017/overall/texas/county/brazos
https://map.feedingamerica.org/county/2017/overall/texas/county/brazos
https://www.feedingamerica.org/hunger-blog/food-bank-response-covid-numbers
https://www.feedingamerica.org/hunger-blog/food-bank-response-covid-numbers
https://www.carnr.msu.edu/news/food-insecurity-and-food-deserts-how-are-they-related
https://www.carnr.msu.edu/news/food-insecurity-and-food-deserts-how-are-they-related
https://doi.org/10.1111/poms.13551
https://doi.org/10.1111/poms.13551
https://www.houstonfoodbank.org/about-us/ouragencies/
https://www.houstonfoodbank.org/about-us/ouragencies/
https://doi.org/10.1007/s00291-021-00634-z
https://www.ers.usda.gov/amber-waves/2011/december/data-feature-mapping-food-deserts-in-the-us/
https://www.ers.usda.gov/amber-waves/2011/december/data-feature-mapping-food-deserts-in-the-us/
https://www.ers.usda.gov/amber-waves/2011/december/data-feature-mapping-food-deserts-in-the-us/
https://doi.org/10.1111/poms.13663
https://data.census.gov/cedsci/
https://www.census.gov/newsroom/press-releases/2022/acs-5-year-estimates.html
https://www.census.gov/newsroom/press-releases/2022/acs-5-year-estimates.html
https://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-in-the-u-s/definitions-of-food-security/
https://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-in-the-u-s/definitions-of-food-security/
https://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-in-the-u-s/definitions-of-food-security/

Saari et al. Computational Urban Science (2022) 2:37

Zhang, Z,, Demsa, U, Wang, S, & Virrantaus, K. (2018). A spatial fuzzy influence
diagram for modelling spatial objects' dependencies: A case study on
tree-related electric outages. International Journal of Geographical Infor-
mation Science, 32(2), 349-366.

Zhang, Z, Hu, H, Yin, D,, Kashem, S,, Li, R, Cai, H., Perkins, D, & Wang, S. (2018).
A CyberGIS-enabled multi-criteria spatial decision support system: A case
study on flood emergency management. International Journal of Digital
Earth, 2(11), 1364-1381.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 14 of 14



	Identifying future partner agencies: helping Brazos Valley Food Bank in the fight against food insecurity
	Abstract 
	1 Introduction
	2 Background
	2.1 Introduction to BVFB’ operations and challenges
	2.2 Definition of food desert and related concepts

	3 Methodology and data
	3.1 Use of GIS in mapping the food insecure regions
	3.2 MCDM decision analysis
	3.2.1 Weighted sum model (WSM)
	3.2.2 Technique for order preference by similarity to ideal solution (TOPSIS)
	3.2.3 Multi-criteria optimization and compromise solution (VIKOR) model

	3.3 Use of expert knowledge in models’ validation

	4 Results
	4.1 Mapping food deserts
	4.2 The results from MCDM analysis
	4.3 Validation of the ranking results

	5 Conclusions and discussion
	Acknowledgements
	References


