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Abstract

Food insecurity is a serious problem in America and the pandemic makes the problem even worse. Feeding America
has more than 200 food banks. that These food banks and their partner agencies are the key players in the battle against
food insecurity. Partner agencies may vary in size and location depending on the service area and the variety of the
partner agencies and the complexities of their operations make equitable food distribution very challenging. There is
a need for a meaningful to group those partner agencies to assist food bank operations managers to make informed
decisions. This study uses data from a local food bank and its partner agencies. Each agency is unique in terms of its
behavior. Therefore, k-means clustering was used to categorize agencies into groups based on the number of persons
served and the amount of food received. The results of the study will provide evidence-based information to assist the
food bank in making informed decisions.
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1. Introduction

Food insecurity, an economic and social condition where households have limited access to nutritious food [1], is a
serious problem in America. Feeding America is the nation’s largest nonprofit domestic hunger relief organization.
There are more than 200 food banks affiliated with Feeding America and these food banks serve all fifty states, the
District of Columbia, and Puerto Rico. Food banks and their partner agencies are the key players in the battle against
food insecurity. Food banks acquire donated food, safely store food, and distribute food to partner agencies such as
food pantries and soup kitchens. These partner agencies will then provide safe and nutritious food to people who
experience food insecurity. Partner agencies must meet certain requirements (i.e., non-profit) to be eligible to receive
food from the food bank.

The distribution network of food banks has a lot of complexity with several configurations. These would consist of
various charitable partner agencies that help collect and distribute donated food, decisions about food distribution need
to ensure food equitably, efficient utilization, and cost-effectively distribution. Also, high uncertainty in supply from
donors and demand from clients could create additional complexity in understanding existing supply and food needs.
Hasnain et al. [2] highlighted the challenges faced by the food bank network, such as transportation disruptions and
communication breakdowns, especially during disasters. The study found that the food bank network was able to
maintain its critical services during the hurricane by implementing various strategies, such as pre-positioning supplies,
collaborating with partners, and adjusting distribution schedules. Partner agencies typically visit a food bank branch
to receive the food they offer to their clients, and then individual clients or families visit the partner agencies for food
assistance. This involves a huge volume of unstructured and complex data coming from food donations, distribution
events, and inventory management.

The Food Bank of Central and Eastern North Carolina (FBCENC) works with over 800 partner agencies including
food pantries, shelters, soup kitchens, and group homes, that help serve 34 counties in central & eastern North
Carolina. The food bank serves its partner agencies through six branches in Durham, Greenville, New Bern, Raleigh,
Sandhills (Southern Pines), and Wilmington with Raleigh as the headquarter.

According to FBCENC’s fact card, there are nearly 510,000 people facing hunger across its 34-county service area.
In the fiscal year 2021-2022, the food bank distributed about 138 million pounds of food by partnering with 813
agencies in its network [3]. In meeting these needs, the food bank typically uses the amount of food disturbed and the
number of people served by partner agencies in the previous year in determining how much the partner agencies would
receive the next year. The food bank also has a fair share percentage it tries to meet among its different branches to
ensure equal and equitable distribution. The existing clustering pattern of the food bank lacks the capabilities to
interpret how agencies operate in the distribution of food and persons served correspondingly.
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The complexity of the system makes it very challenging for the food bank to make an equitable distribution to the
partner agencies. Currently, FBCENC does not have a very effective way to group its partner agencies and there is a
strong need for that.

In this preliminary study, clustering analysis was used based on the weight of food distributed and the number of
persons served to help decision-makers make strategic decisions about the amount of food each branch or county
within the food bank network receives and tailor their support to each agency's specific needs.

2. Method

2.1 Data collection and data analysis

Data on the amount of food distribution and persons served by the active partner agencies was used from the most
recent active agencies for the fiscal year of 2019-2020 and 2020-2021. Agencies that stopped activities before 2019,
and those that started operations after 2020 were not considered in this preliminary study. The data report included
the gross weight (in pounds) of food distributed by the partner agency per transaction aggregated by year and the
number of persons served also aggregated by year. Other characteristics of each agency such as the exact address
including county and zip code, the branch serving that agency, and the posting date were obtained from data provided
by FBCENC. After aggregating the data, 643 partner agencies were active for both fiscal years, 66 of them had no
address and were excluded. Overall, 577 partner agencies were used for the analysis.

2.2 K-means clustering analysis

Clustering is a commonly used unsupervised machine-learning technique that does not require a response variable.
However, it helps group instances into similar clusters by identifying relations between the instances in a dataset. k-
means clustering is a popular method that splits the data points into a pre-specified set & groups. The data points are
formed into one of the k-clusters using the centroid of the cluster and each cluster is acknowledged by its centroid.
The centroid is a location representing the center of the cluster. The aim is to minimize the sum of distances between
the instances and the cluster centroid, to identify the correct group each instance should belong to [4]. The most
common approaches for generating the distance matrix are Euclidean and Manhattan distances. Euclidean distance is
generally considered to determine the distance between each data object and the cluster centers [5]. The Euclidean
distance between one vector X = (Xy,X,,...X,) and another vector y= (¥y,¥s,... V), The Euclidean
distance d . (x;, y;) can be obtained as follow in Equation 1:

Euclidean distance:

1
deuc (X, ¥i) = [Z?:l(xi - yi)z]E (1)
The Manbhattan distance is the sum of absolute differences. The Manhattan distance d,,4,(x;, ¥;) can be obtained as
follow in Equation 2:

Manhattan distance:
inan (X, Y1) = Xital (e + vl (2

2.3 Defining the Optimal Number of Clusters

Clustering results may mostly be subject to the number of clusters stated. It is essential to provide educated guidance
for defining the number of clusters to attain suitable clustering results [6]. A few methods are known in the literature
for selecting the optimal number of clusters: The elbow method, the Silhouette method, and the Gap statistic. Kaufman
and Rousseeuw [7] introduced the Silhouette index which is constructed to show graphically how well each object is
classified in each clustering output. The silhouette value measures how similar a point is with its cluster relative to
other clusters. In 2001, Tibshirani et al. [8] proposed an approach to estimate the number of clusters in a dataset via
the gap statistic. The Elbow method is probably the most well-known method for defining the optimal number of
clusters. It calculates the Sum of Squared Errors (SSE) within clusters for different values of k and selects the & for
which SSE initially starts to reduce. In the plot of Total within SSE-versus-£, it becomes visible as an elbow. For this
study, the elbow method was used.

The use of k-clustering in different applications across literature has been well recorded. Kuhn and Culhane [9] applied
cluster analysis to test a typology of homelessness by pattern of shelter utilization, and the cluster analysis was used
to generate three groups using the number of shelter days and the number of shelter episodes. Black & Seto [10] used
data from a food bank group in Vancouver, Canada to carry out a cluster analysis using the k-means algorithm to
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classify patterns of food bank use into short-term or transitional users, medium or episodic users, and longer-term or
chronic users. The clusters were built on the number of exclusive food bank sites visited, the time in between the first
and last recorded visit, usage features including the total number of visits to the food bank, and the number of 90-day
pauses between the visits.

The k-means clustering used on the partner agencies in this study was 3. The decision was based on how the local
food banks desired to see clusters for easy operations. Agencies were grouped into - small, medium, and large — based
on the gross weight (in pounds) of food they received, and then clustered again based on the number of persons served.

2.4 Development of Visualizations
Tableau was used to explore the data collected, the boxplots of the gross weight (in pounds) and the number of persons
served for the respective years are shown in Figure 1 below.
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Figure 1: Box plot of data analysis in both years (a) the box plot of agency clusters for food distribution by gross
weight, and (b) box plot of agency clusters for number of persons served.

3 Results

3.1 Cluster by gross weight

Using k-means clustering, the 577 active agencies in 2019 and 2020 were clustered into groups based on the gross
weight of food demand by these agencies. This was done using in-built functions in the R programming language for
the k-means clustering technique. k=2 was observed as the optimal number of clusters from the elbow chart. However,
due to the large imbalance of the number of agencies between clusters when £=2, the preference from the food bank
sizing k=3 was used. The Elbow method and cluster plot is shown in the figure below in Figure 2.

To better understand the variation between groups, the minimum, mean and maximum values of the observations
within each cluster were calculated as shown in table 1 below.

Table 1: Descriptive Analysis of Clusters by Gross Weight

Min Mean Max
2019 2020 2019 2020 2019 2020
Small 19 34 150 258 394 1184
Medium 90 125 504 698 1480 1954

Large 120 872 1225 2582 15000 10000
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Figure 2: Cluster analysis for food distributed by gross weight (a) the elbow method demonstrating optimal number
of clusters, and (b) cluster plot of agencies for food distributed by gross weight.

3.2 Cluster by number of people served

Similar to the cluster by gross weight, k= 2 was observed as the optimal number of clusters for the agencies based on
the number of people served, going by the plot shown below. Again, due to the large imbalance of the number of
agencies between clusters when k=2, the preference from the food bank sizing k=3 was used. The Elbow method and

cluster plot is shown in the figure below in Figure 3.
The three clusters were color coded as follows: the red map showing the large cluster, the blue map showing the
medium cluster, and the green showing the small cluster.
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Figure 3: Cluster analysis for food distributed by the number of persons served (a) the elbow method demonstrating
optimal number of clusters, and (b) cluster plot of agencies for food distributed by gross weight.

Table 2: Descriptive Analysis of Clusters by Number of Person Served

Min Mean Max
2019 2020 2019 2020 2019 2020
Small 3 2 874 1120 15838 61261
Medium 15 10 2192 2648 36454 60793

Large 13 15 1478 3670 15419 78724
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Table 2 below shows descriptive analysis within each cluster and in analysis of the data geographically, Figures 4 a
and b show the filled map and the dot map of the various agencies within the network. Tableau was used to develop
the filled map and the dot map of the various agencies. The dot map is a mapping method where each dot serves as a
proxy location for each partner agency, and the filled map uses geospatial analysis to discover patterns correlating to
geographic locations.
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Figure 4: Visualizations of agencies (a) the dot map of agencies by gross weight, and (b) the filled and dot map of
agencies in network.
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Figure 5: Visualization of agencies in counties by type

The various partner agencies in the counties depending on the activities carried out could be considered as an Adult
daycare (AD), Kid’s café (KC), School pantry (SP), Disaster relief (DR), After School (AS), Soup kitchen (SK), The
Emergency Food Assistant Program (TEFAP), Mobile food pantry (MFP), Backpack (BP), Weekend power pack
(WPP), Group home (GH), Direct distribution (DD), Food pantry (FP), serving children (CH), shelter (SH), or others
(OTH). Figure 5 above shows the visualization of partner agencies by type in the different counties served.
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4.0 Discussion and Conclusion

The intent of this study was to explore clustering analysis and visualization as a tool in assisting Food Bank decision-
makers working with multiple partner agencies. From the cluster analysis conducted using the food distributed by
gross weight, there are 54 agencies in cluster 1, or the large cluster, 153 agencies in cluster 2, or the medium cluster,
and 370 agencies in cluster 3, or the smaller cluster. Therefore, agencies in cluster 1 distributed more food than those
in cluster 2 and 3 for the years considered; 2017 and 2018. Cluster analysis for the person-served dataset when
partitioned into 3 clusters of the 577 agencies considered, 21 were placed in cluster 3 or the large cluster, 75 were
placed in cluster 2 or the medium cluster, and 481 were placed in cluster 1 or the small cluster. Accordingly, agencies
in the large cluster served the most people compared to the other clusters.

The Dot map in Figure 4a gives a better perspective of the location of partner agencies and the size based on the
amount distributed. They were color-coded based on their clusters and the sizes of the dots were based on the total
amount of food by pound distributed in both years. Figure 4b also gives clarity on a county level. The colored filled
demonstrates the number of persons served, with darker colors indicating a higher number. The dot placed on it
demonstrates the amount of food distributed and the various sizes indicate the amount. As shown in Figure 5, the
differences in the number and types of programs offered by each partner agency in a county, the number of people
served, the amount of food distributed, and the frequency of visit-which affects the total number of food the agency
has in-store make the behavior of each agency unique.

In summary, visualization of the partner agencies based of their clusters provides a quick and easy way for operations
managers to take advantage of the analytical power in making critical decisions as to how food should be distributed
among partner agencies. This has the potential to increase the effectiveness and the efficiency of the food bank
operations. In the future, more complex and unstructured data will be utilized to give a better representation of the
various agencies in the counties.
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