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Abstract

Hunger and food insecurity are present in each American county. Government and non-government organizations are
working to address food insecurity in the United States. Food banks are nonprofit hunger relief organizations that
collect food and monetary donations from donors and distribute food to local agencies which serve people in need.
Contributions come from retail donors, communities, and food manufacturers. The uncertainty of donation amounts
and frequency is a challenge for food banks in the fight against hunger. In this research, we analyze local food bank
donation data and propose a predictive model to forecast the contribution of different donors. Our study shows the
necessary behavioral attributes to classify donors and the best way to cluster donor data to improve the prediction
model. We also compare the accuracy of prediction for different conventional forecasting techniques with the
proposed Support Vector Regression (SVR) model.

Keywords: Food Insecurity, Support Vector Regression, Forecasting, Donation Behavior, Humanitarian Supply
Chain.

1. Introduction
1.1 Background

A household with limited or uncertain availability of food as a result of insufficient financial resources is food insecure
[1]. In the United States, Food insecurity affects one out of eight Americans, which corresponds to 12 million children
and 40 million households [2]. The Red Cross and Red Crescent Society define the food insecurity and hunger problem
as a complex human-made hazard [3,4]. There are several federally funded programs for fighting against hunger such
as Women Infants and Children (WIC) and Supplemental Nutrition Assistance Program (SNAP). Besides those
programs, and there is a network of public and private organizations such as Feeding America (FA), independent food
banks, soup kitchen. Under FA networks there are 200 food banks, and 60,000 food pantries operating [5].

In North Caroline (NC), over one million people face food insecurity, which is approximately 15.6% of the total NC
population [6]. In addition, 479,220 children struggle with hunger with Mecklenburg County having the highest food
insecure children (45,370 children), and Scotland County with the highest percentage (30.6 %) [7]. There are 7
Feeding America (FA) food banks that serve NC. Food Bank and Central of Eastern North Carolina is the largest
among them [6]. Some food banks serve more than one county.

1.2 Related Literature

Forecasting of demand is extensively explored in the commercial and humanitarian supply chain literature using a
variety of techniques. Prediction of supply, mainly food donations in the humanitarian sector is limited. Artificial
Neural Network and Multiple Linear Regression were proposed to predict donations received by a food bank from the
supermarket [8]. Data clustering and time series methods were used to predict food donation amounts based on the
donor, location, and food type attributes; exponential smoothing, moving average and autoregressive integrated
moving average (ARIMA) approaches were considered[9]. The authors also discuss the effect of data clustering on
forecast accuracy and variability. Food donations have been considered in other contexts of food operations, beyond
supply forecasting. For example, a mathematical model was introduced to integrate the effective use of donated food
and optimized menu planning for the soup kitchen [11]. Within the context of humanitarian food relief activities,
demand forecasting has been studied to identify factors that contribute to estimating food need for a local food bank.
The authors proposed a regression model to predict future contributions, and evaluated model accuracy using the
Mean Absolute Deviation (MAD) and Mean Absolute Percentage Error (MAPE) [10].
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Support Vector Machine (SVM) is a machine learning approach for solving the define classification problem [12].
SVM can also solve the quantity prediction problem via Support Vector Regression (SVR) [13]. Support Vector
Regression (SVR) is the supervised machine learning technique. It can learn data patterns from the training data set
and can apply the pattern to validation data set. Authors in [14] were the first to use SVR to forecast in kind aggregate
donations for the food bank. Results of their showed that a model based on 24 months past data provided the best
result for training data.

Table 1: FA food bank overview in NC [6]

Food Bank No of Counties Served Meals Distributed each year
Food Bank of Central of Eastern NC 34 53,293,730
Second Harvest Food Bank of Metrolina 19 (14 in NC and 5 in SC) 39,041,689
Second Harvest Food Bank of North West NC 18 30,340,545
Manna Food Bank 16 12,624,347
Second Harvest Food Bank of Southeast NC 7 7,897,622
Food Bank of the Albemarle 15 4,980,418
Inter-Faith Food Shuttle 7 4,654,195

1.3 Research Objectives

In-kind donations are the primary supply for food banks. Both demand and supply are uncertain for the hunger-relief
humanitarian supply chain. In this research, we have focused on supply prediction problem. To our best knowledge,
this is the first work which considered the contribution behavior of different donors for SVR. The prior SVR work
considered contributions by location [14]. The research questions driving this study are as follow.

1) How well does Support Vector Regression (SVR) perform over different time series model in predicting food

donation based on the donor?
2) What is the best way to cluster donor data to improve the prediction model?
3) What are the necessary behavioral attributes to classify donors?

The remainder of the chapter is organized as follow; section 2 describes data collection, data analysis, section 3
discusses the results and comparison of models and section 4 concludes the chapter.

2. Method
2.1 Data Collection

We collected historical data from a local food bank for three the fiscal year 2015-2016 to 2017-2018. The data
contained total 853,908 records and 109 variables. The data was filtered by donations, and all distribution and purchase
records removed which reduced the observations to 105,433. Information regarding original and cleaned data are
shown in Table 2. Table 3 contains the key donation fields and example values used in the study. In addition to the
historical transaction data, a detailed list of donor information was obtained. Variables in this second list contain donor
ID, name and location (address, city, and state).

Table 2: Information on original and cleaned data

Fiscal Year 2015-16 2016 - 17 2017 -18
Variables 109 109 109
Observations (Original) 272,304 287,840 293,764
Observations (Cleaned) 49,511 50,777 50,845
Table 3: Descriptions of key variables in the dataset
Key Variables Example Values Key Variables Example Values
Posting Date 07-01-2016 Donor ID 1529
Receiving Location Durham, Raleigh Product Type Meats
Donor Affiliation Local Donor Trade Classification Retail
Storage Classification Dry Gross Weight (lbs.) 100,000
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2.2 Data Preprocessing:

Before analysis, many issues were founded in the dataset. For example, there was a high positive donation of a donor
and negative donation of the same donor on the same posting date. This happens when contribution amounts need to
be adjusted. For analysis, data were summarized by monthly total gross weight, so there is no error in frequency
analysis. There was also evidence of missing data and potential data error during donations entry. Missing values had
a significant impact on frequency analysis and future predictions. Therefore, the data needed to be preprocessed before
analysis. For analysis, data were preprocessed by software “R.” Missing values, outliers, significant data of donation
were fixed. Unnecessary variables were filtered, removed and added together to get the final donation data set.

2.2.1 Individual Donor Behavior:

During preprocessing data set, an observation was found that reflects individual donor contributions. There was one
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Figure 3: Donation amount vs. Donor Affiliation

The research focus was to find different donors contribution behaviors. Therefore data related to purchased food (FA
Purchase data) FA National, Federal and State donation data was filtered from the donation data set. The Pareto
analysis also shows that the law of the vital few are widely used to find approximately 80% contributions comes from
20% population. The Pareto study was done to see the percentage of total contributions of FA Local and Local donors
which shows that most donations came from those two. The Pareto analysis result is shown in Table 5.
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Table 4: Descriptions of key values for the Donor Affiliation in the dataset

Donor Affiliation Description
Category
FA Local Donors have an affiliation with FA, but there may be a local location.
. Donors have a relationship with FA the National Network and food banks need to
FA National
send trucks to collects food.
Local Donor within the Food Bank’s service area with local ties, not a national company.
Local Govt. Food obtained from the local department of agriculture.
State Govt. Food Obtained through funds allocated by the state.
USDA Food obtained through the government commodity program.

Table 5: Pareto Analysis results

Fiscal Year Total contributions of FA Local and Local Donors
201516 88.37 %
2016 - 17 76.50 %
2017 — 18 81.30 %

2.2.3 Trend Analysis:
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Figure 4: Trend analysis of donation amounts
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Figure 5: Trend analysis of FA Local donations Figure 6: Trend analysis of Local Donor donations

During frequency analysis, we found that there were 757, 884 and 870 different donors that donated 49510 times,
50776 times and 50844 times during the fiscal year 2015 - 16, 2016 - 17 and 2017 -18 respectively. The number of
donations and donors during these years are relatively the same. Figure 5 provides a snapshot of the trend analysis of
monthly FA Local donors donation amount in Ibs. Minimum, Maximum, Mean and Standard Deviation for FA Local
donation amounts are 2591091 1lbs., 3632182 1bs., 3191776.31 lbs., and 276148.24 1bs. There is no increasing or
decreasing trend found in figure 5. Figure 6 shows less variability for local donations. The mean value is 1571262.17
Ibs., and the standard deviation is 1892268.08 1bs.

2.2.4 Donation Frequency Analysis:

There are 258 Local donors and 512 FA Local donors during the last three fiscal years. From the frequency analysis,
we observe that donations from FA local donors are more frequent. One hundred eleven donors donated once in three
fiscal years among 258 donors whereas such value for FA local is only 14. 40.23 % of FA Local Donor donated every
month whereas only 6.20% Local donor donated every month. Table 6 shows the comparison of donation frequency
analysis of FA Local and Local donor.
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3. Result and Discussion:
3.1 Moving Average:

Moving Average is a popular forecasting method to predict future values. Moving Average was done based on the
last two months’ average, three months’ average, four months’ average, five months’ average, and six months’
average. Three types of error — Mean Absolute Deviation (MAD), Mean Square Error (MSE) and Mean Absolute
Percentage Error (MAPE) were calculated, and the results are shown in table 6. Two-month moving average provided
the best prediction (i.e., smallest forecast error).

Table 6: Moving Average Error comparison concerning months

Local FA Local
Donation Frequency No of Donor Percentage of donor No of Donor Percentage of donor
36 16 6.20% 206 40.23%
30-35 18 6.98% 120 23.44%
20-29 15 5.81% 23 4.49%
10-19 23 8.91% 35 6.84%
1-9 186 72.09% 68 13.28%

Table 7: Moving Average Error comparison concerning months
Error 2 Months 3 Months 4 Months 5 Months 6 Months
MAD  542287.86  725555.40 812566.12  865353.80  907216.69
MSE  1.84E+12  2.64E+12  3.12E+12  3.26E+12  3.49E+12
MAPE 9.80% 13.09% 14.17% 14.88% 15.53%

3.2 Support Vector Regression Model:

Support Vector Regression Model was used to predict donation amounts based on the type of donor. Support Vector
Regression was done based on a one-month lag. Root Mean Square Error (RMSE) and Mean Absolute Percentage
Error (MAPE) for SVR model for pre-tuned validation data are 456034.90 and 5.80% respectively. MAPE and RMSE
comparison for SVR and two months moving average are shown in Figure 7 and Figure 8 respectively. SVR model
provided a better result than MA.
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o E 456034.90 438471.10
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Figure 7: MAPE comparison for MA and SVR Model. Figure 8: RMSE comparison for MA and SVR Model

3.3 Comparison between FA Local Donation, Local Donation and Cluster Donations prediction model:
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Figure 9: SVR MAPE comparison for Local, FA Local and Cluster Data
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4. Conclusion:

The prediction accuracy for SVR is better than the Moving Average method as shown in Figures 7 and 8. With high
standard deviation data set SVR also worked better. Future research will explore different predictive models such as
Auto-Regressive Integrated Moving Average (ARIMA), Logistics Regression. We will also explore other variables
for clustering data such as the type of food and expiration date. From this research, we conclude that donation
frequency is a vital behavioral attribute to classify donor. To improve the prediction model, donor affiliation is a right
way for clustering.
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