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Abstract 

 
Non-profit hunger relief organizations rely on the goodwill of donors for their in-kind cash, food donations and other 
supplies to alleviate hunger, reduce human suffering and save lives. However, these organizations struggle with 
changing demand and supply patterns, disruptions caused by very low donations even though they must make strategic 
distribution decisions. Food distribution forecasts based on times series models can be useful for these decisions. Yet, 
it is plausible that food distribution by hunger relief organizations (and demand by the people in need) are driven by 
certain underlying factors. In this research, we used Visual Analytics (VA) to study the effect of certain underlying 
factors on the forecast generated for food distribution to the aid recipients. Specifically, we used already tested 
forecasting techniques to predict the expected quantity of distributed food for the underlying factors identified.  
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1. Introduction  
Individuals and households experience food insecurity when they have limited access to safe and nutritious food they 
need for an active, healthy life [1, 2]. The Economic Research Service (ERS) of the United States Department of 
Agriculture (USDA) estimated only 88.2 percent of U.S. households were food secure throughout the entire year in 
2017 [3]. Thus, 11.8 percent of households were food insecure at least some time during the year. These include 4.5 
percent that experienced very low food security, that is, one or more times, the food intake of the household members 
was reduced, and their eating patterns were disrupted. This is mostly because they lacked money and other resources 
for obtaining food [3]. 
Humanitarian relief organizations such as food banks play a significant role in the fight against hunger. Food banks 
are nonprofit organizations that serve people who are unable to consistently access enough nutritious food to live a 
healthy, active lifestyle. Food banks receive, sort and distribute millions of pounds of nutritious food to people in need 
through a network of partner agencies and direct distributions.  
In this research, we worked with a local food bank, the Food Bank of Central and Eastern North Carolina (FBCENC). 
FBCENC is one of the seven food banks in North Carolina, all belonging to the Feeding America Network – America’s 
largest hunger-relief organization. FBCENC serves about a third of all counties in North Carolina, 34 in total (more 
than 3.7 million individuals).  The counties are reached through 6 food bank branch locations (warehouses) based on 
the service area under which they are categorized. FBCENC and its branch warehouses can receive donations from 
wholesale grocers, supermarkets, manufacturers, farmers and other individuals or groups. These donations are 
distributed through more than 800 partner agencies offering different programs such as kids’ café, soup kitchens, 
children and elderly nutrition, food pantries and so on. FBCENC distributed 70 Million pounds of food in 2016-2017 
alone [4]. The operating environment for the food banks such as FBCENC has become increasingly complex.  They 
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have dynamic distribution networks with multiple configurations necessitated by the many charitable agency partners 
that can receive donated food. Food Banks face a significant level of uncertainty relative to both supply and demand 
which increases the difficulty in understanding available supply and food demands [5]. The reliance on donation 
further complicates the classic supply chain dilemma to satisfy demand with adequate supply. Supply uncertainty is a 
product of unknown frequency, amount and quality of items donated well in advance. Demand uncertainty also occurs 
because expected food need is dependent on complex factors related to poverty and unemployment [6].  
Food banks often rely on forecasts to assist their decision making. Forecasting for supply or demand can be done using 
time series models. Time-series analysis and forecasting take advantage of the past behavior of a sequence of events 
or measurements to derive future predictions [7]. This analysis also assumes the observed values follow a specific 
pattern over the period considered, even though it might include random noise which increases the difficulty of 
identifying the unnoticeable pattern. These patterns are mostly composed of trend and seasonality and can be extended 
to future periods to generate forecasts of new measurements [8]. Commonly used models for time-series forecasting 
include Exponential Smoothing (EM), Autoregressive Integrated Moving Average (ARIMA) and their variants (e.g., 
the Holts-Winters Method).  
Previous research on forecasting in-kind donations for the food banks using time series models have been proven to 
be effective [6]. However, the forecast can be improved by identifying other underlying measures (e.g., socio-
economic factors) that influence or have a relationship with the measure of interest. The forecasting model becomes 
stronger and better captures reality when these underlying measures are introduced. Moreover, it remains a challenge 
to present the analytical results to food bank operations managers and more importantly allow them to interact with 
the analytical results. To address these concerns, Visual Analytics (VA) was used in this research. VA bridges this 
gap between the business and analytics domains and provides a fast and convenient approach for business leaders and 
decision makers to generate insights from the data without requiring knowledge of forecasting techniques or other 
algorithms.  As a result, food bank decision makers can apply their knowledge of the operations of a hunger-relief 
organization coupled with the interactive and visual interfaces generated by the VA tool. They can quickly identify 
patterns and trends in their data and what underlying factors have a relationship with certain parameters.   
 
2. Method 
 
2.1 Data Collection 
We obtained five fiscal years of distribution data (from 2006 to 2011) from FBCENC. A fiscal year starts from July 
and ends in June of the following year. The data is pre-processed to include only food distribution to each of the 34 
counties. Gross weight refers to the quantity (in pounds) of food distributed per transaction and represents the 
dependent variable to be forecasted. One of our goals is to determine which model generates the most accurate forecast 
per month, therefore, the historical data is aggregated by month and year from the posting date field. We then obtained 
historical records of several socio-economic factors that we suspect could have a relationship with the data. We 
obtained local unemployment statistics from the United States Bureau of Labor Statistics (BLS) at the county level 
(not seasonally adjusted) and state level (seasonally adjusted) from 2006 to 2011 to match the months and years of 
data we obtained from the food bank. The unemployment rates are available for each month for every year considered. 
We also obtained data for poverty rates (for different age groups – Under Age 18, Ages 5 to 17 and Under Age 5) and 
median household income for 2006 to 2011 from the Small Area Income Poverty Estimates (SAIPE) page of the 
United States Census Bureau (USCB) website.  A description of each measure is summarized in Table 1. 

 
2.2 Building Time Series Models  
We chose SAS Visual Analytics 7.4 (SAS VA) in this research because of its ability to deal with huge data sets, 
automatically select the best chart (auto-charting) for visualizing the data and its advanced forecasting features. The 
forecasting models currently available in SAS VA include ARIMA, damped trend exponential smoothing, seasonal 
exponential smoothing, simple exponential smoothing, linear exponential smoothing and Winters method. SAS VA 
allows the user to manipulate the forecasted data to gain insights into how certain data items factor into the forecast. 
This involves finding underlying factors that have a relationship to the forecast which can be manipulated with 
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scenario analysis. SAS VA forecasting models can include other measures when it performs the analysis to generate 
the forecasts. The software maintains the forecasting model that has the best fit with the data.  

Table 1: Data Summary 
 

Measure (State and County 
Level) 

Source Measurement 
Unit Aggregation Period Considered 

Food Distribution - Gross 
Weight 

FBCENC 
Pounds  July 2006 - June 2011 

Unemployment Rate  BLS Percentage Monthly July 2006 - June 2011 
Poverty Rates USCB    

Under Age 18  Percentage Yearly 2006 - 2011 
Ages 5 - 17  Percentage Yearly 2006 - 2011 
Under Age 5  Percentage Yearly 2006 - 2011 

Median Household Income USCB Dollars Yearly 2006 - 2011 
 
3. Results and Analysis 
 
We first investigated the relationship among food distribution and the underlying factors.  We then used appropriate 
times series model for the distribution data at both the foodbank level and county level as well as with and without 
underlying factors using SAS VA. 

3.1 Correlation of Food Distribution and Underlying Factors  
We conducted correlation analysis to understand the relationship among the gross weight of food distributed 
(‘Distribution’) and the underlying factors studied – poverty, unemployment and median household income. As seen 
in Figure 1, all variables have a strong relationship (r > 0.8) with food distribution except median household income 
that has a moderate relationship (r=0.4). Median household income also had moderate relationship with other 
underlying factors considered.  
 

  
 

Figure 1: Correlation analysis among food distribution and underlying factors 
3.2 Forecast Model Results at the Foodbank Level  
Before the introduction of the underlying factors, SAS VA identified Additive Winters Method as the best fit for the 
data as seen in Figure 2. This is consistent with the findings of Chen (1997) that highlighted the robustness of the 
Holt-Winters method - its stable forecasting performance and satisfactory forecasting accuracy [9]. Holts-Winters 
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method is especially useful for wide ranging time series that have stochastic or deterministic trend and seasonal 
components that are subject to structural changes. After the underling factors were introduced to the time series, the 
forecasting algorithm was updated to the ARIMA model for generating the most accurate forecast for the time series 
as seen in Figure 3. Among the many underlying factors introduced, SAS VA identifies those that have any 
contribution to the forecast. At the foodbank level (34 counties), under-18 poverty was identified as the only 
contributor to the forecast despite the presence of other factors like unemployment and median household income. 
 

 
Figure 2: Forecast of monthly food distribution – before introducing underlying factors 

3.3 Forecast Model Results at the County Level  
The analysis above was repeated using data for one of the thirty-four counties served by food bank. We chose a county 
instead of one of the six branches served by the foodbank since it was easier to obtain data for the socio-economic 
factors we studied from publicly available sources at the county level. Wake County is the largest of the 34 counties 
served by the food bank and the second most populous county in the state [10].  
Figure 4 shows the time series plot and forecast of the monthly gross weight of food received by Wake County. SAS 
VA identified the Damped Trend Exponential Smoothing model as the best fit for the data. Unlike the forecasts 
generated by the Holts-Winters Method which indefinitely projects the trend in the data, the Damped Trend 
Exponential Smoothing method dampens the trend to a flat line for the forecast. Gardner & McKenzie (1985) 
introduced the dampening parameter to avoid over-forecasting the trend particularly for longer time horizons [11]. 
Forecast methods that dampen the trend have been identified to be very successful when predictions are generated 
automatically for several series [12].  After the underling factors were introduced to the time series, the forecasting 
algorithm was updated to the ARIMA model for generating the most accurate forecast as seen in Figure 5. SAS VA 
identified unemployment and under-18 poverty as significant contributors to the forecast.  
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Figure 3: Forecast of food distribution with under-18 poverty introduced 
 

 

Figure 4: Forecast of food received by wake county (in pounds) – before introducing underlying factors 
 

 
 

Figure 5: Forecast of food received by wake county – unemployment rate and under-18 poverty introduced 
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4. Discussion and Conclusion  
 
In this research, we applied SAS VA to study the effect of underlying factors on food distribution forecasts. Results 
indicated that the introduction of the underlying factors affected the time series model selected by the system. 
Interestingly, under-18 poverty was identified as the significant contributor to the forecast for the entire food bank 
while both unemployment rate and under-18 poverty were determined to be the contributors to the forecasts for the 
county studied. Since there are variations among counties served by the food bank, great caution needs to be taken 
when we build times series models. Fortunately, VA tools such as SAS provide a quick and easy way for building the 
models and allow a food bank operations manager without statistics background to interact with the data and gain 
insights from the forecasts.  
It needs to be pointed out that we selected several socio-economic factors based on our research as well as the 
availability of the data in this research. The food bank operations managers can identify more appropriate underlying 
factors based on their experience and therefore may improve the accuracy of the forecast. 
Our next step is to perform scenario analysis and goal seeking. We will use SAS VA to visualize the changes made to 
the forecast by changing values of the significant underlying factors. In addition, we will set the forecast values to 
investigate changes to the underlying factors to achieve these values. The forecast values will be manually set to the 
gross weight of food distributed from the test data in the next period.  
In summary, visual analytics provides a quick and easy way for operations managers to take advantage of the analytical 
power and yet apply their empirical experience to the forecast. This has the potential to improve the effectiveness and 
the efficiency of the food bank operations. 
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