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Abstract. In the fight against hunger, Food Banks must routinely make
strategic distribution decisions under uncertain supply (donations) and demand.
One of the challenges facing the decision makers is that they tend to rely heavily
on their prior experiences to make decisions, a phenomenon called cognitive
bias. This preliminary study seeks to address cognitive bias through a visual
analytics approach in the decision-making process. Using certain food bank
data, interactive dashboards were prepared as an alternative to the customary
spreadsheet format. A preliminary study was conducted to evaluate the effec-
tiveness of the dashboard and results indicated dashboards reduced the amount
of confirmation bias.
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1 Introduction

Food Banks operate in a complex environment. Their distribution networks are
dynamic and consist of multiple configurations (e.g. hub and spoke) with many
charitable agency partners that can receive donated food. There is a high degree of
uncertainty on both the supply and demand side making it difficult to understand
available supply and food need. Their food distribution decisions have to be made in a
way that (i) provides food equitably to those in need, (ii) efficiently maximizes the yield
of the donated supply and minimizes waste, and (iii) is distributed in a cost effective
manner. Decision-makers in this environment rely on information systems to manage
their operational processes. They must interact with large amounts of unstructured and
complex data on food collection, inventory management, and distribution activities.

The process of translating that data to a meaningful format is a cumbersome process
typically performed using spreadsheets. In addition, existing information systems of the
food bank lacks the capabilities to interpret this large-scale data to real-time policy
recommendations that support operational and strategic decision-making. Models that
could assist with better understanding of uncertainty and how to make decisions given
uncertainty are not reflected in the systems and often not directly considered during the
decision-making process.
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It is known that managers employ subjective judgement in formulating strategy and
that heuristics are often used in the presence of uncertainty [1]. In many instances, this
may be useful and appropriate. However, information overload can often cause a
reliance on such strategies making decisions susceptible to cognitive bias and leading
to errors and missed opportunities. In this preliminary study, visual analytics tools were
explored to help decision-makers combat cognitive biases. Data collected from a local
food bank were used in this study.

2 Background

2.1 Food Bank of Central and Eastern North Carolina

The Food Bank of Central and Eastern North Carolina (FBCENC) is the largest food
bank in North Carolina and serves 34 of the 100 counties. FBCENC has six branches:
Wilmington, Durham, Raleigh, Sandhills, Greenville, and New Bern. Raleigh is the
headquarters of the FBCENC which is part of Wake County. The FBCENC receives
food donations from different sources and distributes it through soup kitchens, food
pantries, homeless shelters, elderly nutrition programs and churches. In 2014-2015,
FBCENC distributed more than 57.2 million pounds of food related aid through over
800 partner agencies across 34 counties.

2.2 Food Bank Decision-Making Challenges

The primary goal of Food Banks and other nonprofit hunger relief organizations
(NHRO) is to provide access to nutritious food to populations who do not have sus-
tained access to it. These organizations achieve this goal by obtaining food donations
from a variety of sources to create large food inventories. The supplied food donation
must be screened to ensure quality and safety, sorted, packaged and labeled prior to
distribution to charitable agencies where food insecure populations are served. NHRO
decision-makers are charged with making strategic and tactical decisions affecting food
aid while simultaneously meeting core objectives of equitable food sharing, efficient
management of donations, and cost-effective distribution. These decision makers face
several challenges such as:

• Uncertainty in the source, frequency and magnitude of supply and demand for food
• Food shelf life, safety and quality of donated food
• Resource constraints such as availability of warehousing, volunteers, transportation,

and technology
• Lack of optimal methods and processes for determining true food need
• Compliance with federal and Feed America rules

In this study, historical distribution data from the FBCENC’s fair share policy was
examined. Fair share is a primary program that uses local county poverty rates to
identify how to allocate food equitably. The fair share distribution determines how
much food each branch and county should receive relative to total food donations
across the entire food network. A fair share rate is associated with each branch and that
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rate further divided to a rate for each county. Using this rate, the theoretical fair share
pounds of food is calculated. The theoretical fair share amount is compared to the
actual food distribution or pounds per person in poverty (PPIP) to determine the
effectiveness of the policy. Additionally, Feeding America guidelines recommend that
distributions meet 75% of PPIP at a minimum.

Given such vast amounts of information, constraints and uncertainties, Food Bank
decision makers often look to past approaches to make strategic planning decisions.
This exposes the decision-making process to cognitive bias by using heuristic
approaches to simplify problems that are mentally difficult rather than taking a rational
problem-solving approach considering all available information [1].

2.3 Cognitive Bias

Cognitive bias or psychological bias is a tendency for individuals to draw conclusions
or adopt beliefs given insufficient or no rational evidence that logically support it [2]. It
can lead to missed opportunities and poor decision-making. Much has been written
about the effect of cognitive bias in individual decision-making [3]. In an organiza-
tional setting, individual decision-making introduces bias during negotiations where
each party brings their own particular beliefs to the table [1, 3–5]. A particularly
troublesome example is one where a particular individual viewpoint continuously
influences and dominates others leading to groupthink. Methods to combat cognitive
bias have focused on increasing awareness and training [2, 6]. However, this might not
be sufficient in cases when information overwhelms the capacity limits of human
working memory [7].

Considering the pressures of time (food shelf life) and large data, the decision
maker’s ability to follow rational approaches is often challenged leading to a reliance
on heuristic approaches [7, 8]. A great number of cognitive biases are well documented
in the literature [2]. Recent work has begun to look at design considerations for
reducing cognitive bias [9, 12]. In this preliminary study, confirmation bias was
selected as a test case of bias that might be addressed through visual analytics. Con-
firmation bias, also known as confirmatory bias describes the tendency a person to look
for and recall information that confirms his or her preexisting beliefs. Task analysis
done with the FBCENC operations managers reveals that they do rely on their prior
experience to support their preconceived hypotheses. Hence, conformation bias does
exist in their decision-making process. To combat such bias, new tools such as visual
analytics are needed that expands the decision-makers’ attention more broadly include
dissenting evidence as well [7].

2.4 Visual Analytics

This study utilizes the power of visual analytics to provide analysts a structured
approach to combat the cognitive bias in their decision-making. Visual analytics is a
process that includes information gathering, data preprocessing, knowledge represen-
tation, and interaction to facilitate analytical reasoning via interactive visual interfaces
[10, 11]. It is a direct response to the ease and scale of storing big data and the inherent
limited capacity of human attention and working memory. There are few recent
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research writings found that directly address cognitive bias detection in visual analytics
environments [13–15].

The focus of those papers involved mitigating biases using approaches such as
sensemaking to increase awareness when using interactive intelligence visualization.
No research up to this writing was found that addressed utilization and design of visual
analytics to reduce cognitive bias in humanitarian supply chain decision-making.

In this study, interactive dashboards were developed to enhance the decision
makers’ tasks allowing them to see visualized information and get prompt feedback to
assess the effects of alternative approaches. An evaluation of dashboard effectiveness
using structured responses and feedback from participants indicated dashboards do
reduce confirmation bias. This preliminary work serves as a starting point for defining
what approaches and evaluation techniques can support future design efforts for Food
Bank decision-making.

3 Methodology

3.1 Participants

Participants were recruited from a pool of Industrial & Systems Engineering students
with at least senior standing. A diverse group of six volunteers (50% females) between
the ages of 25 and 44 years took part in the study. All participants held graduate
degrees and experience with frequent use of electronic records and documents such as
spreadsheets. All participants reported having advanced computer skills and two-thirds
had experience interacting frequently with information systems platforms (the
remainder reported occasional interaction). The duration of the exercise ranged from
30–50 min.

3.2 Stimulus Materials

A desktop computer and two 26″ monitors were used to present the task materials
(questionnaires and task descriptions) and the stimulus (spreadsheet data file and
interactive dashboard). Tasks analysis results revealed that currently, the FBCENC uses
spreadsheet in their operations. Each participant performed their assigned task in a
quiet location away from the gaze and distraction of others. The spreadsheet data file
comprised of historical fair share data for a specific month over a five-year period.
A screenshot of the spreadsheet is provided in Fig. 1. Each year was presented in its
separate sheet and showed the distribution of food (in pounds) to all the counties served
by the food bank network. The interactive dashboard created with Tableau software is
shown in Fig. 2. It displays line plots using the same data presented in the spreadsheet
filtered by county, month and year. A linear fit trend line was included with each plot
for the particular month. Only data from the first four years was presented in the tasks.
Using both the spreadsheets and the dashboard, participants were asked to determine
whether the fair share distribution would be met (or exceeded) or fall short in year five.
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3.3 Task Procedure

After describing the exercise and gaining consent, participants were asked to complete
a questionnaire to gather demographic and experiential information. Next, the first
stimulus was presented on one monitor and a form to collect responses was loaded on
the second monitor. A brief explanation of the fields or a description of the dashboard
and controls was provided at the beginning of each task. Both stimuli sets (spreadsheets
or dashboard) were presented in random order across participants and tasks. Five items
made up of branches and counties were presented in random order across both stimuli
and participant. For each stimulus, the participant looked up a branch or county and
reviewed the distribution history over four years before making a determination about
distribution performance in year five.

Fig. 1. A screenshot of the spreadsheet stimulus showing fair share distribution of pounds of
food
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Using the provided response form shown in Fig. 3, the participant entered a check
in the box matching their decision of shortfall or goal exceeded. On the same line,
another check mark was entered to indicate the level of confidence about the decision
just made.

Fig. 2. The trends of avg. theoretical fair share, avg. total (lbs.) and avg. difference (%) over a 4
year period for the month of April of a selected County. Plots may be filtered on year, county and
month as available in the dataset using the control panels to the right side.

Fig. 3. Instrument used to collect participants’ task response and confidence for decision about
year five.
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4 Analysis and Results

An electronic form was used to collect participant responses as they performed the
decision-making task. The order of the stimuli presentation was alternated to minimize
the likelihood of order effects. Participants made two selections for each county/branch
task using a composite of decision choices and confidence ratings - 6 choices for the
decision, and four choices for confidence rating. Weights were assigned to the
responses according to its proximity to the true year five decision to allow the infor-
mation to be plotted as shown in this section. The weights assigned are shown in
Table 1.

4.1 Task Responses

The objective of the assigned tasks was to determine whether the fair share distribution
goal was met in year five using data from the previous four years. Additionally, the
answers were to indicate the scope of surpassing or falling short using discrete cate-
gories. The five tasks are summarized in Table 2.

Response from the participants were analyzed to study whether two modes yielded
any statistically different average responses. Model adequacy check was conducted on
the data and normality assumption was met (Shapiro-Wilk W = 0.883219, p = 0.2842).
A paired t test was conducted and results indicated no statistical significant difference in

Table 1. Weights assigned to participant decision and confidence rating responses

Response scale (Reference) Decision responses Weight Weight Confidence scale

>20% exceed Correct 9 6 High
10–20% exceed 10% away 6 3 Moderate
0–10% exceed 20% away 1 1 Low
0–10% short Over 20% 0 0 No confidence
10–20% short
>20% short

Table 2. Year 5 distributions performance categories for counties and branches used in decision
tasks

Response scale
County/Branch >20%

exceed
10–20%
exceed

0–10%
exceed

0–10%
short

10–20%
short

>20%
short

Craven O
Orange O
Wake O
Raleigh Br O
Durham Br O
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scores between the two presentation modes (spreadsheet vs. dashboard) (t5 = 1.54,
p = 0.1850). Concerning the small sample size, a non-parametric Wilcox Signed Rank
test was also done and results revealed no statistical significant difference (S = −4.5,
p = 0.3125) in scores between the two presentation modes (spreadsheet vs. dashboard).

4.2 Concurrent Confidence Ratings

Participants provided a rating of their decision confidence (see Table 1 and Fig. 3) for
each sub task they performed. Participants were instructed to rate their confidence upon
committing to a decision to ensure that they implicitly related confidence to decision
response. Their responses can be seen in Figs. 4 and 5.

Concurrent confidence ratings were analyzed to study whether two modes yielded
any statistically different average responses. Model adequacy check was conducted on
the data and normality assumption was met (Shapiro-Wilk W = 0.913362, p = 0.4589).
A paired t test was conducted and results indicated a statistical significant difference in
ratings between the two presentation modes (spreadsheet vs. dashboard) (t5 = 5.22,
p < 0.01). Concerning the small sample size, a non-parametric Wilcox Signed Rank test
was also done and similar results were obtained (S = 10.5, p < 0.05). Concurrent con-
fidence ratings of the dashboard are significantly higher than those of the spreadsheet.

All participants reported at least moderate confidence following the task1: subtask 1,
with 80% giving a high rating, but then confidence dropped across the board on sub-
task 2. A similar pattern occurred for task 2: subtask1 to subtask 2. At the end of task 1
and task 2, confidence was at least moderate and rated higher than confidence at each
subtask 2. A noted observation for the dashboard in both cases was that confidence rose

Fig. 4. Confidence rating of responses from spreadsheet task (SR#) followed by dashboard task
(DR#). High = 6, Moderate = 3, Low = 1, No confidence = 0.
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after the task 2 and remained steady until dashboard tasks were complete. This suggests
that a judgement policy was adopted and maintained whereas in the spreadsheet task,
confidence appeared to remain steady over just the last two tasks for four of the six
participants.

Given respondents knew very little about fair share distributions or food bank
decision-making, lower ratings were anticipated. However, this reporting of confidence
fits with studies that have shown people do think they can estimate values with greater
precision than can actually be done and are typically very confident about judgements
they make based on heuristics [1]. This is because they tend to be insensitive to the
unsubstantiated nature of the underlying assumptions for their judgement [1].

4.3 Feedback from Participants

Most participants expressed a preference for the interactive dashboard and rated it as
relatively easier to use than the spreadsheet. Participants also reported the dashboard as
helpful on providing relevant information, helping to make unbiased decisions, reducing
time to decision, guiding to the right information, and providing visual information.

5 Discussion and Conclusion

The intent of this study was to explore visual analytics as a tool to address cognitive
bias. Ultimately, the objective is to support a broader design and research effort to
develop a smart decision support system for Food Bank decision-makers working with
big data. This work is in the preliminary stages and results are limited to the appli-
cations as described. It does contribute an approach on which future work may be built
and qualitative evidence that will guide future design efforts.

Fig. 5. Confidence rating of responses from dashboard task (DR#) followed by spreadsheet task
(SR#). High = 6, Moderate = 3, Low = 1, No confidence = 0.
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The current study provided limited information to the participants, resulting a
statistical non-significant difference in average response scores between the two pre-
sentation modes. In the future, more complex and unstructured data will be utilized to
assist decision makers to combat their cognitive bias with the tool of visual analytics.
For instance, the economic data such as unemployment rate, number of people applied
for unemployment benefits will be visualized and more interactivity will be developed
to allow participants to maneuver different visualized data in an easy way. Even with
this limitation, the current study revealed participants had statistically significant higher
confidence ratings for the dashboard. This was a very promising result.

Due to the small sample size, results are not generalizable to other applications.
Other limitations included, limited pool of participants selected and the limits of
qualitative methods chosen using subjective feedback that is subject to response bias.
The subject pool comprised of experienced analytical thinkers suitable to the tasks
assigned. However, the unfamiliarity of the visual analytics platform did initially
appear to pose a challenge suggesting the need for longer orientation time. A more
elaborate study is planned to include quantitative data collection methods such as eye
gaze tracking, and utilization of more in-depth qualitative approaches using a larger
sample size.

Another limitation is the limited functionality of the dashboard. In future research,
proficiency with visual analytics information presentation will be increased to improve
the intuitiveness to subjects. The design of survey instruments is also to be reviewed
based on the collected responses to identify where experimenter bias can be eliminated
for future studies. There is little known about the role that software can play in miti-
gating cognitive bias and insufficient evidence on the effectiveness of cognitive bias
trainings. Moreover, measurement techniques for cognitive bias remain a challenge. It
is expected that future research will contribute to the knowledge in these areas.
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