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ABSTRACT

Food insecurity among college students causes a significant threat to academic 
success and overall well-being. According to the National Postsecondary Student Aid 
Study, more than 4 million students were food insecure during the 2019–2020 school 
year. While university food pantries work tirelessly to solve this issue, many students 
remain unaware of these resources or are hesitant to use them. It is important to 
understand how students perceive and engage with campus food pantries compared 
to popular campus dining options to improve outreach and reduce food insecurity. 
While surveys and focus groups can be useful, they may not fully capture the 
subconscious drivers of decision-making. This study leveraged both survey responses 
and eye-tracking data to investigate student preferences between a local college 
food pantry and prominent on-campus food options. Participants viewed 13 paired 
image scenarios, and Areas of Interest (AOIs) were defined t o  collect eye-tracking 
metrics: Time to First Fixation, Total Fixation Duration, and Fixation Count. An 
Extreme Gradient Boosting (XGBoost) model identified key eye - tracking metrics, 
using student’s reported food option choices for cross-validation. Results revealed 
that Fixation Duration was the strongest predictor, suggesting that prolonged visual 
attention correlated with preference. Additionally, students leaned toward the food 
pantry for convenience to receive shelf-stable snacks but opted for alternatives when 
seeking prepared meals. This research supports the development of more effective 
food assistance strategies that prioritize student needs and behaviors.
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INTRODUCTION

According to the United States Department of Agriculture, food insecurity 
is a condition where households face economic and social challenges that 
prevents access to healthy foods (n.d.). Food insecurity is a significant issue 
in the United States, as 13.5% of households were uncertain of where their 
next meal was coming from in 2023 (Rabbitt et al., 2024). This percentage 
represents approximately 47 million people, including 13.8 million children 
(Rabbitt et al., 2024). The rise in food insecurity is a growing concern, as the 
food insecurity rate in 2023 was statistically significantly higher than 2022 
(12.8%) and 2021 (10.2%) (Rabbitt et al., 2024).
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While food insecurity affects millions across broad demographic groups,
such as race/ethnicity, age, household composition, and residential traits
(Rabbitt et al., 2024; Loofbourrow and Scherr, 2023), food insecurity is
not immune to affecting college students. The National Post Secondary
Student Aid Study reported 3.9 million undergraduate students, and more
than 2.3 million graduate students were affected by food insecurity during
the 2019–2020 school year (Cameron et al., 2023). College students are at
high risk of food insecurity due to unique financial, institutional, and social
factors that separate their situation from general food insecure experiences
(Fortin et al., 2021). The consequences to food insecurity are severe, as the
lack of nutrition and access to healthy foods negatively impacts academic
performance, physical, and mental wellbeing (Stebleton et al., 2020; Fortin
et al., 2020).

To combat college food insecurity, universities have employed food
pantries on campus. Higher educational institutions have strengthened food
insecurity efforts by partnering with hunger-relief organizations to support
their student body. For example, Swipe Out Hunger (formerly College and
University Food BankAlliance) provides support to over 900 on-campus food
pantries (Swipe Out Huger, n.d.). Additionally, Feeding America, the nation’s
largest non-profit hunger relief organization, supports 129 food banks out of
their 200-food bank network that addresses college food insecurity (Feeding
America, 2019).While universities may offer a food pantry on campus, many
students underutilize the service because of barriers to access (El Zein, 2022;
Loofbourrow and Scherr, 2023).

Research has shown perceived stigma is the main barrier for students
accessing help, followed by low familiarity with the campus food pantry
support, and time conflicts (Hattangadi et al., 2019, El Zein et al., 2019,
Kim et al., 2022, Anderson et al., 2022). This disconnect between available
support and student engagement is troubling because negative perceptions
may push students away from pantry services to other means. Given there
is typically a wide variety of retail dining options offered at universities
(Racine et al., 2022) and low utilization of pantry services, students may
perceive retail dining options more favorably. There is a need to explore
factors that shape student preferences between the pantry and retail dining
options. Therefore, this study investigates student preferences between a
local university food pantry and other on-campus food options to identify
strategies for improving pantry engagement.

Much of the literature examined student experiences, perceptions, and
predictors of food insecurity (Bruening et al., 2017). While surveys and
focus groups can be useful, they may not fully capture the cognitive
processes driving decision-making. To better understand the core factors
contributing to food source selections, this study combined eye-tracking with
student responses. Eye-tracking is an experimental method for recording eye
movements, which can reveal cognitive processes beyond attention, such as
perception and decision making (Carter & Luke, 2020). A Gradient Boosting
machine learning model was applied to analyze key features from the eye-
tracking dataset and cross-validate the performance with student responses.
This approach is appropriate for this exploratory study because the model
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can analyze complex interactions and provide ranked feature importance to
reveal eye-trackingmetrics that are important in the decision-making process.

Limited eye-tracking research has been applied within hunger relief mainly
covering the evaluation of food bank data visualizations (Hilliard et al.,
2025; Jiang et al., 2024; Hilliard et al., 2023). Most of the food-related
eye-tracking literature has focused on nudging strategies for healthier food
consumption, visual attention to foods, and consumer behavior (Ruppenthal,
2023; Chenczke et al., 2025; Margariti et al., 2023; Brand et al., 2020).
Separately, machine learning has been applied to food bank operations for
optimization, forecasting, and prediction tasks (Yang et al., 2025). However,
the combination of eye-tracking and machine learning within the university
food pantry context to understand food option preference is a new approach.

METHOD

Participants

Seventeen students from North Carolina A&T State University participated
in this experiment, consisting of three females and 14 male students. Eight
participants were in the 18–24 age group and the 25–34 age group. One
participant was in the 35–44 age group. Overall, 64.7% of participants
identified as graduate students. All participants had either normal vision
(20/20) or near normal vision (20/30 to 20/60) with no concerns about their
eye health. All participants had some experience with eating on-campus or
were aware of most food options offered on campus.

Stimuli

Thirteen retail food options are offered on the local university campus,
ranging from fast-food settings, cafes, convenience stores, and resident dining
halls. 13 image-based scenarios were developed for the study comparing
the campus food pantry image “Aggie Source” (Option A) alongside an
alternative food option offered on-campus (Option B). Images of the 13
alternative food options were sourced from the university dining website
(NCAT Dining, n.d.). The image for “Aggie Source” was selected from a
university social media page. All images were presented at a 1920 × 1080-
pixel resolution against a neutral background. Figure 1 shows the eighth
scenario.

Equipment

This study used a Tobii Pro Spectrum device that was connected to a Dell
computer to collect eye-tracking data and present the stimuli.

Experimental Design

A within-subjects design was used where all participants were exposed to the
same stimuli and completed all tasks. The presentation order of the stimuli
was identical for every participant.
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Figure 1: Experimental stimulus for the 8th scenario comparison.

Tasks and Procedures

After participants provided informed consent and completed a demographic
pre-survey, they were briefed on the study’s objective and tasks. Participants
were encouraged to ask questions at any time. Before the start of the
experiment, participants were familiarized with the eye-tracking device. They
were made aware that the infrared sensors and monitor posed minimal risk
and were seated at an appropriate viewing distance from the screen. Then,
an eye-tracking calibration was performed. The experimental tasks were self-
paced as participants viewed 13 scenarios in order, each displaying the food
pantry (Option A) and an alternative retail food option (Option B). For
each scenario, participants were instructed to verbally state their preference
(A or B), which was documented by the researcher. Participants advanced
through the stimuli using a mouse-click or keypad arrow. Upon completion,
participants were thanked for their time.

Data Collection and Analysis

Eye-tracking data was collected by the Tobii Pro Spectrum and analyzed using
Python and the Tobii Pro Labs software. Areas of Interest (AOIs) recorded
eye-tracking metrics (i.e., Fixation Count, Total Fixation Duration, and Time
to First Fixation) that were extracted for both options in each scenario.
Survey data and preference responses were collected in Google Forms.

Following data collection, the eye-tracking metrics and participant
responses were analyzed using Extreme Gradient Boosting (XGBoost).
The dataset consisted of 221 trials (17 participants x 13 scenarios). The
model’s target was the participants’ preference for the food pantry. The
feature set included the eye-tracking metrics for each option within a trial.
The pre-processed eye-tracking data was split into training (70%) and
testing (30%) using a fixed random state (42) for reproducibility. This
ratio provided the model with enough data for learning while retaining
a strong performance evaluation. XGBoost was selected for its ability
to handle complex, imbalanced non-linear relationships and to provide
feature importance rankings. The model’s performance was then evaluated
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and identified which AOI eye-tracking metrics are most predictive of a
participant’s choice.

RESULTS AND DISCUSSION

The eye-tracking device recorded participant eye-movement across the
scenarios. The Tobii Pro Labs software generated heatmaps for each
participant and concurrent maps for each scenario (see Figure 2). These
heatmaps provide visualization of participant fixation data (Jiang et al.,
2024). The XGBoost model examined the participants’ fixation data and
preferences to predict the food pantry and alternative food preferences.

Figure 2: Heatmap of concurrent participant data for Scenario 1.

The dataset was imbalanced with only 10% of preferences toward the
food pantry. The imbalance was addressed through the model’s ability to
weigh 9.27 times more importance to the minority university food pantry
(Aggie Source) class during training. The model achieved an overall accuracy
of 86.57% as it effectively predicted the alternative options but had limited
ability to detect the pantry preferences (see Table 1). Concurrently, the
confusion matrix reveals the model correctly predicted 57 of 60 alternative
preferences but only detected one of 1 true positive pantry choice (Figure 3).
While the model was successful in predicting the alternatives, the eye-tracking
metrics revealed important behavioral insights.

Table 1: XGBoost classification report.

Class Labels Precision Recall F1-Score Support

Aggie Source (A) 0.25 0.14 0.18 7
Alternative Food Options (B) 0.90 0.95 0.93 60
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Figure 3: Confusion matrix for the XGBoost model.

Although the prediction for the food pantry preferences was rare, the
Feature Importance Analysis (Figure 4) demonstrated that the pantry Total
Fixation Duration is the strongest predictor overall (0.26). This suggests that
when students do choose the pantry, the amount of time spent engaging
in uninterrupted attention is important. Meanwhile, Fixation Count for
alternative options indicated repeated glances toward conventional food
restaurants play a critical role in reinforcing the dominant choice (0.20).
Additionally, the high fixation count may highlight students’ repeatedly
checking and comparing alternatives as it relates to active decision-making.
Notably, the Time to First Fixation for the pantry holds greater predictive
importance than for alternative options since early attention allocation plays
a crucial role in pantry selection. However, Figure 4 shows that frequent
glances toward the pantry option is least important as Fixation Count is
the weakest predictor (0.10). This underscores the importance of students
engaging in sustained attention, which is needed to consider the pantry as
a viable choice. In practice, the attention patterns and model performance
translated to the student’s actual decision-making.

While the students preferred the alternative options more frequently than
the campus food pantry, roughly 71% of participants preferred the pantry
when compared to a campus convenience store. This suggests that students
favor free shelf-stable goods and snacks available at the pantry rather than
purchasing similar items at the convenience store. In this context, the pantry
is perceived as a cost benefit for meeting basic needs. The perception of the
pantry as a quick, functional option extended to other scenarios. Participants
preferred the pantry against a coffee shop and a deli counter (53% in
both), indicating that the pantry’s efficiency and cost-effectiveness compete
with food options that are meant for basic consumption. In contrast, the
pantry had the lowest levels of preferences (12%–35%) compared to popular,
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name-branded restaurants. Generally, the pantry was a less popular choice
compared to prepared meals.

Figure 4: Feature importance analysis.

CONCLUSION

In conclusion, this study demonstrates that eye-tracking metrics can be
utilized as predictors of user preferences when choosing between visual
stimuli. The prolonged visual attention can strongly predict pantry utilization
where students engage in deeper decision-making. While the pantry
preference remains less common, offering goods and snacks that are for
utilization may help more students actively use their campus food pantry.
These findings offer a positive outlook for reducing food insecurity by
aligning outreach with cognitive decision processes observed in student
behavior.
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