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Abstract

Food rescue organizations simultaneously tackle food inse-
curity and waste by working with volunteers to redistribute
food from donors who have excess to recipients who need it.
Volunteer feedback allows food rescue organizations to iden-
tify issues early and ensure volunteer satisfaction. However,
food rescue organizations monitor feedback manually, which
can be cumbersome and labor-intensive, making it difficult to
prioritize which issues are most important. In this work, we
investigate how large language models (LLMs) assist food
rescue organizers in understanding and taking action based
on volunteer experiences. We work with 412 Food Rescue,
a large food rescue organization based in Pittsburgh, Penn-
sylvania, to design RESCUELENS, an LLM-powered tool
that automatically categorizes volunteer feedback, suggests
donors and recipients to follow up with, and updates volun-
teer directions based on feedback. We evaluate the perfor-
mance of RESCUELENS on an annotated dataset, and show
that it can recover 96% of volunteer issues at 71% precision.
Moreover, by ranking donors and recipients according to their
rates of volunteer issues, RESCUELENS allows organizers to
focus on 0.5% of donors responsible for more than 30% of
volunteer issues. RESCUELENS is now deployed at 412 Food
Rescue and through semi-structured interviews with organiz-
ers, we find that RESCUELENS streamlines the feedback pro-
cess so organizers better allocate their time.

1 Introduction

Despite advances in food production, 800 million people re-
main chronically undernourished worldwide (UNICEF et al.
2021). At the same time, 40% of the food produced world-
wide is wasted, demonstrating that food insecurity is a prob-
lem of distribution rather than production (WWF 2021; FAO
2013). Food rescue organizations simultaneously tackle both
food waste and insecurity by redistributing food from those
who have excess to those in need. Food rescue organizations
work with volunteers to organize rescue trips, where vol-
unteers transport food from donors, such as grocery stores,
to recipients, including shelters. Food rescue organizations
have been massively successful, saving over 150 million
pounds of food in the United States since 2016 (Kelly 2021).

Food rescue organizations rely on volunteer feedback to
understand the issues faced by volunteers. Volunteer feed-
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back is critical because it serves as the primary mechanism
for volunteers to learn about volunteer behaviors. Without
it, these organizations have little visibility into relational is-
sues between volunteers, donors, and recipients. For exam-
ple, volunteer feedback can alert food rescue organizations
to situations where a grocery store repeatedly misses their
food pickup or if volunteers have repeated issues dropping
off food for a particular recipient. Organizers at food res-
cue organizations can then intervene by contacting donors,
changing pickup schedules, or updating directions.

While volunteer feedback is important, going from feed-
back to action is difficult. Although only a small fraction of
volunteers leave feedback, this quickly adds up. For exam-
ple, 412 Food Rescue, a large food rescue organization in
Pittsburgh, received more than 1800 pieces of feedback per
year, which costs the organization time. Moreover, manual
feedback tracking makes it difficult to determine how best
to allocate organizer time because it is unclear which issues
are the most pressing or occur most frequently.

In this work, we investigate how large language models
(LLMs) can help food rescue organizations understand vol-
unteer feedback. LLM-based tools are typically faster and
more efficient than human analysts, which can free up or-
ganizer time (Song, Agarwal, and Wen 2024). For example,
LLM-based tools can quickly alert organizers to situations
when intervention is needed, allowing organizers to focus on
the most pressing pieces of feedback. At the same time, food
rescue organizations are typically resource-limited, limiting
their ability to develop large datasets for LLM applications.
Moreover, volunteer feedback can often be ambiguous and
involve domain-specific context.

In response to the challenges faced by food rescue organi-
zations, we develop RESCUELENS, an LLM-powered tool
that automatically analyzes feedback and enables organiz-
ers to take actions based on these insights (see Figure 1 for
a summary). We built RESCUELENS in coordination with
412 Food Rescue, a large food rescue organization based
in Pittsburgh, Pennsylvania, that has rescued over 30 mil-
lion pounds of food since 2015. We first conducted a need-
finding study with organizers at 412 Food Rescue, where
we found that there is currently little formal documentation
of volunteer feedback analyses, making it difficult to track
which issues are most pressing. Based on this user study, we
designed RESCUELENS to consist of two components: 1) an
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Figure 1: We introduce RESCUELENS, an LLM-powered tool that automatically analyzes volunteer feedback in food rescue.
Our tool first categorizes volunteer issues into different categories, such as Recipient Problem and Update Contact . RES-

CUELENS then uses these predictions to discover trends in volunteer feedback, identify which donors and recipients require
interventions, and suggest updates to the directions based on feedback.

LLM-based system which uses LLM with few-shot learn-
ing to efficiently categorize feedback and 2) a set of action
modules that leverage feedback categorizations to a) iden-
tify which donors and recipients require intervention and b)
update volunteer directions based on feedback. Through a
mixed methods study, we demonstrate that RESCUELENS
achieves a 96% recall and 71% precision, while allowing or-
ganizers to focus on the 0.5% of donors responsible for more
than 30% of volunteer issues. Through interviews with or-
ganizers, we show that RESCUELENS helps quantify which
problems are most pressing and determine how best to al-
locate their time. Our tool has been deployed at 412 Food
Rescue since May 2025, and has analyzed more than 1,200
pieces of feedback from volunteers so far. Beyond food
rescue, RESCUELENS can be broadly applied across non-
profits to better understand their text-based feedback.

2 Related Work

Food Rescue Computational work in food rescue can
be categorized into algorithmic research, which analyzes
matching algorithms between volunteers, donors, and recip-
ients, and system-level research, which investigates platform
design (Shi, Wang, and Fang 2020). Food rescue organiza-
tions leverage algorithms both for matching donors with re-
cipients (Mertzanidis, Psomas, and Verma 2024) and noti-
fying volunteers about rescue trips (Raman, Shi, and Fang
2024; Shi, Lizarondo, and Fang 2021; Tang et al. 2025).
Matching is difficult because organizers balance volunteer
engagement, allocation efficiency, and fairness (Aleksan-
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drov et al. 2015; Raman, Shi, and Fang 2024; Shi et al.
2020). On the other hand, system-level research investigates
how to improve system design by analyzing volunteer in-
teractions. Examples include one work that deploys a no-
tification system at a university to reduce food waste (Sil-
vis, Sicilia, and Labrinidis 2018) and another that informs
users about task difficulty (Shi et al. 2024). Our work can be
viewed as an extension of Shi et al. (2024), where we inves-
tigate how to design tools that mitigate task difficulties.

LLMs and Non-Profits Beyond food rescue, our work is
broadly situated in the field of using LLMs to assist non-
profits. Developing LLMs in non-profit scenarios is more
challenging due to limitations in computational power and
dataset size (Pu et al. 2025). In our situation, this required
us to use in-context learning rather than fine-tuning. Addi-
tionally, developing LLMs for non-profits requires a balance
between an LLM’s abilities and its risks for hallucinations
and bias (Goldkind, Ming, and Fink 2025). Moreover, non-
profits themselves might have varied perspectives or desider-
ata for using LLMs. For example, some non-profits are
concerned with the governance of LLMs, while others are
concerned with the environmental impact of LLMs (John-
son 2025). These diverse perspectives inspire us to con-
duct interviews with organizers to understand how organiz-
ers planned to use RESCUELENS and tailor modules.

Automatic Analysis of User Feedback Non-profit stake-
holders often express subjective feedback that can help im-
prove systems, but automatic approaches are necessary to



gain insights from large-scale data (Chen et al. 2025; Behari
et al. 2024). Subjective stakeholder feedback is prevalent
across domains, including education (Parker et al. 2024),
e-commerce (Kushwaha et al. 2024), and mobile applica-
tions (Abedini and Heydarnoori 2025). While stakeholder
feedback is prevalent, automatic analysis is hard due to
domain-specific language and ambiguity (Shaik et al. 2022).
To circumvent this, prior work categorized feedback into
different topics through supervised methods such as BERT
and LLMs (Assi, Hassan, and Zou 2024) and unsuper-
vised methods such as topic modeling (Perez-Encinas and
Rodriguez-Pomeda 2018). Our work extends these feedback
analysis techniques to scenarios with little labeled training
data, then combines them with tools that transform user
feedback into actionable insights for organizers.

3 Motivating RescueLens: A Needfinding
Study at 412 Food Rescue

Study Procedure To better understand current practices
for processing volunteer feedback, we conducted a series of
needfinding studies with three organizers at 412 Food Res-
cue. Volunteer attrition is a large issue in food rescue orga-
nizations (Shi et al. 2024). A better understanding of volun-
teer feedback allows organizers to combat volunteer attrition
by understanding volunteer problems. To understand current
practices around volunteer feedback, we recruited three or-
ganizers (P1, P2, and P3) from 412 Food Rescue through
social media and email advertisements. We asked each orga-
nizer a series of questions related to their role at 412 Food
Rescue, current practices for processing volunteer feedback,
and any issues that organizers face. We then discuss a po-
tential tool that automatically analyzes volunteer feedback
and ask organizers for feedback. We received approval from
our institution’s IRB, and we compensated $30 for the 30-
minute study.

User Study Results Our user study revealed that the cur-
rent feedback analysis procedure is largely manual with lit-
tle formal documentation. Because the process lacks for-
mal documentation, organizers mention difficulties in un-
derstanding which issues are most pressing and which only
occur rarely. For example, P2 notes “We can’t keep track
of [feedback] as much as we need to.” Such issues are am-
plified due to the scale of food rescue operations, with P2
noting that “800 recipients and 500 donors are too much to
keep up with.”

When we ask organizers to envision the benefits an auto-
mated system could potentially have, we find that organizers
value tools that identify problems and fix volunteer direc-
tions based on feedback. P1 notes that “It’s helpful to have a
clear-cut list of issues you may experience with the app.” P3
similarly notes that “coding these issues is helpful because
so many different people make touch points”, revealing the
utility in categorizing feedback. Organizers also detail the
utility of having tools for identifying which donors and re-
cipients require intervention, with P3 stating “It would be
useful to have a database that points out where they need to
work and what problems we need to focus on.” Organizers
also note that having a system automatically edit directions
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Figure 2: After each rescue trip, 412 Food Rescue collects a
rating out of four along with text-based feedback.

would be useful, with P2 noting that “It would be useful if
we could get pinged for the [updated] directions.”

4 Rescuelens System Design

RESCUELENS is an LLM-based system that first categorizes
volunteer feedback, then uses these classifications to recom-
mend actions for food rescue organizers.

4.1 Categorizing User Feedback

Volunteer Dataset To construct RESCUELENS, we begin
with a dataset of volunteer feedback from rescue trips. 412
Food Rescue elicits user feedback after each rescue trip
along with a rating out of four (see Figure 2). The dataset
starts from 2018 and includes over 200000 rescue trips. In
total, this results in 14,439 pieces of text feedback in the
database.

Defining User Feedback Categories As a first step to-
wards automatic feedback analysis, we perform open coding
to understand the types of feedback present. We start with a
random sample of 250 volunteer feedback from rescue trips
in 2024, then employed open coding, iteratively refining the
codebook as new themes emerged. We stopped coding after
observing exhaustion, where no new categories arose. After
discarding categories that did not influence organizer action
(e.g., comments that gave positive reviews of their trip), we
arrived at seven categories, which we define below:

1. Inadequate Food : Assess whether the reported chal-

lenges or failures in the food rescue process were caused
by inadequate food quantities provided by the donor. For
example, “Nothing to donate. Everything they had put
aside was burned.”

Earlier Pickup : Assess whether the reported challenges

or failures in the food rescue process were caused by
someone else (e.g., another volunteer) picking up the
food earlier, leading to little or no available food. For ex-



ample, “Per the store manager, someone else was already
there today and picked up everything.”

Donor Problem : Assess whether the reported chal-
lenges or failures in the food rescue process were caused
by communication issues with donors. For example,
“Terrible pickup! Nobody knew who 412 was. After 1/2
hour, I was given 3 boxes of apples. As I left, [ was flagged
down and given a cart full of leftover Easter candy.”

Recipient Problem : Assess whether communication is-

sues or unavailable recipients caused the reported chal-
lenges. For example, “Food pantry was closed.”

Update Contact : Assess whether the feedback dis-
cussed the need to update contact information for a donor
or recipient. For example, “The manager contact at Wal-
mart has a new job and won’t be there starting next
week.”

System Problem : Assess whether bugs or glitches on

the food rescue app caused the reported challenges. For
example, “System not responsive.”

Direction Problem : Assess whether unclear or inaccu-
rate directions or information caused the reported chal-
lenges. For example, “The map directions took me to
Alexander Street. Please adjust pick up location to Pow-
ell.”

Employing LLMs for Classification We construct
prompts for each category. Prompts consist of background
data, general task description, specific task details, and a
few-shot examples with manually written explanations. We
use in-context learning, which improves LLM performance
without the need for large annotated corpora (Brown et al.
2020).

4.2 Turning Feedback into Actions

RESCUELENS converts feedback classifications into action-
able insights through a pair of tools: the first ranks donors
and recipients for intervention, and the second rewrites vol-
unteer directions.

Determining Where to Intervene We built a module in
RESCUELENS to help food rescue organizers identify which
donors and recipients require attention. The module pro-
duces a ranked list of donors and recipients, each scored us-
ing two types of feedback: volunteer ratings and reported is-
sues. The score represents the rate at which volunteers have
issues when completing rescue trips for a donor or recipient.
Higher scores represent higher priorities for intervention.
We use these scores to rank donors and recipients, which
can help organizers decide where to focus their efforts.

We compute the score based on the volunteer rating score,
on a 1-4 scale, and a set of predictions from RESCUELENS.
From the predictions made by RESCUELENS, we pro-
duce a comment score that represents whether any issue is

present. For donors, we compute whether Update Contact ,
Inadequate Food , Earlier Pickup , Direction Problem , or

Donor Problem is present, while for recipients, we
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check whether Update Contact or Direction Problem or

Recipient Problem is present. The final score is then the

fraction of rescue trips where either the comment score is
non-zero or the rating score is below 4.

Suggesting Direction Rewrites We constructed a tool to
automatically rewrite volunteer directions for feedback la-

beled as Direction Problem . Each donor or recipient has
a set of directions that includes information on driving di-
rections, points of contact, and delivery details. While di-
rections are critical to volunteer success, they can become
outdated over time. To assist with this, we periodically pro-
cess the latest batch of new feedback and, for each feed-
back item, use an LLM to rewrite the relevant volunteer di-
rections. For each feedback item, we first prompt the LLM
to determine whether it contains new information that war-
rants updating the directions; only if the LLM identifies rele-
vant updates do we generate a revised direction. We prompt
LLMs with the original directions, the new feedback, and
explicit constraints to incorporate all new information (e.g.,
updated contact, entrance, or address), preserve correct ex-
isting details, and remove information only if directly con-
tradicted. We use seven manually curated few-shot exam-
ples—covering both donor and recipient cases—to guide the
rewrite style and scope.

5 RescueLens Evaluation

We evaluate the performance of RESCUELENS through
comparisons with baselines on historical data.

5.1 Evaluation Setup

We evaluate the classification module of RESCUELENS by
comparing with baselines on expert-annotated data. We ran-
domly sample 125 data points consisting of volunteer feed-
back from 2024, and then we annotate feedback for each cat-
egory from Section 4.1. We use two annotators, having them
each independently rate metrics, before coming to consen-
sus. We assess performance according to four metrics: accu-
racy, precision, recall, and F1 score. We measure the inter-
annotator agreement through Cohen’s «, and find that it is
k = 0.73, indicating significant agreement across indepen-
dent annotators.

We compare RESCUELENS against LLM and non-LLM
baselines. For LLM baselines, we maintain the prompts
used by RESCUELENS while varying the underlying LLM.
By default, RESCUELENS uses GPT-40 mini (Hurst et al.
2024), and we compare this against GPT-4o0 (Hurst et al.
2024), Llama 3 (Dubey et al. 2024), and DeepSeekR1 (Guo
et al. 2025). We additionally compare RESCUELENS against
a term frequency-inverse document frequency (TF-IDF)
baseline with logistic regression, which computes the rel-
ative frequency of different words, and a DistilBERT mod-
ule (Sanh et al. 2019), which finetunes BERT using a small
dataset of labeled volunteer feedback. All evaluations are
across three random seeds.



Model Acc. Prec. Recall F1 Cost
RescueLlens
GPT-4omini  93.1% 83.3% 97.4%  89.8% $15
GPT-40 94.4%  88.1% 949% 91.4%  $250
Llama 3.1 90.5% 76.5% 100.0% 86.7% $10
DeepSeek R1  79.4%  68.6% 61.5% 64.9% $80
TF-IDF 31.0% 31.0% 100.0% 47.3% -
DistilBERT 31.0% 31.0% 100.0% 47.3% -

Table 1: We evaluate RESCUELENS on an annotated dataset.
The first four rows are LLM-based approaches, while the
latter two are non-LLM approaches. We find that RESCUE-
LENS, which relies on a GPT-40 mini backbone, outper-
forms all alternatives on accuracy and F1 score except GPT-
40. Moreover, RESCUELENS is significantly cheaper than
both GPT-40 and DeepSeek R1, demonstrating that RES-
CUELENS is both cost-efficient and well-performing.

5.2 Classification Evaluation

Comparison against Baselines In Table 1, we compare
the performance and cost per year when varying the model.
We compare the rates of finding any issue; that is, the rate of
detecting whether any of the seven categories are true, given
a comment. We focus on this metric because it represents
the success of RESCUELENS on finding which comments
require further organizer intervention. We show that GPT-
40 maximizes accuracy and F1 score, while GPT-40 mini
sacrifices a bit of performance for cost reduction. RESCUE-
LENS. Moreover, LLM-based algorithms outperform non-
LLM baselines; all LLM-based variants of RESCUELENS
achieve at least 75% accuracy, while TF-IDF and Distill-
BERT achieve 31% accuracy, as they always predict true.
Comparing between LLMs, we find that RESCUELENS,
which is built on top of GPT-40 mini, is 2% worse in F1
score compared to GPT-40, while reducing costs from $250
to $15 per year. While Llama 3.1 costs $5 less than GPT-40
mini, it performs worse on the F1 score, demonstrating that
GPT-40 mini is Pareto efficient among these models.

Ablating RescueLLens Components To understand which
components are most responsible for the performance of
RESCUELENS, we ablate different components. The prompt
for RESCUELENS consists of a description of the task
and scenario, a set of detailed guidelines stating what to
label or not label, and a set of few-shot examples with
explanations.For example, one part of the guidelines for

Donor Problem states to “mark comments where the in-
teraction with the donor was delayed as donor problems.”
We ablate the guidelines and few-shot examples, then re-
evaluate the performance of RESCUELENS after this. In Fig-
ure 3, we compare the model performance across these three
variants, and find that removing the guidelines reduces F1
score by 4%, while removing few-shot learning reduces the
F1 score by 2%. Most of this reduction is concentrated in a
lower precision, as precision reduces by 6% and 3% when
removing guidelines and few-shot examples, respectively.
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Figure 3: We conduct an ablation study to understand the
importance of different aspects of RESCUELENS. We find
that RESCUELENS performs well because of a combination
of few-shot learning and task-specific guidelines.

Category Acc. Prec. Recall F1
Any Issue 93.1% 83.3% 97.4% 89.8%
Donor Problems 95.2% 68.9%  100.0% 81.5%
Inadequate Food 94.2% 73.3%  100.0% 84.6%
Earlier Pickup 100.0% 100.0% 100.0% 100.0%
Donor Problem 93.7% 42.5% 83.3% 56.0%
Recipient Problem 96.6% 48.1%  100.0% 65.0%
Update Contact 97.9% 27.8%  100.0% 43.3%
System Problem 98.4% 75.0% 75.0% 75.0%
Direction Problem 98.7% 75.4%  100.0% 85.9%

Table 2: We evaluate the performance of RESCUELENS
across different categories. We find that RESCUELENS
achieves at least a 75% recall across categories, and achieves
over 93% accuracy across all categories.

Performance by Category We stratify the performance
of RESCUELENS by each of the seven feedback categories
from Section 4.1. In Table 2, we find that RESCUELENS
achieves at least a 75% recall rate across categories, and
at least a 92% accuracy score as well. We intentionally de-
sign RESCUELENS to optimize for recall rather than preci-
sion after internal discussions because organizers can filter
down false positives. High recall ensures that organizers are
able to find all volunteer comments that require further ac-

tion. Categories like Earlier Pickup and Inadequate Food

have high rates for recall and precision because they are
less ambiguous, and these categories also have the highest
inter-annotator agreements. While RESCUELENS has a low
precision for Donor Problem , we note that this occurs be-
cause of mix-ups within other donor-related issues, as shown
through the higher score across all donor problems. Across
all categories, RESCUELENS achieves a higher recall than
precision; we intentionally construct RESCUELENS in such
a way that organizers can pare down false positives when
intervening. Moreover, for some categories, such as the low
F1 score, it is due to mislabeling between different types



Helpfulness Novelt Clarit
3100% P Y Y
S 75%
S 50%
B 2%
e 0% T3 s 12345 12345
Rating Rating Rating

Figure 4: We assess the performance of our direction rewrite
module according to three criteria: helpfulness, novelty, and
clarity. Across these criteria, we find that RESCUELENS per-
forms well, averaging over a 4.7/5 across all three categories.

of donor issues, as shown by the higher F1 score across all
donor problems.

5.3 Evaluating Direction Rewrites

We evaluate the performance of the direction rewrite module
against a set of three criteria:

1. Helpfulness - Does the new direction contain informa-
tion that is important for completing the trip? For exam-
ple, does it contain information on directions, contact in-

formation, or important logistics?

. Novelty - How well does the new direction incorporate
information from both the original direction and the feed-
back? Does it properly incorporate the new information,
without removing any important previous information?

. Clarity - How clear are the directions written; can they
be easily understood without much thought?

We have two authors annotate 30 rewritten directions. Each
direction is assessed on a 1-5 scale for each criterion.Our
inter-annotator agreement is x = 0.39, indicating fair agree-
ment.

In Figure 4, we plot the distribution of scores across each
of the three criteria after averaging scores between anno-
tators.. We find that RESCUELENS performs well across
categories; for all three categories, the average score is at
least 4.7/5. Moreover, over 70% of the rewritten sentences
achieved a perfect score of 5/5 across all three categories,
demonstrating that RESCUELENS can construct rewritten di-
rections that are helpful, novel, and clear. Rewritten direc-
tions are almost always clear and can incorporate new vol-
unteer feedback most of the time.

6 Deploying RescueLens

We provide details on our deployment of RESCUELENS to
412 Food Rescue, then perform a mixed methods study to
evaluate the impact of RESCUELENS.

6.1 Deployment to 412 Food Rescue

We deployed RESCUELENS at 412 Food Rescue through a
series of stages where different versions of RESCUELENS
were deployed. We began development of RESCUELENS in
Spring 2024 and produced the first working prototype early
in Fall 2024. We spent the next several months integrat-
ing RESCUELENS into 412 Food Rescue, and we produced
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Figure 5: We compute scores for donors and recipients us-
ing the formula from Section 4.2, then plot the distribution
of scores. We show that only a few donors and recipients
require intervention, and by focusing on these few, we can
reduce organizer efforts.

our first report on February 11th, 2025. We worked on fur-
ther updates to better integrate RESCUELENS, and officially
launched our RESCUELENS on May 15th, 2025, where it
analyzed over 600 pieces of feedback so far.

We integrate RESCUELENS into the existing database for
412 Food Rescue through a new table titled “Rescue Feed-
back.” This table includes information on each piece of feed-
back, its categorization into seven different categories, and
notes left by organizers during analysis. By integrating di-
rectly into the database, we ensure easy access and usage
by organizers at 412 Food Rescue. To automatically popu-
late this table, we run a daily Ruby script that calls RES-
CUELENS to populate the database with the previous day’s
feedback. Each feedback is labeled daily with the seven cat-
egories from Section 4.1. To incorporate our action modules
into 412 Food Rescue, we send the direction rewrites and the
ranked list of donors and recipients on a monthly basis. We
update the action modules monthly because the donor and
recipient rankings are aggregations of historic comments
that operate over longer timescales, while direction rewrites
occur only a few times per week.

During deployment, we made changes to RESCUELENS
to improve usability. We introduce a user interface that al-
lows organizers to search historical data. Organizers can
query the user interface across date ranges and combinations
of volunteer feedback classifications. The user interface also
allows organizers to track which pieces of feedback require
intervention and to leave notes. We also present information
from RESCUELENS to organizers via an automatic bot in
Slack that fetches a daily list of analyzed rescues.

6.2 Impact on Practice

We assess the impact of RESCUELENS through a mixed
methods study. We first demonstrate how RESCUELENS re-
duces organizer workload by guiding their actions towards
intervening on the most impactful donors and recipients. We
complement this with a semi-structured interview with an
organizer at 412 Food Rescue, who discusses the impact
of RESCUELENS in reducing the organizer’s workload and
streamlining the feedback analysis process.

RESCUELENS ranks donors and recipients, which enables
organizers to focus on the donors and recipients who lead to
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Figure 6: We plot the correlation between donor and recip-
ient comment scores and the average rating for rescue trips
associated with that donor or recipient. We find a large neg-
ative correlation (r> = 0.45) for donor comment scores
and a moderate correlation for recipient comment scores
(r? = 0.09). Fixing donor-related issues can potentially im-
prove overall volunteer experiences.

the most volunteer issues. In Figure 5, we compute the dis-
tribution of scores for donors and recipients with at least 100
rescue trips. Here, we use the same score from Section 4.2,
where a higher score indicates a higher rate of volunteer is-
sues with the donor or recipient. We find that the vast major-
ity of donors and recipients have a low score, indicating pos-
itive volunteer experiences, and less than 20% of donors and
recipients have scores larger than 0.20. Addressing these is-
sues can improve volunteer experiences with 412 Food Res-
cue; in Figure 6, we show that rescue trip ratings correlate
with a donor’s comment score (r> = 0.45) and somewhat
correlate with a recipient’s comment score (r?2 = 0.09).
Moreover, addressing these issues only requires intervention
on a few donors. In Figure 7, we show that 5 donors, repre-
senting 0.5% of all donors, are responsible for at least 25%
of all comment issues (across each category) for each of the
4 categories. Moreover, these donors have an issue rate dis-
proportionate to their size; they only cover 2.5% of rescue
trips but are responsible for 25% of issues. We stratify this
trend by donor issue in Figure 7 and show that five donors,
representing 0.5% of all donors, are responsible for more
than 30% of volunteer issues across four categories. By pro-
viding organizers with a ranked list of donors and recipients
for intervention, we guide organizers towards donors most
responsible for issues.

We additionally find that they can include valuable infor-
mation based on volunteer feedback. We show three exam-
ples of rewritten directions in Figure 8. Each direction in-
cludes vital information, such as phone numbers, drop-off
details, and driving directions. Including these rewritten di-
rections helps improve volunteer experiences by making it
clearer how to complete each rescue. Such instructions can
also help volunteers avoid common pitfalls.
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To understand the impact of RESCUELENS in practice,
we conducted a semi-structured interview with organizers at
412 Food Rescue. We conducted a 30-minute interview with
the donor relations coordinator at 412 Food Rescue. The
donor relations coordinator handles reach-outs to donors
based on volunteer feedback, making them a natural fit to
assess the impact of RESCUELENS. We asked a series of
questions related to the impact and performance of Rescue-
Lens in practice.

Through the interview, we find that RESCUELENS re-
duces the manual effort needed to understand user feedback
while streamlining the outreach process. The organizer re-
ported on the daily impact of RESCUELENS:

We look at RESCUELENS every day so we can track
everyday trends with food donors, such as shifts in store
leads or changes in ordering.

RESCUELENS is helpful because organizers are able to
understand volunteer patterns and turn these into actions:

Because of RESCUELENS, we are able to see where
the trends are happening seasonally or quarterly, and it
helps us quantify and qualify what needs to be fixed.

RESCUELENS enables organizers to take actions based on
volunteer feedback, as the organizer noted:

Around 50% of the reported comments from RESCUE-
LENS are actionable, and we try to get to every action-
able thing.

Our interview demonstrates the power of RESCUELENS
in enabling organizers at 412 Food Rescue to better under-
stand volunteer feedback and take action based on this.

7 Lessons Learned

Our experience deploying RESCUELENS has provided a set
of valuable insights, which we detail below:

1. Importance of Integration and Presentation - Much
of the work in developing RESCUELENS focused on in-
tegrating it into food rescue systems. Seamless integra-
tion within the food rescue platform is essential because
it reduces the barriers for organizers to access and lever-
age RESCUELENS for their decision-making; the easier
it is to use RESCUELENS, the more of an impact it will
have. As a simple example, we found that visually pre-
senting these results is critical so organizers can better
understand trends in an accessible manner.

. Metrics Beyond Accuracy - We experimented with dif-
ferent configurations and underlying models during the
development of RESCUELENS, where these settings var-
ied along dimensions including precision, recall, and
cost. While larger models (e.g., GPT-40) tend to perform
better, we found that these models were significantly
more expensive. We engaged in conversations around
tradeoffs between models, where we found that accuracy
is not the sole arbiter. We encourage future researchers
to understand which metrics are most important to stake-
holders rather than relying on a metric of convenience.
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Figure 7: Here, we plot the five donors with the largest number of comments for each of four categories. Although there are
hundreds of donors, we show that a small subset of donors is responsible for many of the issues. By directing organizers towards
these donors, we can reduce the organizer workload by focusing on the donors who require intervention.

Original Direction Rewritten Direction

“Text or call when on the way -
let them know your ETA and they
can come help pick up from your
vehicle if wanted. Note that the
drop off place is at the front of
the building, while maps might
take you to the back.”

“Text or call when on the way -
let them know your ETA and they
can come help pick up from your
vehicle if wanted.”

“If you cannot reach someone,
please call so we may reach out
to the restaurant. Once you
arrive, park in front, as the back
is unavailable”

“If you cannot reach someone,
please call so we may reach out
to the restaurant.”

“Let them know you're with 412
Food Rescue, then pull up to the
loading dock. If you need help,
contact Jacob at
123-456-7890.”

“Let them know you're with 412
Food Rescue, then pull up to the
loading dock.”

J

Figure 8: We plot examples of rewritten directions. These
directions incorporate valuable information on contact in-
formation and drop-off details.

3. Heterogeneity of Volunteer Feedback - We built RES-
CUELENS around volunteer feedback, and through the
development of RESCUELENS, we find that volunteer
feedback is a rich source of information for a nonprofit.
Volunteer feedback in RESCUELENS not only informs
which donors and recipients require intervention but also
details direction modifications and contact updates. Such
an idea holds across non-profits, as text-based feedback
can reveal information about a non-profit’s underlying
health. At the same time, human feedback is hard to parse
due to inherent ambiguity. We overcame this issue by
developing clear standards when defining categories and
using them to retrieve predictions.
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8 Discussion and Conclusion

Food rescue organizations tackle food insecurity by redis-
tributing excess food from donors to recipients via volun-
teers. Volunteer feedback is critical for a healthy relationship
between non-profits and volunteers, yet manually process-
ing feedback becomes cumbersome due to scale. To tackle
this problem, we develop RESCUELENS, an LLM-based tool
that automatically categorizes feedback at food rescue orga-
nizations and helps organizers take actions based on feed-
back. We deploy RESCUELENS with our partners at 412
Food Rescue, and demonstrate that RESCUELENS maintains
high accuracy, precision, and recall. Through a mixed meth-
ods study, we find that RESCUELENS can help guide orga-
nizers at 412 Food Rescue identify which donors and re-
cipients require intervention, thereby streamlining the feed-
back process. Throughout the process, we learned valuable
lessons on how Al-based tools can be best integrated into
non-profits. Future improvements to RESCUELENS include
a tracking system to measure which donors and recipients
have been intervened upon and a system for answering vol-
unteer questions based on prior feedback.

Our results demonstrate the efficacy of LLMs in help-
ing organizers better understand volunteer feedback. Beyond
food rescue, RESCUELENS can be extended to other non-
profits, and we hope our work outlines the steps needed
for deployment. At the same time, non-profits vary in their
access to data, types of feedback, and intervention priori-
ties (e.g., how they intervene based on volunteer feedback).
RESCUELENS is flexible enough to adapt based on non-
profit specifics. For example, the donor and recipient scores
can be modified based on non-profit priorities. To help with
RESCUELENS adoption, we include the code and prompts
necessary for replication, which can help organizations with
integration. Through the use of such a tool, non-profits can
better quantify volunteer opinions and perspectives and im-
prove non-profit health.
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