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Abstract— Plenty of edible food gets thrown away every day, while
many people nearby go without enough to eat. Part of the reason is
that nobody has a quick, consistent way to decide what should
happen to a surplus item. In this paper we build a small machine-
learning system that looks at a retail food item and suggests one of
four actions: Donate, Monitor, Discount or None. Our evidence
comes from two places. We surveyed 29 food senders and 26
receivers, and we used a Kaggle inventory dataset of 1,000 records.
After cleaning the data, we trained a Decision Tree, a Random
Forest and a Logistic Regression model on 80% of the records and
tested them on the other 200. Each model classified every test record
correctly. In the Random Forest, spoilage chance, days until expiry,
stock quantity and daily sales accounted for about 80% of the
feature importance, and the survey respondents pointed to food
safety, shelf life, quantity and distance as the details that matter
most. A perfect score on a small dataset with two rare classes is not
proof that the system would work in a real store, so we treat this
work as a proof of concept that still needs testing on real donation
records.
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1. INTRODUCTION

Food waste and hunger are two sides of the same problem. A
supermarket may bin bread that is still perfectly good, and a few
kilometres away a shelter runs short of meals. Much of the gap
comes down to coordination. Surplus food is usually passed on
through phone calls and messages between a donor and an NGO,
and when an item is close to expiry the person in charge often
decides by gut feeling whether to donate it, put it on sale, watch
it for another day or do nothing. That is a pity, because the store
already holds most of what it needs to decide well: how many
units are left, how many days remain before expiry, how fast the
item sells and how likely it is to spoil.

We wanted to see whether those everyday inventory details
could be turned into a simple recommendation. The system we
describe suggests one of four actions for each item: Donate,
Monitor, Discount or None. We used two kinds of data. Two
short online surveys told us what senders and receivers care
about when food changes hands, and a retail inventory dataset of
1,000 records from Kaggle gave us something to train on. We
then built three common classifiers in Python and compared how
well each one did.

This paper makes four contributions. It combines survey
evidence from both sides of a donation with real-looking
inventory records. It lays out a documented cleaning and feature-
selection procedure. It compares three classifiers using class-
wise results and not just overall accuracy. And it packages the
chosen model into a pipeline that returns a suggested action for
a new item.

II. RELATED WORK

A number of recent projects try to make food donation
smarter. ZeroHunger puts donation, quality checks, fraud
analysis and donor—recipient matching into one web application
[1]. Annapurna connects donors, receivers and volunteers and
uses Al to suggest a suitable receiver [2]. Another study looks at
how Al, machine learning and IoT sensors could help with
allocation, delivery and prediction in donation systems [3]. Most
of this work is about linking people. Few of these systems try to
predict what should be done with one particular item.

Prediction research offers some useful ideas. Uen and
Rodriguez compared machine-learning models that forecast food
waste at county level using demographic, retail, economic and
social variables [4], and Said et al. reviewed how Al and IoT are
being applied to food-waste management [5]. Shelf-life research
is also close to our question, since it asks how long food stays
usable. Rashvand et al. surveyed that field and noted that limited
data and poor generalisation keep coming up as problems [6].

Work on food recommendation adds the idea of context.
Trattner and Elsweiler review food recommender systems and
their open problems [7], and Min et al. describe a framework
built around user models, food properties and context [8]. In a
donation setting the relevant context is things like location,
quantity and how urgent the situation is. It is also worth
remembering that technology is only part of the picture. Hudak
et al. show that federal policy has a real effect on what food
banks can accept [9].

What we found missing is a lightweight approach that works
on ordinary structured inventory data, without images or special
sensors, and tells staff what to do with each item. Most studies
handle waste prediction, quality, donation platforms and
recommendation separately, and some need equipment a student
project cannot get. That is the gap we try to address, and we do
it with classical classifiers that are easy to run and easy to
explain.

III. SYSTEM WORKFLOW

The system works in six steps. First, the survey responses and
the inventory file are loaded. Second, the data is cleaned: long
survey headings are shortened, dates are converted, columns that
are mostly empty are removed, and we check for duplicates and
negative values. Third, we pick ten input features and set
SuggestedAction as the target. Fourth, the three classifiers are
trained. Fifth, they are compared on records they have not seen.
Sixth, preprocessing and the chosen model are bundled into a
single pipeline that can take a new food item and return a
suggested action.

Everything was written in Python 3 on Google Colab, with
pandas and NumPy for the data, scikit-learn for modelling and
evaluation [10] and Matplotlib for the charts. All of these are
free, so no special hardware or budget is needed. The output is a
single word that store staff or NGO volunteers can read without
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any technical background. We should be clear about what the
system is not: it runs offline, it is not connected to a live
inventory system, and it does not judge whether food is safe to
eat.

IV. DATASETS AND PREPROCESSING
A. Survey data

The two online surveys ran from 26 to 28 August 2026. We
received 29 responses from senders and 26 from receivers. Each
survey had five multiple-choice questions about the respondent's
role, the information needed to donate or request food, and the
checks to make before accepting it.

B. Inventory data

The inventory data comes from the Smart Waste Inventory
dataset on Kaggle [11]. It has 1,000 records and 19 columns
covering 15 food items, 10 brands, five categories (Bakery,
Dairy, Meat, Produce and Snacks) and five store cities
(Bangalore, Chennai, Delhi, Kanpur and Mumbai). Arrival dates
fall between 12 and 27 June 2025 and expiry dates between 15
June and 8 July 2025. The target column, SuggestedAction, has
four classes.

C. Cleaning and feature selection

Two columns, Zone and TemperatureSupport, were empty in
656 records each (65.6%), so we dropped them and were left with
17 columns. We found no duplicate rows and no negative
numbers, and every date converted without trouble. Item name,
brand and store ID were not used as inputs because they label a
record and say little about its condition. IsSpoiled was left out
since SpoilageChance already captures the risk, and the two
calendar dates were replaced with DaysUntilExpiry, which gives
the time remaining as one number. The ten features we kept were

Category,  StockQty, DaysUntilExpiry, DailySaleAvg,
SpoilageChance, StoreLocation, OnPromotion,
TemperatureSensitive, DistanceToNearestStore and

AvgDailySaleInNearbyStores.

D. Encoding and data split

Categorical features were one-hot encoded, and any category
not seen in training is ignored at prediction time. Numeric
features were passed on unscaled. We fitted the transformer on
the training data only. The records were split 80/20, stratified by
SuggestedAction with a random seed of 42, so the rare classes
show up in both parts (Table I). There is one implementation
detail worth stating plainly. TemperatureSensitive is a Boolean
column, and because we picked numeric and categorical
columns by data type, it ended up in neither group. The models
therefore worked with nine of the ten selected features, which
produced 18 processed columns.

TABLE I. SUGGESTEDACTION DISTRIBUTION AND SPLIT

Action Records Share Train Test
Donate 681 68.1% 545 136
None 200 20.0% 160 40
Monitor 96 9.6% 77 19
Discount 23 2.3% 18 5
Total 1,000 100% 800 200

V. MACHINE-LEARNING METHODOLOGY

The task is multiclass classification: given a set of food
attributes, predict one of four actions. A Decision Tree asks a
series of yes-or-no questions about the features, such as whether
days until expiry is below some value, until it reaches a decision

which tends to be steadier than any single tree [13]. Logistic
Regression estimates class probabilities from a weighted sum of
the inputs, and we used it as a simple baseline [14]. The tree used
default settings, the forest used 100 trees, and Logistic
Regression was allowed up to 1,000 iterations, all with a seed of
42.

We judged the models on the 200 test records. Accuracy is the
share of records classified correctly. Precision shows how many
of the records predicted for a class really belong to it, recall
shows how many of the true members were found, and the F1-
score balances the two. We report weighted averages as well as
class-wise values, and we used a confusion matrix to see which
classes get mixed up [15]. Since Donate covers more than two
thirds of the data, accuracy by itself could be misleading, which
is why we looked at the other measures too.

VI. EXPERIMENTAL RESULTS
A. What the data shows

Most items in the inventory are very close to expiry. The
median is just 0.5 days, and at least half the items have a spoilage
chance of 1.0, which helps explain why Donate is so common.
Food category is closely tied to the action (Table II). Every
Produce item is marked for donation, while Bakery has the
lowest Donate share and makes up 81 of the 96 Monitor records.
All 23 Discount records belong to a single Snacks item in Kanpur
that was not on promotion. Among the numeric features, daily
sales and nearby-store sales move almost together (correlation
0.972), and spoilage chance falls as days until expiry rise
(=0.479).

TABLE II. DONATE SHARE BY FOOD CATEGORY

Category Records Donate Share
Bakery 209 70 33.5%
Dairy 178 140 78.7%
Meat 203 149 73.4%
Produce 133 133 100.0%
Snacks 277 189 68.2%

B. Model performance

All three classifiers put every one of the 200 test records in
the right class (Table III). In the Random Forest confusion matrix
every count sits on the diagonal: 5 Discount, 136 Donate, 19
Monitor and 40 None records were predicted correctly, with no
mistakes. Because the models tied, we chose the Decision Tree
for the final pipeline. It is the easiest to explain, and a store
manager can follow its rules step by step.

TABLE III. TEST-SET PERFORMANCE (200 RECORDS)

Model Acc. Prec. Rec. F1

Decision Tree 1.00 1.00 1.00 1.00
Random Forest 1.00 1.00 1.00 1.00
Logistic Reg. 1.00 1.00 1.00 1.00

C. Feature importance

In the Random Forest, spoilage chance mattered most,
followed by days until expiry, stock quantity and daily sales
(Table 1V). Those four together hold about 80% of the total
importance. These numbers describe what the fitted model leans
on. They do not show that any feature causes an outcome.

[12]. A Random Forest grows many trees and lets them vote,
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TABLE IV. MOST IMPORTANT FEATURES

Rank Feature Importance
1 SpoilageChance 0.4087
2 DaysUntilExpiry 0.1520
3 StockQty 0.1334
4 DailySaleAvg 0.1070
5 AvgDailySaleInNearbyStores 0.0477
6 Category = Bakery 0.0435

D. A new item and what the surveys say

We tried the final pipeline on a Bakery item with 100 units in
stock, one day left before expiry, a spoilage chance of 0.7,
average daily sales of 10 and no promotion, in a store in Pune. It
recommended Monitor. Pune is not one of the five training cities,
so the encoder simply ignored it, and TemperatureSensitive
never reached the pipeline, so the answer rested mostly on the
other inputs.

The survey answers point in the same direction as the model.
Among senders, 75.9% said food name and quantity must be
provided, and 65.5% picked food safety and shelf life as the
information needed for safe donation. Among receivers, 80.8%
would check food safety and shelf life before accepting food,
76.9% named NGO demand and required quantity, and 73.1%
said distance matters because it helps find the nearest donor. At
the same time, only 51.7% of senders and 65.4% of receivers
described their own role correctly, and 34.5% of senders said
they would throw surplus food away. That suggests people still
need more awareness of how donation works. The samples are
small, so these percentages are only a rough guide.

VII. DISCUSSION

The results show that ordinary classifiers can turn an
inventory record into a clear action, and the inputs the models
rely on (spoilage risk, time to expiry, quantity and sales) are the
same things senders and receivers told us they care about. That
agreement is encouraging, but it should not be pushed too far.

The perfect test scores deserve a careful look. The models
learn from the SuggestedAction labels already in the dataset, and
the dataset does not explain how those labels were produced. If
they came from simple rules based on a few columns, such as
spoilage chance and days until expiry, the classifiers may just
have rediscovered those rules. That would explain both the
perfect scores and the high importance of those columns, and we
cannot rule it out. The test set also has only 5 Discount and 19
Monitor records, so a perfect score on those classes tells us very
little. What the result really shows is that the pipeline works on
this dataset, not that it will work on real donation decisions.

The model choice also deserves a comment. Since all three
models tied, accuracy could not settle it, and interpretability
decided the matter. A decision tree lets a staff member trace how
a recommendation was reached, which matters for a tool meant
to support people and not replace their judgement.

VIII. LIMITATIONS AND FUTURE WORK

This study has clear limits. The inventory data covers only
about two weeks and five cities, and the surveys have just 29 and
26 responses. We took the labels as given, so any errors or biases
in them carry over. TemperatureSensitive was selected but never
reached the models because of the data-type filter, and Logistic
Regression gave a convergence warning because the numeric
features were not scaled. The new-item example used a city the

model had never seen, and we evaluated on a single split without
cross-validation.

There is a lot we would like to do next. We plan to test the
models on real donation and inventory records from more stores
and longer periods, using cross-validation and per-class
reporting. We want to document how the action labels are created
and have domain experts check them. On the technical side, we
will encode the Boolean feature, scale the numeric inputs, tune
the hyperparameters and deal with class imbalance through class
weights or oversampling such as SMOTE [16]. Beyond that, we
would like to add food-quality and shelf-life prediction, match
surplus food to suitable NGOs using demand, quantity, distance
and safety, explain individual recommendations with a method
such as SHAP [17], and build a simple web app, perhaps in
Streamlit, for store staff.

IX. CONCLUSION

We set out to see whether survey evidence and retail
inventory data could be combined to recommend an action for
each food item. Three classifiers were trained on 800 records and
tested on 200, and all of them reached 100% accuracy, precision,
recall and F1-score. We kept the Decision Tree as the final model
because it is the easiest to interpret. Spoilage chance, days until
expiry, stock quantity and daily sales were the most influential
features, and the surveys showed that food safety, shelf life,
quantity and distance are what donors and receivers value most.
Because the scores are perfect, the data is small and some classes
are very rare, the system needs to be validated on real data before
anyone relies on it. It is meant as an aid for decision-making, and
judgements about food safety must stay with trained people.
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