. v/ 4
THE ERDOS
INSTITUTE (:)

Data Science Boot Camp
May-Summer 2024

TEAM MEMBERS:

Chun-hao (Larry) Chen
Deniz Genlik

s Sanjay Kumar
ZE R@-WASTE




HOW MUCH OF THE FOOD IN YOUR FRIDGE WILL

YOU TOSS BEFORE IT GETS TO THE TABLE ?

Countries worldwide waste vast quantities of food annually,
and the United States is one of the worst offenders.

~

Food waste will continue to
deplete our economic, |
humanitarian, and environmental \ &
resources.




Recipe Suggestions
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Available
Ingredients
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Dates
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BIG IDEA : Reducing Food Waste with Smart

User Input: Users input the ingredients
available in their fridge, along with
expiration dates and preferred cuisines.
Data Processing: The system
processes this data to identify
ingredients that need to be used soon.
Recipe Matching: The system matches
these ingredients with suitable recipes
from a diverse database.

Recipe Suggestions: Users receive a
list of recipes that use their available
ingredients and match their preferred
cuisine, minimizing waste and additional
purchases.



Data Cleaning
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Data Cleaning

['weeknight',

['60-minutes-or-less’, ;
'time-to-make’,

'time-to-make',

'main-ingredient’, :COHPS?', . '
‘cuisine’, 'maln-lngn.*ed?ent 5
'preparation’, 'Prgparétl?n .
*forsr=on=2:7; 'maln:dlsh ,

‘poultry’, .pork " '
'asian’ 'crock-p?t-slow-cooker 4
‘chicken’, 'meat s '
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'number-of-servings'] "equipment’]

['15-minutes-or-less’,
'time-to-make’,
‘course’,
'preparation’,
'low-protein’,
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'preparation’,
'main-dish’,

*chili'

; 5 . 'healthy',
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Data Cleaning

e Ve extracted around

50,000 recipes with Training Dat
cuisine tags from 58 —— e Training Data

different cuisines.

e Around 180,000 recipes
did not have a cuisine
tag.

> e Tags to Predict



Determining the Model for the Cuisine Predictor

Key Component: Creating a model to predict cuisines based on
ingredients.

Steps:
1: Converted our data into vectors.

2: Applied cross-validation across several models on the transformed
data.

3: Applied metrics to determine the optimal model.

4: Trained our optimal model on the dataset.
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Cuisine Predictor

Note: The lower performance on our cleaned data will be discussed in
more detail later.

Selected Model: We train our LinearSVC model using the cleaned data.
Function: With our model, we construct the cuisine predictor function.

Example: (Cuisine Predictor)
Input: Cumin, Wheat, Salt, Chicken, Vegetable Qil

Output: Indian



Correlation of Cuisines

mozzarella low-
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e On the training data we -
calculated the correlation et = e bk o A
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orrelation of Cuisines

Cuisine Similarity Heatmap

australian Jj

e \We thought that the lower
performance on food.com data
IS due to correlation between
different cuisines.
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Cuisine Similarity Heatmap

Dendrogram of Cuisines via Correlation Matrix
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Clustering of Cuisines

{'1': ['chinese’, 'japanese®', ‘korean’],
*2': ['filipino', ‘indonesian', 'malaysian’],
"3': ['laotian’, "thai’, ‘vietnamese'],
"4*: ['brazilian', ‘chilean’, ‘cuban', ‘egyptian', ‘greek’', ‘iranian-persian’, ‘iragi’, ‘italian’,

‘lebanese’, ‘'libyan’, ‘'moroccan’', ‘palestinian’, ‘peruvian', ‘portuguese', ‘puerto-rican’,
‘saudi-arabian’, ‘spanish’', ‘turkish'],

5 [ *'mexican®, ‘southwestern-united-states'],

6": ['colombian®, ‘venezuelan'],

*7': ['indian', ‘pakistani’],

8': ['ethiopian’],

9 ["australian®, ‘austrian’, ‘belgian’, ‘canadian', ‘czech', ‘danish’', ‘dutch’', ‘english’,
"finnish', ‘french’', ‘german’, ‘hungarian’, ‘new-zealand’, ‘northeastern-united-states’,
"norwegian’, 'polish’, ‘russian’', ‘'scottish', ‘'south-african’, ’'southern-united-states’,
"swedish’, ‘swiss’', ‘welsh'],

10" : ['georgian']H



Scoring Recipes

—_———_—_—,—,— N N~

Binary Recipe Matrix Weighted Scores of
Ingredient Recipes
Vector

1
I; =
7 (0.01 + shelf life)




Flow Chart

Intelligent Recipe Suggestion System For Zero-Waste

Before ordering: Order by date and assign weight:
apple 2024/6/1 apple 2024/6/1 --> Score

cheese 2024/12/21 grapes 2024/6/1 --> Score
grapes 2024/6/1 s cheese 2024/12/21 --> Score
sausage 2024/12/21 Prioritizer: sausage 2024/12/21 --> Score

| Sort ingredients with
expiration date and
assign weight to them

Openness: 2
Cluster 2:
Ingredients | Clustering model: Indonesian
Locate user's cuisine Malaysian
»| type based on their

Y

Matcher:

Match recipes and Recipes that match to the ingredients

openness to try ingreqients based on : '
; different cuisines weighted score Display recipes
Example (items/exp date): include the things
apple 2024/6/1 A : the user has
cheese 2024/12/21 Input: iz e Text generator
rapes 2024/6/1 Ingredients with exp. applciStolc i -
Sau‘;age 2024/12/21 2 date P grapes score2 E:Sg:eéluster 2 Combine thelcontext > Qutput_:
cheese score3 to show and interact Recipe options
sausage score4 with the user

Classification model:
Predict user's

: main cuisine type :
Ingredients Indonesian

Y




Demo
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salt;2026-12-01

@22 = pork;2024-06-12

Import functions 011130251201
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https://docs.google.com/file/d/1_uvEMA5tcbqDfZYmHDmxgN1xKuLT1bJG/preview

Goal: Construct an intelligent recipe suggestion system for zero-waste
which considers users’ preferences.

Final Results: Through preprocessing, clustering, and creating a metric
for weighting approaching expiration dates, we achieved our goals.



Future Directions

For improved user experience, we plan on implementing the following
features to our program:

e \Weighting recipes based on users likes and dislikes

e Adding an estimation of savings earned by utilizing foods with an
approaching expiration date

e Provides recipes which minimizes additional costs of ingredients

e Algorithm to maximize total shelf life of ingredients



