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ABSTRACT

In the modern era, with
increasing demands for personalized
experiences, food recommendation
systems have garnered significant
attention. However existing
recommendation  approaches  often
neglect the temporal dimension, failing
to adapt to users' changing preferences
throughout the day. To address this
limitation, we propose a novel
TimeAware  Food  Recommender
System (TAFRS) that integrates deep
learning  techniques  with  graph

clustering methodologies.

TAFRS leverages deep learning models,
such as recurrent neural networks
(RNNs) and convolutional neural

networks (CNNs), to capture the

sequential and spatial characteristics of
food consumption patterns. By
analyzing users' historical consumption
data, TAFRS learns intricate temporal
dynamics, enabling it to discern

preferences at different times of the day.

Furthermore, TAFRS incorporates
graph clustering algorithms to identify
latent connections between food items
based on their nutritional profiles, flavor
profiles, and user preferences. Through
graph-based representations, TAFRS
constructs a comprehensive food-item
similarity network, facilitating the

recommendation process.

1.INTRODUCTION

From personal growth (using a web
platform to build professional services) to

pleasure (chatting with other users, shopping,
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looking for hotels, travel bargains), the
internet is now an integral part of people's
everyday lives and is utilized for many
purposes. Users' requests can access massive
amounts of data from thousands of sources,
which introduces significant ambiguity and
uncertainty. While efforts to reduce data
redundancy have been ongoing for decades,
personalization of search results and
reduction of noisy information have met with
little success. Even for people with entirely
distinct profiles and interests, many of these
algorithms nevertheless provide the same
results. As one of the most effective online
customization tools, recommender-systems
have recently attracted greater attention from
academics. The list of possible uses is
enormous, but it may assist with finding the
correct service, alleviating information
overload, directing the user towards tailored
behavior, and locating the user's favorite
goods amid massive amounts of data. Items
and services are suggested to users based on
their interests in a typical recommender-
system. As a tool to help people improve their
behavior and adopt healthy lifestyles, meal
suggestion is an essential part of many
lifestyle apps and services. In general, the

goal of food recommendation systems is to
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help people meet their individual dietary
needs and other lifestyle demands by
providing them with tailored
recommendations based on their preferences,
the amount of change they want to make, and
the time it will take to accomplish those goals
[16][18]. Possible reasons for the lack of
focus on food recommendation research
include cultural differences and the difficulty
in predicting people's eating preferences, as
opposed to recommendation systems in other
areas of leisure and entertainment, such as
music, books, and shopping. Despite this,
about 60% of all fatalities are attributable to
diet- and lifestyle-related  diseases.
Many people consider making a meal
suggestion to be a machine learning problem.
In order to construct a useful meal
suggestion, it is essential to have a precise
understanding of the user's dietary habits.
The only way to get people to follow a
recommendation—even for health-conscious
meal delivery services—is if it tastes good to
them.

Predicting a person's preferences and guiding
his decision according to established goals
are two of the numerous recommender-
systems that have been created in the last

several decades. Despite prior food
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recommender-systems' impressive success in
learning individuals' preferences via mapping
users' history encounters with recipes and
food products, these systems nevertheless
have some limitations.
1) Food components: The majority of earlier
food  recommender-systems  used a
collaborative filtering method that did not
take food ingredients into account when
drawing upon user ratings for meal
suggestions. This is because it's common
knowledge that people tend to gravitate
toward foods that include elements they like.
Some crucial parts of the suggestion could be
missed because of this. A person may have a
strong aversion to certain spices used in the
cooking process, even when they love
chicken wing dishes. Thus, it's possible that
collaborative filtering recommender-systems
won't be sufficient to consider the needs and

preferences of such a user.

2) The passage of time: Conventional
recommender systems assume that users'
future choices will mirror their prior ones.
Consequently, many recommender-systems
rely on static data and fail to take into account

the fact that users' dietary habits, tastes, and
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overall way of life might vary over time.
3) People that need to start cold-starting their
food: The inability of conventional food
recommender systems based on collaborative
filtering to identify nearby active users or
comparable items is mostly attributable to
users' tendency to evaluate infrequent meals.
As a result, consumers cannot get meal
recommendations from collaborative
filtering systems unless they have rated a
sufficient number of items. So, we don't take
into account cold start consumers who
haven't rated many foods. Similarly, this
collaborative filtering-based method also
disregards new food items (food cold start)
that haven't garnered enough evaluations

from people just yet.

The fourth problem is the user's
neighborhood or community component,
which is currently disregarded by
recommender systems. The community
feature may be used to extrapolate the local
behaviors of active users to forecast the
success probability of a diet and the rating of
unseen food items. Models based on
clustering are usually adequate for dealing
with community aspects. However, it has also

been shown that other additional issues, such
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as the ideal number of clusters and the
effectiveness of the similarity metrics used,
are inherently intrinsic to the clustering

algorithms that are used in this approach.

2.LITERATURE SURVEY

Food elements: A majority of earlier
food recommender-systems [29], [30] used a
collaborative filtering technique that relied
on user ratings to generate meal suggestions,
ignoring food components. The reasoning for
this is based on the fact that people tend to
gravitate towards foods that include elements
they like. Some O0Ocrucial parts of the
suggestion could be missed because of this.
A person may have a strong aversion to
certain spices used in the cooking process,
even when they love chicken wing dishes.
Thus, it's possible that collaborative filtering
recommender-systems won't be sufficient to
consider the needs and preferences of such a

user.

The passage of time: Conventional
recommender systems assume that users'
future choices will mirror their prior ones. As
a result, many recommender-systems rely on
static data and fail to take into account the

fact that users' dietary habits, tastes, and
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lifestyle choices may and likely will evolve

over time.

Thirdly, "cold start” users and "cold start"
foods: Old-school food recommender
systems that relied on collaborative filtering
had a hard time picking up on active user
neighbors or comparable foods as users only
evaluate a small subset of foods. This means
that consumers who have not rated enough
items will not get any recommendations from
collaborative filtering-based food
recommendation systems. So, we don't take
into account cold start consumers who
haven't rated many foods. Similarly, this
collaborative filtering-based method also
disregards new food items (food cold start)
that haven't garnered enough evaluations

from people just yet.

Fourthly, the user's local or community
element is another problem that current
recommender-systems overlook. The
community feature may be used to
extrapolate the local behaviors of active users
to forecast the success probability of a diet
and the rating of unseen food items. Models
based on clustering are usually adequate for
dealing with community aspects. It has been

shown, however, that this method is not
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without its own set of problems, some of
which are intrinsic to the clustering

algorithms used.
3. EXISTING SYSTEM

1) Ingredients of foods: Most previous food
recommender-systems  [29], [30] rely
primarily on historical ratings of users to
draw upon food recommendations through a
collaborative filtering approach that ignores
food ingredients. This is due to the
observation that a given food is usually
preferred by an individual because it contains
ingredients, he/she may like to eat. This may
overlook some important aspects in the
recommendation. For example, foods
containing chicken wings may be a person's
favorite food, while he/she may be allergic to
some types of spices that can be used during
the food preparation. Therefore, collaborative
filtering recommender-systems may not be
enough to account for such user's preferences

and constraints.

2) Time factor: Traditional recommender-
systems [19], [26] [28] are based on the
premise that users with similar preferences in
the past will have similar tastes in the future.
Accordingly, these recommender-systems

use static data and ignore potential changes in
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user's food preferences, diet or life style that

can occur over time in realistic scenarios.

3) Cold start users and cold start foods: Due
to the fact that users often rate just a few
foods, traditional collaborative filtering-
based food recommender systems have
difficulty recognizing active user neighbors
or similar foods. Accordingly, collaborative
Filtering-based food recommendation are
only able to suggest foods to users who have
rated enough foods. Cold start users, who
have rated only few food items, are thereby
ignored. Similarly, new food items (food cold
start) that have not attracted yet enough
ratings from users are ignored as well by such

a collaborative
filtering-based approach.

4) Users' community: Another issue, which is
again ignored in existing recommender-
systems, is the wuser's neighborhood or
community aspect. Intuitively, community
aspect can be utilized to predict the rating of
unseen food item and the success likelihood
of a given diet, extrapolating from active
users' activities in the neighborhood.
Typically, community aspect can be handled
using clustering-based models. Nevertheless,

it has been shown that such an approach also
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suffers from several other difficulties as well,
which are somehow inherent to clustering
techniques employed (e.g., optimal number
of clusters, efficiency of similarity measures

employed).
3.1 PROPOED SYSTEM:

1)Ingredientsawarefoodrecommender-

system: Unlike traditional collaborative-
based food recommender systems, our model
integrates both collaborative filtering-based
model (user-based phase) and content-based
model (food-based phase). As a result, a set
of foods that both suit the user's preferences
and utilize his/her previous ratings are

recommended.

2) Time-aware food recommender-system: A
novel time-aware similarity measure that
takes into account changes in food
preferences or diet over time is developed in
this paper. This makes the proposal suitable
to handle cases where users change his/her

rating / preferences over time.

3) Trust-aware food recommender-system: A
trust-aware food recommender-system is
developed to overcome the cold start user and
cold start foods problems of the traditional

collaborative filtering-based food

ISSN2454-9940
Www.ijasem.org

Vol 18, Issue 2, 2024

recommender-systems. Our proposed model
builds a trust network of users based on trust
(follower following)

statements to predict user ratings efficiently.

The trust network generation plays an
important role in addressing the neighbor
selection problem. Trust statements can be

used to predict the rating of unseen items

in food recommender-systems since there is a
high correlation between users' trust and user
ratings-based similarity measure. The user's
trust network and the user ratings-based
similarity are integrated in this study to
address the data sparsity problem utilizing
knowledge that is stored outside of the user's

local neighborhood
of similarity.

4) Community-aware food recommender-
system: Contrary to previous works where
users' communities are not considered in the
food recommendation process, our model
explicitly accounts for such aspects where the
optimal number of wusers' clusters is
determined automatically. Moreover, using a

graphical like representation
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where edge weights are calculated according
to user ratings-based similarity and trust
network, the proposed method

accommodates sparse datasets.
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are progressively gaining traction. Many
lifestyle  services depend on food
recommender systems, which are used by a
View Remote Users: range of lifestyle apps. To address the
drawbacks of existing food recommender-
systems—such as those that fail to take into
account time stamps, cold start users, cold

start foods, and user communities—this
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article describes the development of a new
hybrid food recommender-system. The
suggested solution tackles all four difficulties
concurrently and tries to enhance the ultimate
accuracy of the recommender-system. It does
this by using user-based and content-based
models, temporal information,  trust
networks, and user communities. Suggestion
based on food composition and suggestion
based on user are the two parts of the
suggested  technique. The first step
incorporates graph clustering, while the
second uses a deep-learning based method to
group people and food items together. On
five separate metrics—Precision, Recall, F1,
AUC, and NDCG—the model was compared
against the most recent suggested food
recommender-systems, which included LDA,
HAFR, and FGCN approaches.Based on the
trial findings, the created food recommender-
system significantly outperformed the state-
of-the-art food recommender-systems. Our
long-term goal is to enhance the meal
recommendation system's effectiveness by
including user-side data (such as gender, age,
weight, height, location, and culture) into the
system.

As an added bonus, healthy eating habits help

alleviate the symptoms of many non-
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infectious disorders. Our long-term goal is to
tailor meal recommendations to each
individual's unique health situation by
extracting useful information from the

nutritional profiles of foods.
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