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Abstract. By utilizing machine learning, the current research offers a fresh app-
roach to food demand forecasting in restaurants. It focuses on store-specific mod-
els that take into account a variety of variables, including location, weather, and
events. Conventional methods frequently ignore store-specific subtleties in favor
of relying exclusively on point-of-sale (POS) data. We provide a food demand
forecasting model that utilizes machine learning methods, specifically XGBoost
and CatBoost, to incorporate various data sources. The study goes into how the
model was created, how real shop data was used to validate it, and how it was
used to assess variables that affect consumer happiness, especially in the context
of the fast-food trend. The study explores the variables influencing preferences for
fast-food outlets and offers insights into consumer satisfaction and how it affects
the fast-food restaurant industry as a whole. The benefits of the presented hypoth-
esis, along with the algorithms and libraries used (Pandas, NumPy, Scikit-learn,
and CatBoost) are described in depth. The study also emphasizes the significance
of data visualization, ensemble techniques, hyperparameter adjustment, and other
gradient-boosting libraries like XGBoost and CatBoost. Libraries for time series
analysis are also thought to be useful for capturing data’s temporal patterns. This
all-encompassing method helps to create a strong and effective framework for food
demand forecasting, which is crucial for restaurant management and optimization.
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1 Introduction

This study focuses on the critical area of restaurant business food demand forecasting
[1]. While acknowledging the widespread application of machine learning in these kinds
of forecasts, the research points out a critical flaw in current approaches: they pay insuf-
ficient attention to store-specific variables like location, weather, and events. Although
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machine learning algorithms have shown to be efficient in managing extensive datasets
and intricate patterns in consumer behavior, their implementation has frequently been
broad, resulting in inadequate precision for forecasting demand for specific retailers. The
food market [2] is projected to increase at an annual pace of 6.53% to produce revenue of
US$10.07 trillion in 2024. With a market volume of US$1.77 trillion, confectionery and
snacks is the largest sector. With a projected $1,630 billion in revenue in 2024, China
is the largest market in the world [3]. In 2024, per capita revenue is $1,299.00 US. By
2024, it is anticipated that 4.3% of total income will come from online sales. In 2025,
the market is expected to expand by 3.9%, with an average volume of 352.30 kg per
person.

Previous investigations in the area have emphasized the significance of machine
learning algorithms such as XGBoost and CatBoost [4], demonstrating their adaptability
to handle a wide range of datasets. However, further research is needed to fully understand
how to apply them in the context of food demand forecasting, particularly about store-
specific details. To fill these gaps, this study offers a thorough method that includes
specific variables in addition to machine learning techniques for forecasting [5]. The
relationship between consumer happiness and food demand in the context of the fast-food
trend is one important topic covered in this study. Previous research has demonstrated
the complex relationship between consumer satisfaction and variables such as overall
eating experience, service speed, and food quality. Understanding how important these
components are, the study attempts to disentangle the complexities of fast-food trends
[6] by presenting insights into the variables affecting consumer satisfaction and, in turn,
impacting the demand for fast-food options.

1.1 Objectives

Using cutting-edge machine learning techniques and solving significant inadequacies
in the present state of food demand forecasting are the primary goals of the project.
First and foremost, the main objective is to create a food demand forecasting model [7]
that is accurate and efficient while going beyond conventional techniques by taking into
account store-specific variables. Current methods frequently over-rely on Point of Sale
(POS) data [8], ignoring specific attributes like location, meteorology, and neighborhood
activities. The project intends to improve the accuracy and usefulness of food demand
forecasts by including these variables in the machine learning framework [9]. This would
give restaurant management insightful information to help them make better decisions.

The subsequent objective of the study is to investigate and assess the variables affect-
ing consumer satisfaction in the context of the fast-food industry. Fast-food businesses
rely heavily on customer happiness, yet little is known about the complex interactions
between the several elements that go into making a satisfied customer. Finding and
examining these variables will help to clarify issues with meal quality, service time,
and general eating experience. The study’s comprehension of the nuances of customer
satisfaction not only advances the conversation about consumer behavior in general but
also offers fast-food restaurants practical advice on how to customize their menus and
services, therefore affecting industry trends. By pursuing these two goals, the study
hopes to improve our knowledge of food demand forecasts [10] from a theoretical and
practical standpoint.
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2 Literature Survey

The report’s debut aims to discuss the crucial topic of restaurant food demand forecasting,
which is a vital topic in the fast-paced and fiercely competitive hospitality sector [11].
This study’s basis is the realization that conventional methods, which mostly depend
on Point of Sale (POS) data, would not be sufficient to produce precise and specific
forecasts. Previous research in this area has mostly concentrated on using machine
learning to estimate food demand, while store-specific variables like location, weather,
and events have received less attention. The research now in publication has documented
several attempts to use machine learning methods to forecast food demand. Numerous
studies have shown how effective algorithms [12] are at managing huge datasets and
identifying intricate patterns present in consumer behavior. Still, a significant gap exists
as these methods sometimes fail to take into account the distinct environment of specific
establishments, leading to less-than-ideal forecasting accuracy. To close this gap, this
study suggests a methodology that methodically adds store-specific variables into the
forecasting process in addition to machine learning methods.

According to Harshini [13], food waste and deterioration pose serious issues for
businesses that sell food. Al systems aim to decrease waste by forecasting sales and
demand for raw materials. This paper proposes a demand forecasting system that uses
stacking techniques to anticipate customer numbers, dish sales, and the required quantity
of raw materials. Restaurants may cook meals while cutting down on waste if their MAE
metric is between 0.4 and 0.7. Demand forecasting, according to Akyuz [14], is crucial
for the retail industry’s operational efficiency, cost reduction, and eradication of stock-
out problems. It boosts revenue and sales, but it also results in unhappy and churning
customers. A few things that influence prediction accuracy include social events, com-
petitor behavior, trends, seasonality, and promotional effects. An innovative heuristic
approach for the ensemble methodology was implemented at SOK Market, a 4000-store
hard discount chain. Raju [15] and colleagues’ study provides a strong basis for fore-
casting demand in the steel industry through the application of regression ensemble
models, feature selection, cross-validation, data transformation, and preprocessing. The
framework incorporates bagging, boosting, and stacking models in addition to reference
models from machine learning approaches such as SVR, ELM, and MLP. The ensem-
ble technique reduces decision-making risk and improves model performance, making
it suitable for one-month demand forecasting. Hyperparameters are set using the grid
search method.

Seyedan [16] offers a three-step, data-driven, cluster-based demand forecasting
method for the retail sector that uses time-series analysis and Bayesian model aver-
aging to segment consumers based on RFM criteria. Ribeiro [17] investigates how well
regression ensembles may predict agricultural commodity prices. The comparisons of
bagging, boosting, and stacking ensembles were conducted using monthly time series
data from Parana, Brazil. Priyadarshi [18] the goal of this research is to use performance
analysis to determine which forecasting model is best for a certain vegetable at the retail
stage. Jayapal [19] and the team suggest employing machine learning algorithms to
forecast precise food orders for Italian eateries to lower waste, cut expenses, and raise
customer happiness through better staff management and a reduction in food and raw
material loss.
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The function that consumer satisfaction plays within the fast-food trend [20] is one of
the major factors taken into account in this research. Previous research has demonstrated
that an awareness of the elements of customer satisfaction is essential to the success of
fast-food businesses [21]. By assessing these variables, we can identify the components
that contribute to customers’ overall pleasure as well as provide insights into their pref-
erences. According to the research currently in publication, customer satisfaction [22]
is a complex phenomenon that is impacted by a variety of aspects, from the entire eat-
ing experience to the quality of the food and speed of service. To fully understand the
complexities of fast-food trends and consumer happiness, this research attempts to dig
further into these aspects.

Hoxha [23] by using historical data from 1975 to 2019, this study suggests a machine
learning stacking ensemble approach to forecast Turkey’s transportation energy demand.
With the Extra Tree Regressor and ADABoostRegressor acting as meta-regressors, the
model employs hyperparameter adjustment and multicollinearity reduction. When all
characteristics are taken into account, the model’s R-squared value is 0.99; when only two
features are taken into account, its accuracy is 0.98. This study can help establish more
effective plans for controlling the energy consumption of transportation and encouraging
environmentally friendly urban growth. Aci [24] presents a demand forecasting model for
a university library using Machine Learning techniques, utilizing 18 models for optimal
prediction performance. Kilimci [25] by using deep learning models, time series analysis,
and machine learning, this work creates an intelligent demand forecasting system. It is the
first to combine these techniques with an ensemble strategy enhancement. The algorithm
exhibits a notable improvement in accuracy when tested using actual data from Turkey’s
SOK Market. Ganesan [26] says that demand forecasting in agriculture management is
crucial for global economic growth. This paper presents a comparative analysis using
machine learning algorithms to develop a Time series prediction model for primary crops
like paddy and wheat.

Moreover, prior studies in the domain have demonstrated the adaptability of machine
learning algorithms like XGBoost and CatBoost in managing a variety of datasets. These
algorithms are already commonplace across many disciplines because of their shown
effectiveness in tasks like regression and classification [27]. However, a sophisticated
comprehension and adaptation are needed for their implementation in the context of food
demand forecasting, especially with a focus on store-specific peculiarities. To address
the unique problems presented by the complexities of restaurant operations, this research
expands on the foundations set by previous analyses and suggests an effective ensemble
approach that combines the benefits of XGBoost and CatBoost [28].

3 Data Gathering

To acquire comprehensive datasets that capture the many aspects impacting food demand
and consumer satisfaction within the fast-food business, comprehensive datasets must be
gathered for this research project (as shown in Fig. 1). The datasets’ richness is derived
from a variety of sources, including as event logs, store-specific data, meteorological
data, and Point of Sale (POS) data. POS data, which forms the basis of the demand
forecasting model [29], offers transactional details including item sales, time of purchase,
and consumer preferences. Store-specific data includes specifics.
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Fig. 1. Steps for collection of Data and Evaluation

about each outlet’s location, and size which makes it possible to create customized
forecasting models. To take into consideration the effects of the environment on food
intake, weather data is included, including temperature, precipitation, and seasonal trends
[30].

The timeline of the data collection is carefully considered, encompassing a suit-
ably representative period, to ensure the integrity and usefulness of the datasets [31]. To
address missing values, outliers, and inconsistencies, the datasets are cleaned and prepro-
cessed, guaranteeing the precision and dependability of the ensuing studies. Utilizing a
variety of data sources also supports the research’s focus on developing a comprehensive
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and contextually rich forecasting model that can take into account the complex relation-
ships between many elements influencing food demand and customer satisfaction in
fast-food restaurants.

3.1 Train to Learn Information

The “Train to Learn Information” dataset [32] has 456,548 items in total, each with the
following attributes: ‘id,” ‘week,” ‘center_id, “meal_id,” ‘checkout_price,” ‘base_price,’
and ‘num_orders.” Each unique entry in the collection includes details about certain
weeks, meal and center codes, pricing details (base and checkout rates), and the number
of orders that correspond with each. The ‘id’ of each record uniquely identifies it, while
the ‘week’ denotes the week of data entry. Part of the structured dataset that facilitates
machine learning model training is ‘num_orders’, which is the goal variable to be pre-
dicted based on the given attributes. This dataset contains important data, such as meal
and center identities and pricing information, which helps develop models that forecast
food consumption [33] in a certain location.

3.2 Centre Information

There are 78 items in the “Centre Information” collection [34], and among its variables
are “center_id,” “city_code,” “region_code,” “center_type,” and “op_area.” Every entry
in the collection denotes a unique center and offers crucial information for examination.
Each center is uniquely identified by its “Center_id,” and its geographic location is
indicated by its “city_code” and “region_code.” By classifying centers according to their
type, the ‘center_type’ offers information on the type of establishment. Furthermore,
each center’s operational region is represented by ‘op_area’. In the larger framework of
the dataset ecosystem [35], this dataset provides essential information for activities like
center-specific demand forecasting and operational optimization. It also acts as a core
element for understanding the distribution and characteristics of different centers.

3.3 Meal Information

There are 50 records in the “Meal Information” collection [36], and each one is defined
by characteristics like “meal_id,” “category,” and “cuisine.” Meal-specific information
may be more easily associated across datasets thanks to the function of “meal_id,”
which acts as a unique identifier for every meal. Meals are divided into a variety of
categories by the ‘category’ property, including drinks, extras, soup, other snacks, salad,
rice, appetizers, sandwiches, and more. This categorization offers a thorough grasp of the
many kinds of offerings that are offered. Meals are categorized by their culinary origin
using the ‘cuisine’ feature. This includes cuisines like Thai, Indian, Italian, Continental,
and more. This dataset is essential for placing the unique qualities of each meal in context
and enabling in- [37] with other datasets, especially when considering meal-related
properties in the context of a larger dataset ecosystem.
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4 Working Methodology

The research’s functional approach is a methodical approach that includes developing a
model, preparing data, and conducting a thorough analysis (as shown in Fig. 2). First,
a thorough preprocessing is applied to the various datasets, such as “Train to Learn
Information,” “Centre Information,” and “Meal Information.” Maintaining the cleanli-
ness and coherence of the datasets includes addressing missing values, and outliers [38],
and standardizing formats. The incorporation of meteorological information, event logs,
and store-specific data enhances the datasets and makes a more in-depth study possible.
The creation of an effective model for predicting food demand is at the center of the
process. XGBoost and CatBoost, two cutting-edge machine learning methods [39], are
used to train the model using the enriched datasets. These algorithms help to create a
strong ensemble approach because of their scalability and effectiveness in managing
structured data. Tools like GridSearchCV and RandomizedSearchCV from sci-kit-learn
or Optuna help with hyperparameter tuning, which fine-tunes the model’s parameters for
best results. Stacking, bagging, and boosting [40] are examples of ensemble algorithms
that combine the advantages of separate models to increase forecasting accuracy.

PREDICTION
RO

User INPUTS

- ) Data
. preprocessing
Evaluation

Testing Data

Fig. 2. Working Methodology of the system.

Meanwhile, the research investigates whether aspects of the fast-food trend affect
consumer happiness. The outcomes of the model are examined and compared with mea-
sures of customer happiness, providing light on the connection between precise demand
forecasting and satisfied customers. Tools for data visualization, such as Matplotlib,
Seaborn, or Plotly [41], are essential for analyzing results and successfully conveying
conclusions. The study also makes use of time series analysis libraries, such as stats
models, prophets, or ARIMA [42], to find temporal trends that might affect the demand
for food.

4.1 Data Processing

To ensure that the raw datasets are converted into a clear, organized format appropriate
for training machine learning models, data preparation is an essential stage in this study.
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Examining the datasets carefully and looking for anomalies, missing numbers, and con-
tradictions is the first step. Missing values can seriously affect the performance of the
model, thus handling them is essential. Depending on how much data is missing [43],
several approaches, such as imputation or removal, may be used. The model may be
used to fill in missing values for categorical variables like “center_type” and “cuisine,”
while mean or median imputation may be used for numerical features like order num-
bers or price. Another crucial component of data preparation is outlier detection. Values
that are abnormally high or low might distort the model’s comprehension and provide
predictions that are off. To find and deal with outliers effectively, strategies including
interquartile range (IQR) approaches and Z-score analysis [44] are applied. Depending
on how extreme values affect the distribution of the dataset as a whole, they can either
be eliminated or altered.

Normalization and standardization [45] are crucial processes that guarantee unifor-
mity across various attributes with various scales. The ‘checkout_price’ and ‘base_price’
variables, for example, may have varying ranges, which might impact the efficiency of
specific algorithms. Normalization scales the data to a certain range, usually between 0
and 1, whereas standardization scales the data to have a mean of 0 and a standard deviation
of 1. Feature engineering is essential to increasing the richness of the dataset. In this study,
new features that capture the subtleties of each entry are created through the integration of
meteorological data, event logs, and store-specific information. For example, the ‘check-
out_price’ and ‘base_price’ variables may be used to create a ‘discount_percentage’
feature, which would provide more details on pricing dynamics. In a similar vein, com-
bining past order data to produce variables like “average_orders_per_week” advances
our knowledge of demand trends.

Encoding categorical variables [46] is the last stage of data preparation. Machine
learning models usually demand numerical inputs, and transformations must be per-
formed on categorical variables such as ‘center_type’ or ‘cuisine’. This is accomplished
by using methods like label encoding, in which categories are given numerical labels,
and one-hot encoding, in which binary columns are generated for each category. The
type of variables and how they affect the model determine which encoding technique is
best.

4.2 Predictive Analysis

In this research, predictive analysis entails using sophisticated statistical methods to
project future food demand based on available historical data and pertinent characteris-
tics. The primary aim is to create a resilient model that can precisely forecast the quantity
of orders, an essential measure in the fast-food sector. A range of statistical techniques
are utilized, with particular emphasis on machine learning algorithms like XGBoost and
CatBoost [47], which are well-known for their efficiency in managing structured data
and generating precise forecasts. The gradient boosting method used in this study, the
XGBoost algorithm, is optimized for both speed and performance. To create a strong
predictive model, it builds an ensemble of weak models using decision trees as base
learners. Regularization strategies [48], managing missing values, and speed are some
of the elements that contribute to the algorithm’s efficiency; these attributes make it a
good fit for big datasets with intricate interactions. The decision trees that form the basis
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of XGBoost’s statistical framework are trained iteratively, with each tree learning from
the mistakes of the one before it to produce an ensemble model that is both reliable and
accurate.

The gradient boosting approach included in this prediction research, called Cat-
Boost, was created expressly to deal with categorical data in a natural way. It is useful
in situations where categorical variables are important since it doesn’t need a lot of
preprocessing [49]. Robustness against overfitting, high-performance execution, and
efficient management of categorical feature interactions comprise its statistical basis. A
crucial statistical component of predictive analysis is hyperparameter tuning, which is
a methodical search for the ideal set of model parameters. In this study, tools such as
GridSearchCV and RandomizedSearchCV [50] from sci-kit-learn or Optuna are used
to optimize the XGBoost and CatBoost models’ parameters. By guaranteeing that the
models can adapt to a variety of datasets and increasing overall forecast accuracy, the
statistical optimization method seeks to improve the models’ generalization capabilities.

Ensemble techniques are an essential component of predictive analysis that combines
several models’ predictions for optimal performance. Boosting, stacking, and bagging
are common group strategies. Using the diversity of multiple models to capture different
facets of the underlying patterns in the data is the statistical justification for ensemble
approaches [51]. Combining these many viewpoints strengthens the ensemble model and
reduces overfitting, improving its prediction power. Libraries like Matplotlib, Seaborn,
or Plotly provide data visualization [52], which aids in the statistical understanding of
the outcomes of the predictive analysis. Time series plots, feature significance plots,
and prediction vs. reality plots are a few examples of visualization approaches that help
in understanding the performance of the model and spotting patterns and trends in the
data. The statistical validation and interpretation of the results of the predictive analysis
depend on this visual investigation.

4.3 XGBoost

Extreme Gradient Boosting, or XGBoost, is a potent and popular machine learning
method that works well with structured data because of its scalability, efficiency, and
efficacy. The XGBoost procedure consists of many phases, each of which helps to pro-
duce a strong ensemble model. XGBoost is a member of the gradient boosting algorithm
class, which trains a series of weak learners (usually decision trees) [53] sequentially
to fix the mistakes made by the earlier models. Starting with a weak model, more mod-
els are added one after the other to minimize the residual errors of the ensemble as a
whole. The model’s capacity to recognize intricate correlations and patterns in the data
is improved by this recurrent training.

Decision trees are used by XGBoost as base learners [54]. The method chooses the
optimal split at each node to minimize the loss function, building each tree in turn. The
learning rate, regularization parameters, and tree depth are important hyperparameters
that affect the model’s complexity and capacity for generalization. Regularization tech-
niques [55] are included in XGBoost to manage model complexity and avoid overfitting.
Large coefficients are penalized and their influence on the model is limited by the addi-
tion of L1 and L2 regularization factors to the objective function. This improves the
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model’s capacity to generalize effectively to new data and helps prevent the model from
fitting noise in the training set.

XGBoost has features to deal with the dataset’s missing values. Based on the data
at hand, the algorithm decides how to handle missing values during training. This is
especially helpful when working with datasets from the real world where missing values
are typical. Missing value cases may be successfully included in the model-building
process using XGBoost [56]. XGBoost uses distributed and parallel computing to achieve
speed and efficiency in its architecture. The approach is very scalable and appropriate for
huge datasets since it can make use of parallelism during tree formation. This efficiency
is particularly helpful in situations where there is a shortage of computing power.

4.4 CatBoost

The gradient boosting method known as CatBoost, or Categorical Boosting [57], was
created expressly to manage categorical features. For machine learning applications, its
resilience against overfitting, fast handling of missing data, and distinct approach to cate-
gorical encoding make it a popular candidate. CatBoost stands out for its ability to handle
categorical variables intuitively, without requiring a lot of preprocessing. CatBoost is
capable of directly processing category characteristics, translating them into numerical
representations during training, in contrast to other gradient boosting techniques. This
makes the process of preparing the data easier, and it also makes it possible for the
algorithm to precisely extract the information that is inherent in categorical variables
[58].

A key problem with machine learning models is overfitting, which CatBoost
addresses with built-in techniques. It uses a mix of feature permutations during training
to determine feature significance and depth regularization, which restricts the depth of
the individual trees in the ensemble. By using these strategies, the model is better able
to generalize to new, untested data and is kept from fitting noise in the training set.
CatBoost is designed to operate with maximum efficiency and performance. To increase
computational performance during training, it combines oblivious trees, symmetric tree
structure, and ordered boosting. Large datasets are also supported by the technique,
which makes use of parallelization [59] to speed up model training. CatBoost has the
same built-in ability to handle missing values in the dataset as XGBoost. The algorithm
takes into account the best course of action for handling missing data in light of the infor-
mation at hand during training. This is especially useful for real-world datasets where
missing values are frequent since CatBoost can efficiently include these occurrences in
the model-building process.

4.5 User Interface

The creation of interactive web apps is made easier by the simplified method of creating
a user interface using Streamlit. Installing Streamlit [60] using a package manager is the
initial step, which enables users to rapidly configure their development environment. The
Python script then starts importing the required libraries, which include scikitlearn for
machine learning features and pandas for data processing, among other things. Loading
and preparing the data is the second step after setting up the development environment.
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The st. File_uploader function in Streamlit makes it easier for users to integrate datasets
into their applications by enabling direct data uploading. After that, Pandas may be used
to do various data manipulation activities, such as cleaning and changing data to meet
the needs of the application.

Building the user interface components is the third stage, which entails the process’s
central activity. Furthermore, without requiring complicated HTML or CSS, Streamlit’s
interactive widgets [61] such as sliders, buttons, and choose boxes allow the building
of dynamic and user-friendly interfaces. Integrating data visualizations and insights
straight into the interface is the main goal of the fourth stage. With Streamlit, users
may generate interactive graphs and charts by utilizing well-known plotting libraries
such as Matplotlib or Plotly [62]. The application may easily incorporate these visuals,
improving user experience and providing a clear comprehension of the data or machine
learning outcomes.

5 Results

The outcomes derived from the all-encompassing analytics framework [63] comprise
both descriptive and predictive insights, offering a thorough comprehension of the data
and possible future patterns. A thorough overview of past data is provided by descriptive
analytics (as shown in Fig. 3), which also highlights important characteristics, patterns,
and trends (as shown in Fig. 4) in the dataset. Graphical representations like histograms,
scatter plots, and time series charts [64] are used to show the distribution of variables,
correlations, and temporal patterns (as shown in Fig. 5) using data visualization tools like
Matplotlib, Seaborn, or Plotly. Stakeholders may more easily understand complicated
data patterns thanks to these visuals, which improve interpretability.

Predictive analytics (as shown in Fig. 6), which goes beyond descriptive analyt-
ics, uses cutting-edge machine learning models like XGBoost and CatBoost to greatly
improve the outcomes. To anticipate future trends and especially, food demand in the
context of this research—these models are trained on previous data. The predictive mod-
els are adjusted using ensemble techniques and hyperparameter tweaking to maximize
their accuracy (as shown in Fig. 7) and generalization potential. In the fast-food busi-
ness, predictive analytics helps with strategic decision-making, inventory management,
and resource allocation by enabling stakeholders to predict future results. Apart from
forecasting abilities, the outcomes also include statistical metrics assessing the model’s
effectiveness. The prediction accuracy of the model is measured using metrics like R-
squared, Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) [65].
These metrics provide a data-driven assessment of the predicted performance by giv-
ing stakeholders a quantitative assessment of how well the model matches the actual
observed values [66]. Furthermore, displaying and visualizing the findings depends
heavily on the user interface created using Streamlit. Streamlit facilitates the smooth
incorporation of analytical results, both predictive and descriptive, into an interactive
and intuitive interface. Stakeholders get real-time access to data trends, interactive visu-
alizations, and insights. The use of a user-centric strategy improves the accessibility of
findings, rendering them more actionable and enabling the fast-food business to make
well-informed decisions.
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6 Conclusion

The current research combines store-specific variables with machine learning techniques
like XGBoost and CatBoost to provide an effective and customized method of food
demand forecasting in the fast-food business. In addition to demonstrating precise pre-
dictive analytics, the findings offer insightful information about the complex relation-
ships that exist between store-specific factors, consumer happiness, and general fast-food
trends. The Streamlitdeveloped user interface makes these findings more accessible by
providing stakeholders with an easy-to-use platform to examine and make use of descrip-
tive and predictive analytics. The comprehensive approach utilized in this study advances
our knowledge of food demand trends and promotes data-driven decision-making in the
ever-changing fast-food sector.
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