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ABSTRACT

Social media provides a wealth of information for decision-making, especially for finding
restaurants in unfamiliar areas. This study leverages Zomato restaurant data to unveil latent
structures and hidden patterns within the data that influence customer ratings. By incorporating
machine learning, we create a personalized recommendation system to guide users towards
their ideal dining experience. To overcome the limitations of raw data, we employ a multi-step
approach. Clustering algorithms unveil hidden patterns (latent structures) in user preferences
and restaurant attributes. These structures improve the accuracy of our classification models,
addressing the challenge of complex relationships between seemingly unrelated data points.
Our findings highlight the effectiveness of the Random Forest classification algorithm. Applied
after the multi-step approach that unveils latent structures, it achieves a remarkable 90%
accuracy rate. This success is demonstrably linked to uncovering hidden patterns in user
preferences and restaurant attributes through clustering. These structures allow the Random
Forest model to make more precise classifications, ultimately leading to a superior
recommendation system. Notably, most errors involve misclassifications between similar
restaurant types, which is acceptable in this context due to the inherent overlap in user
preferences for these categories.
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1. INTRODUCTION

The rapidly growing online food scene, fueled by the rise of web-based applications and user-friendly
smartphones, has witnessed a surge in online orders. This shift in consumer behavior necessitates
businesses providing an online experience analogous to in-person interactions. Recommendation
systems are vital in this digital landscape, personalize user experiences, and drive business success

by making data-driven suggestions about various products (Konstan & Riedl, 2012).

One such prominent online service is food preparation (Dirsehan & Cankat, 2021), with restaurant
classification becoming increasingly important for both users and businesses leveraging the Internet to
expand their reach (AL-Bakri et al., 2021). The COVID-19 pandemic further accelerated this trend, with
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a large segment of the population choosing online food delivery (Limsarun et al., 2021). While marketing
research emphasizes the importance of studying social influence on food applications (Limsarun et al.,
2021), this paper focuses on a different aspect: improving recommender system effectiveness. These
factors extend beyond the core criteria of price, quality, and delivery services and encompass aspects
like service speed, food portion size, lighting, and even the restaurant's atmosphere (Liu & Tse, 2018).

An analysis of Zomato's restaurant dataset reveals that user experience is primarily driven by food
quality, regardless of additional services like delivery (Abdelhamied, 2011; Jalilvand et al., 2017).
However, the presence of delivery can significantly impact the overall perception. Thus, this research
presents an innovative method to predict user aggregate ratings by considering traditional factors and
leveraging latent structures within restaurant features.

This paper proposes a novel approach to restaurant recommendation that leverages latent structure
discovery. We move beyond explicit user ratings and discover hidden patterns influencing user
satisfaction. Our method utilizes clustering algorithms to uncover these latent structures within
restaurant features like food quality, price, and delivery service. This method enables us to capture the
intricate relationships between these features and predict user ratings for new restaurants, even those
lacking substantial reviews.

By incorporating latent structures, our method aims to improve the accuracy of restaurant
recommendations significantly. This advancement has the potential to benefit both users by providing
more personalized and relevant suggestions and businesses by enhancing their discoverability and
customer satisfaction.

The subsequent parts of this article are structured as follows: Section 2 reviews existing recommender
system techniques for restaurant classification. In Section 3, the proposed classification method is
thoroughly examined. This method involves several crucial steps: data preprocessing to ensure high
quality, uncovering latent structures through clustering to reveal hidden patterns, oversampling to
correct class imbalances, feature selection to enhance model efficiency, and the utilization of machine
learning methodologies for accurate predictions. Section 4 evaluates the approach's effectiveness, and
Section 5 concludes the paper.

1.1. Related work

Several studies have explored factors influencing user satisfaction with online food delivery services
and restaurant classification for recommendation purposes. Table 1 highlights a range of approaches
used in restaurant recommendation systems, detailing the research question, methodology, dataset,
and key findings of each study. Studies have explored various datasets, including user questionnaires
(Cha & Seo, 2020; Haghighi et al., 2012), online review platforms (Banerjee & Chowdhury, 2021; Kumar
et al., 2018), and restaurant listing websites with user ratings (AL-Bakri et al., 2021; Dixit et al., 2022;
Priya, 2020; Zhang et al., 2011). This variety in data sources reflects the complexity of user preferences
and the evolving nature of the online food industry. For example, a study in Korea (Cha & Seo, 2020)
found that mobility and reliability are critical for user satisfaction with delivery apps, suggesting
developers should prioritize these factors over providing more information.

Shifting the focus to restaurant classification, prior work using predefined features and machine learning
techniques has been explored. For example, a multi-label classification with Support Vector Machines
(SVM) was employed to categorize restaurants based on features like "delivery service" and "classy
ambiance" (AL-Bakri et al., 2021). This method achieved promising accuracy for restaurants without
online delivery (AL-Bakri et al., 2021). Other studies explored various machine learning models for
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restaurant classification, highlighting the importance of the chosen model's relationship with the features
used (Dixit et al., 2022; Priya, 2020; Zhang et al., 2011). Additionally, research has examined user
behavior analysis for recommendations (Luo & Xu, 2019).

However, a limitation of these existing works, as evident in Table 1, is their reliance on predefined
features or user ratings. This approach neglects the underlying factors that truly shape user
preferences. This article aims to fill this gap by introducing a novel method that leverages latent
structures within restaurant features to improve recommendation accuracy.

Table 1. An Overview of Related Works

Ref No Research Focus Methodology Dataset Key Finding
) fzzrt]u‘r);dbegtz(é dto Multi-label Identified "delivery service" and
(AL-Bakri classify restaurants | classification and Zomato "classy ambiance" as
etal., 2021) for y Support vector classifiable features (accuracy
: P L
CEETTETEETaED machine (SVM) 88% for prediction)
What factors Users prioritize mobility and
Cha & influence user . . e €rs p ity
(Cha satisfaction with Structural Equation | Questionnaire in | reliability over extensive
Seo, 2020) online food delivery Modeling (SEM) Korea information within delivery
applications? applications.
| What factors most Food quality, service,
(Haghighi | influence customer | Structural Equation | Questionnaire in | ambiance, and perceived price
etal, 2012) | satisfaction in Modeling (SEM) Iran fairness are essential for
restaurants? restaurant loyalty.
Do methods to
detect fake reviews OTC, Alpha, Rev2 system identifies
(Kumar et | improve the Rev2 Amazon, fraudulent reviewers by
al., 2018) | fairness and Flipkart, and analyzing review fairness,
reliability of Epinions reliability, and product quality.
ratings?
Which classification gﬂcacir:glce If;rgngg&;d:é
Th model best predicts | Naive Bayes, Y !
(Zhang et g s Support Vector Open Rice restaurant reviews depends on
al., 2011) - PR P both the model and the type of
categories based Machine (SVM)
. features used (e.g., character
on available data? . :
pairs vs. single characters).
Can user Igcatlon Analyzing user reviews by
(Luo & Xu, anddbtehav;or be Recommender Yel sentiment towards different
2019) used lo categorize System elp aspects can help identify helpful
restaurant ;
reviews.
customers?
What classification An XGBoost model achieved
. system helps high accuracy (98%) in
(Dixit et al., | restaurant owners XG-Boost Zomato in India understanding customer
2022) understand their preferences, suggesting its
customers for value for restaurant
business growth? optimization.
Is random forest
regression the Random forest regression ma
most effective be suitable for pregdicting Y
Priya, i . . .
(2 (Zyoj :)igr(;?clzﬂg for Random Forest Zomato in India | restaurant customer behavior
restaurant [s)zjs(ied on a successful prior
customer v
behavior?
How can we
(Banerjee | develop a method Reviews from geographically
& to predict the Zomato in India diverse areas show a consistent
Chowdhu impact of business | Random Forest And Yel ’ | relationship with user-based
"V | issues on reviews P parameters using machine
2021) while keeping the learning.
analysis efficient?
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service type? vs 56% accuracy).

2. THEORETICAL MODEL AND METHODOLOGY

Figure 1. Proposed framework

This section details the proposed framework for restaurant recommendation utilizing latent feature
structures. To enhance classification performance, the framework Figure 1 leverages data clustering
for latent structure discovery combined with feature selection. This process is achieved through five key
steps: data preprocessing, clustering, oversampling, feature selection, and classification.
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2.1. Data preprocessing - Step 1

The initial step involves preparing the Zomato dataset (MEHTA, 2017) for subsequent classification
tasks. This dataset is a rich resource of information on restaurants, encompasses various features of
numerous restaurants, and serves as the basis for the subsequent classification process. A subset of
pertinent features is chosen based on their potential influence on user ratings. These features are then
preprocessed to ensure compatibility with the chosen classification algorithms. Table 2 presents a
comprehensive overview of the selected features, including their names, descriptions, and types. These
selected features are subjected to several essential preprocessing steps:

1. Unification of Units: The 'Average cost for two' feature is standardized (e.g., USD) to ensure
consistency across currency units.

2. Encoding Categorical Features: String values in the "Cuisines" feature are transformed
using integer encoding. This technique assigns a unique integer value to each distinct cuisine
type.

3. Rounding and Scaling Numerical Features: The "Aggregate rating" feature, representing
user ratings, is rounded to integer values between 1 and 5. Specific criteria are applied to
maintain the semantic meaning of the ratings:

If the Aggregate rating is greater than or equal to 4.8, it is assigned "5."

If the Aggregate rating falls between 3.3 and 4.8 (inclusive), it is assigned "4."

If the Aggregate rating falls between 2.3 and 3.3 (exclusive), it is assigned "3."

If the Aggregate rating falls between 1.3 and 2.3 (exclusive), it is assigned "2."

o If the Aggregate rating is less than 1.3, it is assigned "1."

4. Normalization: Min-max normalization is applied to other numerical data to ensure a

common scale (Equation (1)).

X —x.min

O O O O

Xeoq = * (x.max —x. min) + x.min (D

X.max — x.min

These preprocessing steps ensure that the selected features are appropriately formatted and ready for
subsequent classification tasks.

Table 2. Description of Selected Features in the Zomato Dataset

Clustering, | Decision Feature name Description Data
method label P Type
Has online delivery Online orders available or not binary

Has table booking Is an online booking table available binary

or not
Hierarchical Delivery . . .
Is delivering now Ability to send food binary
Switch to ord I .
witeh fo order Availability of food menu binary
menu

Cuisines Food diversity string

e " Average cost for The average cost of a meal for two number
-means Qua |Fy two people
and Price
Price range Range of food Price number
Votes Number of comments number
. i decimal
Response label Aggregate rating Average user votes out of five

number

Auxiliary convert feature Currency Currency string
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2.2 Data Clustering - Step2

This step utilizes unsupervised learning techniques like k-means and hierarchical clustering to uncover
hidden structures within the data. These algorithms group data points with similar characteristics,
revealing potential classes or relationships that might be missed in raw data. This process improves
classification by guiding algorithm selection and parameter tuning and providing new features based on
the data's structure (Chawla et al., 2002).

This step utilizes unsupervised learning techniques like k-means and hierarchical clustering to uncover
hidden structures within the data. These algorithms group data points with similar characteristics,
revealing potential classes or relationships that might be missed in raw data. This process improves
classification by guiding algorithm selection and parameter tuning and providing new features based on
the data's structure.

This approach is grounded in a set of fundamental principles:

1. Grouping Training Examples into Clusters: The first step involves organizing the training
examples into clusters based on inherent patterns within the data.

2. Encoding Clusters as New Features: Next, these clusters are encoded as new features,
which serve as valuable input for the classification model.

3. Utilizing the Trained Model: Predictions are generated using the model that has been trained
with these augmented features.

The underlying assumption of this step is that the classes in the dataset inherently reflect its natural
groupings. However, this may not always be true. Therefore, it is worth investigating whether clustering
can improve the classification process by uncovering the dataset's inherent structure. Ideally, if the
structures discovered through clustering perfectly align with those indicated by the classes,
classification becomes straightforward. Otherwise, the information about the "hidden" structure
revealed by clustering can enhance the overall accuracy of classification models (Piernik & Morzy,
2021).

As depicted in Figure 1, the features are categorized into two groups based on the type of input data
(AL-Bakri et al., 2021). The outcomes of the clustering processes, specifically achieved through
hierarchical and K-means algorithms, result in two distinct clusters labeled "Delivery" and "Quality and
Price," respectively. These resultant clusters are subsequently employed as novel attributes for
classification purposes.

e The "Delivery" feature, representing the delivery quality of a restaurant, is characterized by five
discrete values.

e The "Quality and Price" feature, encapsulating the cost-quality dynamics of food, spans a
spectrum of thirteen discrete values.

The clustering results and the original features are combined to form the input for feature selection
algorithms, a crucial step aimed at further improving classification results (Piernik & Morzy, 2021). A
detailed exploration of the Hierarchical and K-means clustering approaches is provided in the
subsequent section.

Hierarchical clustering approach:

Hierarchical clustering encompasses two primary types: agglomerative and divisive. In this study, a
divisive hierarchical clustering approach is employed in a top-down fashion, with the root node initially
encompassing the entire dataset. The hierarchy is constructed by recursively dividing each node,
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denoted as X, into two child nodes, X1 and X2, where X = X1 U X2 and X1 N X2 = @ (Wei etal., 2019).
This process continues until individual data elements are represented as singletons (Nielsen, 2016).

As illustrated in , given that the parameters related to "Delivery" are binary, values are assigned based
on their presence or absence. The construction of this hierarchical tree is conducted manually, guided
by correlation coefficients with the "Aggregate Rating" attribute. Consequently, the attribute "Has Table
Booking" assumes the root position within the tree. The assignment of values to the tree's leaves is as
follows:

-

If all variables are zero, the leaf corresponds to class one.

If "Has Table Booking" and "Has Online Delivery" are zero, and either "Delivering Now" or

"Switch to Menu" is one, the leaf represents class two.

3. If "Has Table Booking," "Has Online Delivery," and "Delivering Now" are zero, one, and zero,
respectively, the leaf corresponds to class two.

4. If "Has Table Booking," "Has Online Delivery," and "Delivering Now" are zero, one, and one,
respectively, the leaf represents class three.

5. If "Has Table Booking," "Has Online Delivery," and "Delivering Now" are one, zero, and zero,
respectively, the leaf corresponds to class three.

6. If "Has Table Booking," "Has Online Delivery," and "Delivering Now" are one, zero, and one,
respectively, the leaf represents class four.

7. If all "Has Table Booking" and "Has Online Delivery" are one, and either "Delivering Now" or
"Switch to Menu" is zero, the leaf corresponds to class four.

8. If all variables are one, the leaf represents class five.

N

Has table
booking

‘
Has online Has orllme
delivery dehvery

: ! l
Delivering ‘ Delivering Delivering
now now now

unavailable——available— [~unavailable——available— unavailable——available— ol J—pwliibls 1
¥ . v v v v

Delivering |
now

Switchto | | Switch to Switch to
‘ menu

Switch to ‘ Switch to Switch to | Switchto | Switch to |
menu menu menu menu menu
- : |

anavailable - aval

menu menu

U - = S = ot e

=
\/ &/ &/ &

Figure 2. Hierarchical Clustering of "Delivery" Class
K-means clustering approach:

The K-means algorithm is a commonly employed clustering technique in the field of data mining. In K-
means clustering, a set of n observations is partitioned into k distinct clusters, with each observation
allocated to the cluster whose mean is closest to it (Moore, 2001). The significance of K-means lies in
its dual utility for data analysts: firstly, it facilitates the identification of underlying simple patterns and
effective handling of multi-class datasets (Yu et al., 2015), and secondly, it helps find the most suitable
number of clusters, thus assisting in the final configuration of the clustering process.

In this study, the ELBOW method (Thorndike, 1953) is utilized to establish the optimal number of
clusters, ultimately determining it to be 13 for the dataset. The ELBOW method, a common heuristic in
mathematical optimization, involves an iterative calculation of cluster costs. It starts with an initial value
of K=2 and increments it by one at each subsequent step. The cost experiences a significant reduction
until a specific critical threshold of K is reached. Beyond this point, the cost stabilizes, maintaining a
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relatively constant level. This threshold represents the most suitable cluster quantity, where further
cluster augmentation would yield no significant improvements to data modeling.

Moreover, the "Quality and Price" feature with 13 possible distinct values and distances between each
sample and all cluster centers is computed, resulting in the addition of 13 new features to the dataset
for training. The results indicate that these new features have no impact and also cause additional
processing time.

2.3. Oversampling - Step 3

Imbalanced datasets, where certain classes are underrepresented, can negatively impact the
performance of classification models. To address this challenge, this step employs the Synthetic
Minority Oversampling Technique (SMOTE) (Chawla et al, 2002). SMOTE increases the
representation of underrepresented classes by generating synthetic data samples based on existing
ones.

Figure 3 illustrates the impact of SMOTE on the user ratings dataset (Douzas & Bacao, 2018). Figure
3(A) shows the original imbalanced distribution, where class 4 (rating of 4) is dominant. Figure 3(B)
depicts the dataset after oversampling using SMOTE. Here, the representation of underrepresented
classes (like class 2) is increased, resulting in a more balanced distribution that can improve model
performance during classification.

2000 2000

1500 1500
1000 1000

500 500

(B)

Figure 3. User Rating Distribution Before(A) and After(B) Oversampling with SMOTE

2.4. Feature Selection - Step 4

To pinpoint the most informative features for classification, this step employs the Sequential Feature
Selection (SFS) algorithm (Liu, 2010; Solorio-Fernandez et al., 2020). SFS iteratively adds features to
the model based on their correlation with the existing set, ultimately selecting the most relevant ones
for classification performance.

Initially, all features generated or used previously (including "Delivery" and "Quality & Price") are
considered. SFS starts by including "Quality & Price" and "Delivery." In each subsequent step, it adds
the feature that most improves the model's performance. This process continues until adding more
features no longer benefits the model (Figure 4). As a result, SFS selects a subset of seven features
out of the initial ten: "Has online delivery," "Has table booking," "Cuisine," "Price range," "Votes,"
"Delivery," and "Quality & Price."
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Initially, all features generated or used previously (including 'Delivery,’ 'Quality & Price,' 'Has online
delivery,' 'Has table booking,' 'Is delivering now," 'Switch to order menu,' 'Cuisines,' 'Average cost for
two,' 'Price range,' and 'Vote' (AL-Bakri et al., 2021)) are considered. SFS SFS starts by including
"Quality & Price" and "Delivery." In each subsequent step, it adds the feature that most improves the
model's performance. This process continues until adding more features no longer benefits the model,
as evident from the performance curve depicted in Figure 4. As a result, SFS selects a subset of seven
features out of the initial ten variables, namely 'Has online delivery,' 'Has table booking,' 'Cuisine,' 'Price
range,' 'Votes,' 'Delivery,' and 'Quality & Price.'

Sequential Forward Selection

090

085

080

Performance
o
-~
v

2 3 - 5 6 7 8 9 10
Number of Features

Figure 4. Feature Selection Performance

2.5 Classification - Step 5

This step utilizes various classification algorithms to predict restaurant classifications based on user
ratings. The algorithms employed include Random Forest (Ho, 1995), Support Vector Machine (SVM)
with different kernels (Cortes & Vapnik, 1995), Least Squares SVM (LS-SVM) (Suykens & Vandewalle,
1999), N-nearest Neighbors (Cover & Hart, 1967), Decision Tree (Wu et al., 2008), Naive Bayes (Hastie,
Tibshirani, Friedman, & Friedman, 2009), and Gradient Boosting (Hastie, Tibshirani, Friedman, Hastie,
et al., 2009). The classification algorithms utilize the newly created features ("Delivery" and "Quality &
Price") alongside the features selected by the SFS algorithm (Section 2.4). Additionally, the "Aggregate
Rating" serves as the class label for each data point.

A detailed evaluation of these algorithms is presented in the following section. However, it is important
to highlight that Random Forest emerged as the best performer for restaurant classification, particularly
concerning user ratings. This section can be further expanded upon after the evaluation to explain the
specific advantages of Random Forest in this context (Breiman, 2001).

3. RESULTS

This analysis leverages a dataset of restaurant reviews obtained from the Kaggle platform (e.g., Zomato
data), initially containing approximately 3,324 unique instances after removing duplicates. We employed
a combination of feature selection and oversampling techniques to improve classification performance
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for predicting user ratings. However, before exploring these techniques, we established a robust
evaluation framework using F1-score, Cohen's Kappa Coefficient (Cohen, 1960), and ROC AUC. F1-
score balances precision and recall for overall effectiveness, while Kappa considers chance agreement
for a more robust measure (ranging from -1 to 1). Accuracy alone can be misleading for multi-class
classification tasks because it does not account for chance agreement, especially with imbalanced data
(Grandini et al., 2020). Cohen's Kappa offers a more robust solution by measuring the agreement
beyond random chance, providing a clearer picture of a model's ability to distinguish between the
various classes. ROC AUC indicates how well a model can distinguish between positive and negative
categories. Subsequently, we employed data augmentation alongside feature selection. Oversampling,
a technique that increases dataset size by creating new data points, significantly improved the F1-score.
For instance, after dataset augmentation, the Random Forest algorithm's F1-score increased from 0.56
to 0.91.

In order to determine the most appropriate classification method for our framework, we conducted a
comparative analysis of various options. Their model's performance was evaluated using the kappa
score, accuracy, precision, and F1-score. The results are detailed in Table 3, with the best scores
highlighted in bold. Based on this evaluation, Random Forest's effectiveness was confirmed as it
outperformed other algorithms. Consequently, Random Forest will be the primary classifier used in the
subsequent analysis.

Table 3. performance Comparison of classification algorithms

Supervised Classification Method | Kappa Score | Accuracy Precision F1_score
Random Forest 87% 90% 91% 91%
Gradient Boosting 86% 88% 90% 89%
Decision Tree 83% 86% 88% 85%
K Nearest Neighbors 70% 76% 76% 76%
LS SVM (Kernel: Gaussian) 57% 64% 60% 60%
SVM (Kernel: RBF) 55% 64% 65% 64%
SVM (Kernel: Linear) 40% 52% 54% 51%
Naive Bayes 45% 55% 64% 54%

Next, we assessed the generalizability and performance of the Random Forest model. While Clustering-
augmented data may have influenced the topical scoring of restaurants, our primary focus here is
classification accuracy.

The Random Forest model achieves a mean score of 88% across a 10-fold cross-validation, indicating
good generalizability and avoiding overfitting the training data. To further analyze the model's
performance breakdown, we will examine the confusion matrix presented in Table 4.

Table 4. Confusion Matrix for Random Forests Classification

> Class 1 541 0 0 0 0
g Class 2 0 433 1 5 0
2 Class 3 0 22 467 100 8
% Class 4 0 19 45 693 8
] Class 5 0 4 5 52 402
Class 1 Class 2 Class 3 Class 4 Class 5
Predicted Values
Accuracy 90%
F1-Score 91.05%
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The study reports a promising machine learning model based on a test with 2797 data points. The
model achieved 90% accuracy, suggesting it effectively learned the underlying data patterns and can
potentially generalize well to unseen data. Table 4 likely shows a confusion matrix, offering a more
detailed model performance breakdown. Ideally, the diagonal of this matrix would have high values,
indicating a large volume of accurate forecasts for each class. The text highlights that most errors
involved the model picking a class adjacent to the correct one. This "almost right" scenario suggests
the model understands the data well but might struggle to differentiate similar classes.

Figure 5 shows the model's performance when classifying data points near class boundaries. It reveals
that many detection errors occur when the model predicts a data point as one of its adjacent classes.
This can be readily understood considering the inherent similarity between neighboring classes,
especially in the context of user recommendations.

However, a crucial aspect to consider is that these errors might not be entirely detrimental. Given the
close relationship between the classes, if a data point is classified as a neighboring class, it still reflects
a degree of correctness. This observation is reflected in the high accuracy improvement of
approximately 98.8%. Overall, Figure 5 offers valuable insights into The model's capacity to differentiate
between closely related classes, even when encountering occasional misclassifications that might be
considered partially correct due to the inherent similarity between neighboring classes.

19
0
5 W FALSE
H Neighbor
W Accurate

class 1 class 2 class 3 class 4 class 5

Figure 5. Impact of Near-Class Boundaries on Model Performance

Figure 6 showcases the model's performance using a Receiver Operating Characteristic (ROC) curve.
The Area Under the Curve (AUC) is a key indicator of model effectiveness, is approximately 0.99 in this
case. This high AUC signifies the model's strength in differentiating between positive and negative
classes, demonstrating its potential for accurate prediction.
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Figure 6. ROC Curve of the Novel Classification Model
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4. DISCUSSION AND CONCLUSION

This research leverages machine learning techniques to extract latent patterns within user data,
achieving superior accuracy in predicting restaurant rankings. Unlike prior studies (e.g., (AL-Bakri et al.,
2021)), a key strength of this work lies in its ability to forecast user ratings for newly established
restaurants. This capability is facilitated by uncovering latent data structures, or underlying patterns,
within user ratings.

By employing K-means and hierarchical clustering algorithms, the data undergoes preprocessing and
augmentation, revealing these latent structures. These structures improve the model's generalization
capabilities, enabling it to adapt to new data and predict user preferences for unrated restaurants.

The proposed model's success hinges on the core principle of exploiting latent structures. This principle
extends beyond predicting ratings for new establishments. Our approach delves deeper than typical
ambiance evaluation by additionally predicting food delivery scores. Furthermore, it analyzes how user
ratings in non-delivery restaurants, representing a distinct latent structure, influence the predicted
outcomes. This multifaceted evaluation demonstrates the model's capacity to handle diverse user
preferences.

Finally, the study incorporates restaurants from a global perspective, achieving superior ranking results
compared to research confined to specific locations (e.g., (Moore, 2001; Nielsen, 2016; Piernik & Morzy,
2021)). This global scope underscores the generalizability of the findings, further solidifying the
effectiveness of uncovering latent structures in user rating data.

This work offers valuable insights for both diners and restaurant owners. Diners can utilize the predicted
rankings to make informed decisions, while restaurant owners gain a deeper understanding of customer
preferences across various locations.
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Future research directions include incorporating additional parameters like service speed and food
volume to enhance model performance. Additionally, exploring how cultural variations influence dining
experiences across different locations could provide even more comprehensive insights.
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