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Abstract

In the era of information overload, online platforms accumulate vast amounts of

user-generated content, including reviews of various places and establishments. Leveraging

this valuable data, content-based recommendation systems have emerged as pivotal tools

for personalized user experiences. This paper investigates the recommendation algorithms,

with a specific focus on utilizing textual content from reviews to offer personalized

suggestions to users.

The research begins by exploring the challenges posed by traditional recommendation

systems and the advantages offered by content-based approaches. It delves into natural

language processing techniques, sentiment analysis, and machine learning algorithms to

extract meaningful insights from textual reviews. The study further investigates the

integration of user preferences, contextual information, and location-based data to enhance

the accuracy and relevance of recommendations.

The results demonstrate the system's ability to provide personalized and contextually

relevant recommendations, thereby enhancing user satisfaction and engagement.

This research contributes to the evolving landscape of recommendation systems, offering

valuable insights into the fusion of textual content analysis and machine learning

techniques. The findings have significant implications for online platforms, businesses, and

consumers, paving the way for more effective and user-centric content-based

recommendation systems in the digital realm.
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1. INTRODUCTION

In the digital age, the overwhelming amount of information has compelled online

platforms to employ sophisticated recommendation systems, ensuring users are presented

with content tailored to their preferences. Social media platforms curate posts and ads

based on user's interests and location, while e-commerce websites utilize search history,

demographics, and buying patterns to showcase products tailored to individual preferences.

This approach resolves numerous challenges for both businesses and users.

By eliminating the need to sift through an extensive catalog of options, these systems save

users valuable time and enhance their engagement with relevant products, fostering a more

efficient decision-making process [1]. Moreover, in the realm of e-commerce,

recommender systems not only streamline the user experience but also significantly boost

revenues by increasing sales [2]. Beyond commerce, these systems extend their benefits to

users by helping them discover new options in the form of books, movies, and songs they

might have otherwise missed.

This thesis aims to unravel the intricacies of recommender systems, particularly those

fueled by textual data, with a specific emphasis on their application in recommending

establishments, such as restaurants and cafes. While numerical ratings and categorical

preferences form the foundation for recommendations, the examination of textual reviews

in the context of establishment recommendations presents a unique challenge due to the

limited availability of standardized data. In this realm, platforms like Google Maps offer

basic information such as location and opening hours; however, the richness of valuable

insights resides within the detailed textual descriptions and reviews provided by users.

Understanding the practical challenges faced by recommender systems in recommending

food establishments, this research seeks to explore both the theoretical and practical

aspects of their application. By delving into the complexities of processing textual data and

extracting meaningful information, the aim is to refine and enhance the recommendation

process, providing users with more tailored and relevant suggestions. The focus on

establishments acknowledges the distinctive challenges posed by the subjective nature of

user opinions and the need for nuanced contextual understanding in this domain.
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Through a comprehensive exploration of recommender systems, this thesis endeavors to

bridge the gap between the theory and practical implementations. By addressing the

inherent challenges arising from varied data sources and limited standardization in the

establishment recommendation context, the research aims to propose innovative solutions.

The overarching objective is to contribute to the evolution of recommendation technology,

making it more adaptable, nuanced, and attuned to the dynamic needs of users in both

theoretical and practical applications, particularly in the context of suggesting places of

interest such as restaurants and cafes.
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2. Recommender systems types

This chapter delves into recommender systems types, facilitating an understanding of the

different types and their operations. It is essential to grasp the basic knowledge of

recommender systems, in order to explore the practical applications of these systems in

real-life scenarios. By providing a comprehensive understanding of these systems, this

chapter lays a foundation for the subsequent chapters, which will examine practical

examples and applications.

Figure 1. Recommender systems types

2.1 Knowledge-based recommender systems

Knowledge-based recommender systems operate on explicit knowledge about users, items,

and recommendation criteria [3]. They prove invaluable in situations where other

recommendation systems falter, especially when items are infrequently purchased, leading

to insufficient data for feature learning. In these instances, Knowledge-based

recommenders take a proactive approach by directly querying users about their

preferences, utilizing this firsthand information to initiate tailored recommendations.

These systems excel in overcoming the daunting "cold start" problem, a scenario where

there's insufficient gathered data about a user to draw meaningful inferences. By relying on

user-provided preferences, knowledge-based recommenders navigate this challenge,

ensuring personalized recommendations even in the absence of extensive user history.

Their ability to seamlessly adapt to such circumstances highlights the effectiveness of

knowledge-based approaches in enhancing user experience and satisfaction.
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2.2 Content-based filtering recommender systems

Content-based filtering is a method that focuses on analyzing item attributes to predict user

preferences. By examining a user's past evaluations, the system suggests items similar to

those the user has liked before [4][5].

It uses different probabilistic models such as Naïve Bayes Classifier, Decision Trees, and

Neural Networks to find similarities between items and offer relevant suggestions.

Content-based filtering does not rely on other users' profiles, which could be beneficial if

the user database is limited. It quickly adjusts to changes in a user's preferences, making it

responsive.

However, it requires a deep understanding and description of the items' features in the

user's profile. [5]

2.2.1 Content-based systems advantages and disadvantages

Content-based (CB) filtering techniques address the limitations of Collaborative Filtering

(CF) by offering solutions to several challenges. Unlike CF, CB filtering can recommend

new items even if users haven't rated them. This means that even if there's no information

about user preferences in the database, the accuracy of recommendations isn't affected.

Additionally, CB filtering can quickly adapt its suggestions if a user's preferences change.

It can handle situations where users don't share the same items but have similar intrinsic

features. One notable advantage is that users can receive recommendations without sharing

their personal profiles, ensuring privacy [6]. CB filtering techniques can also provide

explanations to users about how recommendations are generated.

However, CB filtering techniques come with their own set of issues. They rely heavily on

detailed metadata of items and well-organized user profiles before making

recommendations. This requirement is known as limited content analysis, and the

effectiveness of CB filtering depends on the availability of descriptive data. Another
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problem is content overspecialization, where users are limited to receiving

recommendations similar to items already defined in their profiles.

2.3 Collaborative filtering recommender systems

Collaborative filtering is a method used to predict and recommend items like movies or

music to users, even when these items do not have detailed descriptions or metadata. It

works by creating a database that shows how users rate different items. Based on this data,

the technique finds users with similar tastes and preferences called a "neighborhood" and

suggests items to a user that they had not rated before but were liked by others in their

neighborhood. These suggestions can be numerical predictions, expressing the expected

score for an item, or a list of top recommended items. [5]

2.3.1 Collaborative Filtering Systems Advantages and Disadvantages

Collaborative Filtering (CF) offers several advantages over Content-Based Filtering (CBF).

One major strength of CF is its ability to function in domains where items lack substantial

associated content or where the content is challenging for a computer system to analyze,

such as opinions or ideals. Additionally, CF can provide serendipitous recommendations,

suggesting items that are relevant to the user even if those items are not present in the

user's profile. CF techniques determine recommendations by considering similarities

between users and items simultaneously, and they automatically learn feature

representations. This means there is no requirement to create specific features manually or

possess extensive domain knowledge about those features.

Cold-start problem

This problem arises when a recommender system lacks sufficient information about a new

user or item to make accurate predictions. New users or items have empty profiles because

they haven't rated any items yet, making it difficult for the system to understand their

preferences.
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Data sparsity problem

This issue occurs when only a small fraction of items in a database are rated by users,

leading to a sparse user-item matrix [4]. Sparse data makes it challenging to identify

suitable neighbors for recommendations, resulting in weak and limited suggestions. Data

sparsity also affects the coverage of recommendations, indicating the percentage of items

the system can provide recommendations for.

Scalability

Scalability problems emerge as recommendation algorithms struggle with increased

computational demands proportional to the growing number of users and items.

Techniques efficient for smaller datasets may fail to generate satisfactory recommendations

when dealing with larger volumes of data. It is essential to employ recommendation

methods that can scale effectively as the dataset size expands. Solutions involve using

Dimensionality reduction techniques like Singular Value Decomposition (SVD) to produce

reliable and efficient recommendations.

Synonymy

Synonymy refers to similar items having different names or entries, posing a challenge for

recommender systems. Distinguishing between closely related items, such as "baby wear"

and "baby cloth," can be difficult. Collaborative Filtering systems often struggle to

compute their similarity. Various methods, including automatic term expansion, the

creation of a thesaurus, and techniques like Latent Semantic Indexing, can address

synonymy issues. However, these methods may introduce terms with unintended

meanings, leading to a decline in recommendation accuracy [5].
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2.4 Hybrid recommender systems

Hybrid recommender systems utilize a blend of two or more recommendation techniques

to enhance performance while minimizing the drawbacks associated with individual

methods [4]. The fundamental concept behind hybrid systems is that a combination of

algorithms can yield more precise and efficient recommendations compared to a single

algorithm. This approach leverages the strengths of one algorithm to compensate for the

weaknesses of another, resulting in improved overall accuracy and effectiveness.

2.4.1 Deep Reinforcement Learning in recommender systems

In contemporary recommendation systems, the integration of deep reinforcement learning

(DRL) stands out as a frequent component within a hybrid recommender system.

DRL excels in optimizing recommendations through the lens of user interaction metrics,

by using the interaction metrics as a reward signal to optimize a personalized policy that

adapts to individual preferences. This hybrid system, coupling DRL with other

recommendation techniques like collaborative filtering and content-based filtering,

overcomes the limitations of individual methods, delivering recommendations that are

more accurate, diverse and more specific to the individual user. DRL's inherent ability to

address the exploration-exploitation tradeoff ensures a delicate balance in recommending

familiar items while exploring new suggestions to accommodate shifting user preferences.

Furthermore, its application mitigates cold start issues, particularly relevant for new users

or items, by drawing insights from historical data and continually adapting

recommendations based on real-time user feedback. In essence, the amalgamation of DRL

in hybrid recommendation systems not only offers dynamic and adaptive recommendations

but also addresses critical challenges such as the exploration-exploitation tradeoff and cold

start issues, presenting a comprehensive solution to enhance the efficacy of

recommendation systems [7].
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3. RECOMMENDATION SYSTEMS PRACTICAL APPLICATION -

RESTAURANTS AND ESTABLISHMENTS RECOMMENDER

This section of the thesis demonstrates the practical application of recommender systems

for restaurant and establishment recommendations. Google Maps data and user preferences

for restaurants will be used to create a recommender system that delivers the most relevant

restaurant suggestions to the user.

3.1 Dataset

The dataset used to build the content-based recommendation system contains

comprehensive information about the places, including details like opening hours,

addresses, coordinates, and numerous other parameters. These additional data points can be

utilized to create context-aware recommendations tailored to specific user preferences and

requirements.

Figure 2. An example of some of the establishment details dataset entries.
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Pandas, a Python library for data manipulation and analysis, is used to transform and

analyze the dataset.

Figure 3. Pandas command that shows the dataset shape.

The dataset contains 6676 rows and 40 columns, or 6676 samples and 40 features.

Figure 4. The full list of the datasets’ features.

When recommending places to users, two primary approaches, content-based filtering and

collaborative filtering, can be employed. In this case, the preference is for content-based
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filtering because the dataset includes detailed descriptions of items (places) but lacks

sufficient user information. Content-based recommenders treat the recommendation task as

a user-specific classification problem. They develop a classifier to discern a user's likes and

dislikes based on the features of items. Consequently, users in our recommender system

can specify a list of preferred and disliked places, receiving pertinent recommendations

tailored to their preferences.

The system generates a content-based user profile by forming a weighted vector of item

features. These weights indicate the significance of each feature to the user and can be

derived through various methods. Basic methods involve calculating the average values of

the rated item vector, while more advanced techniques leverage machine learning methods

like Bayesian Classifiers, cluster analysis, decision trees, and artificial neural networks.

These approaches aim to estimate the likelihood that the user will have a favorable opinion

of the item.

3.2 Data Preprocessing

Data preprocessing is a crucial initial step in machine learning projects, addressing the

challenges posed by raw, often imperfect data. It involves handling noises, addressing

missing values, and formatting data to align with machine learning model requirements.

Data is seldom pristine in real-world scenarios, and preprocessing ensures the data is clean

and structured appropriately. This removes impediments and significantly enhances the

accuracy and efficiency of subsequent machine learning models. The process is

indispensable for transforming raw data into a format that optimally supports the success

of machine learning algorithms.

3.2.1 Handling Missing Values

In real-world datasets, encountering missing values is a common occurrence rather than an

exception. This prevalence of missing data underscores the importance of addressing this

issue in the data preprocessing step of machine learning projects. Handling missing values
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becomes crucial as it can have a significant impact on the quality and reliability of the

subsequent machine learning models. Failing to appropriately manage missing data may

lead to skewed insights, biased predictions, or even compromised model performance.

Thus, an effective strategy for handling missing values is essential to ensure the robustness

and accuracy of machine learning analyses.

Visualizing Missing Data

Visualizing missing data is crucial for handling it because it provides a clear picture of

where the gaps exist in the dataset. Using graphs or charts to represent missing values, one

can easily identify patterns, clusters, or trends in the missing data. This visualization helps

make informed decisions about handling missing values effectively. It allows for seeing if

certain features have a higher percentage of missing data or if there's a relationship

between missing values in different columns. Understanding the distribution of missing

data aids in choosing appropriate strategies for imputation, deletion, or other methods,

ensuring that the dataset is correctly prepared for analysis or machine learning tasks.

Numerical Summaries

Numerical summaries in missing data visualization serve as a straightforward and effective

way of presenting key information about the extent and distribution of missing values in a

dataset. These summaries offer simplicity in providing quantitative metrics, such as the

percentage of missing data for each feature and total counts of missing values.
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Figure 5. Number of missing values per feature column.

It is possible to employ a custom-written function for outputting the numerical summary in

a more suitable for a specific use-case format.

Figure 6. A function for calculating the number and percentage of missing values per

feature column.
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The number and percentage of missing values for each column can be examined using the

custom-written numerical summary function.

Figure 7. Number and percentage of missing values per feature column.

Matrix Visualization

Matrix visualization of missing values, often represented as a nullity matrix, is a potent

tool for comprehending the distribution of missing data throughout a dataset. The nullity

matrix provides a comprehensive view where rows symbolize data points, columns

symbolize features, and each cell indicates the presence or absence of missing values.

Distinct colors or symbols are employed to highlight missing values, facilitating the

identification of their prevalence and patterns across the dataset. This visualization in the
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form of a sparkline or a striped line, offers a graphical emphasis on rows with the highest

and lowest nullity, aiding in the identification of critical patterns and trends.

Figure 8. Matrix visualization of the missing dataset values.

Correlation Heatmap

The correlation heatmap assesses nullity correlation, indicating how the presence or

absence of one feature in the dataset influences another. The nullity correlation scale spans

from -1 to 1: -1 signifies that the presence of one column ensures the almost certain

absence of the other, 0 implies no dependence, and one indicates that the presence of one

column ensures the presence of the other. Notably, the heatmap reveals correlations in data

completeness between attribute pairs. However, columns that are consistently full or empty

lack meaningful correlation and are excluded from the visualization. While effective for

attribute pair correlations, the heatmap has limitations in capturing broader relationships

and lacks specialized support for extensive datasets.
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Figure 9. Correlation heatmap of the missing dataset values.

Dendogram

A dendrogram is a tree-like diagram used to display hierarchical relationships between sets

of data. In the context of visualizing missing values, a dendrogram is often employed to

show the hierarchical clustering of variables based on their patterns of missing data. Each

variable is represented as a leaf node in the tree, and the branches of the tree depict the

similarity in missing value patterns between variables. Dendrograms can provide insights

into the structure of missing data, highlighting groups of variables that exhibit similar

patterns of missingness.

In interpreting the dendrogram, a top-down approach is employed, where attention is given

to the height at which two columns are joined, signifying nullity correlation. A lower

height indicates a stronger correlation, while a greater height suggests a weaker

relationship. Regarding the example provided, if a pair of attributes such as "Reviews

Count" and "Rating" are joined at height 0, it indicates a high correlation in terms of
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nullity. On the other hand, when attributes such as "Rating" and "Serves Brunch" have a

maximum height, it signifies a lower correlation between them.

Figure 10. Dendogram representation of the missing values in the dataset.

Deletion of Data

One straightforward approach for handling missing values is to eliminate entire attributes

or samples containing missing values. However, this decision should be made cautiously,

taking various aspects of the data into account. For instance, one can remove predictors

with any missing values or remove samples that have any missing values.

Deletion of Attributes

If an attribute has a high percentage of missing values (around 80-90%), it could be

beneficial to delete that attribute instead of predicting values based on the remaining

10-20% of the data.

19



Figure 11. A script for deleting attributes with a percentage of missing values greater than

a specified threshold.

Executing the script to remove attributes with a missing value percentage exceeding a set

threshold of 90% resulted in the elimination of two columns from the dataset: Editorial

Summary and Editorial Summary Language. Both columns had 92.331% of their values

missing.

Given the paper's focus on constructing a recommender system for restaurants within a

specific country, the inclusion of the "Country" column doesn't contribute significantly to

machine learning algorithms. Typically, this column is expected to contain a single value

and can be safely excluded from the dataset. In this specific case, examining unique values

in the "Country" column revealed an additional entry, "Slovakia." This unexpected result

might be attributed to Google Maps fetching restaurants based not on country but on

proximity to a specified coordinate point. Given that Slovakia is a neighboring country to

Hungary, it's plausible that some restaurants located in close proximity to a coordinate set

in downtown Budapest were inadvertently included. After filtering out restaurants not

situated in Hungary, the "Country" column can be confidently removed, as it adds no

further meaningful insights to the restaurant data. Thus, additional 56 samples and 1

column were removed from the dataset.
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Figure 12. Filtering restaurants that are not located in Hungary, dropping “Country”

column.

Deletion of Samples

If the number of samples (M) is large for your task, deleting samples might be a viable

option. However, if a sample has only a few missing values concerning attributes, other

methods to fill those missing values should be considered.

Regarding the dataset, rows with less than 8 out of 37 columns were eliminated, resulting

in the removal of 14 rows. This addressed incorrect samples where all values were missing.

This action addressed incorrect samples where all values were missing.
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Figure 13. Dropping samples with with less than 8 present columns.

Encoding Missing Values

Encoding missing values involves representing them in a structured form that can be

handled by machine learning algorithms. One common approach is to assign a specific

placeholder or label to denote missing values in the dataset. This ensures that the missing

values are recognized by the algorithm during data processing.

For categorical features, missing values can be encoded as a separate category or labeled

with a unique identifier, allowing the algorithm to distinguish them from valid categories.

This prevents the loss of information related to the absence of certain values.

In numerical features, missing values can be encoded as a specific number (e.g., -1) or

using statistical measures like the mean or median of the existing values. This maintains

the numerical structure of the data while providing a clear indication of missing

information.

By using Pandas, it can be determined which columns of the dataset have missing values to

perform operations exclusively on them.
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Figure 14. A list of columns where at least 1 value is missing.

Additionally, the type of the columns can be determined as well, in case separate

operations need to be performed on columns with different value types.

Figure 15. A list of categorical columns with missing values.
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One possible way to encode missing categorical values is to fill all the missing values with

a new category, e.g. “Missing”.

Figure 16. An example of Missing Values Encoding.

One can obtain information about missing values in columns before and after encoding by

utilising Pandas' info method. Upon comparing the two sets of information, it becomes

evident that all the missing values have been successfully filled in.

Figure 17. Summary of non-null values count for the dataset columns before missing

values encoding.
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Figure 18. Summary of non-null values count for the dataset columns after missing values

encoding.

Previously, an example illustrated the encoding of missing values. Considering that

missing data columns in the dataset could be estimated based on other columns (e.g., if a

restaurant serves wine, it is likely to serve beer and dinner), and vice versa. Similarly,

working hours could be approximated based on the type of establishment and the average

working hours of similar places. Therefore, exploring data imputation on the dataset

becomes a valuable consideration.

Imputation of Missing Values

One approach to address missing values is imputation, where estimates fill in the gaps

based on information and relationships within the dataset. This involves leveraging

patterns from attributes with non-missing values to provide reliable estimates for the

missing ones.

One of the widely adopted techniques for imputing missing values is the K-Nearest

Neighbors algorithm.
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K-Nearest Neighbors (KNN) is a straightforward machine learning algorithm used for

classification and regression tasks. In KNN, data points are represented as vectors in a

multi-dimensional space, and predictions are made based on the majority class of the

k-nearest neighbors for classification or the average of their values for regression. The

algorithm calculates distances between the data point to be classified and all other data

points, then selects the k-nearest neighbors. The final prediction is determined by majority

voting for classification or averaging for regression among these neighbors.

However, a drawback of KNN lies in its reliance on Euclidean distance calculations,

rendering it sensitive to outliers. Additionally, KNN struggles with categorical data,

necessitating data transformation, and performs optimally when the data is scaled. These

challenges are effectively addressed by leveraging Random Forest-based imputation

methods.

MissForest algorithm for Missing Values Imputation

In this study, a more sophisticated approach is explored, the MissForest algorithm -

implemented through the IterativeImputer from the scikit-learn machine learning library

for Python, utilizing Random Forests as regressors to mimic its behaviour. MissForest is an

imputation algorithm tailored to handle missing values, particularly in datasets featuring

both numerical and categorical variables. The algorithm employs a random forest strategy

to iteratively impute missing values.

The imputation process is iterative, refining imputations over multiple passes to

continually enhance accuracy. Notably, MissForest introduces a stochastic element,

inherent to the random forest strategy, adding randomness to the imputation process. This

stochasticity contributes to the algorithm's resilience and effectiveness in handling missing

data across diverse datasets.
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Algorithm Overview:

1. Initialization:

- Initialize the dataset, replacing all missing values with a placeholder (usually NaN).

2. Iterative Imputation:

- Perform iterative imputation for a specified number of iterations or until convergence.

- Build a random forest in each iteration using observed data for variables with missing

values.

- Impute missing values for each variable using predictions from the corresponding

random forest.

- Repeat the process for all variables with missing values.

3. Convergence:

- Continue iterations until a stopping criterion is met. Convergence occurs when imputed

values stabilize or show minimal changes.

4. Output:

- Obtain a final dataset with imputed values for all missing entries.

As the RandomForestClassifier cannot handle categorical values directly, the categorical

columns underwent encoding using scikit-learn's LabelEncoder. By employing

scikit-learn's IterativeImputer with RandomForest as an estimator, the behaviour of the

MissForest imputation algorithm was successfully replicated.
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Figure 19. Imputation of the missing dataset values using scikit-learn IterativeImputer.

By using Pandas' head method, the first five rows of the dataset can be compared before

and after the imputation was applied.

Figure 20. The first 5 rows of the dataset, before the imputation of missing values, the first

part.

28



Figure 21. The first 5 rows of the dataset, before the imputation of missing values, the

second part.

After applying the IterativeImputer all of the missing values have been imputed. Notably,

for the opening and closing times, the algorithm approximated the times based on places it

deemed similar and considered the overall values within the dataset.

Figure 22. The first 5 rows of the dataset, after the imputation of missing values, the first

part.

Figure 23. The first 5 rows of the dataset, after the imputation of missing values, the

second part.
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Feature Engineering

Feature engineering is the process of creating new features or modifying existing ones in a

dataset to enhance the performance of machine learning models. It involves transforming

raw data into a more suitable format, extracting relevant information, and generating

additional features that can contribute to the model's predictive power.

For the dataset, feature engineering is necessary for the "Types" column. Within "Types"

each entry contains a list of types relevant to the place. The column needs transformation

into a one-hot encoded format for easier processing by machine learning algorithms.

The lists were split, and the pandas value counts function was applied to obtain the count

of each type appearing within the column.

Figure 24. Value counts of each type of the “Types” column.
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The "Type" column was converted into 56 one-hot-encoded columns using the pandas

`get_dummies` function.

Figure 25. Conversion of the “Types” column into one-hot encoded columns.

Some of the columns and entries that somehow entered the dataset are not relevant for our

application, the example are entries with “Type_hardware_store” column equal to 1, those

entries could accidentally get into the dataset during data collection phase and need to be

dropped.

Figure 26. Dataset entries with the “Type_hardware_store” column equal to 1.
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Automating the process of removing irrelevant columns and entries can be achieved by

developing a function that identifies and drops data entries based on provided one-hot

column values.

Figure 27. A function for automatic removal of data entries and column dropping based on

the provided column name, the list of columns that are irrelevant to our application.

Figure 28. remove_type function run for all of the irrelevant types, the data frame shape

after the run.

After running the remove_type function for all of the irrelevant types the dataset has been

removed from 291 and 39 irrelevant rows and columns respectively.
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4. Classification, Types of Classifiers

In a 2006 study titled "An Empirical Comparison of Supervised Learning Algorithms," the

findings indicate that when considering eight different metrics, the most robust models are

calibrated boosted trees, calibrated random forests, bagged trees, and neural networks.

When calibration is not applied, the top-performing models overall include bagged trees,

random forests, and neural networks. These results suggest that calibration, particularly in

boosted trees and random forests, enhances performance across various evaluation metrics.

In a detailed comparison of various classification algorithms in 2006, it was observed that

optimized decision tree methods specifically boosted trees or random forests, and

surpassed other techniques such as Bayesian classification in terms of performance [8].

4.1 Decision trees

Decision tree learning is a popular supervised learning method employed in statistics, data

mining, and machine learning. It utilizes classification or regression decision trees as

predictive models to draw conclusions about a set of observations.

These decision trees are valued for their simplicity and interpretability, making them

among the most favored machine learning algorithms. In decision analysis, they serve as

explicit representations of decisions and decision-making processes. In data mining, a

decision tree acts descriptively, often becoming an input for subsequent decision-making

steps.

Assuming finite discrete domains for input features and a single target feature called

"classification," each internal node in a classification decision tree is labeled with an input

feature. The arcs from this node are labeled with possible values of the target feature,

leading either to a subordinate decision node or a leaf node representing a class or a

probability distribution over classes.

The process of constructing a decision tree involves recursively splitting the source set,

starting from the root node. Using a greedy algorithm, the process continues until subsets

have uniform values or further splitting doesn't improve predictions. [9][10].
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This recursive partitioning process, guided by splitting rules and classification features,

defines the construction of decision trees [11]. It offers a versatile approach for various

predictive modeling tasks, making it a valuable tool in the field of machine learning.

Two main types of decision trees are prevalent in data mining:

1. Classification Tree Analysis: Predicts the discrete class to which the data

belongs.

2. Regression Tree Analysis: Predicts a real number, such as the price of a house or

a patient's length of stay in a hospital.

4.2 Boosted trees

In the realm of machine learning, boosting is an ensemble meta-algorithm designed

primarily to diminish bias and, to some extent, variance in supervised learning [12]. It

belongs to a family of machine learning algorithms that elevate the performance of weak

learners to that of strong ones [13].

The process of ensemble building entails incrementally training each new instance with a

focus on the training instances previously mis-modeled. One specific algorithm within the

boosted trees category is AdaBoost. In AdaBoost, multiple "weak learners," which are

decision trees with just one level of depth (referred to as decision stumps), are employed.

The algorithm trains each decision stump while emphasizing data samples that were

incorrectly classified by the previous stump. This emphasis is achieved by assigning more

weight to the misclassified samples during the training process.
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4.3 Bagged trees

Bootstrap aggregated, commonly known as bagged decision trees, is an early ensemble

method. It constructs multiple decision trees by repeatedly resampling training data with

replacement (bootstrap sampling), building individual trees on each of these samples, and

then combining the predictions of these trees through voting to arrive at a consensus

prediction [14].

The process helps improve the overall performance and robustness of the model by

reducing overfitting and variance. The aggregated trees function collaboratively, with each

tree concentrating on a distinct perspective of the data. The combination of their individual

decision-making processes contributes to enhanced accuracy and stability in predictions.

A random forest classifier is a particular instance of bootstrap aggregating.

4.4 Random forests

Random forests, also known as random decision forests, are an ensemble learning method

used for classification, regression, and various other tasks. This technique constructs

numerous decision trees during training. In classification tasks, the random forest outputs

the class most frequently selected by the individual trees. In regression tasks, it returns the

mean or average prediction from the individual trees [15][16]. The purpose of random

decision forests is to address the tendency of decision trees to overfit their training set[17].

While random forests typically outperform standalone decision trees, their accuracy is

generally lower than that of gradient boosted trees. It's important to note that the

performance of random forests can be influenced by the characteristics of the data

[18][19].
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4.5 Artificial Neural Networks

Artificial neural networks (ANNs), also known as neural networks (NNs) or neural nets,

are a category of machine learning models inspired by the organizational principles found

in biological neural networks within animal brains [20][21].

An ANN is composed of interconnected units or nodes referred to as artificial neurons,

which loosely mimic the neurons in biological brains. Similar to the synapses in a

biological brain, each connection can transmit signals to other neurons. Artificial neurons

receive, process, and transmit signals to connected neurons. The signals, represented by

real numbers, undergo computation through a non-linear function of the sum of inputs.

These connections are termed edges, and both neurons and edges typically possess weights

that adjust during the learning process. These weights modulate the strength of signals,

either increasing or decreasing it. Neurons may also incorporate a threshold, allowing a

signal to be transmitted only if the cumulative signal surpasses this threshold.

Neurons are commonly organized into layers, where each layer may perform distinct

transformations on its inputs. Signals traverse from the initial layer (input layer) to the final

layer (output layer), possibly traversing these layers multiple times.

The No Free Lunch Theorem asserts that no one-size-fits-all learning algorithm universally

outperforms others. Even top-performing models like calibrated boosted trees, random

forests, and bagged trees may exhibit poor performance on certain problems or metrics.

Conversely, models with generally low average performance might excel in specific

situations.

Given this variability in performance across different problems, one strategy to enhance

classifier performance is to create a hybrid classifier. This involves combining multiple

classifiers to tailor the system to the specific characteristics of the problem.
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This paper tested the classifier workflow using scikit-learn's RandomForest classifier.

Initially, a "User_Preference" column was established to indicate user preferences for each

restaurant: 0 denotes that the user does not like or has an unknown preference, while 1

indicates that the user likes the restaurant.

Figure 29. Creation of the “User_Preference” column filled with zeros.

Next, the places liked by users were identified, and their corresponding values in the

"User_Preference" column were set to 1.

Figure 30. Setting “User_Preference” column value to 1 of the restaurant samples user

likes.

Given the limited data on user preferences, the occurrences of likes in the dataset are

significantly fewer than the instances of dislikes or unknown preferences. Consequently,

the samples liked by users are extracted for exclusive use in the training split of the dataset.
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Figure 31. Take out of the liked by the user samples for later use of them solely in the

training split of the dataset.

Next, the data is divided into training and testing sets for our algorithms. Unnecessary

columns such as "Name" and "Place ID" are dropped from the training data, and label

columns are separated accordingly.

Figure 32. Split of the dataset into train and test data.

This is a typical representation of the training data for our dataset, where X represents

input features and y represents labels. It's important to note that due to the cold-start

problem, characterized by limited information on user preferences, a small subset of the

training data needs to be used. This ensures that the algorithm doesn't converge to the

simplest solution of outputting only zeros, which dominate the dataset.
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Figure 33. Dataset training data.

Figure 34. Appending of the liked by the user samples to the training split of the dataset.

Following that, a classifier is trained, with RandomForestClassifier being the chosen model

in this instance.

Figure 35. RandomForestClassifier training.
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Upon completing the classifier training, its application to predict the test subset of the data

involves applying a mask to filter and extract only positive predictions. In this context,

these positive predictions correspond to restaurant recommendations.

Figure 36. Predictions of the trained classifier.
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5. Incorporating textual data input into recommender

systems

In the realm of recommender systems, various challenges are encountered. When it comes

to recommending places, the primary problem lies in obtaining detailed information about

these locations. Typically, the available information in a standard format, such as restaurant

names, addresses, opening hours, price levels, and average ratings, can be accessed without

complex preprocessing and is publicly accessible. However, relying solely on this general

data is insufficient for creating personalized and specific recommendations. The valuable

insights often reside in the textual content of reviews and descriptions.

To address this issue, this section explores the application of one of the approaches for

extracting meaningful insights from natural language. These insights can be instrumental in

enhancing recommender systems, enabling them to provide more tailored and accurate

recommendations based on the rich information found within textual reviews and

descriptions.

Figure 37. Recommender based on textual reviews logic design.
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5.1 Word2Vec

Word2Vec is a group of Natural language processing model architectures for learning word

embeddings from large datasets created and popularized by researchers at Google.

Word2Vec is a powerful tool for generating high-quality word vectors from massive

datasets containing billions of words and millions of unique words in vocabulary. Unlike

previous architectures, which struggled to handle more than a few hundred million words

and typically produced word vectors with dimensions ranging from 50 to 100, Word2Vec

excels in training on extensive datasets, providing an opportunity to capture intricate word

relationships and meanings [22][23].

Word2Vec learns by looking at the context in which words appear in a large dataset. It

assumes that words with similar meanings tend to appear in similar contexts.

Each word is represented as a vector (a series of numbers) and the position of a word's

vector in this multi-dimensional space reflects its relationships with other words. Words

that often appear together will have vectors that point in similar direction, the distance and

direction between word vectors signify the relationships between the words.

Word2Vec uses a neural network to train the model on a large corpus of text. The model

adjusts the word vectors during training to accurately predict the words that are likely to

appear in a given context.

Figure 38. Word2Vec simplified vectors visualization example.
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5.1.1 Continuous Bag-of-Words Model

The continuous bag-of-words model predicts the central word using nearby words in the

context, including a few words before and after the target word. In this architecture, the

order of words in the context doesn't matter, which is why it's called a bag-of-words model

[22].

Figure 39. Word2Vec Continuous Bag-of-Words example, randomly initialized weights.

Figure 40. Word2Vec Continuous Bag-of-Words example, trained.
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5.1.2 Continuous Skip-gram Model.

Skip-gram models continuously predict words within a specified range before and after the

current word in a sentence. [22]

Figure 41. Word2Vec Skip-Gram example, trained.

5.2 Dataset

For the application of textual data into our recommender system the dataset used in this

research comprises names and reviews of around 6500 establishments located in Budapest.

To streamline the analysis, the top 5 pertinent reviews for each place were condensed into a

single text. Each row in the dataset corresponds to a specific establishment and includes

unique identifiers (place_id), the establishment's name, and the combined text of its top 5

relevant reviews.
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Figure 42. An example of the establishment reviews dataset entries.

5.3 Text Preprocessing

Each entry of the dataset underwent the following text preprocessing steps.

Standardization

Text standardization is a process of removing punctuation, special characters, stop words,

HTML elements, standardizing the word casing, and following any other steps for

simplifying and standardizing the text.

Tokenization

Tokenization is a process of breaking down a text into individual units, such as words or

phrases (tokens).
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Vectorization

Vectorization is the process of converting textual data in the form of tokens into numerical

vectors or arrays of numbers.

Figure 43. Dataset text preprocessing Python functions.

The text underwent preprocessing, which involved removing stop words, punctuation,

potential HTML tags, and non-ASCII characters. Furthermore, all words were converted to

lowercase. Upon reviewing the dataset post-preprocessing, it is evident that all the intended

steps were successfully applied.
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Figure 44. The result of running the preprocessing function on the dataset.

A word corpus is created by extracting words from the cleaned reviews dataset.

Figure 45. Code for building the corpus of the textual reviews.
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The resulting corpus comprises unique words present in the dataset.

Figure 46. A part of the resulting corpus.

5.4 Application of Word2Vec for Creating Recommendations

This paper will use pre-trained word embeddings from Google, which were trained on a

vast corpus, including sources like Wikipedia and news articles. These pre-trained

embeddings provide vectors for words, forming a comprehensive collection of word

representations. Each word in the vocabulary corresponds to a specific vector.

In the context of converting reviews of establishments into vectors and determining the

similarity between these vectors to make recommendations, the challenge is to transform

each review into a sequence of words. Word2Vec provides vector representations for

individual words. Two techniques are employed to generate recommendations: averaging

Word2Vec vector embeddings and TF-IDF Word2Vec. These methods allow the

transformation of entire reviews into meaningful vectors and assess their similarity for

practical establishment recommendations.
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5.4.1 Averaging Word2Vec vectors

Word2Vec assigns a D-dimensional vector to each word in a sentence. In our example, the

description contains 23 words, denoted as w1, w2, w3, ..., w23, representing terms like

"William," "Bernstein," and "Oregon." Word2Vec vectors are calculated for all 23 words

individually.

Next, the vectors will be summed up and divided by the total number of words in the

description (n, which in this case is 23). This operation results in a vector representation

denoted as v1, computed as follows:

𝑣
1

= 𝑖=1

𝑁

∑ 𝑊𝑜𝑟𝑑2𝑉𝑒𝑐(𝑤
𝑖
)

𝑁

Formula 1. Average Word2Vec vector calculation.

Here, the vectors are in a D-dimensional space, where D equals 300.

Where N is the number of words in the reviews and is a vector representation of the𝑣
1

reviews for place 1.

This method computes the average Word2Vec representation for the given reviews text.

Similarly, other restaurants reviews can be converted into vectors using the same approach.

This formula calculation was implemented in form of a Python function.
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Figure 47. Python function for calculating average Word2Vec of places reviews.

A Python place recommendations function is implemented by choosing and printing 5 first

vectors that are closest to the input place vector by cosine similarity.

Figure 48. Python function for calculating similarities and returning a list of

recommendations, 5 most similar places to the provided place.
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5.6 TF-IDF Word2Vec

Term Frequency-Inverse Document Frequency(TF-IDF) is a numerical statistic used in

information retrieval and text mining to measure the importance of a word in a document

relative to a collection of documents (corpus). TF-IDF operates by assessing how

frequently a word appears in a specific document in relation to its prevalence across the

entire document collection. Essentially, it gauges the relevance of a word within a

particular document. Words that are prominent in a single document or a small set of

documents tend to have higher TF-IDF scores compared to common words like articles

and prepositions, making it easier to identify significant terms in specific contexts [24].

Term Frequency (TF): This component measures how frequently a term (word) appears

in a document. It is calculated by counting the number of occurrences of a word in the

document. The idea is that words appearing more frequently in a document are more

important.

𝑇𝐹(𝑡,  𝑑) =  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑡𝑒𝑟𝑚 𝑡 𝑎𝑝𝑝𝑒𝑎𝑟𝑠 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝑑  
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑒𝑟𝑚𝑠 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝑑

Formula 2. Term Frequency calculation.

Inverse Document Frequency (IDF): IDF measures how important a term is across a

collection of documents. Words that appear in many documents are usually less significant,

and IDF penalizes these common words. IDF is calculated using the logarithm of the

inverse fraction of documents containing the term.

𝐼𝐷𝐹(𝑡,  𝐷) =  𝑙𝑜𝑔( 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑜𝑟𝑝𝑢𝑠 ∣𝐷∣
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑡𝑒𝑟𝑚 𝑡+1 )

Formula 3. Inverse Document Frequency calculation.

TF-IDF Score for a term in a specific document is calculated by multiplying TF and IDF:

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑, 𝐷) = 𝑇𝐹(𝑡, 𝑑) ∗ 𝐼𝐷𝐹(𝑡, 𝐷)

Formula 4. Term Frequency-Inverse Document Frequency calculation.
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5.6.1 Combining TF-IDF Score with Word2Vec

Combining TF-IDF (Term Frequency-Inverse Document Frequency) scores with

Word2Vec presents a powerful technique for recommendation systems.

TF-IDF, emphasizing word importance within a document and across a corpus, is

multiplied by the Word2Vec vector representation of the word. This fusion enables a

nuanced understanding of document content by considering both the frequency of words

and their semantic context.

The steps for combining TF-IDF scores with Word2Vec vectors are the following:

1. Calculate TF-IDF Vectors: Compute the TF-IDF vectors for each word in the

description. These vectors, denoted as , represent the𝑇𝐹 − 𝐼𝐷𝐹
1
, 𝑇𝐹 − 𝐼𝐷𝐹

2
, 𝑇𝐹 − 𝐼𝐷𝐹

𝑁

TF-IDF scores for each word in the description. Note that TF-IDF vectors are not

D-dimensional.

2. Calculate Word2Vec Vectors: Compute the Word2Vec vectors for each word in the

description using the Word2Vec model.

3. Multiply TF-IDF and Word2Vec Vectors: Multiply the TF-IDF score and Word2Vec

vector representation for each word. This results in a set of weighted Word2Vec vectors.

4. Total the Weighted Vectors: Sum up all the weighted Word2Vec vectors obtained in the

previous step.

5. Divide by Sum of TF-IDF Vectors: Divide the total from step 4 by the sum of the

TF-IDF vectors ( ).𝑇𝐹 − 𝐼𝐷𝐹
1
, 𝑇𝐹 − 𝐼𝐷𝐹

2
, 𝑇𝐹 − 𝐼𝐷𝐹

𝑁

𝑣
1

= 𝑖

𝑁

∑𝑇𝐹−𝐼𝐷𝐹
𝑖
∗𝑊𝑜𝑟𝑑2𝑉𝑒𝑐(𝑤

𝑖
)

𝑖

𝑁

∑𝑇𝐹−𝐼𝐷𝐹
𝑖

Formula 5. TF-IDF Word2Vec vector calculation.
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The result is the vector representation of the given place reviews using TF-IDF Word2Vec.

The process combines the advantages of both TF-IDF and Word2Vec, providing a

weighted representation of words based on their importance in the specific description.

Figure 49. Python function for calculating TF-IDF score combined with Word2Vec.
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Similarly to the previous recommendations function the TF-IDF place recommendations

function is implemented by choosing and printing 5 first vectors that are closest to the

input place vector by cosine similarity.

Figure 50. Python function for calculating similarities for TF-IDF vectors and returning a

list of recommendations, 5 most similar places to the provided place.

5.7 Making the recommendations

When a user inputs a place they like, the system attempts to find similar places by using

the provided place ID as input for the previously defined function. This function utilizes

the place ID to retrieve textual reviews associated with the place. These reviews are then

used to calculate the cosine similarity measure, enabling the system to identify places

similar to the user's preference. The recommendations can be tested by providing one of

the entries from the textual reviews dataset. The two algorithms were tested on one of the

Mexican-style restaurants in the dataset.
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Figure 51. Textual reviews dataset restaurant entry example.

5.7.1 Average Word2Vec recommendations results

Figure 52. Average Word2Vec recommendations function call example.

5.7.2 TF-IDF Word2Vec recommendations results

Figure 53. TF-IDF Word2Vec recommendations function call example.
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5.7.3 Explaining results

In our specific scenario, employing a combination of TF-IDF and word2vec has proven to

be a superior approach for providing relevant place recommendations compared to

averaging word2vec embeddings alone. This choice is supported by the following

reasoning:

1. Semantic Enrichment: TF-IDF (Term Frequency-Inverse Document Frequency) captures

the importance of words in individual reviews, highlighting significant terms. Combining it

with word2vec, which understands semantic relationships between words, enriches the

context of the reviews. This semantic enrichment ensures a more nuanced understanding of

the textual data, leading to more accurate recommendations.

2. Contextual Relevance: By incorporating both TF-IDF and word2vec, the hybrid

approach not only considers the overall significance of words (TF-IDF) but also

understands the contextual meaning of words (word2vec embeddings). This dual

perspective enables the system to generate recommendations that align not only with

individual word importance but also with the overall context of the reviews, resulting in

more relevant suggestions for users.

3. Addressing Word Variability: Averaging word2vec embeddings might overlook the

variability in word meanings, leading to generalized representations. Combining TF-IDF

with word2vec captures the specific importance of words in different contexts, allowing

the system to differentiate between words with multiple meanings. This differentiation

leads to more precise and contextually accurate recommendations.

In summary, the integration of TF-IDF and word2vec provides a comprehensive

understanding of the textual data, considering both word significance and semantic

context. This comprehensive approach enhances the system's ability to discern relevant

information, resulting in more precise and tailored recommendations for users.
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6. Context-Aware Recommender Systems

Context-Aware Recommender Systems are designed to address a key limitation in

traditional recommendation systems. While traditional systems focus on personalized

suggestions based on user preferences, they often miss considering the user's context

within the platform [25]. Context-aware recommendation systems fill this gap by taking

into account various contextual factors such as time, location, device, weather, social

context, and user activity. By incorporating these elements, these systems provide

recommendations that are not only personalized but also highly relevant and timely,

significantly enhancing the user experience.

In the context of recommending places, contextual filtering becomes especially valuable. It

allows the system to display restaurants that are nearby or currently open, ensuring that the

recommendations align with the user's immediate needs and location. This targeted

approach enhances the user's overall satisfaction by offering practical and pertinent

suggestions.

There are three main contextual filtering techniques: Contextual Pre-Filtering, Contextual

Post-Filtering, and Contextual Modeling [25]. Among these, Contextual Modeling stands

out as a more intricate approach, requiring advanced machine learning techniques like deep

learning or reinforcement learning to decipher complex patterns within the data. This

complexity extends to the need for higher customization and fine-tuning to ensure

recommendations align closely with the user's specific dining context.

For our specific use case, opting for either Contextual Pre-Filtering or Post-Filtering

proves advantageous. These methods provide effective ways to enhance our existing

recommender system without delving into the complexities associated with contextual

modeling. Pre-Filtering allows us to filter restaurant options based on specific criteria

before generating recommendations, while Post-Filtering refines the recommendations

after they are generated. Both approaches seamlessly integrate with our current system,

making them practical and straightforward choices. Additionally, they offer the flexibility

to adapt to varying user preferences and contextual factors, ensuring a user-friendly and

tailored restaurant recommendation experience.
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6.1 Contextual Pre-Filtering

Contextual Pre-Filtering in recommendation systems enhances the relevance of restaurant

suggestions by applying specific filters based on contextual information before generating

personalized recommendations. Unlike post-filtering, where recommendations are filtered

after generation, contextual Pre-Filtering incorporates contextual data early in the

recommendation process. This approach ensures that restaurant suggestions are accurately

tailored to the user's current situation.

Figure 54. Contextual Pre-Filtering steps.

To implement contextual Pre-Filtering, a user-item-context tensor containing ratings is

utilized. In traditional collaborative filtering systems, only a user-item interaction matrix

with ratings is used. Contextual Pre-Filtering involves applying context-based filters before

the traditional user-item interaction matrix recommendation system. For example, when

recommending restaurants online, the algorithm might filter out options that don't match

the desired context, such as restaurants that are not open during the user's preferred dining

hours. To prevent over-specifying the context and addressing sparsity issues, context
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generalization can be applied. Instead of specifying an exact time, a broader timeframe like

"weekdays" can be considered [25].

After filtering the data by context, it reverts to the conventional user-item interaction

matrix, used in traditional collaborative filtering recommendation systems. The

contextualized data, filtered by specific contextual dimensions, represents a subset of the

original data. This contextualized data undergoes a standard two-dimensional collaborative

filtering recommendation system. The advantage is that there's no need to develop new

algorithms to handle multidimensional contexts in the input tensor. The recommendation

system simultaneously learns user and restaurant embeddings, which are then used to make

predictions. The user vector is applied to the learned embeddings to predict ratings for

restaurants the user hasn't interacted with yet. Finally, for contextual Pre-Filtering, the

specified top number of restaurant recommendations are provided to the user.

6.2 Contextual Post-Filtering

Contextual Post-Filtering simplifies the process of enhancing recommendations by

incorporating contextual information after the initial recommendations have been

generated. Initially, there is a multidimensional dataset including user preferences,

restaurant details, and various contextual factors.
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Figure 55. Contextual Post-Filtering steps.

In this approach, the original data is passed through a traditional recommendation system

without considering the contextual aspects. This simplifies the process, leveraging standard

collaborative filtering techniques [25]. The result is a set of recommendations, but these

are the same as if there is no contextual data.

To tailor these generic recommendations to the specific context, the contextual information

is applied afterward. This adjustment step, called Post-Filtering, involves refining the

recommendations based on the current context. For instance, if a user typically prefers

Italian cuisine on weekends, the Post-Filtering process can eliminate non-Italian restaurant

options from the recommendations generated by the initial system. This ensures that the

final recommendations align with the user's preferences within the given context, fulfilling

the goal of providing personalized and relevant restaurant suggestions.
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6.2.1 Applying contextual Post-Filtering to the TF-IDF Word2Vec

recommendations

In this step, contextual post-filtering is implemented on the TF-IDF Word2Vec

recommendations. This is achieved by adjusting the TF-IDF Word2Vec function and

refining the recommendations to include only places located in the 10th district of

Budapest.

Figure 56. Contextual Post-Filtering steps.

After applying the Contextual Post-Filtering the recommendation function returns places

similar to the input place located in the specified district, in this case it is 10th.

Figure 57. The returned result after applying Contextual Post-Filtering.
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7. Development Opporunities

In this chapter development opportunities for the explored recommender system are

explored. The focus is on identifying and examining opportunities that can enhance the

system's effectiveness and user experience.

Integration of Content-Based and Collaborative Filtering Techniques

In the landscape of recommender systems, a promising development opportunity arises

from combining content-based recommendation methods and collaborative filtering into a

unified hybrid recommendation system. This approach uses the strengths of both systems,

utilizing content analysis and user similarity patterns to deliver recommendations that are

more precise and tailored to individual preferences, as well as featuring more diversity in

recommendations [4].

Application of Reinforcement Learning for Continuous Improvement

Another opportunity for development lies in the integration of reinforcement learning. This

presents an opportunity to establish a feedback loop within the recommender system. By

leveraging reinforcement learning, the system can continuously learn and adapt based on

users' interactions, leading to a constant improvement in recommendations. This adaptive

mechanism ensures that the recommendations remain relevant and evolve over time,

aligning more closely with the changing preferences of individual users [7].
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8. Summary

The research paper delves into the exploration of general recommendation techniques and

approaches, offering insights into the comprehensive process of data preprocessing and the

key steps involved in building a recommender system. The study provides a practical

example, illustrating these processes using the RandomForest algorithm as the classifier.

By focusing on this algorithm, the paper aims to provide a clear and applicable

demonstration of the fundamental steps in constructing an effective recommender system.

The integration of textual data analysis and contextual filtering techniques in

recommendation systems was explored. Word2Vec, a natural language processing tool, was

used for textual review analysis.

Two methods were utilized: average Word2Vec and TF-IDF Word2Vec. The former

generated establishment review vectors by averaging Word2Vec word vectors but lacked

detail. The latter combined TF-IDF scores with Word2Vec vectors, offering precise and

contextually relevant recommendations.

Results indicated that TF-IDF Word2Vec outperformed average Word2Vec, delivering

accurate personalized recommendations considering word importance and semantic

context.

Contextual Pre-Filtering and Contextual Post-Filtering techniques were applied.

Pre-Filtering refined initial options based on user preferences, while Post-Filtering adjusted

recommendations according to specific contexts, enhancing relevance.

The study highlighted that integrating TF-IDF scores with Word2Vec vectors and applying

contextual filtering techniques significantly improved recommendation system

effectiveness, delivering tailored and contextually relevant suggestions for users.

The development opportunities include combining the techniques used and collaborative

filtering into a hybrid recommendation system. This system combines the explored

content-based recommender system approach and collaborative filtering's search for user
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similarities patterns. Additionally, by applying reinforcement learning, there is an

opportunity to establish a feedback loop for constant improvement of the recommendations

based on individual users' interactions with the recommender system.
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