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Abstract—Per: lized rec dation sy play a cru-
cial role in enhancing user experiences by providing tailored
suggestions based on individual preferences and contextual fac-
tors. This paper presents a hybrid approach in developing a
recommendation system for selecting locations to visit, integrating
user-defined filters, contextual data, and collective user feed-
back. The proposed system leverages a deep neural network
to analyze various inputs, including explicit user preferences
(e.g., desired atmosphere, type of location, etc.), dynamic con-
textual factors (e.g., weather conditions, temperature, etc.), and
historical user data (e.g., ratings, recommendation trends for
similar preferences, etc.). By combining content-based filtering
with collaborative filtering techniques, the model aims to im-
prove the accuracy and relevance of recommendations. The
system classifies locations as suitable or unsuitable based on
the given criteria, providing users with adaptive and context-
aware suggestions. The hybrid nature of the approach allows
for a more comprehensive understanding of user needs while
incorporating real-time environmental conditions. Experimental
validation is conducted to assess the effectiveness of the model
in generating accurate recommendations. The results highlight
the advantages of integrating multiple data sources and deep
learning techniques to enhance accuracy and achieve high-quality
recommendations. This research contributes to the development
of intelligent rec by proposing a scalable
and adaptable framework for personalized location selection.

Index Terms—recommendation systems, deep learning, hybrid
approach, personalization, location-based services, contextual
filtering
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I. INTRODUCTION

Recommendation systems have become an essential compo-
nent of modem digital services, offering personalized sugges-
tions based on user preferences and behavior. With the increas-
ing availability of contextual and behavioral data, there is a
growing need for more adaptive, intelligent, and personalized
recommendation mechanisms, particularly in domains such as
travel and location-based services.

Traditional recommendation approaches, such as collabo-
rative filtering and content-based methods, have been widely
employed [1].

Recent advancements have introduced deep learning tech-
niques to enhance recommendation systems. Convolutional
Neural Networks (CNNs), for instance, have been integrated to
improve feature extraction and representation learning, partic-
ularly in domains like computer vision [2] and speech recogni-
tion. By incorporating CNN architectures [3], recommendation
systems can process high-dimensional data more effectively,
leading to more accurate and personalized suggestions.

Despite these advancements, challenges persist in the field
of recommendation systems. Issues such as data sparsity,
scalability, and the need for diversified recommendations
remain prominent [4]. Addressing these challenges requires
continuous exploration of innovative methodologies and the
integration of multimodal data sources [5] to improve system
performance.

This paper explores a hybrid approach [6] to developing
a recommendation system aimed at personalized selection of
locations for a visit. Unlike conventional systems that rely
solely on static user preferences or historical ratings, the
proposed method incorporates both content-based filtering and
collaborative filtering, enriched with contextual data such as
weather conditions, time of day, and user mood. The system
also allows users to provide detailed filters, enabling a more
fine-grained and situation-aware recommendation process [7].

II. DATA DESCRIPTION

The development and evaluation of the proposed recom-
mendation system are based on the Google Local Data (2021)
dataset [8], which provides comprehensive information on var-
ious locations and their associated user reviews. This dataset
includes both structured metadata and unstructured textual
reviews, each linked by unique location identifiers.

A. Dataset Preparation

To ensure consistency and relevance, the dataset was pre-
processed and segmented into training, validation, and test
subsets. The training dataset comprises location data from the
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states of California, Florida, and Texas, while the validation
dataset consists of data from New York and Washington. This
geographic partitioning allows the model to generalize across
diverse regional patterns during evaluation.

As an initial step in data preparation, all available loca-
tion categories were collected and their frequencies analyzed.
Categories with fewer than 1,024 occurrences were removed
to eliminate rare or poorly represented categories, thereby
improving the reliability of learned patterns.

The core set of features extracted from the data includes:
location name, category, average rating, number of reviews,
geolocation coordinates (longitude and latitude).

In addition to structured data, a concatenated textual repre-
sentation was constructed by merging the location description,
miscellaneous metadata, and associated reviews. This com-
posite text provides richer semantic context for content-based
filtering.

B. Contextual Data Integration

A key enhancement in the proposed recommendation system
is the integration of contextual data, which allows the model
to provide more personalized and situation-aware suggestions.
Rather than relying solely on static user preferences or generic
location attributes, the system incorporates dynamic envi-
ronmental and temporal factors that influence user decision-
making in real-world scenarios.

Since the dataset contains timestamped reviews, it was
possible to infer and associate contextual metadata with each
user interaction. Specifically, for every review, the following
contextual features were extracted or derived: time of day,
seasonal information, temperature, weather conditions.

These contextual attributes were derived using historical
weather data, synchronized with each review’s timestamp
and geolocation. The integration of these variables enables
the recommendation system to consider situational suitability,
for example, avoiding recommendations for outdoor locations
during inclement weather or suggesting quiet indoor venues
during late evening hours.

C. Test Dataset

To complement the training and validation phases, a ded-
icated test dataset was manually constructed to rigorously
evaluate the model’s performance under controlled and inter-
pretable conditions. The test dataset consists of 70 carefully
designed experimental scenarios, distributed across 10 distinct
location categories, with 7 unique test cases per category. Each
scenario was created to reflect a specific combination of input
features, enabling a detailed assessment of the model’s ability
to handle varying data patterns and contextual conditions.

The test cases were structured as follows:

1) Average rating, average number of reviews, suitable

context, suitable filters

2) Average rating, high number of reviews, suitable context,

suitable filters

3) High rating, average number of reviews, unsuitable

context, suitable filters

4

=

Low rating, average number of reviews, suitable context,
suitable filters

High rating, average number of reviews, suitable context,
unsuitable filters

Average rating, low number of reviews, suitable context,
suitable filters

Average rating, average number of reviews, suitable
context, suitable filters (distinct from Case 1)

)

~

6

-

7

-

This structured variation allows for a comprehensive evalua-
tion of how well the model captures and responds to changes
in key variables such as ratings, review volume, contextual
appropriateness, and user-defined filters. By testing across
multiple scenarios within each category, the system’s sensitiv-
ity to different influencing factors can be measured, providing
insights into its decision-making robustness, generalization
ability, and contextual reasoning capabilities.

III. HYBRID APPROACH

To enhance the relevance and personalization of location
recommendations, the proposed system employs a hybrid rec-
ommendation approach that combines the strengths of content-
based filtering and collaborative filtering. This integration en-
ables the system to simultaneously account for individual user
preferences, real-world contextual conditions, and collective
behavioral trends derived from historical user data.

A. Content-Based Filtering

Content-based filtering is a recommendation technique that
focuses on analyzing the attributes of items and matching
them to user-specific preferences. Instead of relying on the
behavior or preferences of other users, this method evaluates
the compatibility between a user’s explicitly stated interests
and the intrinsic characteristics of each item. In the context of
recommendation systems, this approach enables personalized
suggestions by identifying items whose features align closely
with the user’s profile or current needs.

In the proposed system, content-based filtering is imple-
mented by incorporating a comprehensive set of user-defined
filters and dynamic contextual factors directly into the recom-
mendation process. The filters represent specific user require-
ments or desires, such as preferred atmosphere (e.g., quiet,
lively), type of location (e.g., park, museum, cafe), or suitabil-
ity for a particular mood, age group, or activity. These filters
serve as key indicators of the user’s intent and are encoded
as input features to the model. Alongside these filters, the
system integrates real-time contextual data including weather
conditions, season, temperature, and time of day to refine
the recommendation based on situational appropriateness. For
instance, a user may express interest in visiting a park, but
if the context indicates inclement weather or nighttime, the
system will adjust its evaluation accordingly. This enables the
model to make more nuanced decisions, considering not just
what the user wants, but also whether the current environment
supports that preference.
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B. Collaborative Filtering

Collaborative filtering is a recommendation technique that
generates suggestions based on the preferences, behaviors,
and evaluations of other users. Rather than relying on the
properties of items themselves, collaborative filtering identifies
patterns in how users interact with items such as ratings, likes,
or selections and uses this collective behavior to predict the
preferences of similar users. The underlying assumption is that
users with similar tastes in the past are likely to prefer similar
items in the future.

In the proposed system, collaborative filtering is applied
through the integration of historical user data, specifically
focusing on two key aspects: location ratings and recommen-
dation approvals or disapprovals. Each location in the dataset
is associated with an aggregated average rating, reflecting
general user satisfaction. Additionally, the system incorporates
feedback on whether users found specific recommendations
useful, particularly when provided under similar filter and
context conditions. This helps capture not only how well a
location is generally perceived, but also how effective it has
been in satisfying users with comparable needs and situational
constraints.

C. Hybrid Integration

Hybrid integration in recommendation systems [9] refers
to the combination of multiple recommendation techniques
to leverage the strengths of each and mitigate their indi-
vidual limitations. By integrating both personalized attribute
matching and collective behavioral insights, hybrid systems
aim to produce more accurate, balanced, and context-aware
recommendations. This approach helps overcome common
challenges such as cold-start problems, overspecialization, and
lack of adaptability to real-world conditions.

In the proposed system, hybrid integration is achieved by
jointly incorporating all relevant data - user-defined filters,
contextual variables, location attributes, historical ratings, and
recommendation feedback into a unified model. Instead of
treating content and collaborative signals separately, these
diverse inputs are combined and processed simultaneously by
a deep neural network, which learns complex relationships and
interactions among features.

IV. DATA ANALYSIS METHODS

To ensure optimal performance and compatibility with the
deep leaming model, extensive preprocessing and feature
engineering were applied to the raw dataset. These steps aim
to clean, transform, and encode the data into a structured
numerical format suitable for training and inference.

A. Data Cleaning and Selection

The initial stage in the data processing pipeline involved
data cleaning and selection [10], which is essential to eliminate
noise, reduce redundancy, and retain only the most informative
attributes for model training. The goal of this phase is to ensure
that the dataset is well-structured, consistent, and aligned with
the objectives of the recommendation system.

Only the most relevant features were retained, specifically:

Category of the location

Rating, representing the average user satisfaction

« Number of reviews, indicating the popularity
Contextual information, including weather conditions,
temperature, time of day, and season

« Summary information, which is a concatenation of loca-
tion description, metadata, and user reviews

To standardize the text-based fields — category, contextual
information, and summary information were first converted
to lowercase to eliminate case-based inconsistencies. Next, all
non-informative characters (punctuation, special symbols, etc.)
were removed, followed by the elimination of stop words,
which do not contribute meaningful semantic content. After
normalizing the text, it was tokenized to split the text into
individual meaningful terms (tokens), preparing it for further
vectorization steps.

This comprehensive cleaning and selection process ensured
that only high-quality, relevant, and interpretable data was
passed to subsequent stages of transformation and modeling,
thereby enhancing both the performance and reliability of the
recommendation system.

B. Feature Transformation

To enhance the interpretability of the model and ensure
numerical stability, several transformations were applied to key
features.

The number of reviews varies significantly, ranging from
very low to extremely high values. To reduce skewness and
prevent large values from disproportionately influencing the
model, a logarithmic transformation was applied:

TNR=log(1 + NR) )

where TN R is the transformed number of reviews, N R is
the original number of reviews. The addition of 1 prevents
undefined values for locations with zero reviews.

To better capture the interplay between a location’s rating
and its popularity, a new feature - rating-reviews ratio was
introduced:

RRR = (R—-3) x TNR @

where RRR is the rating-reviews ratio, R is the average
rating of the location (ranging from 1 to 5), TNR is the
transformed number of reviews. This feature is designed to
reflect how the number of reviews affects the interpretation of
a given rating. This transformation ensures that high ratings
(R > 3) with many reviews increase the value of RRR, low
ratings (R < 3) with many reviews decrease RRR, ratings
close to 3 have minimal effect, preventing neutral ratings
from dominating the feature distribution. Transformations help
the model distinguish between highly rated, widely reviewed
locations and polarizing locations with high engagement,
enhancing its ability to make informed recommendations.
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C. Feature Encoding and Scaling

To ensure compatibility with the deep learning model,
categorical and numerical features were transformed into a
standardized numerical format using encoding and scaling
techniques [11], while text features were vectorized.

The category attribute was transformed using One-Hot En-
coding. Given a total of N unique categories, each category
was represented as a binary vector of length NV:

C; = [e1,¢2, .., ¢N] 3)

where C; is the encoded vector of location 7, ¢; = 1 if the
location belongs to category j, otherwise ¢; = 0. Transforma-
tion ensures that categorical data is presented in a machine-
readable format without introducing ordinal relationships.

Rating (R), log-transformed number of reviews ("N R), and
rating-reviews ratio (RRR) were standardized using z-score
normalization. The transformation is defined as:

X—p

a

X' = (€]

where X" is the standardized value of the feature, X is the
original value of the feature, p is the mean of the feature,
o is the standard deviation of the feature. Process ensures
that all numerical features have a mean of 0 and a standard
deviation of 1, preventing features with large magnitudes from
dominating the learning process.

Contextual and general information was vectorized using
Term Frequency-Inverse Document Frequency (TF-IDF) [12].
TF-IDF score is computed as:

TF-IDF =TF(t,d) x IDF(t) (5)
TF(t,d) = No. of times term t appears in docd (6)

1+n
IDF(t) _1091+df(t) +1 (7)
where n is the total number of documents in the document
set and df (t) is the document frequency of ¢. The document
frequency is the number of documents in the document set
that contain the term ¢.
TF-IDF ensures that frequently occurring words within a
document contribute more to its representation while reducing
the impact of common words across all documents.

D. Dimensionality Reduction

To ensure that the deep neural network receives a fixed-
size input while preserving the most important information,
Principal Component Analysis was applied to all features
simultaneously. This includes numerical attributes, categorical
encodings, and TF-IDF vectorized text data.

This transformation results in a compact yet information-
rich representation of each location, optimizing the feature
space for the subsequent deep learning model.

V. DEEP NEURAL NETWORK

A FeedForward Neural Network [13] was implemented
using PyTorch [14] to process the transformed features and
make recommendations. The architecture was designed to
balance performance and computational efficiency by varying
the number of input neurons, hidden layers, and learning rates.

A. Architecture of Models

The number of neurons in the input layer varied across
experiments, corresponding to the dimensionality of the data.
The first hidden layer had twice as many neurons as the input
layer, and each subsequent hidden layer halved the number
of neurons until it reached the output layer. Each layer was
followed by a LeakyReLU activation function and Dropout to
prevent overfitting. A single neuron with a Sigmoid activation
function was used to generate a probability score.

B. Training and Experimentation

A total of 27 models were trained using different configu-
rations: input size - 256, 512, 1024; hidden layers - 3, 5, 7;
learning rates - 0.01, 0.001, 0.0001.

Initial training was conducted for 10 epochs for all models.
The models were evaluated based on accuracy (8) and F1-score
(11), the results visualized in the accompanying graphs.

A B TP +TN -
Y = TP+ FP+ TN+ FN
. TP
Precision = TP FP 9)
TP
Borallep—rrt 10
T TPYFN (10)

Precision x Recall
Fledatiesa Precision + Recall ()

The accuracy of 27 different models illustrated in Fig. 1.

Fig. 1. Accuracy of 27 different models

The F1-Score of 27 different models illustrated in Fig. 2.
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Fig. 2. Fl1-Score of 27 different models

the chosen hybrid recommendation approach.

performance.
The accuracy of top 5 models illustrated in Fig. 3.

Fig. 3. Accuracy of top 5 models

The F1-Score of top 5 models illustrated in Fig. 4.

FL.Seore of modes
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Fig. 4. F1-Score of top 5 models

Based on the accuracy and Fl-score comparisons, the best
model achieved the highest accuracy of 0.90 and the highest
Fl-score of 0.91, indicating that it provides the best balance
between precision and recall.

VI. EXPERIMENTS AND RESULTS

To evaluate the performance of the developed recommen-
dation model, a series of experiments were conducted and
the results were analyzed using multiple metrics, including
accuracy, Fl-score, the ROC-AUC curve, and the confusion
matrix [15]. The results presented in Table I demonstrate the
model’s quality and reliability (T - true, P - predicted).

The best-performing model achieved an accuracy of 0.89
and an Fl-score of 0.90, demonstrating the effectiveness of

The top 5 models were trained for 100 epochs to refine their

The AUC-ROC curve, illustrated in Fig. 5, demonstrates
the model’s ability to distinguish between classes. The Area
Under the Curve is 0.91, indicating excellent performance.

ROC Curve
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Fig. 5. AUC-ROC Curve

The confusion matrix, illustrated in Fig. 6, shows that
the model correctly predicted 28 true negatives and 35 true
positives, with only 6 false positives and 1 false negative. This
suggests that the model is reliable for recommendation tasks.

Confusion Matrix
= 3

15
1 10

H
0 1

Predicted label

True label

Fig. 6. Confusion matrix

One key strength of the model is its ability to understand
contextual data. For example, in testing, it correctly avoided
recommending parks and playgrounds in rainy weather, even
when other suitability factors were met. This suggests that the
model considers environmental conditions and does not make
naive recommendations based solely on other attributes.

The model demonstrates an understanding of rating cred-
ibility. It does not overvalue high ratings when the number
of reviews is extremely low, recognizing potential biases
or artificial inflation. Conversely, it correctly penalizes low
ratings even when they have an exceptionally high number
of reviews, ensuring that frequently reviewed locations with
consistently poor feedback are not recommended.

While the model performs well overall, there are cases
where it struggles with filters. This may be due to similar
terms appearing across different categories, leading to minor
inaccuracies. However, the model still produces strong results,
and its ability to continuously improve through user feedback
will further enhance its accuracy and reliability.
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TABLE I

RESULTS OF THE EXPERIMENTS
Catego Rating | Reviews | Context | Summary | T | P
park avg avg suitable suitable 1 1
park avg high suitable suitable 1 1
park high avg unsuitable suitable 0[]0
park low avg suitable suitable 010
park high avg suitable unsuitable [ 0 | 0
park avg lTow suitable suitable | 0 [0
park avg avg suitable suitable [
T avg avg suitable suitable 1[1
restaurant avg high suitable suitable T |1
restaurant high avg unsuitable suitable 1]
restaurant low avg suitable suitable 0[]0
restaurant high avg suitable unsuitable | 0 | 1
restaurant avg low suitable suitable 010
restaurant avg avg suitable suitable 1 [ 1
bar avg avg suitable suitable 111
bar avg high suitable suitable 111
bar high avg unsuitable suitable 1|1
bar low avg suitable suitable 0[]0
bar’ high avg suitable unsuitable [ 0 | 0
bar avg Tow suitable suitable 0[]0
bar avg avg suitable suitable 1 1
club avg avg suitable suitable 111
club avg high suitable suitable 111
club high avg unsuitable suitable [ 0 [0
club low avg suitable suitable [ 0 [0
club high avg suitable unsuitable | 0 | 1
club avg low suitable suitable [ 0 [ 0
club avg avg suitable suitable 1[1
bakery avg avg suitable suitable 1|1
bakery avg high suitable suitable 111
bakery high avg unsuitable suitable 1 [1
bakery low avg suitable suitable 010
bakery high avg suitable unsuitable [ 0 | 1
bakery avg lTow suitable suitable | 0 [0
bakery avg avg suitable suitable 111
attraction avg avg suitable suitable 1 1
aftraction avg high suitable suitable T |1
attraction high avg unsuitable suitable 0f[0
aftraction low avg suitable suitable 0[]0
attraction high avg suitable unsuitable | 0 | 1
aftraction avg low suitable suitable 010
aftraction avg avg suitable suitable 1 1
playground avg avg suitable suitable 1 (1
playground avg high suitable suitable 110
playground high avg unsuitable suitable 010
playground Tow avg suitable suitable 0[]0
playground high avg suitable unsuitable | 0 | 0
playground avg low suitable suitable 0[]0
playground avg avg suitable suitable 111
coffee shop avg avg suitable suitable T |1
coffee shop avg high suitable suitable 1 1
coffee shop high avg unsuitable suitable T |1
coffee shop low avg suitable suitable 00
coffee shop high avg suitable unsuitable | 0 | 1
coffee shop avg Tow suitable suitable 0[]0
coffee shop avg avg suitable suitable 1 [1
salon avg avg suitable suitable 111
salon avg high suitable suitable 11
salon high avg unsuitable suitable T11
salon low avg suitable suitable 010
salon high avg suitable unsuitable [ 0 | 0
salon avg low suitable suitable | 0 [ 0
salon avg avg suitable suitable T 11
cafe avg avg suitable suitable 1 1
cafe avg high suitable suitable 111
cafe high avg unsuitable suitable 1 [1
cafe low avg suitable suitable 0[]0
cafe high avg suitable unsuitable [ 0 |1
cafe avg low suitable suitable 010
cafe avg avg suitable suitable 1|1

VII. CONCLUSIONS

In this work, a hybrid recommendation model aimed at
improving the selection of locations based on contextual and
user-defined filters was developed and evaluated. Experiments
demonstrated that the model effectively understands the ratio
between rating and number of reviews, contextual factors,
filters, and adjusts recommendations accordingly.

The results of the evaluation metrics confirm that the model
distinguishes well between relevant and irrelevant recommen-
dations. These findings suggest that the model is a promising
tool for generating reliable and context-aware recommenda-
tions, with potential for further optimization and refinement.
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Kon pekomenaariiiinoi cucremMu

1. import matplotlib.pyplot as plt

2. import nltk

3. import numpy as np

4. import pandas as pd

5. import torch

6. import torch.nn as nn

7. import torch.optim as optim

8. from alive progress import alive bar, config handler

9. from config import Settings, default settings

10. from network import NeuralNetwork

11. from nltk.corpus import stopwords

12. from nltk.stem import WordNetLemmatizer

13. from nltk.tokenize import word tokenize

14. from preprocessing import CategoricalEncoder, Compressor,
NumericalScaler, TextVectorizer

15. from sklearn.metrics import (ConfusionMatrixDisplay, RocCurveDisplay,
accuracy score, auc, confusion matrix, fl score,

16. precision score, recall score, roc_curve)

17. from utils import LocationDataloader, LocationDataset

18.

19.

20. class RecommendationSystem:

21.

22. _instance: Self | None = None

23.

24. def new_  (cls, settings: Settings = default settings) -> Self:

25. if not isinstance(settings, Settings):

26. raise TypeError ("Invalid type of settings.")

27.

28. if not isinstance(cls. instance, cls):

29. cls. instance = super (). new (cls)

30.

31. return cls. instance

32.

33. def init (self, settings: Settings = default settings) -> None:

34. config handler.set global (title length=20, monitor end=False,
stats _end=False)

35. torch.manual seed(seed=42)

36.

37. self. settings = settings

38.

39. self. types = {

40. "name": str,

41. "category": str,

42. "rating": np.uints§,

43. "num of reviews": np.uint32,

44, "latitude": np.floatlo,

45. "longitude": np.floatlé,

46. "context": str,

47 . "summary": str,

48. "recommend": np.int8

49. }

50.

51. nltk.data.path.append("data/nltk")

52.

53. if not os.path.exists ("data/nltk"):

54. nltk.download ("punkt tab", download_dir:"data/nltk")
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55. nltk.download ("wordnet", download_dir:"data/nltk")

56. nltk.download("stopwords", download dir="data/nltk")

57.

58. if not os.path.exists (f"models/{self. settings.model name}"):

59. os.makedirs (f"models/{self. settings.model name}")

60.

6l. self. device = torch.device("cuda" if torch.cuda.is available()
else "cpu")

62.

63. self. preprocessors = {

64. "encoders": {

65. "category": CategoricalEncoder (max categories=8192),

66. "rating": NumericalScaler(),

67. "num of reviews": NumericalScaler(),

68. "rating reviews ratio": NumericalScaler(),

69. "context": TextVectorizer (max features=409¢6),

70. "summary": TextVectorizer (max features=16384)

71. Yy,

72. "compressor":
Compressor (n_components=self. settings.model dims[0])

73. }

74 .

75. if
os.path.exists (f"models/{self. settings.model name}/preprocessors.pkl"):

76. self. load preprocessors ()

77. else:

78. self. prepare preprocessors ()

79.

80. self. model =
NeuralNetwork (*self. settings.model dims).to(self. device)

81.

82. if
os.path.exists (f"models/{self. settings.model name}/model.pth"):

83. self. load model ()

84. else:

85. if not
os.path.exists(f"models/{self._settings.model_name}/output"):

86.
os.makedirs (f"models/{self. settings.model name}/output")

87. else:

88. output dir =
os.listdir (f"models/{self. settings.model name}/output")

89.

90. if len(output dir) > 0:

91. for file in output dir:

92.
os.remove (f"models/{self. settings.model name}/output/{file}")

93.

94 . self. prepare model ()

95.

96. @staticmethod

97. def compare models (models: list[tuple[tuple[int, list[int], int],
float, int]], prefix: str) -> None:

98. if not os.path.exists (f"output/{prefix}"):

99. os.makedirs (f"output/{prefix}")

100. else:

101. output dir = os.listdir (f"output/{prefix}")

102.

103. if len(output dir) > 0:

104. for file in output dir:

105. os.remove (f"output/{prefix}/{file}")

106.

107. def save output(x: list[str], y: list[float], params: dict) ->

None:
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108. best val = max(y)

109. best = [1 for i, val in enumerate(y) if val == best val]

110.

111. output = " | ".join ([

112. f"Best-{params["y label"]}: {best val:.4f}",

113. f"Best-Models: {", ".join([x[val] for val in best])}"

114. 1)

115.

116. with open (f"output/{prefix}/log.txt", "a") as file:

117. file.write (f"{output}\n")

118.

119. plt.rcParams.update ({"font.size™: 14})

120. plt.figure(figsize=(16, 9))

121.

122. plt.bar(x, y, color=["C1l" if i in best else "CO" for i in
range (len(x))1])

123.

124. plt.title(params["title"])

125. plt.xlabel (params["x label"])

126. plt.ylabel (params["y label"])

127.

128. plt.xticks ([])

129. for i, val in enumerate(y):

130. plt.text (i, val, f"{val:.2f}", ha="center",
va="bottom")

131. plt.text (4, 0.025 * max (y) , x[i], ha="center",
va="bottom", color="w", fontweight="bold", rotation=90)

132.

133. plt.tight layout ()

134.

135. plt.savefig (f"output/{prefix}/{params["filename"]}")

136.

137. plt.cla()

138. plt.clf ()

139. plt.close()

140.

141. results = []

142.

143. for (model dims, learning rate, num of epochs) in models:

144. model name =
f"{prefix} in {model dims[0]} hl {len(model dims[1l])} 1r {learning rate}"

145.

146. settings = Settings(

147. model name=model name,

148. model dims=model dims,

149. learning rate=learning rate,

150. num of epochs=(num of epochs, 1),

151. confidence threshold=0.5,

152. train data="data/train data.csv",

153. val data="data/val data.csv",

154. test data="data/test data.csv"

155. )

156.

157. recommendation system = RecommendationSystem(settings)

158.

159. last log = recommendation system. load logs() [-1]

160.

lo6l. accuracy = float(m.group(l)) 1if (m := re.search(r"Test-
Accuracy: ([0-9.]+)", last log)) else 0.0

162. fl score = float(m.group(l)) if (m := re.search(r"Test-Fl-
Score: ([0-9.]1+)", last log)) else 0.0

163.

164. results.append((model name, accuracy, fl score))

165.



69

166. name, accuracy, fl score = zip(*results)

167.

168. accuracy params = {

169. "title": "Accuracy of models",

170. "x label": "Models",

171. "y label": "Accuracy",

172. "filename": "accuracy comparison.png"

173. }

174. save output (name, accuracy, accuracy_params)

175.

176. fl score params = {

177. "title": "Fl-Score of models",

178. "x label": "Models",

179. "y label": "Fl-Score",

180. "filename": "fl score comparison.png"

181. }

182. save output (name, fl score, fl score params)

183.

184. def  save train figures (self, data x: list[list([int]], data y:
list[list[float]], params: dict) -> None:

185. plt.figure(figsize=(16, 9))

186.

187. for i, (%, y) in enumerate(zip(data x, data y)):

188. plt.plot(x, Y, label=params|["labels"][i],
color=params|["colors"][i], linestyle="-")

189.

190. plt.title(params["title"])

191. plt.xlabel (params["x label"])

192. plt.ylabel (params["y label"])

193. plt.legend()

194.

195.
plt.savefig(f"models/{self. settings.model name}/output/{params["filename"]}")

196.

197. plt.cla()

198. plt.clf()

199. plt.close()

200.

201. def _save_test figures (self, figure: RocCurveDisplay
ConfusionMatrixDisplay, params: dict) -> None:

202. figure.plot ()

203.

204. if isinstance (figure, RocCurveDisplay) :

205. plt.plot ([0, 1], [0, 1], linestyle="--", color="gray",
label="No Skill")

206.

207. plt.title(params["title"])

208.

209.
plt.savefig(f"models/{self. settings.model name}/output/{params["filename"]}")

210.

211. plt.cla()

212. plt.clf ()

213. plt.close()

214.

215. def save logs(self, output: str) -> None:

216. with
open (f"models/{self. settings.model name}/output/logs.txt", "a") as file:

217. file.write (f£"{output}\n")

218.

219. def load logs(self) -> list[str]:

220. with
open (f"models/{self. settings.model name}/output/logs.txt", "r") as file:

221. return file.readlines /()
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222.
223. def save preprocessors(self) -> None:
224, with
open (f"models/{self. settings.model name}/preprocessors.pkl", "wb") as file:
225. pickle.dump (self. preprocessors, file)
226.
227. def load preprocessors(self) -> None:
228. with
open (f"models/{self. settings.model name}/preprocessors.pkl", "rb") as file:
229. self. preprocessors = pickle.load(file)
230.
231. def save model (self) -> None:
232. model state = self. model.state dict()
233. torch.save (model state,
f"models/{self. settings.model name}/model.pth")
234,
235. def load model (self) -> None:
236. model state =
torch.load (f"models/{self. settings.model name}/model.pth")
237. self. model.load state dict (model state)
238. self. model.eval()
239.
240. def prepare data(self, df: pd.DataFrame) -> pd.DataFrame:
241. df = df.drop(["name", "latitude", "longitude"], axis=1)
242.
243. lemmatizer = WordNetLemmatizer ()
244, stop words = set (stopwords.words ("english"))
245,
246. def clean text(text: str) -> str:
247. text = text.lower()
248. text = re.sub(r"["A-Za-z0-9 ]+", " ", text)
249. text = text.strip()
250.
251. tokens = word tokenize (text)
252. tokens = |
253. lemmatizer.lemmatize (word) for word in tokens
254, if word not in stop words
255. ]
256.
257. if not tokens:
258. result = "missing information"
259. else:
260. result = " ".join (tokens)
261.
262. return result
263.
264. df ["num_of reviews"] = np.loglp(df["num of reviews"])
265. df ["rating reviews ratio"] = (df ["rating"] - 3) *
df ["num of reviews"]
266.
267. df.loc[:, "category"] = df["category"].apply(clean text)
268. df.loc[:, "context"] = df["context"].apply(clean text)
269. df.loc[:, "summary"] = df["summary"].apply(clean text)
270.
271. return df
272.
273. def fit encoders(self, df: pd.DataFrame) -> None:
274. for key in self. preprocessors["encoders"]:
275. self. preprocessors["encoders"] [key].fit (df[[key]])
276.
277. def extract features(self, df: pd.DataFrame) -> np.ndarray:
278. features = np.hstack(

279. [
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280.
self. preprocessors["encoders"] [key].transform(df[[key]])

281. for key in self. preprocessors["encoders"]

282. 1,

283. dtype=np.float32

284. )

285.

286. return features

287.

288. def fit compressor(self, features: np.ndarray) -> None:

289. self. preprocessors|["compressor"].fit (features)

290.

291. def compress features(self, features: np.ndarray) -> np.ndarray:

292. features =
self. preprocessors["compressor"].transform(features)

293. return features

294,

295. def preprocess(self, df: pd.DataFrame) -> np.ndarray:

296. features = self. extract features (df)

297. preprocessed = self. compress features (features)

298. return preprocessed

299.

300. def prepare preprocessors(self) -> None:

301. total = math.ceil (len(pd.read csv(self. settings.train data)) /
self. settings.model dims[0])

302.

303. with alive bar(total=total * 2, title="Preprocessing...") as
bar:

304.

305. with pd.read csv(

306. self. settings.train data,

307. dtype=self. types,

308. chunksize=self. settings.model dims[0],

3009. ) as reader:

310. for chunk in reader:

311. df = self. prepare data (chunk)

312. self. fit encoders (df)

313.

314. bar ()

315.

316. with pd.read csv(

317. self. settings.train data,

318. dtype=self. types,

3109. chunksize=self. settings.model dims[0],

320. ) as reader:

321. for chunk in reader:

322. df = self. prepare data (chunk)

323. features = self. extract features (df)

324. self. fit compressor (features)

325.

326. bar ()

327.

328. self. save preprocessors()

329.

330. def train(self, df train: pd.DataFrame, df val: pd.DataFrame) ->
None:

331. num_epochs = self. settings.num of epochs[0]

332.

333. with alive bar (total=num epochs, title="Training...") as bar:

334.

335. X train, y _train = df train.drop ("recommend", axis=1),
df train["recommend"].to numpy ()

336.

337. train dataset = LocationDataset (X train, y train)



338.
339.
340.
341.
342.
343.
344.
345.

346.
347.
348.
349.
350.
351.
352.
353.
354.
355.
356.

357.
358.
359.
360.
[0.0 for

361.
range (num_epochs) ],

362.
363.
364.
365.
366.
367.
368.
369.
370.
371.
372.
373.
374.
375.
376.
377.
378.
379.
380.
381.
382.
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train dataloader = LocationDataLoader (

)

train dataset,

preprocess=self. preprocess,

batch size=self. settings.model dims[0],
shuffle=True

X val, y val = df val.drop ("recommend", axis=1l),
df val["recommend"].to numpy ()

val dataset = LocationDataset (X val, y val)
val dataloader = LocationDataLoader (

)

val dataset,

preprocess=self. preprocess,

batch size=self. settings.model dims[0],
shuffle=False

criterion = nn.BCELoss ()
optimizer = optim.Adam(self. model.parameters(),
lr=self. settings.learning rate)

in range (num_epochs) ]

min val loss = np.inf

loss _train, loss val = [0.0 for _ in range(num epochs)],

accuracy train, accuracy val = [0.0 for _ in
[0.0 for _ in range (num_epochs) ]

for epoch in range (num_ epochs):

self. model.train()

train loss =

0.0
y_true, y pred =

(1, 11

for X batch, y batch in train dataloader:
optimizer.zero grad()

outputs = self. model (X batch.to(self. device))

loss = criterion(outputs, y batch.to(self. device))
loss.backward()

optimizer.step ()
train loss += loss.item()

true = y batch.cpu() .numpy () .flatten ()
pred = (outputs >=

self. settings.confidence threshold) .float () .cpu() .numpy().flatten()

383.
384.
385.
386.
387.
388.
389.
390.
391.
392.
393.
394.
395.
396.

y_true.extend (true)
y_pred.extend (pred)

train loss /= len(train dataloader)
train_accuracy = accuracy score(y true, y pred)

self. model.eval ()

val loss = 0.0
y_true, y pred = [], []

with torch.no grad():
for X batch, y batch in val dataloader:



73

397. outputs = self. model (X batch.to(self. device))

398.

399. loss = criterion (outputs,
y _batch.to(self. device))

400.

401. val loss += loss.item()

402.

403. true = y batch.cpu() .numpy () .flatten ()

404. pred = (outputs >=
self. settings.confidence threshold).float().cpu() .numpy().flatten()

405.

406. y_true.extend(true)

407. y_pred.extend (pred)

408.

409. val loss /= len(val dataloader)

410. val accuracy = accuracy score(y true, y pred)

411.

412. if val loss < min val loss:

413. min val loss = val loss

414, self. save model ()

415.

416. output = " | ".join ([

417. f"Epoch [{epoch +
l:>{len(str(self._settings.num_of_epochs[O]))}}/{num_epochs}]",

418. f"Train-Loss: {train loss:.4f}",

419. f"validation-Loss: {val loss:.4f}",

420. f"Train-Accuracy: {train accuracy:.4f}",

421. f"vValidation-Accuracy: {val accuracy:.4f}"

422. 1)

423. self. save logs (output)

424,

425. loss _train[epoch], loss_val[epoch] = float(train loss),
float (val loss)

426. accuracy_ train[epoch], accuracy val[epoch] =
float (train accuracy), float(val accuracy)

427 .

428. bar ()

429,

430. epochs = list(range(l, self. settings.num of epochs[0] + 1))

431.

432. loss params = {

433, "title": "Training / Validation Loss",

434, "x label": "Epoch",

435. "y label": "Loss",

436. "labels": ["Training Loss", "Validation Loss"],

437, "colors": ["CO", "C1"],

438. "filename": "train val loss.png"

439, }

440. self. save train figures([epochs, epochs], [loss_train,
loss val], loss params)

447 .

442. accuracy params = {

443, "title": "Training / Validation Accuracy",

444, "x label": "Epoch",

445, "y label": "Accuracy",

446. "labels": ["Training Accuracy", "Validation Accuracy"],

447, "colors": ["CO", "C1"],

448. "filename": "train val accuracy.png"

449, }

450. self. save train figures ([epochs, epochs], [accuracy train,
accuracy val], accuracy params)

451.

452, self. load model ()

453.
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454 . def test(self, df test: pd.DataFrame) -> None:

455, X, % = df test.drop ("recommend", axis=1),
df test["recommend"].to numpy ()

456.

457 . test dataset = LocationDataset (X, y)

458. test dataloader = LocationDataLoader (

459, test dataset,

460. preprocess=self. preprocess,

461. batch size=self. settings.model dims[0],

462. shuffle=False

463. )

464,

465. self. model.eval()

466.

467. y_true, y pred, y score = [], [], []

468.

469. with torch.no grad():

470. for X batch, y batch in test dataloader:

471. outputs = self. model (X batch.to(self. device))

472

473. true = y batch.cpu() .numpy () .flatten ()

474 . pred = (outputs >=
self. settings.confidence threshold).float().cpu() .numpy().flatten()

475. score = outputs.float().cpu() .numpy () .flatten()

476.

477. y_true.extend(true)

478. y_pred.extend (pred)

479. y_score.extend(score)

480.

481. test accuracy = accuracy score(y true, y pred)

482. test recall = recall score(y true, y pred)

483. test precision = precision score(y true, y pred)

484. test fl score = fl score(y true, y pred)

485.

486. output = " | ".join ([

487. f"Test-Accuracy: {test accuracy:.4f}",

488. f"Test-Recall: {test recall:.4f}",

489. f"Test-Precision: {test precision:.4f}",

490. f"Test-Fl-Score: {test fl score:.4f}"

491. 1)

492. self. save logs (output)

493.

494, fpr, tpr, _ = roc curve(y true, y score)

495. roc_auc = auc (fpr, tpr)

496. auc_roc_curve figure = RocCurveDisplay (fpr=fpr, tpr=tpr,
roc_auc=roc_auc)

497,

498. auc_roc_curve params = {

499. "title": "ROC Curve",

500. "filename": "auc roc curve.png"

501. }

502. self. save test figures (auc_roc_curve figure,
auc_roc_curve_ params)

503.

504. cm = confusion matrix(y true, y pred)

505. confusion matrix figure =
ConfusionMatrixDisplay (confusion matrix=cm)

506.

507. confusion matrix params = ({

508. "title": "Confusion Matrix",

509. "filename": "confusion matrix.png"

510. }

511. self. save test figures(confusion matrix figure,

confusion matrix params)



512.

513. def prepare model (self) -> None:

514. df train
self. prepare data(pd.read csv(self. settings.train data))

515. df val
self. prepare data(pd.read csv(self. settings.val data))

516. self. train(df train, df val)

517.

518. df test
self. prepare data(pd.read csv(self. settings.test data))

519. self. test(df test)

520.

521. def predict(self, X: np.ndarray) -> torch.Tensor:

522. X tensor = torch.tensor (X,
dtype=torch.float32) .to(self. device)

523.

524. self. model.eval()

525.

526. with torch.no grad():

527. return self. model (X tensor) .squeeze ()

528.

529. def do recommend(self, data: dict) -> bool:

530. df = self. prepare data(pd.DataFrame.from records([data]))

531. preprocessed = self. preprocess (df)

532.

533. prediction = self. predict (preprocessed)

534.

535. return prediction.item() >= self. settings.confidence threshold

536.

537. def fine tune(self, data: dict) -> None:

538. df = self. prepare data(pd.DataFrame.from records([data]))

539.

540. num_epochs = self. settings.num of epochs[1]

541.

542. X, y = df.drop("recommend", axis=1), df["recommend"].to numpy ()

543.

544 . X train tensor = torch.tensor (self. preprocess(X),
dtype=torch.float32)

545. y_train tensor = torch.tensor(y, dtype=torch.float32).view(-1,
1)

546.

547. criterion = nn.BCELoss ()

548. optimizer = optim.Adam(self. model.parameters(),
lr=self. settings.learning rate)

549.

550. self. model.train()

551.

552. while num epochs > 0:

553. optimizer.zero grad()

554.

555. outputs = self. model (X train tensor.to(self. device))

556.

557. loss = criterion(outputs, y train tensor.to(self. device))

558. loss.backward ()

559.

560. optimizer.step ()

561.

562. num_epochs -= 1

563.

564. self. save model ()

565.

566. def get recommendations (self, data: list[dict]) -> set[int]:

567. recommendations = set ()

568.



569.
570.
571.
572.
573.
574.
575.

for item in data:

if not self. do recommend(item) :

continue
recommendations.add (item["1id"])

return recommendations

76



JIOJIATOK B

Crnaiinu npe3eHTarii

77

. MIHICTEPCTBO m&?ﬁ:«b:zu
w ’ O M vkrainm h@li PARJDENEXTPOHIGH
JlocaipkeHHS
peKoMeHAalinHUX
CUCTEM BUOOPY JIOKAI[ilA
J1J1d BIBUTY

Jlamin B.L, [T13m-23-1
HaykoBuii kepiBHUK: 1011, Hynpuna A.C.

15 yepBHs 2025

Pucynoxk B.1 — TutynsHuMit cnaia

JlocJIiPKEeHH

AKTyanbHicTb:
- 3pocTatoya notpebay nepcoHanisoBaHVX LNPpoBLMX cepBaicax;

06MeXeHHs TpaanLiiHX peKkoMeHAaUiiHNX cncTeM (HU3bka afanTUBHICTb, irHOPYBaHHS KOHTEKCTY);

= MONyNspHICTb cMcTeM pekoMeHAaLil y cdepi Typr3My, MOBiNIbHNX 3aCTOCYHKIB Ta OHNalH-CepBICiB.

Hanpsam - pospobka ribpnaHoi pekoMeHgaLiiHOi cUcTeMU, ika MOEAHYE KOHTEHTHY, KolabopaTnBHY Ta KOHTEKCTHO-
3anexHy ¢inbTpawijto.

06'eKT - npoLiec bopMyBaHHs iHAMBIAyaNnbHX pekoMeHAaLlin Anst BU6opy nokaLjili, 3aCHOBaHWA Ha aHanisi gaHux
KOpUCTYyBaYiB, XapakTepuCTLK 10KaLlill Ta MOTOYHMX YMOB.

MerTa - po3pobka epekTVBHOro Nigxody Ao NobyAoBYM iHTeNeKkTyanbHOI pekoMeHAaLiHOT crcTeMu ANs
repcoHanisosaHoro B1U6OPY NoKaLliil 3 ypaxyBaHHSAM KOHTEKCTY.

(—
dh

Pucynok B.2 — Cnaiin «JlocimimkeHHs»
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Orsiap siitepatypu

OCHOBHI gyxepena:

A. Chaudhari, A. A. Hitham Seddig, A. Sarlan and R. Raut, "A Hybrid Recommendation System: A Review," in IEEE
Access, vol. 12, pp. 157107-157126, 2024;

K. A. Fararni, F. Nafis, B. Aghoutane, A. Yahyaouy, J. Riffi and A. Sabri, "Hybrid recommender system for tourism
based on big data and Al: A conceptual framework," in Big Data Mining and Analytics, vol. 4, no. 1, pp. 47-55,
March 2021;

Z.Huang, C. Yu, J. Ni, H. Liu, C. Zeng and Y. Tang, "An Efficient Hybrid Recommendation Model With Deep
Neural Networks," in IEEE Access, vol. 7, pp. 137900-137912, 2019;

P.Yochum, L. Chang, T. Gu and M. Zhu, "Linked Open Data in Location-Based Recommendation System on
Tourism Domain: A Survey," in IEEE Access, vol. 8, pp. 16409-16439, 2020;

K. Benabbes, K. Housni, A. El Mezouary and A. Zellou, "Recommendation System Issues, Approaches and

Challenges Based on User Reviews," in Journal of Web Engineering, vol. 21, no. 4, pp. 1017-1054, 2022.

(——
Pucynox B.3 — Cnaiin «Ormnsp mitepatypu»
dopMyntoBaHHA NPo6eMu - icHyroui pekomMeHAaLiHI CMCTeMU YacTo He BPaxXoBYyHOTb KOHTEKCT, 0COBUCTI
$inbTpM KopucTyBaya Ta MatoTb NPo6eMn 3 HOBUMI abo ManononyAAPHUMU NOKaLLIIMUA.
MocTaBneHi 3agadi: OuikyBaHi pe3ynbTaTu:
= BUW3HaAUUTU CTPYKTYPY AaHUX, HEOBXiAHVX ANs - CTBOPEeHHS ribpnAHoi pekoMeHaLliiHoi cnctemu,
aHanisy; Lo MOEAHYE KiNbka MeToziB pinbTpaulii;
- 06rpyHTYBaTV BUbIp METOAIB | anropuTMiB; - 3abesneyeHHs NepcoHanizoBaHNUX pekoMeHAaLlil
- CMPOEKTYyBaTU apXiTeKTypy cuctemu; 3 ypaxyBaHHSAM MOTOYHOr0 KOHTEKCTY;
- peanisyBaTu Ta iHTerpyBsaTy NporpamHi - MiABULLEHHSA TOYHOCTI, a4anTUBHOCTI Ta 3py4YHOCTI
KOMMOHEeHTH; BUKOPUCTaHHSA CUCTEMW.
- MpOBecTV eKCrnepuMeHTY Ta TecTyBaHHS AN
OLiHKM SKOCTi poboTI cucTeMMU.
——

Pucynok B.4 — Cnaiin «IlocTanoBKa 3ama4i»
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MeTopnoJioris

BukopuctaHi meToan paocnipi>keHHs:

- TeopeTUYHWIA aHani3 HayKoBUX AXepers;

- cucTeMHUI Niaxia o dopmanisadii 3agay;

- MaTemMaTW4YHe MOZe/toBaHHS npoLecy
pekomMeHaaLlii;

- eKkcnepuMeHTaslbHe MOJentoBaHHS;

- KoMM'toTepHe MoAeNtoBaHHS 3

BUKOPUCTaHHAM MalUMHHOIo HaBYaHHA.

Google

ﬁlpandas

IHCTpyMeHTn Ta TexHonorii:
- PyTorch - peanizauis mogeni;
- pandas, NumPy - o6pobka gaHux;
- scikit-learn - BekTopu3zadisi, PCA, meTpuku;
- matplotlib, seaborn - Bisyanizauis pesynbTaTis;

- Google Local Dataset - goxepeno gaHux.

ﬁ?i NumPy

sge OPylorch P 5
Pucynok B.5 — Cnaiin «MeTomomoris»
ApXiTeKTypa CUCTEMHU AJid HpOBeAEHHH
eKCIIepUMEHTAJIbHOTO AOCIIKEHHA
eﬂ*‘@«e&/ I
A —

— CxemMa poboTw ribpuaHoi pekoMeHAaLinHOT cnctemm
— 6

Pucynoxk B.6 — Cnaiin « ApXITeKTypa CUCTEMU AJIsl IPOBEACHHS €KCIIEPUMEHTAIBLHOTO

JTOCITIKEHHSD
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Omnuc nporpaMHOro 3abe3ne4yeHHs, 1110 0yJ10
BUKOPUCTAHO y LOCIIIKEHH]

Mpouec pospobku:

NMPOEKTYBaHHS KNiEHT-CepBEPHOI apXiTekTypu;

peanisauis okpemux Moaynis (iHTepdelic, AP, 6asa gaHnx);

BukopucTaHi TexHonorii:

- TecTyBaHHS GYHKLiOHaNbHOCTI Ta TOYHOCTI MoAeni;

- iHTerpaujisi KOMMNOHEHTIB Y €ANHY CUCTEMY.

KNi€EHTCbKa YacTuHa - TypeScript, React;
cepBepHa YacTuHa - Python, Django;
6a3u gaHux - PostgreSQL, SQLite;
peaakTop kogy - Visual Studio Code;

- cepegosue po3pobku - GIT, Linux.

Pucynox B.7 — Cnaitn «Onuc nmporpaMHoro 3a0e3neyeHHs, o 0yJ10 BUKOPUCTAHO Y

JIOCIIIDKEHHI»

MogesitoBaHHS IPOTPaMHOT0 3a6e3Me4eHHS

<

| e ) 5 : —

/
Regstared User

UML giarpama npeue/AeHTiB KOpUCTyBaYiB

Pucynox B.8 — Cnaitn «MonentoBaHHSI TpOrpaMHOTO 3a0€3MeUSHHS
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ApxiTeKTypa nporpamMmHoOro 3abe3ne4eHHs

Recme
: Server
<<executionEnvironment>>
: Client
<<component>> |
<<subsystem>> <<component>>
Server

<<executionEnvironment>> <<subsystem>>

Web Browser Database

4 g ‘ 7

<<component>> HTTPS | <<component>>| _ |<<component>> <<component>>

main.tsx views.py ‘ manage.py L _ [sevee PostgresQL.

UML giarpama po3ropTtaHHs

Pucynoxk B.9 — Cnaiin « ApxiTekTypa IporpaMHOro 3a0e3neYeHHs»

CTpyKTypa 36epiraHHs JaHUX

Recme |
conont
a:int
Revew
nama: sting
idzint
ostons: stng
user mt >
nandker: sting
location int >
ratng: it
Gonarion
crested_at dtef
1
recommendsh
< contert mt
g
Recommen ason Location
ot ia:int G
user it rame: s1ing
Pbansce Jacator: int category: nt —
it 1s_iked: bool iattude: float
G crested_at datetme ongmuce: foat
mage: strng
Categary
azint .
w0-siting
con. sting

f f ER-giarpama cTpykTypu 6a3un gaHunx

10

Pucynok B.10 — Cnaitg «CTpykTypa 30epiraHHs JaHUX)
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3MICT MpOBE/IeHUX EKCIIEPUMEHTIB

MeTtoaun:
- eKkcnepuMeHTasbHe MOoJentoBaHHS;
- knacuodikauis pesynbTaTis 3a
ZLOMOMOr O HEiPOHHOT MepeXi;
- KOHTPOJibOBaHe TeCcTyBaHHS Ha

3a3ganerifb nijrotToBaeHUX cUueHapiaX.

MocnipoBHICTb:

BxigHi aaHi:

KaTeropis nokadiii;
penTUHT;

KiNbKiCTb BiAryKis;

¢inbTpY KopucTyBaya; 2

KpuTepii epekTnBHOCTI:
- Accuracy;
- Fl-score;
- AUC-ROC curve;

Confusion matrix.

KOHTeKCTyanbHi pakTopu.

MobyaoBa TecToBUX CLeHapiiB — GopMyBaHHS BXifHVX AaHNX — reHepaLlis pekoMeHzaLlin — aHanis signosigHocTi

ouikyBaHVM pesy/ibTaTam.

BumiproBaHHA:

ABTOMaTNYHE NOpPiBHAHHS o4ikyBaHOI Ta pakTMUHOI KnacudikaLii, NobyaoBa METPUK A1 KOXHOIO CLieHapito Ta

Bi3yanisauja pesynbraTiB y BUrnagi rpadikis.

—1=

Pucynoxk B.11 — Crnaiig «3MicT poBEICHUX €KCIIEPUMEHTIBY
Pe3ysibTaTu eKClIEpUMEHTIB
Accuracy 27 pi3HuUX Mogenein F1-score 27 pi3HuX Mojeneit

Pucynok B.12 — Cnaiin «Pe3ynbTaT eKClIEpuMEHTIBY (TIepIilia YaCTUHA)
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Pe3yJsibTaTu eKClIEpUMEHTIB

Accuracy of madels

Wodels

Accuracy
°

F1-score 5 Halikpalmx mogenei

Models

Accuracy 5 HarikpalLumx Moaenei
13

—1=

Pucynoxk B.13 — Cnaiin «Pe3ynbrat eKCIEpUMEHTIBY» (JIpyra YacTHHA)

AHauni3 oTpMMaHUX pe3yJibTaTiB
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Ipadik BTPaT Ipadik TouHOCTI

14

Pucynok B.14 — Cnaiin « AHani3 oTpUMaHUX pe3yibTaTiBy (Ieplia YacTUHA)
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AHauni3 oTpMMaHUX pe3yJibTaTiB

ROC Curve

08

o
a

True Positive Rate
3
s

02

b — AuC=0.91
0.0

0.0 02 0.4 06 0.8 10
False Positive Rate

AUC-ROC curve

True label

Confusion Matrix

35

25
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10

1
Predicted label

Confusion matrix

—
d b
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Pucynoxk B.15 — Cnaiin «AHaii3 oTpuMaHuX pe3ybTaTiB» (Ipyra 4acTHUHA)
A Hybrid Approach in Developing a
Recommendation System for Personalized Selection
CTaTTd Ha Temy: of Locations for a Visit
«A Hybrid Approach in Developing a Recommendation System for
Personalized Selection of Locations for a Visit»
Byna npeacraBneHa Ha:
9th Open International Conference "Electrical, Electronic and
Information Sciences" eStream 2025, popmart IEEE.
VILNIUS
TECH IEEE
- z;ig::;:sszgix::netus
A Hybrid Approach in Developing a
- p— Recommendation System for Personalized
—  — Selection of Locations for a Visit 16

Pucynok B.16 — Cnaiin «IlyGmikaris pe3yabTaTiB
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[lizcymku

PesynbTaTun gocnip>KeHHs:
- [OCSArHyTa BMCOKa TOYHICTb knacuoikadii Ta epekTUBHICTb Mogeni;
- ycnilwHa iHTerpalis KOHTEKCTHMX GakTopiB Y NpoLec pekoMeHaaLil;

- aAaI'ITI/IBHiCTb cncTtemMnm 4o 3MIHHNX yMOB.

MpaKTU4YHa 3HauyLLiCTb:
- MoKpalleHHsi pefleBaHTHOCTI pekoMeHAaLi y peabHUX CLieHapisix;
- 3acTocyBaHHS y cepBicaxX TYPUCTUYHOIO Ta MiCbKOro NpuU3HaYeHHs;

- rHy4Kka apxiTekTypa 419 MaclTabyBaHHSA Ha iHLi TN 06'ekTiB.

Moaanblunii po3BUTOK:
- PO3LUMPEHHsI KOHTEKCTHUX NapameTpiB Ta GinbTpis;
- BMpOBaJXeHHs MepCcoHasi3oBaHNX pekoMeHAaLili Ha OCHOBI 4OBroTprBasoro nNpodinto kopucrTysaya;

- onTuMi3aLis HeMPOHHOI MepeXi A1 3MeHLUeHHsI 064NCNoBaNbHUX BUTPAT Ta MiABULLEHHS LLUBUAKOAIN.

(—
dh

17

Pucynok B.17 — Cnaiin «Ilizcymkm»
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MeTagaHi
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