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Abstract.

Purpose: This study seeks to deliver accurate, customized movie recommendations using the Sort Filter Skyline (SFS)
algorithm. The approach considers factors like budget, box office earnings, popularity, runtime, and audience ratings
to align closely with each user's specific preferences.

Methods: The Sort Filter Skyline (SFS) algorithm is employed, designed to identify and recommend items different
from others within the dataset. Initially, the data undergoes preparation through pre-processing before being analyzed
to compute entropy using the entropy formula. Before carrying out the dominance test, the SFS algorithm organizes
the data based on entropy values.

Result: In this research, 176 skyline objects were identified from a dataset containing 4,803 movies, including well-
known titles like "Avatar" and "Titanic." The Skyline Filter Sort (SFS) algorithm pinpointed these objects within 4
seconds. Additionally, evaluation results using synthetic data, as depicted in the data visualization, revealed that the
number of attributes increased from 1 to 7. The dataset size grew, and the execution time also rose—from 18 seconds
to 170 minutes. Despite this increase, the algorithm demonstrated efficient performance with optimized processing
times.

Novelty: This study showcases the successful application of the SFS algorithm for generating personalized movie
recommendations while tackling the difficulty of aligning viewer preferences with the extensive selection of films
available. The findings offer important insights into enhancing recommendation systems by implementing algorithms
efficiently and managing execution time complexity, contributing fresh perspectives to the field.
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INTRODUCTION

Amid the hustle and bustle of daily life, entertainment serves a crucial purpose in maintaining life’s
equilibrium, allowing the mind to take a break from constant work-related thoughts. As an artistic
expression deeply rooted in human culture, film is a widely enjoyed form of entertainment. In Indonesia,
the film industry began its journey in 1900, evolving significantly to become what it is today [1]. The
growth of the contemporary film industry is characterized not only by a rise in production volume but also
by the expansion of genres. In April alone, over 15 movies were screened in theaters, and annually,
hundreds of films are launched, both in cinemas and across streaming platforms like Netflix, Disney
Hotstar, and Viu [2]. The film industry is experiencing rapid growth, with new movies being produced
nearly every day, leading to a constant stream of new releases almost every week. Films appeal to a wide
range of audiences, spanning all age groups from young children to seniors. However, the abundance of
movie options presents a challenge for viewers in selecting films that align with their personal tastes [3],
[4]. For instance, a person might prefer films with substantial production budgets and high box office
earnings, meaning recommendations cannot rely solely on ratings from other viewers. As a result, an
algorithm is required to tailor movie suggestions based on individual preferences. Personalized
recommendations ensure that everyone receives film suggestions that align closely with their unique tastes
[5]. In this scenario, researchers employ the skyline algorithm to generate highly accurate
recommendations, thereby enhancing the film viewing experience for all.
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The Skyline operator, introduced by [6], identifies a group of objects that are not dominated by others based
on specific criteria. The goal of the skyline query algorithm is to find objects that align with a wide range
of user preferences. This algorithm returns a set of skyline objects by filtering out those dominated by others
within the dataset. One variant of the skyline query algorithm is the Sort Filter Skyline (SFS), which utilizes
the entropy function to organize data and minimize dominance comparisons [7]. The Skyline algorithm is
an evolution of the Block Nested Loops (BNL) algorithm, which involves lengthy iterations to search and
compare each dataset value. SFS enhances this process by incorporating data sorting to streamline
comparisons and reduce search time. This efficiency in handling large datasets provides a sense of
reassurance and confidence in the SFS algorithm [8], [9], [10], [11].

Numerous studies have explored the application of the Sort-Filter-Skyline (SFS) algorithm for object
selection and recommendation purposes. For instance, in research [12], SFS was applied to prioritize
distributing personal protective equipment (PPE) in West Java Province. This study introduced a modified
version of the SFS algorithm to enhance dominance measurement by incorporating a selection process for
regions lacking hospitals. The comparison between two models, MS1 (standard SFS) and MS2 (modified
SFS with the added selection process), revealed differences in the number of skyline objects produced and
execution time, with MS2 demonstrating greater efficiency. Another study [13] proposed a novel algorithm,
Attribute-Order-Preserving-Free-SFS (AOPF-SFS), to tackle the challenges of skyline query processing on
encrypted Cloud data. AOPF-SFS builds on SFS by enabling query processing without preserving attribute
order, introducing the eSkyline prototype system. The findings indicate that AOPF-SFS outperforms the
original SFS's efficiency and effectiveness for encrypted data processing.

Our research stands apart from previous studies in both application and context. While [12] adapted the
SFS algorithm for distributing personal protective equipment (PPE) and [13] developed AOPF-SFS for
encrypted data handling, our study applies the SFS algorithm specifically to the realm of movie
recommendations. We incorporate attributes such as budget, box office revenue, popularity, runtime, and
audience ratings. Extensive data preprocessing and normalization were carried out, followed by testing the
algorithm's execution time complexity using a synthetic dataset to analyze how variations in attributes and
dataset size impact execution time.

The dataset utilized in this research was sourced from the TMDB movie database, available through Kaggle.
This platform has provided movie and TV data since 2008 [14]. In this study, the researchers analyzed the
TMDB dataset using Python programming to generate movie recommendations that are easily
understandable by the public [15], [16], [17], [18], [19], [20], [21]. The complexity of data processing time,
influenced by the number of attributes and the dataset size, significantly impacts the duration of processing
within the SFS algorithm, as demonstrated by [22] in their research.

METHODS

Research methods involve structured and systematic approaches to collect valid data for scientific purposes.
In this study, multiple stages are followed to achieve optimal outcomes. The process includes the following
steps:

implementation of the
SFS algorithm

A

data collection

data preprocessing

v

skyline object
(movie
recommendation

is it optimal?
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Figure 1. Stages of cPanel security system research
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Data collection

The dataset utilized in this study is sourced from the Kaggle website [14], a platform owned by Google that
offers public datasets for data science research. A total of 4,803 data entries were used for analysis. The
critical attributes selected for the algorithm's calculations are as follows:

Table 1. Movie dataset attributes

No Attribute Data Type Description
1. id integer Unique movie ID used for identification
2. revenue integer Total revenue generated by the movie
3. popularity integer Measure of the movie's popularity among viewers
4. budget integer Cost incurred to produce the movie
5. runtime float Duration of the movie in minutes
6. vote_average float Average rating score given by viewers
7. vote _count integer Total number of votes received by the movie

The time complexity is evaluated using synthetic data of 50,000 independent, correlated, and anti-correlated
entries. The implementation involves data normalization, entropy calculation, and dominance testing. This
process ultimately identifies the skyline objects within the movie dataset.

find the entropy
value

data collection » data normalization

Y

Y

gets the first
skyline object

final result of the

skyline object < dominance test |«

Figure 2. Implementation of the SFS algorithm [23]

Data preprocessing

The preprocessing phase uses Python functions to prepare the dataset before applying the SFS algorithm.
Data preprocessing ensures that the dataset is high-quality and consistent [24]. The steps involved in this
preprocessing stage include the following [25] Replacing missing or NaN values with zero, removing tables
that are unrelated to the selected attributes, Converting columns into numeric data types. This process aims
to prevent interruptions in the algorithm's execution caused by missing or NaN values or duplicate entries.
Ensuring data quality is crucial for producing accurate and reliable analysis results.

Data normalization

Following the preprocessing stage, the attribute values of the dataset are normalized to bring them within a
smaller, consistent range [26], such as from 0 to 1. Normalization is essential for ensuring that the entropy
values of candidate objects fall within a suitable range, facilitating accurate comparison and selection [27].
The normalization technigque involves multiplying each candidate object's attribute values by a factor, such
as 0.0000000001, to ensure that the resulting entropy values remain between 0 and 1.

Entropy value calculation
The subsequent step involves calculating entropy values, which is necessary to identify the initial skyline
object. The entropy is computed using the following Equation (1): [28]

E(t) = X, In(tla] + 1) @)

Where:

e E(t) is the entropy of object t

e g is the value of each attribute of object t

e Inisthe natural logarithm
Once the entropy values are calculated, the objects are arranged in descending order based on their entropy
scores. The object t[ai] with the highest entropy value will be designated as the first skyline object. The
remaining objects will undergo a dominance test by being compared against the identified skyline objects.
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If another object dominates object t[a;], it will be removed. If not, it will be designated as the next skyline
object.

Dominance testing

An object is deemed dominant if it matches or exceeds the quality of another object across all dimensions
and surpasses it in at least one dimension [29]. The dominance test involves comparing objects across all
attributes through the entire dataset. An object is considered dominant if it is superior in one or more
attributes while being equal to or better than others in all remaining attributes.

Final skyline objects

Once the dominance testing is finished, the final set of skyline objects is extracted from the dataset. These
objects represent the optimal selections, as other items across all defined dimensions do not outperform
them. These skyline objects form the basis for the final recommendations provided to users.

Skyline Visualization
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Figure 3. Hlustration skyline

The figure above demonstrates the process of identifying skyline objects using two attributes: Budget (X-
axis) and Popularity (Y-axis). Each point on the graph corresponds to a movie, with the red-marked points
representing the skyline objects. These films are unique from any other in both budget and popularity.

White circles depict movies that are dominated by at least one skyline object. These films, for example,
may have higher budgets but lower popularity or similar expenses with less popularity and thus are excluded
from the skyline. Red circles indicate the final skyline objects—movies that offer the best combination of
budget and popularity without being outperformed in either category. For instance, movie H1 is part of the
skyline due to its highest popularity at a relatively lower budget. At the same time, H10 is included because
it excels in both high budget and popularity.

RESULTS AND DISCUSSIONS

This study aims to generate movie recommendations by optimizing key attributes such as popularity,
substantial revenue, large production budgets, and high audience ratings. The analysis follows the research
process outlined in Figure 1, with detailed descriptions for each phase. The Sort Filter Skyline (SFS)
algorithm, a key component of this study, is particularly effective in generating movie recommendations
by considering these attributes and their interplay.

Data preprocessing
This phase outlines the utilization of multiple Python libraries for handling and processing the dataset. The
following steps are undertaken:

Filling missing or NaN values with zero

Our approach to handling incomplete data within the dataset is meticulous, ensuring that any missing or
NaN values are replaced with 0, as demonstrated in Tables 2 and 3. This attention to detail minimizes the
potential for errors or inaccuracies in the analysis.
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Table 2. Missing values

No Column Number of missing values
1. Budget 0
2. Genres 0
3. homepage 3091
4, Id 0
5. Keywords 0
6. Original_language 0
7. Original_title 0
8. Overview 3
9. Popularity 0
10. Production_companies 0
11. Production_countries 0
12. Release_date 1
13. Revenue 0
14. Runtime 2
15. Spoken_languages 0
16. Status 0
17. Tagline 844
18. title 0
19. Vote_average 0
20. Vote count 0

Several attributes contained missing or NaN values, including homepage, overview, release_date, runtime,
and tagline. Table 3 presents the outcome of replacing these missing values with 0. This substitution serves
as a default for numeric attributes like runtime and release_date, signifying the lack of available data. By
doing this, the model or algorithm can function without errors while maintaining the overall data
distribution.

Table 3. Filling missing values

No Column Number of missing values
1. Budget 0
2. Genres 0
3. homepage 0
4. Id 0
5. Keywords 0
6. Original_language 0
7. Original_title 0
8. Overview 0
9. Popularity 0
10. Production_companies 0
11. Production_countries 0
12. Release_date 0
13. Revenue 0
14. Runtime 0
15. Spoken_languages 0
16. Status 0
17. Tagline 0
18. title 0
19. Vote_average 0
20. Vote_count 0

Eliminating unnecessary data attributes

To address the removal of irrelevant data attributes, feature selection is employed. This method focuses on
identifying and retaining the most pertinent attributes for analysis or prediction while discarding those with
minimal contribution. In this case, the primary emphasis is on production costs, revenues, and movie ratings
attributes. As a result, attributes like "genres”, "homepage", "keywords", "original_language", "overview",
"production_companies”, "production_countries”, "release_date", "spoken_languages", "status", "tagline",
"original_title", and "title" are excluded from the dataset. The following steps are taken: Attributes
considered necessary for the analysis are selected based on their relevance to production costs, revenues,
and film ratings. The attributes retained are id, budget, popularity, revenue, runtime, vote_average, and
vote_count. And then these attributes are chosen because they are critical indicators of a movie's success
and are commonly used in movie recommendation systems. Attributes that are not directly related to the

analysis, such as genres and homepage, are removed using the column drop technique in programming
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languages such as Python (in libraries such as Pandas) or by utilizing other data preparation tools. This
removal reduces data complexity and ensures that only relevant attributes are used in the calculation.

Converting columns to numeric data types

Before implementing the SFS algorithm, it is crucial to convert the data columns into numeric formats to
prevent errors during processing. This conversion ensures uniformity and precision in mathematical
operations, as the algorithm relies on numeric inputs for its calculations. The algorithm may encounter
issues or functions improperly when the data consists of non-numeric formats, such as text or mixed types.
Additionally, numeric computations are typically faster and more efficient than text-based ones, making
this conversion essential for optimizing performance and reducing computational overhead. Data accuracy
is preserved by converting data to the correct numeric type, such as turning the age column into integers or
floats. Non-numeric columns are transformed into numeric types using Python's “as type (float)™ function.
Table 4 provides an overview of the data types within the movie dataset.

Table 4. Data type information

No Column Dtype
1. Budget int
2. Genres object
3. homepage object
4, Id int
5. Keywords object
6. Original_language object
7. Original_title object
8. Overview object
9. Popularity float
10. Production_companies object
11. Production_countries object
12. Release_date object
13. Revenue int
14. Runtime float
15. Spoken_languages object
16. Status object
17.  Tagline object
18. title object
19.  Vote_average float
20. Vote _count int

Implementation of the SFS algorithm

Normalizing data

Normalization is a key step in our process, ensuring that all attributes are on a consistent scale. This efficient
process prevents those with more extensive ranges from disproportionately influencing the analysis, and is
achieved by adjusting each attribute's value by multiplying it by 0.000000001, as illustrated in Figure 4.

duplikat_dataset["
duplikat_dataset|
duplikat_datas
duplikat_datas
duplikat_c
duplikat_d

i budget'] = duplikat_dataset[ 'budget'] * 0.¢
ularity'] = duplikat_dataset['popularity

duplikat_dataset| ' revenue

runtime duplikat_datas
erage'] = duplikat_dataset !

nt'] = duplikat_dataset('vote_c

Figure 4. Python function for data normalization

Only the values within the attributes are subject to normalization. Each attribute's value is scaled by a factor
of 0.000000001 to ensure consistency across all attributes. The outcome of this normalization process is
displayed in Figure 5.

Entrophy value calculation

The normalized data is used to compute entropy values. The object with the highest entropy is identified as
the first skyline object. Calculating entropy values involves multiple steps, as depicted in Figures 5 to 7,
confirming that the object with the highest entropy surpasses others in the dataset.

a. Stepl

This verification step shows that the entropy values generated from the Python program code match the
manual calculation results in Excel. The result of this verification can be seen in Figure 5.
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budget  popularity malisasi_budrmalisasi_popular entropi budget popularity rmalisasi_budjnalisasi_popul  entropi
19995 | 237000000| 150,43758 0,237 0,00000015 0,212689243 285 300000000 139,082615| 0,300 0,00000014 | 0,2623644
285 300000000| 139,08262| 0,300 0,00000014 0,262364404] 98861 280000000| 134,279229| 0,280 0,00000013 | 0,24686021
206647 | 245000000| 107,37678| 0,245 0,00000011 0,21913564 38757 260000000  48,681969| 0,260 0,00000005 | 0,23111177
49026 | 2s0000000( 112,31285[ 0,250 ©0,00000011 0,223143661 48529 260000000 43826985 0,260 0,00000004 | 0,23111176
49529 260000000 43926995 0,260 0,00000004 0,231111761 559 258000000 115699814 0,258 000000012 | 0,22952328
559 258000000 115,69981 0,258 0,00000012 0,229523278 209112 250000000 155750452 0,250 0,00000016 | 0,22314371
38757 260000000| 48,681969 0,260 0,00000005 0,231111771 49028 250000000 112,31295 0,250 0,00000011 | 0,22314366
99881 280000000| 134,27923 0,280 0,00000013 0,246860208 767 00| 98885637 0,250 0,0000001 | 0,22314365
767 250000000| 98,885637 0,250 0,0000001 0,223143651 206647 | 245000000| 107,376788| 0,245 0,00000011 | 0,21913564
209112 | 250000000| 155,79045| 0,250 0,00000016 0,223143711 19995 237000000 150437577 0,237 0,00000015 | 0,21268924

Figure 5. Step 1 verification

T represents the outcome of the entropy calculations, while T' shows the sorted results in descending order.
This sorting highlights the object with the highest entropy value, which is then selected as the initial skyline
object.

b. Step2

The second verification step aims to identify and highlight the object with the highest entropy value, which

will be assigned as the first skyline object. A skyline object outperforms all other objects across every

attributle.
|

| i budget

entropi

popularity 1orma isasi_budgermalisasi_popular  entropi

139,082615 285 [ 300000000( 139,082615 0,300 0,00000014 0,2623644]
99861 | 280000000| 134,279229 0,280 0,00000013 0,24686021
38757 | 260000000| 48,681963 0,260 0,00000005 0,23111177
49529 | 260000000| 43,926995 0,260 0,00000004 023111176
559 | 258000000| 115,699814] 0,258 0,00000012 0,22952328
209112 | 250000000| 155,790452 0,250 0,00000016 0,22314371
49026 | 250000000) 112,31295 0,250 0,00000011 0,22314366
767 250000000 98,885637 0,250 0,0000001 0,22314365
206647 | 245000000 107376788 0,245 0,00000011 0,21913564|
19995 | 237000000] 150‘4375# 0,237 0,00000015 0,21268924|

Figure 6. Step 2 verification

As shown in Figure 6, the object with ID 285 holds the highest entropy value among all the data points.
This indicates that ID 285 surpasses other objects with lower attribute values. The symbol "S" represents a
skyline object, and the Figure illustrates how object ID 285 is transferred from tuple T' to tuple S, signifying
its status as a skyline object.

c. Step3

The goal of Step 3 verification is to evaluate other objects in the dataset through a dominance test. This test
compares all data rows with lower entropy values than object ID 285. Each object's attributes are examined
to determine if the values are superior in every attribute or if at least one attribute is better than the others.
Suppose an object shows superiority across all attributes or excels in at least one. In that case, it is
considered to dominate the others and is classified as a skyline object.

| £
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In Figure 7, a sample study with 10 data points identifies two skyline objects: ID 285 and 209112. These
IDs are classified as skyline objects because no other objects in the dataset outperform them across all
evaluated attributes, such as budget and popularity.

19995 | 237000000| 150,837577 0237 0,00000015

Figure 7. Step 3 verification

d. Final skyline objects

Once the dominance test is completed for all objects, the final skyline objects are identified. As illustrated
in Figure 11, there are two skyline objects: 1D 285 and 209112. These objects dominate all others with
inferior attribute values. Based on the sample data that includes all attributes, ID 285 corresponds to "Pirates
of the Caribbean: At World's End." In contrast, ID 209112 represents "Batman vs Superman: Dawn of
Justice."
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Table 5. Test results for 10 data points

1D Movie title
285 Pirates of the Caribbean: At World's End
209112 Batman vs Superman: Down of Justice

Implementation results of the complete dataset

In applying the Sort Filter Skyline (SFS) algorithm for movie recommendations, the researchers used a
complete dataset containing 4,803 data entries and seven attributes: id, budget, popularity, revenue,
runtime, vote_average, and vote_count. These attributes were processed to calculate entropy using the
entropy formula. The results of the entropy calculation for the entire dataset are displayed in Figure 8.

id budget popularity revenue runtime vote_average \
e} 19995.9 237000000.6 150.437577 2.787965e+09 162.0 7.2
1 285.9 300002000.0 139.832615 9.5618008e+88 169.@ 6.9
2 206647.0 245000000.@ 107.376788 8.806746e+03 148.@ 6.3
3 49026.9 250000000.0 112.312950 1.88493%e+09 165.@ 7.6
4 49529.9 260000000.0 43.926995 2.841391e+08 132.e 6.1
47598 9367.0 220000.0 14.265792 2.0405%20e+06 gl.e 6.6
4799 72766.0 Q0e0.e 0.642552 ©.000000=+00 85.@ 5.9
4800 231617.0 a.e 1.444476 ©.000000e+00 12@.0 7.0
4801 126186.8 a.e 0.857008 ©0.000000e+00 58.0 5.7
4802 25975.8 a.e 1.929883 ©.860000e+00 90.8 6.3

vote_count normalized budget normalized popularity \

e 11888.80 8.237000 1.504376e-85

1 4500.90 @.300000 1.390826=-05

2 4466.0 @.245000 1.8737682-05

3 9186.9@ ©.250000 1.123138e-85

4 2124.0 @.260000 4.3926992-86

4798 238.9 ©.080220 1.426979e-86

4799 5.9 2.000009 6.425520=-08

4800 6.0 ©.000000 1.444476e-87

4501 7.9 @.000000 8.570080=-08

4802 16.@ 9.000000 1.929883=-87
normalized_revenue normalized_runtime normalized vote_average \

e 2.787965 9.000016 7.2008000e-09

1 9.961008 9.000017 6.968000e-09

2 9.880675 9.000215 6.300000=-09

3 1.084939 9.000e16 7.600000=-09

4 9.284135 9. 000013 6.106000=-09

4798 9.002041 9.000008 6.600000e-09

4799 9. 000008 9.000008 5.900080e-09

4800 9. 000008 9.000012 7.000000e-09

4801 9. 000008 9.000018 5.760080e-09

4502 9.9000000 9.000eas 6.300000=-09
normalized vote count entropy

e} 1.136000e-85 1.544561

1 4.,500000e-06 0.935854

2 4.466080e-06 ©0.858796

3 9.106080e-06 ©0.957920

4 2.124000e-66 ©0.4812208

4798 2.380000e-087 0.002269

4799 5.000000=-08% ©0.000018

4808 5.000000e-0% ©0.000012

4801 7.000000e-0% 0.000010

4802 1.628000e-68 0.000009

[4883 rows x 14 columns]

Figure 8. Entropy calculation results using the complete dataset

Following the entropy calculation, the data is arranged in descending order to identify the first skyline
object from the dataset. The results of this sorting process are displayed in Figure 9.
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id budget popularity revenue runtime vote_average \

4] 19995.9 23700000@.0 150.437577 2.787965e+09 162.0 7.2
25 597.0 200000000.0 100.825899 1.845034e+09 194.0 7.5
7 0G861.0 2806000000.0 134.279229% 1.4054042+09 141.0 7.3
16 24478.0 22000000@.0 144.448633 1.519558e+09 143.0 7.4
44 168259.0 156000000.0 102.322217 1.50624%e2+09 137.0 7.3
4633 3008327.0 a.e ©0.005883 0.000008e+00 2.0 0.0
4118 325148.0 9.e 0.001186 0.000000=+00 9.0 0.9
4553  380@97.0 @.e 0.000000 0.000000e+00 9.0 0.0
2656 370980.9  15000000.0 ©.738646 0.000000e+00 NaN 7.3
4148 459488.0 2.e 9.0858625 0.000008e+00 NaN 0.0

vote_count normalized budget normalized popularity

4] 118060.8 2.376000e-01 1.564376e-85
25 7562.9 2.000000e-01 1.08680259e-085
7 6767.8 2.800000e-01 1.342792e-85
16 11776.9 2.200000e-01 1.444486e-05
44 4176.9 1.900000e-81 1.823222e-85
4633 9.0 @.000000e+00 5.883000e-10
4118 3.0 ©.0000002+00 1.186600e-10
4553 9.0 @.000000e+00 0.000000<+00
2656 12.8 1.500000e-02 7.386460e-83
4148 2.8 2.000000e-09 5.0862500e-89

normalized_revenue normalized_runtime normalized_vote_awverage \

e 2.787965 @.e00016 7.200060e-09

25 1.845834 @.00001% 7.500008e-09

7 1.4095404 @.000014 7.300008e-09

16 1.519558 @.e00014 7.400060e-09

44 1.50624% @.000014 7.300008e-09

4633 0.000000 0.000000 0.000000e+00

4118 @.900000 @.000000 9.000000e+00

4553 8.000000 . 000008 0.000000e+00

2656 @.900000 NaN 7.300008e-09

4140 8.000000 NaN 0.000000e+00
normalized vote_count entropy

Q 1.180000e-05 1.544561e+00

25 7.562008e-06 1.227934e+00
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Figure 9. Sorting result of entropy using the complete dataset
As shown in Figure 10, ID 19995 holds the highest entropy value of 1.544561, making it the first skyline

object in this analysis. The subsequent step involves performing a dominance test to identify the next
skyline object. This test compares the attributes of each row with the results presented in Figure 10.
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Figure 10. Skyline record results using the dataset

The dominance test identified 176 data objects as skyline objects, with a processing time of 4 seconds. The
results of this test are displayed in Table 6. Based on the original dataset, the corresponding movie titles for
these IDs are as follows:

Table 6. Skyline record results
ID Movie title
19995 Avatar
597 Titanic
99861 Avengers: Age of Ultron
24428 The Avengers
16825 Furious 7
135397 Jurassic World
1865 Pirates of the Caribbean: On Stranger Tides
271110 Captain America: Civil War
68721 Iron Man 3
109445 Frozen

These objects are selected because others do not outperform them across all dimensions. For instance, 1D
19995 is identified as the first skyline object due to having the highest entropy among the seven calculated
attributes, meaning it dominates all other objects with inferior attribute values. Similarly, ID 597 is chosen
as the next skyline object based on the dominance test, as it surpasses others in all attributes. Several factors,
including the number of attributes, the dataset size, and the data types, influence the final skyline results.
Consequently, results derived from processing two attributes will differ from those using seven attributes,
as the skyline algorithm makes recommendations based on specific preferences. For example, if the
recommendation prioritizes popularity and user votes, the final set of skyline objects will differ.

Data visualization

To evaluate execution time optimization, this study utilized synthetic datasets comprising 50,000 data rows
with varying numbers of attributes, from 1 to 7. The dataset was used to test the skyline algorithm, which
aims to find subsets of data not dominated by others across all considered attributes. The synthetic data
includes three types of distributions: correlated, anti-correlated, and independent. These distributions are
visualized using scatter plots, as illustrated in Figure 11.
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Figure 11. Visualization of synthetic data distribution

Figure (a) illustrates the visualization of correlated data distribution using two variables, displaying a
positive linear relationship—when one variable increases, the other also tends to rise, albeit with some
variation. In contrast, Figure (b) represents the anti-correlated data distribution, where a negative linear
relationship is evident; as one variable increases, the other typically decreases. Finally, Figure (c) shows
the independent data distribution, where no discernible pattern exists between the two variables, indicating
an absence of any linear or identifiable relationship between them.

The process of visualizing the execution time complexity of the skyline algorithm is carried out using
Python's “matplotlib.pyplot™ function. A line chart is used to represent this data, and the pseudocode below
outlines the Python function employed to measure the complexity of the skyline algorithm's execution time:
[30]

Pseudocode Sort Filter Skyline Algorithm

Input: A set of points P, each point with d dimensions.
Output: A subset of P that forms the Skyline.

1. FUNCTION Sort_Filter_Skyline(P):

2. [/l Step 1: Sort the points

3. Sort P lexicographically by each dimension in ascending order.
4. |/ Step 2: Initialize the result set

5. Skyline=1[]

6. /I Step 3: Filter the points

7. FOR each pointp IN P:

8. Dominated = FALSE

9. FOR each point g IN Skyline:
10. IF g dominates p:

11. Dominated = TRUE

12. BREAK

13. /I Check if p dominates g
14. IF p dominates q:

15. REMOVE q from Skyline
16. IF NOT Dominated:

17. ADD p to Skyline

18. RETURN Skyline

/I Function to check if one point dominates another

1. FUNCTION dominates(point_a, point_b):

2. FOR each dimension i:

3 IF point_a[i] > point_b[i]:

4. RETURN FALSE

5. RETURN TRUE if point_a is strictly better in at least one dimension.

The skyline algorithm is executed on subsets of data containing 1 to 7 attributes, using 50,000 samples
across three distinct types of data distributions, as illustrated in Figure 13. This test aims to assess variations
in the complexity of skyline execution time. In general, faster execution times indicate greater algorithm
efficiency. The time taken for the algorithm to complete the skyline computation is recorded for each case.
The visualization of the skyline algorithm's execution time complexity, based on synthetic data with
correlated, anti-correlated, and independent distributions, is depicted in Figure 13.
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Figure 12. Time complexity

The Figure above illustrates the execution time variations based on different data types. The following
explains the three types of time complexities:

Table 7. Execution time

Number of attributes Correlated Anti-Correlated Independent
1 18,712104 second 19,208275 second 21,111396 second
2 26,465694 second 27,333808 second 27,639290 second
3 97,603342 second 100,403097 second 102,252056 second
4 342,991636 second 343,858338 second 351,526076 second
5 1206,378094 second 1240,250683 second 1281,096697 second
6 4215,874336 second 4492,397515 second 4513,496795 second
7 9697,180887 second 10299,508747 second 10568,557912 second

As shown in Figure 12 and Table 7, the execution time for correlated data increases exponentially as the
number of attributes grows. A similar pattern is observed with anti-correlated data, though it takes slightly
longer to execute than correlated data. Independent data also exhibits an exponential rise in execution time,
generally longer than correlated and anti-correlated datasets, especially as the number of attributes
increases. All three data types demonstrate that increasing the number of attributes leads to an exponential
rise in execution time, with independent data having the longest processing time compared to the other two.

CONCLUSION

This study successfully applied the Sort Filter Skyline (SFS) algorithm to generate personalized movie
recommendations based on individual preferences. The study focused on appealing movies due to their
high production costs, substantial revenue, popularity, and strong ratings. The results revealed that out of
4,803 movies, 176 skyline objects were identified. Furthermore, time complexity testing using three types
of synthetic data—correlated, anti-correlated, and independent—demonstrated that as the dataset and
number of attributes increase, the time required to identify skyline objects also grows. While the SFS
algorithm proves effective in producing customized movie recommendations, there are challenges related
to execution time that must be addressed to enhance the efficiency of the recommendation process. Future
research should explore incorporating more attributes and diverse datasets and developing a web-based
application to improve the overall user experience.
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