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1. INTRODUCTION

Sport is an important factor in maintaining or improving one's health. People
exercise for various reasons, but many still struggle to identify the type of
exercise that best suits their preferences. Recommendation systems have
become an integral part of modern life, offering relevant suggestions to users.
The aim of this research is to develop a sports recommendation system that
provides accurate exercise recommendations to users and explains how the
system functions in addressing both cold-start and non-cold-start problems. The
method used in this research is content-based filtering, utilizing a Term
Frequency-Inverse Document Frequency (TF-IDF) vectorization matrix and a
cosine similarity algorithm. When a new user logs in, the system first checks
their preferences to determine whether a cold-start or non-cold-start problem
occurs. If a cold-start problem arises, TF-IDF is used to generate
recommendations. Conversely, in non-cold-start situations, cosine similarity is
applied. The results demonstrate that using TF-IDF and cosine similarity, the
system successfully provides relevant sports recommendations to users in both
cold-start and non-cold-start scenarios. The optimal results from the data
splitting experiment showed a Precision of 0.256, a Recall of 0.307, and an
Accuracy of 0.869. The novelty of this research lies in its ability to convey an
understanding of sports to users through sports-related journals, which enhances
user satisfaction, trust, compliance, and provides education on engaging in
sports activities.

However, like any system, recommendation methods face

Sports, whether physical or mental, play a key role in certain challenges, including cold-start problems,
maintaining and improving health [1]. While a balanced scalability issues, over-specialization, changing user

diet and proper sleep are essential, regular exercise is one
of the most effective ways to boost individual well-being.
Today, a variety of platforms offer services to help people
incorporate sports into their routine’s gyms with personal
trainers, YouTube exercise tutorials, yoga classes, and
more. However, with the wide range of sports available,
finding the right activity that suits personal preferences can
be challenging [2], [3]. This is where a recommendation
system can be invaluable, helping individuals discover the
ideal sport for their needs [4], [5].

Recommendation systems have become essential tools
for personalizing user experiences, offering tailored
suggestions based on individual preferences [5]. These
systems filter information to present only what is most
relevant to the user, ensuring a more efficient and
enjoyable experience [6]. Commonly used methods in
recommendation systems include content-based filtering,
collaborative filtering, and hybrid filtering [7], [8].
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preferences, changing data, and so on [9], [10], [11].

A major challenge in recommendation systems is the
cold-start problem, which arises when the system lacks
sufficient data on a new user’s preferences [12], [13].
Without previous interactions, it becomes difficult to make
relevant recommendations. To tackle this, content-based
filtering specifically, techniques like TF-IDF (Term
Frequency-Inverse Document Frequency) and cosine
similarity can be employed to match users with suitable
sports, even in the absence of prior data [14], [15], [16]. By
using these methods, a sports recommendation system can
guide individuals toward the types of sports that are most
aligned with their interests, helping them get started and
stay engaged with activities that promote their health and
well-being [15], [16], [17].

This research aims to develop a sports
recommendation system that helps individuals find the
type of sport that best suits their personal preferences, even
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when user data is limited or unavailable. The system will
address the major challenge of the "cold-start" problem by
employing content-based filtering methods, such as TF-
IDF and cosine similarity, to suggest relevant sports based
on user characteristics. The research will also explore ways
to tackle other challenges, such as changing user
preferences and scalability issues, ultimately creating a
more effective system for promoting health and well-being
through sports engagement.

2. RELATED WORK

Previous research conducted by Faisal Ramadhan and
Aina Musdholifah outlines the process of creating a course
and syllabus-based online video learning recommendation
system to assist students in their learning activities. The
research method involved collecting real-time learning
video data wusing the YouTube API, and the
recommendation system employed was content-based
filtering. The study focused on learning video data and
curriculum data, which were processed to generate an
annotated list of recommendations for users. To evaluate
the recommendations, a survey was conducted with 40
Computer Science students from UGM. This research is
relevant to the study being conducted, as both involve the
construction of a content-based filtering recommendation
system using TF-IDF and cosine similarity [8].

Additionally, a study by Arif Huda et al. presents the
development of a recommendation system for news
articles. This research also employed content-based
filtering, utilizing the TF-IDF (Term Frequency-Inverse
Document Frequency) and cosine similarity algorithms to
recommend articles based on user profiles and article
features. The study's subjects were active students in the
Informatics program at Amikom University Yogyakarta,
and the dataset consisted of news articles news portal of the
university. The relevance of this research lies in its use of
the same recommendation system methodology, applying
TF-IDF and cosine similarity. Furthermore, the evaluation
in this study used a recall matrix, which is also likely to be
used in the current research [18].

A limitation of both studies is their inability to
effectively address cold-start problems. When users
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provide limited information or preferences, the systems
struggle to  generate  accurate and  relevant
recommendations. Building on the insights from these
studies, the current research aims to address the limitations
related to cold-start problems by enhancing the content-
based filtering approach with additional techniques, such
as user profiling and the inclusion of demographic and
contextual information. While the prior research by Faisal
Ramadhan and Aina Musdholifah as well as Arif Huda et
al. successfully utilized TF-IDF and cosine similarity for
recommendation systems, they did not fully resolve the
issue of providing relevant suggestions for new or inactive
users. By integrating more diverse data sources, such as
user behavioral patterns and preferences derived from
questionnaires or initial onboarding processes, the
proposed sports recommendation system seeks to improve
its ability to make accurate recommendations even in the
absence of significant user data. This approach will also
ensure a more dynamic adaptation to user preferences over
time, making the system more robust and personalized.

3. METHODOLOGY

Based on previous research, content-based filtering is
a powerful method for building personalized and
transparent recommendation systems. This is because it
provides highly personalized recommendations by
focusing solely on the individual user's preferences, based
on items they have previously consumed. Additionally,
content-based filtering is relatively simple and easy to
understand, making its implementation easier across
various platforms. However, this method also has
weaknesses, particularly in dealing with cold-start
problems. Therefore, this research aims to combine
content-based filtering with the TF-IDF method and cosine
similarity to develop a  personalized sports
recommendation system for improved user.
3.1 Research Stages

The research stages are a very important part to show
a series of sequential steps that can help ensure the research

runs from start to finish. The research stages are shown in
Figure 1 below:
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FIGURE 1. RESEARCH STAGES
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This stage begins with the literature study stage, where
researchers review previous research to understand
existing problems and find gaps that can be filled by this
research. After that, the researcher identifies the problem
to determine the specific problem to be solved. Once the
problem was identified, the researcher set clear and
specific research objectives. The next stage is data
collection which involves collecting datasets and data from
sports-related journals. The collected data then went
through a feature selection stage, which included dataset
preprocessing and journal preprocessing to ensure the data
was in a suitable format for further analysis. The next stage
is data analysis and processing, where the data is analyzed
and processed in preparation for implementation. Once the
data is ready, the implementation of content-based filtering
is done with two main approaches: TF-IDF implementation
and cosine similarity implementation. TF-IDF is used to
measure the importance of words in a particular document
in the context of the dataset, while cosine similarity is used
to measure the similarity between documents.

After the implementation is complete, model
evaluation is conducted to assess the performance of
recommendation accuracy when non-cold-start problem.
In this evaluation, confusion matrix is used to calculate
accuracy. The results of the implementation and evaluation
are then presented in the results and discussion stage,
where the research findings are discussed in detail. The
study concludes with conclusions and suggestions that
summarize the research results and provide
recommendations for future research.

3.2 Content-based Filtering

Content-based filtering is a relatively common
approach in the field of Information Retrieval. The basis of
this method lies in the attributes, characteristics, or features
possessed by an item. This method is user independent
which it works on selecting items based on the correlation
between item content and user preferences as opposed to a
filtering system. If a user has done a certain type of sport
then the system will try to recommend sports with similar
preferences available in the dataset that may match the
user's preferences [19].

3.3 Term Frequency — Inverse Document Frequency

(TF-IDF)

TF-IDF in this research is used to build item profiles.
TF (Term Frequency) is used to determine the frequency
of occurrence of words in a document. If the word
frequency is high, the word is considered important and
can be used to build item profiles. While IDF (Inverse
Document Frequency) serves to normalize the number of
occurrences of words throughout the document. IDF is the
inverse of the document frequency in the entire corpus. TF-
IDF weighting is used to eliminate the effects of frequently
occurring words so that the importance of a feature can be
determined more accurately. TF-IDF is considered to be
the most appropriate method for this research due to its
ability to highlight important and unique words in
documents, while reducing the impact of uninformative
common words [16], [20], [21].

In the context of a content-based sports
recommendation system, important information such as
user preferences contained in the dataset (such as
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motivation for doing sports) can be given higher weight in
the vector representation using TF-IDF, so that the
recommendations generated become more personalized
and relevant to each user. The frequency of a word in a
document is divided by the max of all terms in the
document [14], [16].

req(i,j Equation 2.1
TFG,j) = freq(i,)) quation
maxy fi;
TF(i,j) = Term Frequency of word i in document j
freq(i,j) = Frequency of occurrence of i in document j
maxyfj = Number of words in document.

The Term Frequency of feature i in document j is the

number of times feature i appears in document j, divided

by the maximum number of times feature i appears in the
entire corpus.

N

IDF (i) = log m

The number of items in the database divided by the

number of words contained by the documents in the

database. n(i) is the number of documents containing

feature (word) i, and N is the total number of documents.

If the feature appears more frequently, n(i) will be larger,
and the larger n(i), the smaller the IDFi value.

Equation 2.2

TF — IDF(i,j) = TF(i,j) * IDF (i) Equation 2.3

3.4 Cosine Similarity

Cosine similarity is a method to calculate the
similarity between two vectors by finding the cosine of the
angle. In this case, cosine similarity can help determine
how similar or different two documents or texts are based
on the words contained in them, by calculating the cosine
angle between the two vectors [22]. In general, the
similarity function is a function that accepts two objects in
the form of real numbers (0 and 1) and returns the
similarity value between the two objects, also in the form
of real numbers. In addition, cosine similarity ignores scale
and only considers the direction of the vector so it is
suitable for measuring the similarity between documents
with many features (words in the text) [14]. A value close
to 1 indicates that it has a strong relationship between two
variables [23]. Whereas a value close to 0 indicates that
there is no correlation (independent variables).
Here is the formula for cosine similarity, namely:
A.B=[A A, A,]|.B,B, B,

= A;B,+A4,B,+--+A,B,

= di=1 AiB;
A.B .
Similarity = cos0 = ———— Equation 2.4
|141]]1B1|
_ i1 4iB;
(B x (30,52

Desc:
Y = used to add up many things.
i = index used to keep track of the word
we are working on
n = the number of words in the sentence
Adan B = refer to the two sentences available.
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3.5 Dataset

The dataset consists of 709 users' personal data
containing name, age, gender, description of level of
exercise, time spent exercising per week and per day,
dietary responses, and exercise goals or motivations. User
preference data that will be processed and used as data to
provide recommendations to users through a vectorization
process.
3.6 Journal Data

Journal data was collected from Google Scholar with
the help of Search Engine Result Page (SERP API).
Information from the journals will then be entered into the
database, in the form of sport types, journal links and
journal summaries. The journal summary is taken from the
journal snippet section available in the journal search
results on Google Scholar, the fetch API will be used as a
tool to retrieve the journal summary. All data collected
through a data preprocessing process before it will be used
in the implementation stage. Next, the experiment process
is shown in Figure 4 below:

Register and/or
login
User
Preferences

Look for similarities
with the user
preference dataset.

Database
Journal
Prepr . Connecting
from user No-
Y
e motivation.

Perform TF-IDF
calculation

Dataset

Are there an

Preprocessing
Data

Yes—|

Perform cosine
similarity
calculation.

Recommends 3
types of exercise.

Recommend 1to 3
types of exercise.

Evaluate the results
of sports
recommendations.

FIGURE 2. EXPERIMENT FLOWCHART

The process begins with the user registering and/or
logging into the system. After login, the system receives
the user's preferences regarding his/her motivation to
exercise. Next, the system looks for similarities in the new
user's preferences with previous users in the dataset. If
there are no similarities, the data will be further processed
by linking keywords from the user's motivation to the
scientific journal database. The data then undergoes
preprocessing, where the keywords from the user's
motivation are processed to perform TF-IDF calculations.
The results of the TF-IDF calculation will be used to
recommend 1 to 3 types of exercise that match the user's
preferences, in which case the following case belongs to
the cold-start problem condition.

However, if there are similarities in user preferences
with the dataset, the system will preprocess the available
data and then perform a cosine similarity calculation.
Based on the results of the cosine similarity calculation, the
system will recommend 3 types of sports to the user. The
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last step is to evaluate the results of sports
recommendations provided by the system. In evaluating
this sports recommendation system, the important thing to
measure is how accurate the system is in providing
recommendations to users. The following is an explanation
of the matrix that will be used in the following
recommendation system:
a. Precision

Precision  measures  the  effectiveness  of
recommendation systems by calculating the proportion of
relevant items (true positives) among those suggested, with
false positives being irrelevant items [24], [25].

TP

- Equation 2.5
(TP + FP)

Precision =

b. Recall
Recall is used as a measure of relevant documents
generated by the system. False negatives are all relevant
items that are not generated by the system. Calculations
made to measure the suitability and success of finding

more information [24].
TP

- Equation 2.6
(TP +FN)

Recall =

c. Accuracy

Accuracy in recommendation systems reflects how

well the recommendations align with user preferences and

needs, indicating user satisfaction [24]. Mathematically,

accuracy can be calculated as follows:
TP+TN

(TP + TN + FP + FN)

Equation 2.7

Accuracy =

As such, the system aims to provide relevant exercise
recommendations that match the user's preferences, both in
the presence of cold-start problems and non-cold-start
problems[24], [25].

4. RESULT AND DISCUSSION

In this study, we used 3 types of data splitting, the aim
of which was to see which value produced the most optimal
performance based on the confusion matrix.

4.1 Experiment Splitting Data

The first experiment of splitting data carried out was
data splitting with a value of 70-30, the results of which
can be seen through the confusion matrix in Figure 3
below:

Overall Confusion Matrix

2500

- 2000

Not Actual

1500

1000

Actual

500

Not Recommended

Recommended
Predicted

FIGURE 3. EXPERIMENT SPLITTING DATA I
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Figure 3 above is the result of splitting the data into
70% and 30%. The values of TP, FP, FN, TN are 63, 251,
194, and 2687, respectively. By using the formula in the
previously existing equation, the value is obtained:

T

a) Precision =

FP+TP
Precision = m
Precision = 0,201
b) Recall = TP
FN+TP
Recall = ———
ecat = 63+ 194
Recall = 0,245
c) Accuracy = S —
TP+TN+FP+FN
63 + 2687

A =
COUTacY = 163 + 2687 + 251 + 194)

Accuracy = 0,861

The next experiment used the value 80-20, the results
of which are shown in Figure 4.

Overall Confusion Matrix

1600

1400

Not Actual

1200

1000

Tru

- 800

- 600

Actual

Recommended

Not Recommended

Predicted

FIGURE 4. EXPERIMENT SPLITTING DATA II

Figure 4 above is the result of splitting the data into
80% and 20%. The values of TP, FP, FN, TN are 54, 157,
122, and 1797 respectively. By using the formula in the
previously existing equation, the value is obtained:

T

a) Precision =

FP+TP
Precision = m
Precision = 0,256
b) Recall = TP
FN+TP
Recall = —————
ecat = Ba+122)
Recall = 0,307
¢) Accuracy = S —
TP+TN+FP+FN
4+ 1797

A =
COUTacY = 54+ 1797 + 157 + 122)

Accuracy = 0,869
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While the last experiment used a value of 90-10, the
results of which are shown in Figure 5 below:

Overall Confusion Matrix

800

700
83

Not Actual

600

- 500

True

- 400

- 300

67 29

Actual

-200
-100

Not Recommended Recommended

Predicted
FIGURE 5. EXPERIMENT SPLITTING DATA III

Figure 5 above is the result of splitting the data into
90% and 10%. The values of TP, FP, FN, TN are 29, 83,
67, and 886 respectively. By using the formula in the pre-

existing equation, we get the value of:
TP

FP+TP

a) Precision =
Precision =

(29 + 83)
Precision = 0,259

TP
FN+TP

b) Recall =

Recall = —————
ecat = 2o+ en

Recall = 0,302

TP+TN
TP+TN+FP+FN
2

9 + 886

(29 + 886 + 83 + 67)
Accuracy = 0,859

¢) Accuracy =

Accuracy =

4.2 Experiment Recommendation Result

Figure 6 is the website display when there is no cold-
start problem, where the system can utilize all user
preferences to provide more precise and personalized
recommendations.

FUN WORKOUT DEL

e -
A 4

534

. > - e ™
FIGURE 6. DISPLAY WHEN COLD-START PROBLEM OCCURS
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The user preferences include various aspects such as
gender, age range, health level, frequency of exercise,
duration of exercise, response to diet, and motivation to
exercise. In this case, the user has preferences in the age
range of 31 to 39 years old, medium/average/good enough
health level, exercise 3 to 4 times a week, exercise duration
of 30 minutes, not always on a diet, and have the goal of
exercising to reduce weight. Based on these preferences,
the system provides appropriate exercise
recommendations, as shown in Figure 6. In non-cold-start
situations, the system can recommend three types of
exercises most suited to the user, along with multiple
relevant journals offering detailed information about each
exercise. This allows the system to provide a richer
experience, helping users achieve their fitness goals more
effectively.

FUN WORKOUT DEL

i

Figure 7 shows the website display during a cold-start
problem, where exercise recommendations are based
solely on the user's main purpose, without considering
other factors like gender, age, health, exercise habits, or
diet. Each motivation generates unique keywords, which
are used to find relevant exercises from the system's list.
For example, a user with a goal preference of 'l want to lose
weight' will get exercise recommendations as shown in
Figure 7. In a cold-start problem situation, the number of
recommended exercises ranges from one to three types of
exercise. Each recommendation is accompanied by a
summary and links to relevant journals. The number of
recommended sports can be less than three if the highest
Term Frequency-Inverse Document Frequency (TF-IDF)
value obtained leads to the same sport, thus reducing the
diversity of recommended sports.
FUN WORKOUT DEL

and A i ]
FIGURE 7. DISPLAY WHEN NON-COLD-START PROBLEM

o

List of preferences

adPetaence

FIGURE 8. RECOMMENDATION RESULT WHEN PREFERENCES DIFFER

Figure 8 above is a display when users enter different
preferences. When a user enters different preference data,
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the user will get different recommendations. This can
happen because different preferences can produce different

levels of  similarity, resulting in  different
recommendations.
FUN WORKOUT DEL &)

Listof preferences

Addpreaence

FIGURE 9. RECOMMENDATION RESULT WHEN PREFERENCES ARE SAME

Figure 9 above is a display when users enter the same
or similar preferences. Another thing is when users enter
the same preference data, for example preferences in
numbers 8 and 9, then the user will get the same
recommendation. This can happen because the user's
previous and current preferences are the same, so the
similarity value will be the same and produce the same
exercise.

In the recommendation  experiment, the
recommendation results are different when there is a cold-
start problem and when there is no cold-start problem. This
difference occurs because during the cold-start problem,
the system only provides recommendations based on user
motivation which is converted into keywords and matches
them with journals related to these keywords. Whereas
during the non-cold-start problem, the system uses all user
preferences including their motivations to provide
recommendations. In the non-cold-start problem, the
system calculates the cosine similarity between the current
user and the existing user data in the dataset. In contrast,
during the cold-start problem, the system uses TF-IDF
calculation between keywords and journal summary data.

S. CONCLUSIONS

This research succeeded in implementing the content-
based filtering method in a sports recommendation system,
producing a web-based application that provides accurate
sports recommendation results to users with an accuracy of
86.90%. The performance of the content-based filtering
method by applying the TF-IDF vectorization matrix can
handle the cold-start problem by providing 3 types of
sports with the top calculated values. The weakness and
limitation of this research is that, although it addresses the
cold-start issue, the method used is TF-IDF, where the
user's motivations are matched with summaries of sports
journal documents that have been collected. This approach
is not entirely accurate, thus further studies and
collaboration with fitness and health experts are needed to
achieve better results.
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