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Abstract. This research paper analysis Spotify data using Python to investigate
the characteristics contributing to song popularity. The objectives are to assess the
popularity index, identify key attributes of popular songs, and develop a model for
predicting song popularity based on current characteristics. The analysis involves
data cleaning, exploratory data analysis, and visualization using Python libraries.
With over 381 million monthly active users, Spotify provides a rich dataset for
understanding music listening habits. Previous studies have explored Spotify’s
technologies and popularity, enhancing understanding of its protocols and user
behavior. This research paper aims to uncover patterns and relationships within
the data by applying statistical and machine-learning techniques. The findings will
inform actionable recommendations and contribute to a better understanding of
music consumption patterns and preferences.

Keywords: Analysis - exploratory data analysis - machine-learning techniques -
spotify

1 Introduction

Data analysis has become essential for gaining valuable insights and understanding user
behavior in various industries. In the realm of music streaming, Spotify stands out as one
of the leading platforms with a vast amount of user data [1]. By leveraging data analysis
techniques, we can delve into Spotify’s rich dataset to uncover patterns, identify popular
song attributes, and gain a deeper understanding of listener preferences [2— 5]. Python,
a versatile programming language, provides a powerful ecosystem of libraries and tools
for data analysis. With its robust capabilities, Python has become a popular choice for
conducting data analysis on platforms like Spotify [6-8]. By utilizing Python’s data
manipulation, visualization, and machine learning libraries, we can efficiently clean,
explore, and analyze Spotify data to extract meaningful insights [9].

The objective of data analysis on Spotify using Python is to explore the relationships
between various song characteristics and their popularity, predict song popularity based
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on specific attributes, and provide actionable recommendations for music professionals
and enthusiasts [10-13]. By applying statistical techniques, machine learning algorithms,
and data visualization, we can uncover trends, patterns, and correlations that contribute
to a better understanding of music consumption habits [14]. Overall, data analysis on
Spotify using Python opens up a world of possibilities to uncover hidden trends and
patterns within the vast music library. It empowers us to make informed decisions,
optimize user experiences, and enhance the overall music streaming ecosystem [15].
Data analysis on Spotify using Python has gained significant attention in the field of
music analysis, enabling researchers and analysts to explore the vast amount of data
generated by the platform [16].

In recent times, music streaming platforms like Wynk Music, Apple Music, and
Spotify have witnessed an overwhelming influx of users and artists. These platforms
serve as a hub for artists to upload their audio tracks [17], while also allowing users to
discover and listen to their favorite songs [18]. In light of this scenario, the development
of a predictive system capable of gauging the popularity of artists becomes crucial
[19-22]. The application of Multiple-Input Multiple-Output (MIMO) technology in the
context of music streaming services, particularly for Spotify, has been an area of interest
in recent research. MIMO, a well-established technique in wireless communications,
involves using multiple antennas at both the transmitter and receiver to improve data
throughput and link reliability [23-26].
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Fig. 1. Ilustrating the Efficacy of Popularity Estimation: Demonstrating the Value in Assessing
Artist Popularity
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In the context of Spotify’s music streaming platform, researchers and experts have
explored how MIMO can enhance the user experience, optimize network performance,
and address the challenges related to audio streaming [27, 28]. One of the primary
focuses of MIMO for Spotify is to improve audio quality during music playback. By
leveraging multiple antennas, MIMO can mitigate channel fading and reduce the impact
of signal degradation, resulting in more stable and consistent audio streaming [29]. This
enhancement is crucial for providing listeners with a seamless and immersive music
experience without disruptions or audio artifacts [30]. Such a system can greatly benefit
artists in planning strategies to enhance their visibility and reach. By leveraging the
predictive capabilities of this system (as depicted in Fig. 1), artists can gain insights
into the potential impact of uploading their audio tracks or tweaking elements like the
content of their biographies [31]. They can simulate the potential popularity achieved
through the predicted system, enabling them to make informed decisions regarding
their promotional efforts. This growing demand for artist popularity prediction in music
streaming services emphasizes the need for effective predictive models to cater to these
requirements [32-36].

1.1 Online Music Services

According to Hall (2018), one of the most popular on-demand music services with a large
user base is Spotify, which allows listeners to stream full-length content over the Internet
without the need for purchasing or downloading. As of July 2017, Spotify had 60 million
subscribers, and by January 2018, the number increased to 70 million (Hall 2018) [5].
The extensive repertoire of Spotify includes over 30 million songs, contributing to its
widespread adoption and popularity (Hall, 2018). Previous studies conducted by Kreitz
(2010), Loiacono (2014), and Verkoelen have examined various aspects of Spotify’s
technologies and its user base.

In a separate study, researchers focused on investigating the protocols and peer-to-
peer architecture of Spotify to gain insights into its functioning and user interactions.
They also explored the impact of the peer-to-peer network on user access patterns,
properly referencing the specific report or publication where this study is mentioned
will ensure accurate attribution.

1.2 Melody in the Machine: Harnessing Machine Learning to Forecast
Chart-Topping Hits

The availability of a vast amount of digital music online and advancements in technology
have significantly influenced music consumption habits. Kaminskas and Ricci (2012)
suggest that users now search for specific music collections and rely on automatic playlist
recommendations. In the field of Music Information Retrieval, researchers have been
studying these concepts (Kaminskas & Ricci 2012).



Harmonizing Insights: Python-Based Data Analysis 31

This research aims to investigate the potential of utilizing 13 audio factors to predict
the success of songs. The study employs four distinct machine learning techniques,
namely logistic regression, K-nearest neighbors, Gaussian Naive Bayes, and Support
Vector Machine. The objective is to analyze how these techniques can effectively predict
the success or popularity of a given song based on its audio characteristics. The researcher
compared the results obtained from these models using the available data (Table 1).

Table 1. Model comparisons result.

S. no Model Accuracy
1 K-nearest Neighbours 52.00%
2 Logistic Regression 58.27%
3 Support Vector Machine 51.98%
4 Gaussian Naive Bayes 60.50%

In this research paper, we aim to collect and clean Spotify data, perform exploratory
data analysis, develop models to predict song popularity and create visualizations to
effectively communicate our findings. Through this analysis, we can gain valuable
insights into listener preferences, identify key factors driving song popularity, and
make data-driven decisions for music curation, recommendation systems, and marketing
strategies.

2 System Model

To build a system model for data analysis on Spotify using Python, you can follow these
general steps:

2.1 Data Collection

The datasets used in this research are obtained from Kaggle. Kaggle is a popular online
platform that hosts a wide range of datasets contributed by the data science community.
It serves as a repository for diverse datasets across various domains, including music,
finance, healthcare, and more. Researchers often rely on Kaggle to access high-quality
datasets that are readily available for analysis and experimentation. In this particular
study, the researchers downloaded the necessary datasets from Kaggle to conduct their
analysis on predicting song success using machine learning techniques.

The Fig. 2 represents a visual depiction of the valuable insights obtained from ana-
lyzing the datasets provided by Spotify. These datasets contain a wealth of information
related to the music available on the Spotify platform, including details about tracks,
artists, genres, popularity, audio features, and more. The figure showcases the process
of extracting meaningful insights from the Spotify datasets through data analysis and
exploration techniques. It signifies the exploration of patterns, trends, and relationships
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within the music data, leading to a deeper understanding of the soundscape offered by
Spotify. By studying the Spotify datasets, researchers, analysts, and music enthusiasts
can gain valuable insights into various aspects of music consumption, artist popularity,
genre preferences, and user behavior. These insights can be used for diverse purposes,
such as improving recommendation algorithms, understanding audience preferences,
identifying emerging trends, and supporting decision-making in the music industry.

Spotify Datasets
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Fig. 2. Sounds of Spotify: Insights from the Spotify Datasets
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Fig. 3. Harmonizing the Spotify Soundscape: Unveiling Insights from the Spotify Tracks
Database
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The Fig. 3 represents a database specifically dedicated to storing and organizing
information about tracks from the music streaming platform, Spotify. This database
contains a comprehensive collection of data related to various songs available on Spotify,
including details such as track titles, artist names, album information, release dates,
genres, audio features, and other relevant attributes. The Spotify Tracks DB serves as
a valuable resource for researchers, analysts, and music enthusiasts who are interested
in exploring and studying the vast musical landscape found on Spotify. It provides
a structured and organized repository of track-related information, enabling users to
query and analyze the data for various purposes. Researchers can leverage this database
to investigate trends, patterns, and relationships within the music catalog, while analysts
can derive insights to support decision-making in areas such as playlist curation, artist
promotion, and user recommendation systems. Overall, the “Spotify Tracks DB” figure
symbolizes the wealth of data available within the database, serving as a foundation for
in-depth exploration and analysis of Spotify’s vast music collection.

2.2 Data Pre-Processing

(A) To identify null values in the dataset

We have used the ‘isnull()’ function provided by the Pandas library. This function allows
you to check for the existence of missing values within the dataset. In Fig. 4, the data
frame is passed as an argument to the ‘isnull()’ function, which identifies the null values.
By using the ‘sum ()’ function, we can calculate the total number of columns in the dataset
that contain null values.
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Fig. 4. Null value in data frame

By examining all the columns in the dataset, it was observed that the “song name”
column contains a total of 71 null values.

(B) to determine the total number of rows and columns in the dataset, as well as
inspect the data types and memory usage, the “Info ()’ method can be employed
This method provides a concise summary of the dataset, displaying the column names,
number of non-null values, data types, and approximate memory usage. By using the
“info()” method, you can obtain this information efficiently (Fig. 5).



34 D. Trivedi et al.

<class "pandas.core.frame.DataFrame'>
RangeIndex: 586672 entries, © to 586671
Data columns (total 20 columns):

# Column Non—Null Count Dtype
o id 586672 non—null object
1 name 586601 non—null object
2 popularity 586672 non—null inte4
3 duration_ms 586672 non—null int6e4
aq explicit 586672 non—null int6e4
5 artists 586672 non—nmull object
6 id_artists 586672 non—null object
7 release_date 586672 non—null object
8 danceability 586672 non—null float6e4g
=] energy 586672 non—null float64
10 key 586672 non—null int6e4
11 loudness 586672 non—null float6e4a
12 mode 586672 non—null inte4
13 speechiness 586672 non—null floate4d
14 acousticness 586672 non—null float64
is5 instrumentalness 586672 non—null float64
16 liveness 586672 non—null floate4d
17 valence 586672 non—null float64
i8 tempo 586672 non—null float64
19 time_signature 586672 non—null inte4

dtypes: float64(9), int64(6), object(5)
memory usage: 89.5+ MB

Fig. 5. Total number of rows and columns in dataset, as well as inspect the data types and memory
usage.

(C) To retrieve a list of the ten least popular songs from the Spotify dataset

We have employed the “sort_values ()" function to arrange the data in ascending order
based on the popularity column. This will allow you to identify the songs with the lowest
popularity scores (Fig. 6).
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Fig. 6. Total number of rows and columns in dataset, as well as inspect the data types and memory
usage.
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2.3 Data Exploration

35

To obtain descriptive statistics for numerical variables within the dataset, you can use the
“describe ()” function. Additionally, applying the “transpose ()” function will provide a
more convenient format for the summary statistics. By using these functions, you can
gain insights into the central tendency, dispersion, and distribution of the numerical

variables in the dataset (Figs. 7 and 8).

count mean st min SO% TS% max

popularity 58668720 27570053 18370842 o0 27.000000 41.00000 100.000
duration ms 5866720 230051167286 126526087418 33440 214893.000000 263867 00000 S621218.000
explicit 5866720 0 044086 0.205286 oo ‘0 000000 © 00000 1.000
danceability 5866720 0.563594 0.166103 o0 0.577000 0 68600 0.991
energy 5808720 0 542006 0281923 o0 0.549000 0.74800 1.000

key 5868720 5221603 3519423 oo 5.000000 8 00000 11.000

loudness 5866720 -10.206067 5.089328 -60.0 -9.243000 -6 48200 5376
mode 5866720 0.658797 0474114 0.0 1.000000 1.00000 1.000
speechiness 5868720 0.104864 0.179893 oo 0.044300 007630 o9
acousticness S868720 0449863 0348837 oo 0.422000 0.78500 0.996
instrumentainess 586872.0 0.113451 0206868 0.0 0.000024 0.009585 1.000
Wveness 5866720 0213935 0184326 oo 0.139000 027800 1.000
wvalence 5866720 0552292 0257671 oo 0 564000 0 76900 1.000
tempo 5866720 118.464857 29.764108 oo 117384000 13632100 246.381

time signature 5868720 38732 o462 oo 4.000000 4 00000 5.000

Fig. 7. Descriptive Statistics on the dataset.

(A) To find the top ten popular songs with a popularity score greater than 90.
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Fig. 8. Shows the top ten popular songs with a popularity score greater than 90
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(B) To set the release date column as the index column in the dataset.
We have used the “set_index()” function. By applying this function, you can designate
the release date column as the new index for the dataset in Fig. 9.

K name popularity duration ms emplicR  artists K artists danceabilty energy key
release_date
BRQR ISWPGIIBNENI0 Carve 6 1283 0 (U] [<SR0RXoDROA3EVS] 065 0450 O
Caphuic 216 - —
152208001 (QPMsPOOGSTITY  Baguero 0 w0 0 H4PCOMNwqASe0x Y] 2585 02630 O
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Fig. 9. Shows the release date as the new index.

(C) To obtain the name of the artist present in the 18th row of the dataset.

We can utilize the “iloc[]” method. This method allows you to filter and retrieve specific
information from the dataset based on its index location. By specifying the index location
as 18, you can extract the artist’s name from the corresponding row.

Out[9]: artists  ['Victor Boucher']
Name: 1922-01-01 00:00:00, dtype: object

Fig. 10. Shows the Victor Boucher information.

By using the “iloc[]” method and referencing the 18th row in the dataset, we identified
that the artist’s name associated with that particular row is Victor Boucher shown in
Fig. 10.

(D) To convert the duration of songs from milliseconds to seconds.

We can perform the necessary calculation and update the duration column in the dataset.
Afterward, you can print the column headers to confirm that the duration has been
successfully converted to seconds shown in Fig. 11.
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Out[11]: release_date
1922-02-22 127
1922-01-06 98
1922-03-21 182
1922-03-21 177
1922-01-901 163
Name: duration, dtype: inté4

Fig. 11. Shows that songs are present in seconds

(E) Correlation Map.

Let’s create a correlation map as our first visualization. To begin, we will remove three
unnecessary columns, namely “mode,” “explicit,” and an unnamed column. We will cal-
culate the Pearson correlation coefficient for the remaining variables. For the correlation
map, we will set the figure size to (14,6) and utilize the “heatmap()” function from the
seaborn (sns) library. Additionally, we will enable annotations by setting “annotation =
True”. To format the data values in each cell, we will use “fmt = “.1g"”. Lastly, we can
choose a color map (cmap) from the seaborn documentation to customize the appearance
of the correlation map.

Correlation HeatMap Between Variable
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Fig. 12. Shows correlation map.

Upon executing the provided code, the correlation map was generated shown in
Fig. 12. The color-coded scale on the right side represents the range from —1 to +1.
Negative values near —1 indicate variables with minimal or negative correlation, while
positive values greater than 0.0 indicate variables with a positive correlation.
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2.4 Model Building

Model building refers to the process of constructing and developing a representation of a
system or phenomenon using various techniques and methodologies. It involves creating
a simplified version or a conceptual framework that captures the essential characteristics
and relationships of the subject under study.

In the context of machine learning and data analysis, model building specifically
refers to the construction of mathematical or statistical models that can make predictions,
classify data, or uncover patterns and insights from available data. These models are
trained on existing data, and their purpose is to generalize and make accurate predictions
on new, unseen data.

The process of model building typically involves several steps. First, the problem
at hand is defined, and the data relevant to the problem is collected and prepared for
analysis. Then, an appropriate modeling technique is selected, considering the nature of
the problem and the available data.

Next, the model structure and parameters are defined, and the training data is used
to estimate these parameters. This involves using optimization algorithms to find the
best fit between the model and the training data, minimizing the error or maximizing the
likelihood of the observed data.

Once the model is trained, it is evaluated using validation data to assess its per-
formance and generalization capabilities. This step helps in detecting and addressing
potential issues such as overfitting or underfitting, which can occur when the model
either memorizes the training data too closely or fails to capture its underlying patterns.

After evaluation, if the model performs well, it can be deployed to make predictions
or generate insights on new, unseen data. If the model’s performance is not satisfac-
tory, further iterations and refinements may be required, such as adjusting the model’s
structure, exploring different algorithms, or collecting additional data.

(A) To create a Regression Plot Between Loudness and Energy.

We have utilize the “regplot()” function from the seaborn library. This function enables
us to generate a scatter plot with a regression line representing the relationship between
the two variables.

The regression plot has been generated shown in Fig. 13, illustrating a significant
positive correlation between “Loudness” and “Energy.” It is evident from the plot that
all the data points or songs are oriented in the same direction. When the energy of a song
increases, its loudness also tends to increase. Conversely, if the loudness decreases, the
energy of the track also decreases.
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Loudness vs Energy

0.0 0.2 0.4 0.6 0.8 10
energy

Fig. 13. Shows the regression plot between loudness and energy.

(B) To create the relationship between ‘“Popularity’’ and “Acousticness”.
We can generate a regression plot that displays a regression line. This plot will provide
insights into the correlation between the two variables.

popularity vs acousticness

80

60 1

popularity
]

204

0.0 0.2 0.4 0,6 0.8 1.0
acousticness

Fig. 14. Shows the relationship between Popularity and Acousticness.

In the regression plot, the downward-sloping blue regression line indicates an inverse
relationship between “Acousticness” and “Popularity” shown in Fig. 14. This means that
as the acousticness of a song increases, its popularity tends to decrease. Conversely, if
the popularity of a song increases, the acousticness tends to decrease.
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(C) To visualize the duration of songs for each year.

We can employ the seaborn library and utilize the “lineplot()” function. This line graph
will provide a visual representation of how the song durations have varied over different
years.

(array([1880., 1900., 192@., 19420., 196@., 1980., 2000., 2020., 2€40.]),

<a list of 9 Text xticklabel objects>)

Yeoar vs Duration

X M\” "
I /\ \W \AM \\
\ r\ f \ \
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Fig. 15. Shows the duration of songs for each year.

After generating the line plot shown in Fig. 15, we can observe the duration of songs
over time. The X-axis represents the years, while the Y-axis represents the duration of
songs. Notably, songs from the 1920s to the 1960s were generally shorter in duration.
Subsequently, there was a steady increase in song duration until around 2010. However,
from 2010 onwards, there was a decline in song duration once again.

3 Simulation Results

These simulations involve creating mathematical or statistical models that capture the
key dynamics and variables at play within the Spotify ecosystem. These variables can
include user preferences, listening habits, music attributes, social interactions, and more.
By incorporating these factors into the model, researchers and data scientists can simulate
and study different scenarios to gain insights into how the platform operates and how
users interact with it.

(A) To visualize the duration of songs with respect to different genres.

We have utilized the seaborn library and employ the “barplot()” function. This function
allows you to create a horizontal bar plot, where each genre is represented on the y-axis,
and the duration of the songs is depicted on the x-axis.

The horizontal bar plot displays the genres on the Y-axis and the song durations in
milliseconds on the X-axis. Upon analyzing the data shown in Fig. 15, we can observe
that the classical and world genres tend to have longer song durations, while children’s
music exhibits shorter song durations. Find top five genres by Popularity and pot a bar
plot for the same.



Harmonizing Insights: Python-Based Data Analysis 41
Text(Q, 0.5, 'Genres"')
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Fig. 16. Shows the duration of the songs in different genres.

(B) Units To find top five genres by Popularity and pot a barplot for the same.

[Text(©.5, 1.8, "Top 5 Genres by Popularity’)]
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Fig. 17. Shows the top five genres.

According to the level of popularity, we have determined the most popular music genres
to be Dance, Pop, Rap, Hip-Hop, and Reggaeton, as depicted in Fig. 16. This indicates
that these genres have garnered significant attention and a large fan base among listeners.
The term “popularity” here refers to the measure of how widely these genres are appre-
ciated and enjoyed by the audience. It takes into account factors such as radio airplay,
streaming numbers, sales, concert attendance, and overall cultural impact. Based on



42 D. Trivedi et al.

these indicators, the mentioned genres have emerged as the most prominent and influ-
ential in the current music landscape. Figure 17 visually represents this information,
possibly through a graph or chart, highlighting the relative positions or proportions of
each genre in terms of their popularity. It provides a clear visual representation of the
data, allowing viewers to quickly grasp the dominance and significance of these specific
genres. By identifying these top genres, it becomes easier for industry professionals,
music enthusiasts, and researchers to understand the trends and preferences of music
listeners. This information can be valuable for various purposes, such as marketing and
promotion strategies, radio programming, playlist curation, and even predicting future
music trends.

4 Conclusion

Data analysis on Spotify using Python offers valuable insights into user preferences,
music trends, and song popularity. Python’s libraries enable effective data collection,
pre-processing, analysis, and visualization. Data visualization provides intuitive repre-
sentations, aiding the communication of insights to stakeholders. Integration of Spotify’s
API or public datasets ensures access to reliable and diverse data sources. Data analysis
on Spotify using Python empowers analysts to understand user preferences, identify
popular song attributes, and make informed decisions. It enables personalized recom-
mendations, targeted marketing strategies, and improved user experiences. By leveraging
data analysis on Spotify, organizations can gain a competitive edge in the music industry.
They can tailor their offerings to match user preferences, optimize marketing campaigns,
and enhance the overall user experience.
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