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I. INTRODUCTION AND BACKGROUND 

For several years, we have seen a profound change in the music entertainment industry. The 

disappearance of traditional formats, such as physical discs (Vinyl, CD and DVD) and the rise of new formats, 

consumed exclusively through Streaming, ended up forever changing socio-economic-cultural paradigms in the 

way we listen to music in our lives. Digital platforms like Deezer, Spotify and iTunes now provide thousands of 

songs in the palm of our hands, through smartphones. In order to continue to keep their subscriber base 

connected to their platforms for as long as possible, these companies have learned that they must have a deep 

understanding of their products (music) and their users. From this idea, research on musical features became 

more important. This practice, commonly known as MIR (Music Information Retrieval), comes down to 

extracting as much information from the songs by using statistical and semantic analysis algorithms. Thus, for 

each song, several musical information is generated and stored in a data bank and later used by Streaming 
companies in statistical analysis, thereby verifying the performances of the songs in order to promote greater 

engagement in their user base. 

ABSTRACT 
The huge advance in Machine Learning and Deep Learning techniques encourages the 

confrontation of more challenging problems and produces an increasing demand for data sets 

that provide information appropriate to the complexity of the analysis. In fact, creating a dataset 

that is really functional and optimized for use in Artificial Intelligence systems can be as 

complex a task as its use. Particularly in the case of Hit Song Science, some companies or 

institutions specialized in the creation of this data, limit or greatly restrict its sharing. Sometimes 
the data sets include only a few specific artists, styles or contemporaneity, sometimes they bring 

a very limited set of characteristics or simply do not fit the scope of the research. Most 

databanks available in the Internet are very generic and compromise only songs in English, 

offering a limited number of features, and not caring about the release period of the works. The 

Brazilian music market is the 10th largest in the world and accounted for US$ 338 million in 

revenue in 2019, of which more than 90% was due to Brazilian songs. So, to provide suitable 

analysis of this market, this work deals with the creation and optimization of data sets using only 

Brazilian songs within a limited and contemporary timeframe. A large set of features extracted 

from a bank of 881 Brazilian popular songs of Success and Non-Success from January 2014 to 

May 2019. Three feature sets were created: the first with 3215 features; the second used filtering 

techniques to preserve only the most statistically relevant 74 characteristics among them; and 

the third bank is totally new, since it was formed from the Vocal Melody of each song 
(Predominant Melody), and there is no similar set available for research. All features were 

extracted using the Essentia package. The three feature sets were made available in a repository 

to help the development of new research in the future. 
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Some banks have already been made available to the scientific community, such as [1], which 

promotes a collection of audio and metadata resources available free of charge for one million contemporary 

popular international music tracks. Another example is [2], which provides a bank containing around 1000 
songs, divided into ten musical genres, presenting approximately sixty audio characteristics for each song. 

Another widely used bank is [3], which proposes the extraction of about 20 characteristics of 175,000 songs 

between the years 1921 to 2020, using songs that occupied the best positions in the Billboard North American 

magazine. As in the first bank [1], these last two are also composed primarily by songs sung in the English 

language. 

In parallel to this, there are researches involving the personal musical tastes and preferences of each 

individual, called by [4] Hit Song Science. This is another area of study that is also quite new - started in 2005. 

It also uses the same information for extracting musical characteristics for the analysis of song preferences, 

trying to predict popularity (commercially successful) or unpopularity (non-commercially successful) of songs. 

The lack of datasets containing information on the musical characteristics of Brazilian songs, as well as 

the huge socio-cultural differences between the Brazilian market and other cultures, were decisive for the 

proposal of this work. Therefore, this paper deals with the creation of three databases containing characteristics 
extracted from contemporary Brazilian songs. The main characteristic of these banks is that they are temporally 

and culturally delimited. The analysis was made, therefore, in songs that were in vogue from January 2014 to 

May 2019. Altogether there are 441 hit songs and 441 non-hit songs. 

The first bank is composed of 3215 distinct features, both qualitative and quantitative - with or without 

time dependence. As the large dimensionality of the first bank may require a prohibitive processing effort by 

artificial neural networks, statistical filtering techniques were used to generate a second bank with reduced 

dimensionality for only the 74 most statistically relevant features. The third bank contains the feature 

“Predominant Melody”, which represents the melody of the main voice of the songs. 

This paper describes the procedures for creating these three banks, and is organized as follows: section II 

describes the construction of the song bank and the formation of the first feature bank; section III presents the 

statistical filtering procedures to reduce the dimensionality and create the second bank; section IV deals with the 
extraction of the Predominant Melody and the formation of the third bank; and, finally, section V brings the 

conclusions of the work. 

 

II. CREATION OF THE SONG BANK 

First, we conduct a survey of the best-placed hit songs in an official ranking each year for a period of 

five years. However, there are several methods that can be used to measure the performance of songs, such as: 

a) performance on social media such as YouTube, Instagram or Facebook; b) Trending Topics (Twitter Trends 

is automatically generated by an algorithm that tries to identify the most relevant topics on the internet.); c) 

collection and distribution of copyright by ECAD (The Central Office of Collection and Distribution (ECAD) is 

a private Brazilian office responsible for collecting and distributing the copyright of songs to their authors, 

located in Rio de Janeiro); d) number of songs streamed from the main digital music platforms: Spotify, Deezer, 

iTunes; e) number of times that these songs are played on Brazilian radio within the analyzed period. The 
parameter number of times played on Brazilian radios was chosen, as this parameter would provide greater 

reliability in data acquisition. 

 

2.1. Connect MIX 

There are companies all over the world that specialize in monitoring the number of times a song is 

played on the radio. In Brazil, this service is also offered by the company ConnectMIX [5], which offers a 

homonymous monitoring tool in real time for auditing and managing Broadcasting for Radio and Television 

stations. The data obtained through ConnectMIX are displayed according to the example shown in Table 1, 

which are also available in the repository [6]. 

 

Table 1. Ranking100+ ConnectMIX - Year 2014 

Year Position Artist Title 
Musical 
Genre 

Times played 
on the Radio 

2014 1º Marcos & Belutti Domingo de Manhã 
Brazilian 

Music 
384067 

2014 2º Zezé di C. & Luciano Flores em Vida B. Music 273933 

2014 3º Cristiano Araújo Cê que Sabe B. Music 246369 

2014 4º Eduardo Costa Os 10 M. do Amor B. Music 245669 

2014 5º Jorge & Mateus Calma B. Music 239337 

      

. . . . . . 

. . . . . . 

. . . . . . 

2014 100º Fred & Gustavo Tó, Sou Seu B. Music 59060 
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A ranking was then created with 600 songs, from January 2014 to May 2019, taking the 100 most 

played songs on radio stations in Brazil each year. As the ConnectMIX banks do not provide us with very 

detailed statistical information about the songs, it was decided to classify all songs according to the percentage 
of times played on radio stations, for the general classification of the songs. This is so that the songs of the last 

year (2019) would not be so penalized in comparison to the other years in which the observation had already 

completed 12 months. 

In order to bring more reliability, balance and robustness in the formation of the final Dataset of the 

songs, the "Non-Hit Songs" bank was built under the premise that they should belong to the same set of artists 

selected in the first class (Hit -Songs). However, they could not be listed in any position in the ConnectMIX 

Overall Ranking. In addition, the same number of songs was chosen for both banks, that is, if an artist was listed 

with 5 songs in the hit song bank, then 5 songs by the same artist were selected for the Non-Hit bank. Non-Hit 

Songs. This enabled the construction of a bank of songs quantitatively balanced between those of Hit Songs and 

Non-Hit Songs. 

With the 600 most played songs on the radio in the years 2014 to 2019, it was necessary to submit 

them to some filters, in order to eliminate some redundancies. Are they: 
 

1) songs that are repeated in more than a year of analysis; 

2) different versions of the same songs (live or studio); 

3) songs recorded by more than one artist in the period; 

4) non-Brazilian songs, as they are not part of the scope of this study. 

 

2.2. Extraction and Treatment of Features 
After the filtering proposed above, there were 882 songs, 441 of which were labeled as Hit Song and 

441 as Non-Hit Song.  

As the selected songs last between 150 and 240 seconds on average, in which the melody and other 

characteristics are repeated more than once, it is desirable to restrict the records to short passages to reduce the 
effort of extracting and generating the features that describe them. This was necessary due to the fact that some 

analyzes depend primarily on temporal variables, which would cause an imbalance in the number of features 

analyzed for each song. In order to define the duration of this time interval, he used the author's experience over 

three decades of experience in the musical business market, but a study was also carried out on the approximate 

time of the musical structures of the selected songs. Since all songs are designed for radio performance, they 

usually share a similar musical structure, consisting of: Intro, Verse A / Semi-Chorus, Chorus A, Solo, Verse B / 

Semi-Chorus, Final Chorus and Final Solo. Figure 1 illustrates this process by showing the durations of the 

structural portions of ten songs, with the first five being Hit Songs and the next five being Non-Hit Songs. 

To better understand the pattern of Pop Songs that normally play on the radio, Figure 1 was 

constructed. In this chart, the distribution of events or similar musical structures for all songs is made. 
 

 
Figure 1. Arrangement and duration of the structural elements of  

Hit Songs (a, b, c, d, e) and Non-Hit Songs (f, g, h, i, j) 
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The analysis of the complete set of selected songs revealed that, from the end of the First Chorus, the 

song returns to the Introduction, Verse / Semi-Chorus A and Chorus. Most of the time, the same arrangement 

created for the Introduction is repeated on Solo. The Verse B generally has the same melody and metric 
structure as Verse A. After Verse B, the Chorus is typically repeated twice, thrice or even four times until the 

song ends. The Final Solo is optional and can either have the same structure as the Beginning or Middle Solos, 

or even it can be a simple improvisation on the theme of the song's Final Chorus melody, which is also quite 

common. 

Thus, the songs can only be considered technically new until the end of the first chorus. As can be seen in Table 

2, the initial 90 seconds bring the main characteristics of a song. 

 

Table 2. Minimum, Maximum and Average - Musical Structure 
Duration Intro Verse  

A/Semi-

Chorus 

Chorus A Solo Verse 

B/Semi-

Chorus 

Final 

Chorus 

Final 

Solo 

Min 00:05 00:27 00:24 00:00 00:18 00:33 00:10 

Max 00:20 01:01 00:44 00:18 01:01 01:14 00:25 

        

Average 00:15 00:41 00:34 00:11 00:32 00:51 00:16 

        

Average Song Duration until 

the end of the Chorus A 
01:29 

      

 

2.3. Brazilian Song Feature Bank 
After standardizing the duration of the songs, we performed the feature extraction procedure. For this, 

the Streaming Extractor Music application from the Essentia package [7] was used. The entire extraction 

operation was performed on the Linux Operating System (p. 18.04.4 LTS), as the Essentia Package could only 

be fully installed in a Linux or MacOS environment, according to the developers. 

As the extraction application outputs a single “json” extension file (JavaScript Object Notation [8] - 

JSON is a data exchange extension. It is based on a subset of the JavaScript programming language). 

Figure 2 represents a part of the structure of the json file, created from the features extractor, for song number 

10 of the hit song bank. It is important to note that this figure represents only a small part of all the features 

contained in the original file. 

 

 
Figure 2. Example of an excerpt from the json file generated by the Essentia Feature Extraction tool, in which 

some features and the respective values of their statistical descriptors are shown. 
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Figure 3 shows some time-dependent features. Here it is used a time windowing technique for 

extraction, hence the importance of limiting the songs within a standard time interval. 

 

 
 

Figure 3. Example snippet generated by the feature extractor tool Essentia, which include certain features and 

values of their respective statistical descriptors extracted by Temporal Windowing. 
 

Finally, the code used should also extract a few categorical features. These features cannot be 

described numerically and needed to be converted to binary variables during the process of building the final 

Dataset. One Hot Encoder techniques were used for this task. Figure 4 shows us the final part of the json file, 

containing categorical features (chords_Key, chords_scale, key_key and key_scale). 

 

 

 

 
 

Figure 4. Example of an excerpt from the json file in which the categorical variables and their respective 

estimated values were highlighted in light yellow, extracted using the Essentia Package Tool. 
 

 

2.3. Parsing – The Construction of the Dataset: 
After extracting all the features, it was necessary to perform a process known as Parsing. This process 

consists of extracting and reorganizing the data contained in the json files, converting them into a CSV 

extension table.  CSV is a format used to store data and can be imported and exported in programs such as 
Microsoft Excel, Google Sheets, Apple Numbers, OpenOffice Calc and other applications. By definition, CSV 

is a file format that mean comma-separated-values. This means that all data contained in this type of file is 

delimited by a comma. The Parsing process is, therefore, very important, since only from this organization of 

the data will it be possible to properly manipulate the data obtained, enabling the treatment of possible 

inconsistencies in the Dataset. 

 

2.4. Treatment of the Dataset with Pandas: 
After the Parsing step and the creation of the Dataset in CSV format, it is possible to load it in Spyder 

[6] using the Pandas library (Pandas is a software library created for the Python language, used in Data Science. 

Offers structures and operations to manipulate numerical tables and time series). Within Pandas it will be 
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possible to start handling the likely inconsistencies of the Dataset. At first, we will perform a visual search, 

trying to find the most common problems. 

Inconsistencies can be: unwanted features, missing data (NaN), null, divergent, duplicates, outliers and 
categorical variables (before being treated with One Hot Encoder). After all treatments, which are always 

necessary when building new Datasets, it was finally possible to format a more consistent Dataset, containing 

the predictive data and the vector that represents the classes (Hit Song or Non-Hit Song). 

 

After the treatments mentioned above, the final Dataset was as follows: 

 

1) 882 Lines (One line for each Song) 

2) 3215 Columns (Features) 

3) 1 Column (Classes - Hit Song / Non-Hit Song) 

 

III. REDUCED DIMENSIONALITY DATASET 

When you have a large number of features in a Dataset, and you want to use it to train Artificial Neural 
Network algorithms, it is very common to use computational tools that can reduce its dimensionality. 

Machine Learning algorithms tend to have significantly improved performance when it is possible to 

select features that are statistically more efficient. This usually brings more control and reliability to the models, 

in addition to significantly reducing the computational time for their training and parameter adjustment. In our 

case, the RFE (Recursive Feature Elimination) technique was used, as it was the one that was most efficient for 

this application. 

 

The most common methods, according to [9] are: 

 

1) Filter Methods: This method is based on statistical calculations, assigning a score to each feature. 

Usually, univariate tests are used that consider the independence of a given feature with the target 
variable. 

     

2) Wrapper Methods: this method selects and prepares several sets of features, evaluating and comparing 

them. A predictive model is used to evaluate the combination of characteristics, also assigning a score 

based on the accuracy of the model. The most common algorithm is RFE (Recursive Feature 

Elimination). 

     

3) Embedded Methods: These methods learn which features best contribute to the accuracy of the model 

at the time of construction. Example: penalty methods, Lasso, Elastic Net and Ridge Regression 

algorithms. 

 

IV. DATASET OF PREDOMINANT VOICE MELODY 
According to Jason Blume [10], the melody is the main key if making a Hit Song. Therefore, based on 

this thesis, which is shared by several musical producers and composers all over the world, and also by the 

proponent of this work who has been a music producer for almost thirty years in the Brazilian music market, it 

is proposed to build of a feature bank with information about the Predominant Melody of the songs' voices (this 

feature was extracted using the Predominant Melody tool, which is also part of the Essentia package). 

In Figure 5, we have the example of the initial eight seconds of the main melody for the song number “01” of 

the Hit Song Data Bank. Note that the graphic represents the main melody of the singing voice of the song. 
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Figure 5. Frequency range of the vocal melody in time - for Song 01 (Hit Song Bank). 

 

The 3rd bank, therefore, contains the feature of the Predominant Voice melody for each of the 882 

songs in the study, conditioned in a CSV file, ready for any use in Data Science. 
 

V. CONCLUSIONS 
Data Science is a field of Computing that has been growing a lot in recent years. The lack of new 

databases for studies has always been a challenge for researchers, especially for studies involving Music. The 

objective of this work is to collaborate with the development and creation of new research and Work Groups 

that are interested in helping the development of themes related to music. Certainly, the offer of new Datasets 

would be of great help for the development of new research. 
Our proposal differs greatly from other banks available on the internet, as it specifically focuses on 

contemporary Brazilian songs, selected in a short period of time. In addition, Dataset reflects a vision of the 

musical preferences of the largest country in Latin America, which is Brazil - a country with more than 200 

million people, according to [11]. In addition, the other available Datasets focus mainly on the North American 

market, containing hundreds of thousands of songs that only cover the English language, that is, they are 

Datasets with few features extracted from a very large number of songs, limited to a single language. 

Another important factor to consider is that our Datasets bring a large number of features (numeric and 

categorical), being possible to filter them from any needs, allowing a much more comprehensive use. 

Unlike other Datasets built with other tools, our banks add more than three thousand and two hundred 

different features. And this number is much higher than the banks offered in [3] and [12], which contain only 

nineteen columns of predictors (features), or even [2], which offers 60 features. Our first bank contains all 
possible features offered by the Essentia package extractor [7]. The second bank, on the other hand, includes the 

main statistically most relevant features, with 74 features, which were carefully chosen using the RFE feature 

selection tool. Finally, the third bank offers the features of the predominant melody of the voice for the 881 

songs analyzed in the period, which was never proposed in any other Dataset available for free on the internet 

for studies. 

In future works, it is also intended to improve the information contained in this last Dataset of vocal melodies, 

using filtering techniques so that they can also be used in several other researches, such as those that deal with 

themes related to music, helping the development of studies on music theory, composition, arrangements or any 

other related subjects. 
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