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The following data attributes were used in the analysis
presented here. Understanding the types of data points

In this project | plan to try and recommend to a
user a list of potential songs they will like based

Problem Statement

off of a songs musical attributes. This dataset

contains about 230,000 songs from 27 different

genres. | found this data set from Kaggle.com

however the original data was pulled from

Spotify’s api open to developers

Data Characteristics

helped determine what cleaning was needed.

Variable Name

Description

genre

artist name
track_name
track id
popularity
acousticness
danceability
duration ms
enerqgy
instrumentalness
key

liveness
loudness

mode
speechiness
tempo

time_ signature
valence

object
object
object
object
int64
float64
float64
int64
float64
float64
object
float64
float64
object
float64
float64
object
float64

Initial Data

B

1):

Data After Cleaning

df [ 'genre’'].value_counts()
Folk 150
Alternative 150 140
Classical 150
Movie 150
Soul 150 120
Hip-Hop 150
Country 150
Children's Music 150 100
Blues 150
Jazz 150 N
Pop 150 H &
Dance 150
Soundtrack 150
Anime 150 €0
Opera 150
Electronic 150
Rap 150 40
Rock 150
Children’s Music 150
Ska 150 0
World 150
Reggaeton 150
Reggae 150 0 ' 2 \' & > & 2 & R o ‘ A ' 'ov ' ' e,' ' '
R&B 150 Qo\té&;-_\d db‘:’\cb ~<}\0\\\ (‘P\)\,\\QX\OQ(P\)&(; e“\\)c,(- %\oz'-» \?‘0 <& o’é\go(\ &@d" v‘\\\(‘ cﬂé’:}e&o@" ra Qe“ia‘*oab o Q\o\\;&é&%&& qs,‘b \Q&e
Indie 150 ¥ & ? &° <
A _ C(\ ({(‘
. genre
IE:' 'it IEE I 'it'.
df .describe()
popularity acousticness danceability duration_ms energy instrumentalness liveness loudness speechiness tempo valence cluster
count 3750.000000 3750.000000 3750.000000 3.750000e+03 3750.000000 3750.000000 3750.000000 3750.000000 3750.000000 3750.000000 3750.000000 3750.000000
mean 68.732000 0.347904 0.575938 2.281282e+05 0.563491 0.113447 0.177132 -9.071927 0.079439 117.793168 0.467727 3.945600
std 13.716771 0.344434 0.191047 8.027557e+04 0.256471 0.279143 0.150834 6.201948 0.078269 30.891447 0.259823 3.011444
min 27.000000 0.000010 0.060900 3.155600e+04 0.001440 0.000000 0.017600 -41.808000 0.022400 35.995000 0.022400 0.000000
25% 62.000000 0.039325 0.452000 1.853402e+05 0.391000 0.000000 0.092400 -10.599500 0.036100 93.989000 0.255000 2.000000
50% 71.000000 0.207500 0.596000 2.173070e+05 0.602000 0.000008 0.116500 -7.119000 0.047300 115.074000 0.460500 3.000000
75% 78.000000 0.648750 0.720000 2.586192e+05 0.765000 0.003520 0.204000 -5.213500 0.086750 138.137500 0.671000 5.000000
max 100.000000 0.996000 0.964000 1.240600e+06 0.995000 0.992000 0.986000 1.023000 0.779000 218.184000 0.985000 10.000000

clustering model.

1)

E

df3 = df[(df['genre’
df4 = df[(df['genre’
df5 = df[(df['genre’
df6 = df[df['genre’
df7 = df[df['genre’
df8 = df[df[ 'genre’
df9 = df[(df['genre’

df10 = df(df[ 'genre'] ==

dfll
dfl12
df13
dfl4

dfl6 = df[(df[ 'genre’
= df(df[ 'genre’
df18 = df(df[ 'genre’
df19 = df(df[ 'genre’
df20 = df[(df[ 'genre’
= df(df( 'genre’
= df(df[ 'genre’
df23 = df(df[ 'genre’
= df(df[ 'genre’
df25 = df(df[ 'genre’

df17

df21
df22

df24

df26 = df(df[ 'genre’
= df(df[ 'genre’

df27

= df(df[ 'genre’
= df(df[ 'genre’
= df(df[ 'genre’
= df(df[ 'genre’
df15 = df(df[ 'genre’

5]: 4189050

df .shape

61: (232725, 18)

Data Cleaning

The majority of my cleaning at this stage was subsetting the
data so that there was an equal amount of songs from each
genre. This was important for when | would eventually run a

'Soundtrack').sort_values( 'popularity',ascending=False)[0:150]
'Indie'].sort_values('popularity',ascending=False)[0:150])
'Jazz').sort_values( 'popularity’',ascending=False)[0:150]
'Pop').sort_values( 'popularity',ascending=False)[0:150]
'Electronic').sort_values( 'popularity',ascending=False)[0:150]
'Children’s Music').sort_values('popularity',ascending=False)[0:150])
'Folk').sort_values('popularity’',ascending=False)[0:150]

'Hip-Hop'].sort_values('popularity',ascending=False)[0:150]
'Rock').sort_values( 'popularity',ascending=False)[0:150]
‘Alternative').sort_values( 'popularity',ascending=False)[0:150]

‘Classical').sort_values( 'popularity',ascending=False)[0:150]

‘Rap').sort_values('popularity’',ascending=False)[0:150]
‘World').sort_values( 'popularity’',ascending=False)[0:150]
‘Soul').sort_values( 'popularity',ascending=False)([0:150]
‘Blues').sort_values( 'popularity’',ascending=False)[0:150]
'R&B').sort_values( 'popularity’,ascending=False)[0:150]
‘Anime').sort_values( 'popularity’',ascending=False)[0:150]

'Reggaeton').sort_values( 'popularity',ascending=False)[0:150]

‘Ska').sort_values('popularity’',ascending=False)[0:150]
'Reggae’ ) .sort_values( 'popularity',ascending=False)[0:150])
‘Dance').sort_values( 'popularity’,ascending=False)[0:150]
‘Country').sort_values('popularity',ascending=False)[0:150]
‘Opera'].sort_values( 'popularity’',ascending=False)[0:150]
‘Movie').sort_values( 'popularity’',ascending=False)[0:150]
“Children's Music").sort_values('popularity',ascending=False)[0:150])

#I removed comedy and a capella from the data set. a cappella was too small and comedy was not applicable to musical song recommendation.

frames = (df3, df4, df5, df6, df7, df8, df9, dfl0, dfll, dfl2, dfl13, dfl4, dfl15, dfl6, dfl17, dfl8, df19, df20, df2l, df22, df23, df24, df25, df26, df27)
df = pd.concat(frames)

df .shape

(3750, 18)

df.size

67500

df[ 'genre'].value_counts()

BB

Comedy
Soundtrack
Indie

Jazz

Pop
Electronic
Children’s Music
Folk
Hip-Hop
Rock
Alternative
Classical
Rap

World

Soul

Blues

R&B

Anime
Reggaeton
Ska

Reggae
Dance
Country
Opera

Movie
Children's Music
A Capella

9681
9646
9543
9441
9386
9377
9353
9299
9295
9272
9263
9256
9232
9096
9089
9023
8992
8936
8927
8874
8771
8701
8664
8280
7806
5403

119

#Checking For NA
df.isna().any()

]: genre
artist_name
track_name
track_id
popularity
acousticness
danceability
duration_ms
energy
instrumentalness
key
liveness
loudness
mode
speechiness
tempo
time_signature
valence
dtype: bool

False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False

]):

# Checking For Null
df.isnull().sum()

genre
artist_name
track_name
track_id
popularity
acousticness
danceability
duration_ms
energy
instrumentalness
key

liveness
loudness

mode

speechiness
tempo
time_signature
valence

Values

OO 0000000000000 O0OO0OO0o

genre artist_name track_name track id popularity acousticness danceability duration ms energy instrumentalness key liveness loudness mode speechiness tempo time_signature valence

0 Movie Henri Salvador C'est beau de faire un Show 0BRjO6gaS8RKCKjfDgeFgWV 0 0.611 0.389 99373 0.910 0.000 C# 0.3460 -1.828 Major 0.0525 166.969 4/4 0.814

1 Movie Martin &les fées Perdu d'avance (par Gad Elmaleh) 0BjC1NfoEOOusryehmNudP 1 0.246 0.590 137373  0.737 0.000 F# 0.1510 -5.559  Minor 0.0868 174.003 4/4 0.816

2 Movie Joseph Williams Don't Let Me Be Lonely Tonight 0CoSDzoNIKCRs124s9uTVy 3 0.952 0.663 170267  0.131 0000 C 0.1030 -13.879 Minor 0.0362 99.488 5/4 0.368

3 Movie Henri Salvador Dis-moi Monsieur Gordon Cooper  0Gc68TVmMS52BwWZDO7Ki6tivf 0 0.703 0.240 162427 0.326 0.000 C# 0.0985 -12.178 Major 0.0385 171.758 4/4 0.227

4 Movie Fabien Nataf Ouverture  OlusIXpMROHJEPVSI1TQK 4 0.950 0.331 82625 0.225 0.123 F 02020 -21.150 Major 0.0456 140.576 4/4 0.390
df.size

€
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Understanding categorical attributes
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Correlation Detection

popularity -
acousticness - -0.38
10
danceability - 0.26 -0.36
mration_m5-0.0023 0.011 -0.13 - 05
energy - 0.25 033 -0.031
instrumentalness - 0.21 032 036 0076 -0.38 -00
liveness - -0.17 0.069 -0.042 0.024 019 -0.13
loudness - 0.36 m 0.44 -0.048 051 0.046 -0s
speechiness - -0.15 015 013 -0.016 015 -0.18 051 -0.0023
--1.0
tempo - 0.081 -0.24 0022 0028 023 0.1 -0.051 023 -0.082
valence - 0.06 -0.33 014 044 031 0012 04 0024 013
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Testing Categorical Variables as
Attributes for Model

dfd.columns

J: Index(['genre', 'artist_name', 'track name', 'track _id', 'popularity',

'acousticness', 'danceability', 'duration ms', 'energy',
'instrumentalness’', 'liveness', 'loudness', 'mode', 'speechiness’',
'tempo', 'time_signature', 'valence', 'key_A', 'key A#', 'key_ B',
'key_C', 'key C#', 'key_D', 'key D#', 'key_E', 'key F', 'key_ F#',
'key_G', 'key_G#'],

dtype='object"')

dfd = pd.get_dummies(df, columns=['key'])

dfd.head(3)
]:
genre artist name track_name track _id duration_ ms energy instrumentalness .. key B key C key C# key D key D# key E key F key F# key G
Soundtrack Zi:’:::;? Time 6ZFbXIJkul1dVNWvzJzown 72 0.155 0.221 275547 0.0879 0.698 ... 0 0 0 0 0 0 0 0 1
A Catalogue
Soundtrack  Max Richter Of  42c1ppLBsSbUJFNDZYLY10 72 0.996 0.124 110880 0.0924 0848 ... 1 0 0 0 0 0 0 0 0
Afternoons
Soundtrack Hans  Cornfield 4\ pycaqqlyAzTneaqstak 68 0.948 0330 126960 0.2290 0973 ... 0 0 0 0 0 0 o 0 0

Zimmer Chase

2Q raliimne

After exploring these variables | saw that they likely wouldn't
be the best for clustering similar songs because these
categorical attributed didn’t differentiate between songs
significantly.

MODEL SELECTION

When selecting the model, | decided to use a
agglomerative clustering model. The data explorations
demonstrated there were attributes of songs that
would lend themselves towards clustering.
Additionally, the majority of the predictor variables
after cleaning were continuous which also leans to
clustering. Also, for the model | had to reduce the size
of the input data because this type of clustering has
performance limitations for larger data sets

AHC Clustering

featureset = df[['acousticness', 'danceability', 'energy','instrumentalness’', 'liveness’', 'loudness’',
'speechiness', 'tempo’', 'valence', 'popularity']]

#Final Model does not inlcue the original attributes of genre, artist name, track name, track id, du:r

#Normalization

from sklearn.preprocessing import MinMaxScaler
x = featureset.values #returns a numpy array
min_max scaler = MinMaxScaler()

feature_mtx = min_max scaler.fit transform(x)

feature_mtx [0:5]

I): array([[1.55613588e-01, 1.77278264e-01, 8.70204114e-02, 7.03629032e-01,
7.15613383e-02, 5.79300040e-01, 2.07507269e-02, 4.97433983e-01,
1.83877000e-02, 6.16438356e-01],

[1.00000000e+00, 6.98704462e-02, 9.15495793e-02, 8.54838710e-01,
7.83767038e-02, 2.35390255e-01, 2.48480042e-02, 9.33118904e-01,
1.16974860e-01, 6.16438356e-01),

[9.51806721e-01, 2.97973646e-01, 2.29034985e-01, 9.80846774e-01,
8.48822800e-02, 5.92234596e-01, 1.99577055e-02, 3.30223010e-01,
3.83336796e-02, 5.61643836e-01),

[9.98995973e~01, 4.93965231e-01, 2.36120617e-02, 9.38508065e-01,
7.93060719e~-02, 2.20821368e-01, 2.44514935e-02, 6.25619549e-01,
1.05547476e-01, 5.47945205e-01],

[7.96182590e-01, 6.86634924e-01, 3.35722050e-01, 3.41733871e-06,
2.76125568e-01, 6.92419042e-01, 1.48030663e-02, 4.38489700e-01,
5.29399543e-01, 5.47945205e-01]))

#Clustering using Scipy
import scipy
leng = feature_mtx.shape[0]
D = scipy.zeros([leng,leng])
for i in range(leng):
for j in range(leng):
D[i,j) = scipy.spatial.distance.euclidean(feature mtx[i], feature_mtx[]j])

agglom = AgglomerativeClustering(n_clusters = 11, linkage = 'ward')
agglom.fit(feature_mtx)
agglom.labels_

‘): array((o, 0, 0, ..., 7, 5, 5])

df[ ‘'cluster_ '] = agglom.labels_
df .head (1)

3):

genre artist name track name track id popularity acousticness danceability duration ms energy

Hans

197505 Soundtrack Zimmer

Time 6ZFbXIJkul1dVNWvzJzown 72 0.155 0.221 275547 0.0879
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Cluster Descriptions
How | describe the different clusters

-Cluster 0: Instrumentals

-Cluster 1: Slower and more relaxed pop songs ~ the feels
-Cluster 2: Softer rock style songs

-Cluster 3: Relaxed and more upbeat pop songs

-Cluster 4: Upbeat and rythmic latin influenced songs
-Cluster 5: Soft acoustics

-Cluster 6: Electronic/Rock

-Cluster 7: Anime/Childrens songs

-Cluster 8: Faster pace non popular songs

-Cluster 9: Popular Rap songs

-Cluster 10: More agressive and serious pop songs

popularity acousticness danceability duration_ms energy instr dn peechi tempo valence
cluster

0 57.130548 0.882587 0.298614 251413.736292 0.150699 0.856796 0.136349 -21.835191 0.044502 101.153441 0.160004
1 67.073171 0.715047 0.543921 218411.911820 0.426391 0.019277 0.213853 -10.194094 0.067301 122.073977 0.472256
2 67.426434 0.047125 0.529716 229657.563591 0.850564 0.006563 0.192014 -4.746025 0.065772 128.667965 0.551676
3 75.758678 0.331110 0.639149 226252.380165 0.558936 0.005229 0.137344  -7.485140 0.086587 109.508625 0.465017
4 75.412720 0.098951 0.712591 222598.309878 0.726816 0.007689 0.152805 -6.069632 0.085998 124.267740 0.728788
5 49.510204 0.913959 0.371148 220860.678571 0.163349 0.029937 0.137917 -16.360301 0.045895 92.868061 0.235621
6 63.632653 0.089542 0.600694 250630.418367 0.663551 0.656520 0.179618 -8.430306 0.064705 123.105439 0.422050
7 34.606061 0.436332 0.777980 133019.050505 0.506313 0.000960 0.168798 -9.399778 0.090869 126.975919 0.819576
8 67.395604 0.068558 0.571495 274098.065934 0.745736 0.014144 0.721890 -6.152626 0.072954 119.805593 0.496822
9 80.968481 0.095911 0.744198 213640.020057 0.614670 0.005032 0.169700 -6.509648 0.157226 116.143576 0.352579
10 69.355469 0.087213 0.427422 268661.925781 0.711742 0.008507 0.151417  -5.902922 0.065725 132.661113 0.245745

Example Playlist Recommendation

artist = input("Enter Artist Name: ")
song = input("Enter Song Name: ")

artist_songs = df[df('artist_name']== artist )
artist_songs
song_name = artist_songs[artist_songs['track_name')== song ]

clust_num = song_name.head(l).cluster_
num = clust_num.values[0]

playlist = df(df.cluster_ == num)
sp = playlist.drop duplicates(subset='track name', keep='first')
sp.sort_values( 'popularity',6ascending=False).head(20)

Enter Artist Name: Drake
Enter Song Name: God's Plan

genre artist name track_name track id popularity ms energy key

107803 Pop  PostMalone Wow.  6MWIB6IXylwun0YzUBDFP 99 0.16300 0.833 149520 0539 0000002 B  0.1010
break up

107802 Pop  Ariana Grande ;ﬁ;m’ 4KVANSDIKVXX1KLWTpIS 99 0.04210 0.726 190440  0.554 0000000 F  0.1060
i'm bored

107805 Pop J. Cole M('%'?'L-S 2JvzF IRMA7IE3KmFlsyZD8 9% 0.14900 0.837 213594  0.364 0.000000 G# 02710

138915 Reggaeton Bad Bunny M"B‘r'::;i 116HOKVKr2ZI4RPUVBrUDO 95 0.01410 0817 210368  0.539 0.000496 F#  0.0990

107819 Pop Lauv :;r':d” 7COXchtUOMdBuIT6HvmRal 94 0.17600 0.599 162583  0.733 0000000 B 02420

107809 Pop Khalid Talk  OTVEWefWd1J30wIheTzxM 94 0.05010 0.900 197487  0.400 0000000 C  0.0876
ZEZE (feat.

107834 Pop  KodakBlack Travis Scott  OFZ4Dmg8jJJAPJnvBIzD9z 93 0.05210 0.861 208760  0.603 0.000000 G#  0.0924
& Offset)

107823 Pop 21 Savage alot  2t8yValvJORenpXUIACS52d 93 0.03950 0.837 288624  0.636 0001250 C#  0.3420

86956 Rap Blueface  Thotiana 30h6SCCeLuXhFpEyepla6G 93 0.18000 0.906 129264  0.382 0.000000 A#  0.1130
Nothing
Breaks Like

107877 Pop  Mark Ronson aHeat  27rdGxbavYJeBphckSMZAF 92 0.00987 0.601 217467  0.794 0000001 G  0.3880
(feat. Miley
Cyrus)

107848 Pop SheckWes Mo Bamba 1x2Bco0xcoJEDXKI7xr 92 0.19400 0.729 183907  0.625 0009860 E  0.2480
Drip Too

107827 Pop Lil Baby “g’af)ﬂ 78QRAWP35AGANFEC2GAGIE 92 0.10300 0.896 145543 0.671 0.000000 C#  0.5520

CONCLUSIONS

- Agglomerative/Hierarchical clustering proved to be the best
clustering algorithm for song recommendations

- When using agglomerative clustering, data size needs to be
accounted for because it is resource intensive to custer many
different rows of songs with a large number of attributes

- Clustering songs for recommendation performs better when
there are an equal amount of each genre. This allows for one genre
to not dominate the clustering as 'pop’' normally would when
including popularity as a variable because there are so many
popular songs in the genre of 'pop’.

-Categorical attributes such as genre are not as helpful for song
recommendations because there are many different styles of songs
in each genre so it would be limiting potential songs a user would
like.

- This system would work better if it was able to process larger
data size. A users song preferences would be better supported and
each individual cluster would be populated with a lot more
recommendations.

- Next step would be to experiment with other models that could
provide recommendations with large data sets.

- It is hard to test the accuracy of a clustering model like this
because a users preferences are entirely unique. But in my opinion
this model did a good job at clustering songs of the similar vibe,
mood, and feeling.



