- SPOTIFY ML

. LABEL: TOP 1007?

Fun Fact: Spotify launched in 2011

- N

‘ https://github.com/lolasery/khdatasci

https://www. kaggle.Com/ektanegi/spotifydata—1 9212020 -



A BRIEF OVERVIEW OF MUSIC!
1900S -> JAZZ, CLASSICAL, BLUEGRASS
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A BRIEF OVERVIEW OF MUSIC!
2020S -> POP, R&B, SOUL, INDIE
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« LABEL SIGNIFICANCE

Spotify songs =

Popularity prediction

- Very humble and casual

- Can help artistes aim for the top 100s to gain
more fame, investors, etc. —
- help to shape future trends more easily

- perhaps can create a app (pic on the right) to

let spotify users predict a song's popularity

based on the features | trained my ML with




DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

=  Usina Pandas profile analvze if data is imbalanced

acousticness
Real number (FRyg)

danceability
Real number (Fyg)

duration_ms
Real number (Rsq)

energy
Real number (Fep)

Distinct
Distinct (%)
Missing
Missing (%)

Infinita

Distinct
Distinct (%)
Missing
Missing (%)

Infinite

Distinct
Distinct (%)
Missing
Missing (%)

Infinite

Distinct
Distinct (%)
Missing
Missing (%)

Infinite

4714

2.8%

0.0%

1232

0.7%

0.0%

50212

29.6%

0.0%

2332

1.4%

0.0%

Mean 0.4932139761
Minimum 0
Maximum 0.996
Zeros 21
Faras (941 =0 A%
Mean 0.5381497172
Minimum 1]
Maximum 0.988
Zeros 147
Zeros (%) 0.1%
Mean 231406.159
Minimum 5108
Maximum 5403500
Zeros 0
Zaros (%) 0 0%
Mean 0.4585931304
Minimum 0
Maximum 1
Zeros 10
Zeros (%) =0.1%

explicit
Categorical

Il]lllllmmmmll.llll'll

B

instrumentalness
Real number (Zzp)

“||I‘ “‘ -
. .u‘lll l'fl-.
o or o o u° w2

key
Real number (Zzp)

ZEROS

1l liveness

b
1e6 REAl nUMber (Reg)
™ S

loudness
Real number ()

Distinct
Distinct (%)

Missina

Distinct
Distinet (%)
Missing
Missing (%)

Infinite

Distinct
Distinct (%)
Missing
Missing (%)

Infinite

Distinct
Distinct (%)
Missing
Missing (%)

Infinite

Distinct
Distinct (%)
Missing
Missing (%)

T v i e

2

<0.1%

0

3401

3.2%

0.0%

=01%

0.0%

1741

1.0%

0.0%

25313

14.9%

0.0%

Mean
Minimum
Maximum
Zeros

Zeros (%)

Mean
Minimum
Maximum
Zeros

Zeros (%)

Mean
Minimum
Maximum
Zeros

Zeros (%)

Mean
Minimum
Maximum

Zeros

- rOsY

01619371431
0

1

46087

27.1%

5.200519101
0

1"

21499

12.7%

0.2066903494
0

1

13

=<0.1%

-11.3702893

1 . 14419

o " < -2 o

lllllll..m.m..._ .

o o o o o

o ®H °

-



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

Distinct 1739 Mean 0.5320951423
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DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

1. Acousticness (0-1 float, not having electrical amplification eg. guitar over electric guitar, piano over keyboard)
. danceability (0-1 float, How likely one can dance to the song)

. energy (0-1 float, whatever keeps the listener engaged and listening -> abit too subjective, might drop)
.explicit (0 or 1 int, contains explicit language)

. instrumentalness (0-1 float, Predicts whether a track contains no vocals O = vocals, 1 = no vocals)

(©) I G ) e Y A \ V!

. key (0-11 int, All keys on octave encoded as values ranging from 0 to 11, starting on C as 0, C# as 1 and so on -> needs musical
background to determine what it really means eg. C major gives a happy yet melancholic undertone etc.)

7. liveness (0-1 float, Detects the presence of an audience in the recording, 0= not live , 1= live)
8. loudness (-60 to 3 float, -60 = soft, 3 = loud)
9. mode (0-1 float, 0= minor (sad), 1=major(happy))

10. release_date (datetime)



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

11. speechiness (0-1 float, >0.66 = made of spoken words (audio book), 0.33-0.66 = mix of music and speech, <0.33 = no speech)

- http://open.spotify.com/track/1u9vccIPQvAV3Nh4gRp3If <-- definitely singing butsomehow is more speechy

- http://open.spotify.com/track/TUEVYTgNCTTCTjpOTkOTrm <-- there is background talking but also 100% singing

- There are definitely non-songs (podcasts, readings) in the mix but are too difficult to immediately identify
12. tempo (0-244 float, speed of music, higher = faster)
13. valence (0-1 float, 0= sad/negative, 1=happy/positive)
14. Artist (str, name of artist -> able to feature engineerinto length of name)
15. duration_ms (float, Duration in miliseconds)
16. id (dropping this as it is useless)
17. name (str, of song)
18. popularity (0-100 int, O = no ranking)
19. release_date [Song was released] (datetime) ->Considering to remove since not all release dates have same format

20. year [Song was released] (1921-2020)


http://open.spotify.com/track/1u9vcc9PQvAv3Nh4qRp3If
http://open.spotify.com/track/1UEVy1gNCTTCTjp0Tk01rm

DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

This dataset is special in the sense that Year is not the year in which the popularity was obtained: It is the year song was
released.

= Difficulties:

= Speechiness canbe very high despite the person obviously singing.

Loudness -> Not too sure which measure they used for this -> Can only assume the higher the value the louder it is



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

Missing values

Count Matrix
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Nullity matrix is a data-dense display which lets you quickly visually pick out patterns in data completion.




Correlations

Pearson'sr Spearman's p Kendall's 1 Phik (pk) Cramer's V (gc)

. . . 1.00

UNDERSTANDING .

danceability

EXPLORATION +

PREPROCESSING -y
explicit
instrumentalness 0.25
key
liveness 0.00
loudness .
maode ~0.25
popularity .
speechiness ~0.50
tempo
valence . 075
year . -1.00

key
year

energy
explicit
liveness
loudness
mode
tempo
valence

@
F
=

L
—
®
=

S
=

acousticnass
danceability
speechiness

nstrumentalness



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

Features correlation with dependent variable

-0.8 -0.4 0.2 00 0z 04 g [k 1.0
Pearson Correlation

from yellowbrick library:
Year, loudness, energy



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

= Exploration!




# CASE STUDY
## POTENTIALLY DUPLICATED SONG (EITHER LATEST OR MOST POPULAR?)

t### SONG 1: POLONAISE-FANTAISIE IN A-FLAT MAJOR, OP 61

artists

4

83

8185

117019

126435

152990

['Frédénc Chopin', "Vladimir Horowitz']
['Fréedénc Chopin', "Viadimir Horowitz']
['Fredénc Chopin', "Vladimir Horowitz']
['Fréedénc Chopin', "Vladimir Horowitz']
['Fredénc Chopin', "Vladimir Horowitz']

[‘Frédéric Chopin', Vlado Perlemuter']

name

Polonaise-Fantaisie in A-Flat Major, Op. 61
Polonaise-Fantaisie in A-Flat Major, Op. 61
Polonaise-Fantaisie in A-Flat Major, Op. 61
Polonaise-Fantaisie in A-Flat Major, Op. 61
Polonaise-Fantaisie in A-Flat Major, Op. 61

Polonaise-Fantaisie in A-Flat Major, Op. 61

BNetFLOwLTS O xk8gKrd

71FaVeFy9Z0iQRY4yTijey

TaH7AMePMza3bZx53oHfgr

ZRMAVGE4Rkwmp1EbMI95UCTE

2gxdizo1tudUTR72Wpd2pe

4cIVrYOOoFaa3v1 ZowAlLBO

acousticness danceability duration_ms energy explicit instrumentalness key liveness loudness mode popularity speechiness

4

a3

8185

117019

126435

152990

0.99 0.21 Ba7733 0.20
0.9 030 785427 0.08
0.9 030 785427 0.08
0.9 031 785133 0.10
0.99 0.30 TaT547 014
0.99 0.24 707813 0.09

0 0, M 0.10 -16.83
0 0.85 1 0.09 -23.28
0 0.85 1 0.09 -23.28
0 0.86 1 0.09 -22.30
0 086 N 0.88 -21.54
0 083 N 0.08 -20.95

1
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0.04

0.04

0.04

0.04

0.04

tempo wvalence year

62.15

13730

137.30

136.08

133.28

7.3

0.07
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0.05

0.07

0.06

0.04

1928

1928

1928

1928

1928

1926

:

0

0

0

na. of
artists

2

2

id popularity release_date

1928

1928

1928

1928

1928

1926

featured remix

0 0
0 0
0 0
0 0
0 0
0 0



# CASE STUDY
## POTENTIALLY DUPLICATED SONG (EITHER LATEST OR MOST POPULAR?)
t### SONG 1: POLONAISE-FANTAISIE IN A-FLAT MAJOR, OP 61

#https://open.spotify.com/aloum/1n81HsSEOrnviDNIITX3fp0?highlight=spotify:track:6N6tiFZ9vLTSOIxkj8gKrd #disc3
#https://open.spotify.com/aloum/1n81HsSEOrnviIDNIITX3fp0?highlight=spotify:track:2RM4VG4Rkwmp1EbM95Uo7 E #disc4
#https://open.spotify.com/aloum/1n81HsSEOrnviDNIITX3fp0?highlight=spotify:track:2gxdizo1tudU /R72Wpd2pe #disco
#https://open.spotify.com/aloum/6P9bPQ1LDtgAB5V8Bt50ne?highlight=spotify:track:71FaVeFy9Z0OiQRY4yCOijey
#https://open.spotify.com/aloum/27NrfgdFNdDIKJnSxHXcJt?highlight=spotify:track: 7aH7AMePMza5bZX530oHfgr
#https://open.spotify.com/aloum/2tBnuQsf1e2rXt6oW4Vy2N?highlight=spotify:track:4c1VrYOOoFaa3v1Zcw9LBO

#individual songs probably played by different people

Despite sounding almost exactly the same (Yes | actually listened to all 6 songs)

u have very different



# CASE STUDY
## POTENTIALLY DUPLICATED SONG (EITHER LATEST OR MOST POPULAR?)

### SONG 2: MORE HEARTS THAN MINE
id popularity release_date

artists name

116612 ['Ingnd Andress’] More Hearts Than Mine  OLcspVEIxhEQQSWMITPWEZ 70 2019-04-05

169908 [Ingnd Andress’] More Hearts Than Mine 60R Flt42hmOId FulloccOl b5 2020-03-27
no. of

speechiness tempo wvalence year artists featured remix

acousticness danceability duration_ms energy explicit instrumentalness key liveness loudness mode popularity

0 0.1 -T41 1 70 003 7995 039 2019 1 0 o

0.41 214160 0.4z 0 0.00
0.03 8059 037 2020 1 0 0

116612 0.11
0 0.00 0 0.10 -7.39 1 65

169908 0.11 0.51 214787 0.43



# CASE STUDY

## POTENTIALLY DUPLICATED SONG (EITHER LATEST OR MOST POPULAR?)
##H SONG 2: MORE HEARTS THAN MINE

# https://open.spotify.com/album/4VMYwWFgX9vUV9ot WL RRF5?highlight=spotify:track:0LcspVKIXhEQQSVVMITPWz released as
single in 2019

# https://open.spotify.com/album/6gon3hv0lhwK8057PvVWZI?highlight=spotify:track:6 0RFIt48hmOI4 FuOJocc Ol re-released as an
album collection in 2020

Despite being the same song, the timing released allowed a better performance for the later re-release


https://open.spotify.com/album/4VMYwWFqX9vUv9otWLRRF5?highlight=spotify:track:0LcspVKJxhEQQSvVMiTPWz

DATA UNDERSTANDING, EXPLORATION + PREPROCESSING
# FEATURE ENGINEERING AKA CREATING NEW COLUMNS

artists

= ## 'no. of artists' - no. of artists in a song P VAT EEIE L]

spotify global topl®8[ 'no. of artists'] #for checking ['Robert Schumann', "Wiadimir Horowitz')

@ 1 [Seweryn Goszczynski']

1 2

2 1 : - .

} ) [Francisco Canaro']

4 2 L A -
['Frederic Chopin', "Wladimir Horowitz']

169904 2 _ o |

169965 7 [Felix Mendelssohn', "Viadimir Horowitz']

169986 2

169987 2 [Franz Liszt', "Wiadimir Horowitz']

169908 1

Name: no. of artists, Length: 169989, dtype: int64




DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

# FEATURE ENGINEERING AKA CREATING NEW COLUMNS

= # 'featured' - whether or not the song has a feature

spﬁtify_glnhél;tuplﬁﬂ['featured']

A T

165504
169985
169906
169987
169988

Mame: featured, Length: 169983, dtype: inté4d
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@@ e
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name

Rough Ryder

| Dare You

Letter To Nipsey (feat. Roddy Ricch)
Back Home (feat. Summer Walker)
Ojos De Maniaco

Skechers (feat. Tyga) - Remix

Sweeter (feat. Terrace Martin)




DATA UNDERSTANDING, EXPLORATION + PREPROCESSING
# FEATURE ENGINEERING AKA CREATING NEW COLUMNS

artists

= ## 'no. of artists' - no. of artists in a song P VAT EEIE L]

spotify global topl®8[ 'no. of artists'] #for checking ['Robert Schumann', "Wiadimir Horowitz')

@ 1 [Seweryn Goszczynski']

1 2

2 1 : - .

} ) [Francisco Canaro']

4 2 L A -
['Frederic Chopin', "Wladimir Horowitz']

169904 2 _ o |

169965 7 [Felix Mendelssohn', "Viadimir Horowitz']

169986 2

169987 2 [Franz Liszt', "Wiadimir Horowitz']

169908 1

Name: no. of artists, Length: 169989, dtype: int64




DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

# FEATURE ENGINEERING AKA CREATING NEW COLUMNS

m  ##'no. of artists' - no. of artists in a song

spotify global topl@®[ 'remix’]

o P @

1695984
169905
15695906
169907
15695908

Name: remix, Length: 169989, dtype: inte4

s I TR T o Y

& & = .
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spotify global topl@8["name”][spotify_global tople@[ 'name’].

2868
3045
3157
3282
3385

169776
169779
169792
169887
1595964

Merry Go Round - Take 2 Master Version with 5t...

Beginnings - 58th Anniversary Remix
Getting In Tune - New York Record Plant Sessio...
Pure And Easy - New York Record Plant Session ...
You Curl Your Toes in Fun / Childhood Herces /...

Que Mas Puess - Remix

Dream Girl - Remix

Triggered - Remix

My Truck (feat. Sam Hunt) - Remix
Skechers (feat. Tyga) - Remix

Name: name, Length: 951, dtype: object



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

# REMOVE "DUPES"

#boalean List that removes
spotify global toplé®['artists + name'] = spotify global tople@["artists™] + spotify global tople@[ 'name’]
boool = spotify_global tople@[’artists + name'].duplicated(keep="last')

boool

ol pa =

189584
1599a5
159586
15959a7
1595988

Mame: artists + name, Length: 16998%, dtype: bool

boool.valuse counts()

False
True

Mame: artists + name, dtype: inted

Fazlze
True
Falsze
Falsze
True

Falze
Falze
Falze
Falze
Falze

1566688

13381

Data has truncated from
169909 to 13301



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING
# LABEL

w
™

Classification:
Each song in top 100 or not

spotify_global_top100

poEonenaNgesgEnesEe8RTneg .
ﬁggﬁﬁﬁﬁﬁzﬁmxmsﬁwmi % iiiiﬁiiiiﬁiiiiiiiﬁﬁ% uhnﬂ agnmnzgﬁgg ,.“". |
ii‘i‘iii‘iii‘ii‘ii‘i‘i‘ii‘iiiii I iiiiiiiiiiiiﬁ S R R A T S

0 4 8 12 72 76 80 84 8 92 9 100
3
spotify_global_top100_no_pot_dupes
l--u':gl“a uls D wag'{émw
PO B T 5e88aaReronorna it BRNpRaT 'rﬁBEB-I*:g£§£ Y280
visenssinsagsaat s nissi
il ||| [ || ] ||‘i|‘ﬁ%%’% fEoeroe, ot o secen
0 4 8 12 16 20 24 28 32 40 48 76 8 84 8 92 96

A lot of Os -> Not top 100



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING | Transform multiclass into

Binary for simplicity sake

# LABEL still A lot of Os -> Not top 100

LR ]

Classification (NOT BINNED):
No. of songs in top 100s VS top > 100

spotify_global_top100 spotify_global_top100_no_pot_dupes
140000 12000 HLEE

120000 10000
100000
g
E?, 80000
]
60000
40000

20000 2000 1447

0
NOT in top 100 Top 100 ! NOT in top 100 Top 100"



Couypyg

DATA UNDERSTANDING, EXPLORATION + PREPROCESSING
# LABEL

= Should | bin it? | could let it be and use other methods to solve it... but lets try binning to make it more balanced

D ) - spotify_global_top100
Classification, BINNED: Each song in top 100 or not “top 1:21 > 1

- . ->
spotify_global_top100 spotify_global top100 no_pot_dupes tOp 22:32 2

30001 1780 - top 33:42 ->3

1687
1
Gg%

1622

f@

- top 43:53 >4
- top 54:100 ->5

spotify_global_top100_no
_pot_dupes

- top 1:15 ->1

- top 16:26 ->2

- top 27:35 ->3

- top 36:43 ->4

- top 44:51 ->5

- top 52:61 ->6

- top 62:96 ->7

=]

0 1-21 22-32 33-42 55-100

30000 29029 28588 1750 1693
27357 27716 57948 1669 1667
25000 1500 1447
1250
20000
§$1000
15000 S
10000
5000
0
4353 Q © & ”
,\,'\ 6‘1 ,1 b ,b‘



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

# RE-UNDERSTAND

Feat. corre for popularity NOT BINNED

Features correlation with dependent variable

remix l remiE -
bbbbbb - featurad _
- — - -
- ] e —
speechiness l speachiness -
mode . mode I
--------- | fvanses [ |
kay I kay I
nsiumeniainess L nstumeniainess |
oo I spici I
- — e ]
duration_ms I duration, I
cenceativty | denceabiity .
04 02 oo 0.8 4 02 oo oz 04
P Correlat P n Correlat

spotify_global_top100_no_pot_dupes

Binning made the other
positive features more
positive

Feat. corre for Popularity in top 100 separately BINNED

Features correlation with dependent variable

o8



DATA UNDERSTANDING, EXPLORATION + PREPROCESSING

# RE-UNDERSTAND spotify_global_top100

Feat. corre for popularity NOT BINNED Feat. corre for Popularity in top 100 separately BINNED
Features correlation with dependent variable Features cormrelation with dependent variable
remix - i -
mmmmm — —
valence I valence I
speachiness _ speachiness _
popularity | popuarity |
mode . mode .
budness | budness |
nnnnnnn [ | fveness [
kay I ke I
nnnnnnnnnnnnnn I nstrumentainess I
sxpiicit I axpicit [
e e ——— - |
duration_ms - duration ma -
dancaabilty ] doncasbity —
soustoness | soustonsss I
-0 0.4 -0 06 0.4 0.2 Qo

Pearson Correlation

Binning made the other
positive features more
positive



ML PORTION _

# GOAL // STRATEGY ‘.’f

k—‘—— M
A -

TRAINWITHTREN O _DUPES DATASETIAND TESFITAGAINSTTHE FULL DATASET
TO SEEHOWWELLITDOES



ML: MODELS
# TRAIN_TEST_SPLIT

a = spotify global topl@®d no pot dupes.drop(["popularity
spotify global tople@ no pot dupes["popularity”]

o
I

mow
L

Popularity in top 188 separately”], axis

a_train, a_test, b _train, b test = train_test split(a, b ,test size=0.2, random state=42)

€ = spotify global topl®@ no pot dupes.drop(["popularity

(=
il

m o
L

Popularity in top 188 separately”], axis

spotify global tople® no pot dupes["Popularity in top 188 separately™]

c_train, c¢_test, d train, d test = train_test split(c, d ,test size=0.2, random state=42)

1)

1)



#https:// towardsdatascience. com/what-and-why-behind- fit-transform-vs-transform-in-scikit-Llearn-78f915cf96fe
I\/l I_ . sc = preprocessing.StandardScaler().fit(a_train[columns_to std and nor]) # -> Standardize -»> rescaling the distribution of values so that the mean of observed wvc
L]

a_train[celumns_to_std_and_nor] = sc.transform{a_train[columns_to_std_and_nor])

I\/l O D E LS a_test[columns_to_std_and_nor] = sc.transform(a_test[columns_to_std_and_nor])

nc = preprocessing.MinMaxScaler().fit({a_train[columns_to std _and nor]) # -> Normalize -» rescaling of the data from the original range so that all values are

_train[cel _to_std_and_nor] = g form({a_train[col _to_std_and_nor])
# STANDARD|SE :_t;:i?cgiu;:Zitoisid_a::_ngi]r = n:ftr;i:'Sfoi;r;aite;::|I:-:oizm::iio_:tz_angjno:?;
& THEN # nc.transform(a_trainf[columns_to std and nor
form(a_ [ _to_std and nor])
N O R M A I_ | Z E # nc.transform(a_test[columns to std and nor])

# Standardization can give values that are both positive and negative centered around zero.
# It may be desirable to normalize data after it has been standardized.

L] 3
l s
a_train

. of
ne.o featured remix no_of _times

-1

acousticness danceability duration_ms energy explicit instrumentalness key liveness loudness mode speechiness tempo valence yea

Standardize: mean 0 &SD 0 - o — _ i
> AKA Center ard O 279 0.76 0.62 0.07 0.57 0 Q.00 Q.09 0.20 0.82 1 0.37 0.49 044 028 0.18 0 0
. 7078 0.00 043 a1 0.04 0 0.00 0.4 Q.10 0.95 1 0.09 072 034 095 0.00 0 ]
Normallze range from 0_1 9674 0.81 0.48 0.0e 0.54 0 Q.00 0.82 0.27 0.82 0 0.04 0.40 073 021 0.00 0 0
-> Force It Into a range 10721 09 0.57 0.08 0.34 0 0.00 0.64 0.15 0.85 1 0.05 0.82 078 015 0.00 0 ]
Train Set -> Flt & Transform 8287 0.05 0.73 012 0.76 0 0.00 0.27 0.18 0.80 1 0.04 0.31 095 054 0.09 0 0

Test set -> Tranform

11964 072 0.75 0.06 0.54 0 Q.00 0.18 0.07 0.84 1 0.04 0.44 081 0.86 0.00 0 0
5191 0.02 0.e2 0.10 0.79 0 000 0.8 0.05 0.82 1 0.03 045 078 082 0.00 0 0
5390 0.00 0.63 0.11 0.75 0 0.00 0.64 0.38 0.90 1 0.07 0.43 044 0.86 0.00 0 D
860 0.04 047 0.12 0.75 0 0.00 0.09 013 0.90 1 0.03 0.81 012 090 0.00 0 0
7270 1.00 0.45 0.09 0.14 0 036 0.18 0.09 0.79 1 0.03 0.34 018 01 0.00 0 0

10640 rows = 18 columns



ML:
MODELS

# STANDARDISE
& THEN
NORMALIZE

m Fit -> Calc. mean & var of each features present

= transform -> transforming all the features using the respective mean and variance.

= |f we fit test data to test -> new mean and variance that is a new scale for each feature towards test and will let our model
learn about our test data too



ML:
MODELS

# STANDARDISE
& THEN
NORMALIZE

This is the column by column fit transform

[%4]

[439]:

[439]:

### No need to run this 1 by 1....

it is Literally the same result as below.
# for i in columns_to std and nor: #to normalize and standardize individually without tounching the binaries.

= a_train[i] = StandardScaler().fit_tronsform(np.array{a_train[i]).reshape(-1, 1))
# a_train[i] = MinMaxScaler().fit_transform{np.array(a_train[i]).reshape(-1, 1))

= a train[i] = sc.fit transform{a_train)

= a train[i] = nc.fit transform{a_train)

a_train

acousticness danceability duration_ms energy explicit

279
7078
9674
10721

8287

11964
5191
23390

860

7270

0.76
0.00
0.81
091

0.05

072
0.02
0.00
0.04

1.00

.62
043
0.48
057

0.73

0.75
0.62
0.63
047

0.45

10640 rows = 18 columns

0.07
01
0.06
0.08

012

0.06
0.10
0
0.12

0.09

057
024
0.34
0.34

0.78

054
0.79
0.753
0.75

0.14

instrumentalness

0.00
0.00
0.00
0.00

0.00

0.00
0.00
0.00
0.00

0.26

key

0.09
0.64
0.82
0.64

0.27

018
018
O.64
0.09

0.18

liveness

0.20
0.10
0.27
0.15

018

.07
0.05
038
013

0.09

loudness mode speechiness tempo valence

.82
0.95
0.82
0.85

0.30

054
0.52
0.90
0.90

0.79

037
0.09
0.04
0.05

004

004
0.03
0.07
0.03

0.03

0.42
0.72
0.40
0.82

0.51

0.44
0.45
0.43
0.81

0.24

044
034
0.73
0.78

0.95

0.81
0.78
044
0.12

0.18

year

0.28
0.95
0.21
0.15

0.54

0.86
0.62
0.26
0.90

0.1

no. of
artists

018

0.00

0.00

0.00

0.09

0.00
0.00
0.00
0.00

0.00

featured remix no_t

0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0



[ ] = (] I . . 1
for 'popularity’ Label for 'Popularity in top 100 separately’ Label
LN N "X K]
. 100% | I 2220 [@e:27<@0:88, 1.85it/s] 100% || 2°/2° [91:47<@8:08, 3.78s/it]
. for 'popularity' Label for 'Popularity in top 188 separately’ Label
[468]: Accuracy Balanced Accuracy ROC AUC  F1 Score  Time Taken
I\/l O D E I_S 1: Accuracy Balanced Accuracy ROC AUC F1 Score  Time Taken
Maodel
Model
XGEBEClassifier 096 0.93 0.93 0.96 074
RandomForestClassifier .42 244 Naone 0.40 3.33
# I_A ZY BaggingClassifier 0.95 0.92 0.92 0.96 038 i _
LGEMClassifier 042 043 Naone 0.39 252
RandomForestClassifier 0.96 092 092 0.96 A1 XGBClassifier 0.41 042 None 038 530
LGBMClassifier 038 0.52 0.52 0.58 0.17 ExtraTreesClassifier 041 042 None 039 154
AdaBoostClassifier 095 0.89 0.89 0.95 065 BaggingClassifier 0.40 0.41 None 038 0.54
Okay not ve ry DecisionTreeClassifier 0.95 0.88 0.88 095 Q.08 SVC 0.39 0.40 None 0.36 1056
ExtraTreesClassifier 0.95 0.88 0.88 0.95 071 MNuSVC 0.36 0.38 MNone 024 22.86
sure how to - - -
' MNearestCentroid 0.5 056 0.86 0.88 004 DecisionTreeClassifier 0.36 0.37 None 0.36 0.20
deal with
|t_ | SV 0,95 0Es 0Es 0.9s 1,59 Logistit R.EQFESS-iDI'I 034 0.36 MNone 0.32 0.66
MUITICIaSS i
label ExtraTreeClassifier 0.93 0.83 0.83 0.93 0.03 LinearsVic o33 S3 MNeme 02 821
.- i ¥ N3 N 34 e} G
BernoulliNB 0&s 0&2 0&2 0E7 004 CalibratedClassifierCV 0.33 234 Neone 0.30 29.16
. KMNeighborsClassifier 0.32 0.33 Neone 0.31 1.28
. . LabelSpreading 0.93 0.51 0.51 0.93 0.4
So | will stick LinearDiscriminantAnalysis 0.32 033 None 030 0.06
. LabelPropagation 0.93 0.&1 0.&1 093 675
RidgeClassifier 0.31 0.32 Neone 0.27 0.05
WI e
LinearDiscriminantAnalysis 0.91 079 079 042 014 RidoeClassifierCV 031 " . L -
: | geClassifiel 0.3 0.32 one 0.27 O
Blnary one: PassiveAggressivellassifier 091 079 079 0.91 0.05 ) _
LabelPropagation 0.30 .31 MNone 030 6.58
BT T LT LE i Ls Ls Sl 12l ExtraTreeClassifier 0.30 031 None 0.30 0.04
LogisticRegression 093 078 078 0.93 011 LabelSpreading 0.30 031 None 030 936
CalibratedClassifierCV 0.93 037 037 092 197 MearestCentroid 0.28 0.29 Mone 0.27 0.02
LimearSvC 093 076 076 092 053 BernoulliNB 0.28 0.29 None 0.26 004

(=]
L
==l

Naone 0.24

(&)
[
=
[=]
[
(=)

SGDClassifier 0.93 0.73 0.73 092 0.09 SGDClassifier



ML: MODEL
SELECTION

# RANDOM FOREST

Reasons:
- Lazy predict has very good accuracy, AUC & F1
- able to deal with imbalanced dataset with class_weight = "balanced"
- No sensitive to outliers (but | alrdy standardised and normalised)
- It is an ensemble of DTs -> Typically more depth -> Less overfitting
-> AKA bagging -> reduce the complexity of models which will overfit.



ML:
TRAINING

# RANDOM FOREST

spotify_global_top100_no_pot_dupes

Important features

number of train sample in train set: (18648, 18)
Mumber of samples in wvalidation set: (2661,)

~n o zame as above since they call the same function

year

acousbcness

anargy
nsrumantainess
no. of artists
budness
dancesbiity [
duration_ms
speachiness
wiarce [
wrpo [
veness -
mo_of_times_songname_asppears -
wy Wl

mode |
mphicit
eatured
K

o

S

oS 10 13 020 023 030 033 040

looks really good tbh

Can proceed to tune



ML:
TRAINING

# RANDOM FOREST

Important features

number of train sample in train set: (18648, 18)
HNumber of samples in validation set: (2661,)

~% zame as gbove since they call the same function

duration_mas

danceabivty |

nstrumentalness

speachinass
walence
-
Fveness
ey I
mo_of_timss_sangname_sppears _
no. of artists [
mode [
anpiicit ]
eatured
RTIR

0 005 oo os 030

Looks like overfitting.... lets abandon it as it takes too much time



ML:
TRAINING

# OVER AND
UNDER SAMPLING

#SMOTE
#TOMEK

[788]: | b_train

[788]: 2791 2
7678 1
9674 1
18721 1
8287 1

11%e4 1
5191 1
5308 1
B0 1
7278 1
Name: popularity, Length: 1@

[595]: from imblearn.combine import
from numpy import where

ronnter = Counterih trsin

Tomek links are the opposite class paired samples that are the closest neighbors to each other.

Before, the Counter({1l: 9453, @: 1187})
after, the Counter({@: 9449, 1: 9449})

10 |

a8 |

06 -

04

02

oo

0o

. ;I*, Y}‘"

02

o - ‘ ' : f‘!

04

> »
3 -

v e

; * :

10

Smoting minority 1187 to
9453 and

Removing Tomek links on
both classes to 9449 to
prevent overfitting



ML:
TRAINING ¢ Minority class Example case with k = 8
# OVER AND A\ Majority class X11
UNDER SAMPLING .
diff /
#SMOTE y 14‘ & il S8
#TOMEK L .
s ' Pictorial on smoting
ynthesized .
gap data specifically
A ®
X1 A r1 = X1 + gap * diff
@ A ®

X13 X12



ML: TRAINING

# OVER AND UNDER
SAMPLING

#SMOTE
#TOMEK

Important features

number of traim sample in train set: (188938, 18)
HNumber of samples in validation set: (2661,)

~n zame as sbove since they call the same function

war [
acousticness [[NNNEEG
no. of artists [N
nsrumsentainezs [ TGN
worgy [ NNEGNG
oudness ([N

dancesbiity [
woochiness [
ro_of_times_sangname_sppears [
duration_ma
wEkarCa
Iveness
mmpo
b=y
riode
amplicit
Eaturad
FEHTILR
(el 1] 0 o (1R E: ] 020 023 030 035 &0




ML: TRAINING

# OVER AND UNDER
SAMPLING

#SMOTE
#TOMEK Lets use the RF class weight balanced set

Owx chamaifier ls pickier and has more precsion but misses & dlightly bit more on the actual songs that do hit togp 100

1E sacrifiied | B3 reca for 0 93 precision

Fro:anmreobjecﬁwpoimdvim the class_weight balanced RF is better a3 it has s better tatio between Precision and
rec

o WA S 1) 2o

bt it must be noted In cortan ndusiniet where money o ivolved the higher peecison will be prefered over the recall trade off.

But since we're in Spotify andd we want a more balanced approach 10 seeing wivich songs can hit the top 100



ML:
TRAINING

# HYPER-
PARAMETER
TUNING

#GRIDSEARCHCV

[6487:

[648]:

grid_model v8.fit{a_train, b_train)

Fitting 12 folds for each of 22 candidates, totalling 264 fits

[Parallel(n_jobs=16)]: Using backend LokyBackend with 16 concurrent workers.
[Parallel(n_jobs=16)]: Done 18 tasks | elapsed: 1.1lmin
[Parallel(n_jobs=16)]: Done 168 tasks | elapsed: 9.8min
[Parallel(n_jobs=16)]: Done 264 out of 264 | elapsed: 16.2min finished

GridsearchCV(cv=RepeatedStratifiedkKFold(n_repeats=3, n_splits=4, random_state=42),
estimator=RandomForestClassifier{class_weight="balanced’,
random_state=42),
n_jobs=16,
param_grid={'criterion': ['gini', 'entropy'], 'max_depth': [14],
‘n_estimators': [80@, 818, 828, 838, 848, 850, 568,
870, 888, 898, 900]},
verbose=1)

Looks more or less finalized..... lets use V8

grid_model v8.best_estimator_

RandomForestClassifier{class_weight="balanced', criterion="entropy’,
max_depth=14, n_estimators=848, random_state=42)



Important features

number of traim sample in train set: (18648, 18)
Mumber of samples in validation set: (2661,)

# Same as RF.score since they call the same function

ML:
TRAINING

# RUN AGAIN senass

nEirumantainess

noe. of artists
Ibudness
danceaability
dusration_ms
speschiness
walenca
Bmpo
Fveness
mo_of_tmes_songname_appoars
=y

rride
aplicit
Raturad
PEHTIIE

|

o 005 PR a1y 020 025 .30 035 040

=



_ ### Accuracy -> Correctness
ML: MODEL Ay g
EVALUATION ### Precision -> Exactness

-tp/ (tp + p)
### Recall -> Completeness
# ACCURACY -tp/ (tp +fn)

EEE%I_SI_'ON’ ### F1 -> how complete & exact |E balance of precision and recall
1 ’ -2tp/ (2tp+ fp +1n)

Dropped from 99.92 to 98.83 for accuracy
. -1.09

Eﬂf:‘:lsmn upped from 38.15 to 98.68 ‘ This should have mitigated any overfitting that might have occured
recall dropped from 97.21 to 96.63

s -0.55

F1 dropped 0.04



Predicted label
NOT intop 96 Top 96 !!

ML: MODEL
EVALUATION o
o
S
# ACCURACY -
PRECISION, —
RECALL, —
F1 309
aZ
L
Heat map of test data .
against predictions with -
test data E
B =
©
S 2320
Very decent TNs & TPs I
ke




Important features

number of train sample in train set: (127431, 18)
Number of samples in walidation set: (42478,)

&% zame as sbove since they call the same function

ML: TEST ON
BIG SET

e
— |
J—

nsrumentainezs [ TTG Generahzes Welll \/el’y
no. of artisbs _ |
oudness [N gOOd
danceabilty [
dusration_ms -
speechiness [ . _
wience [ In hindsight | could have
wrpo [ :
weness [ easily parsed out the no
] dupes set from the
mode I| original 169k data set to
- make the results even
reeia more convincing.

000 003 @10 a1s 020 L1 ] 030 Q3s a0



ML: MODEL
EVALUATION

# ACCURACY
PRECISION,
RECALL,

F1

Heat map of test data
against predictions with
test data

Still Very decent TNs &
TPs

Truth label

NOT in top 96

Top 96 !!

Predicted label
NOT intop 96 Top 96 !!

33492




END OF PRESENTATION [

https://www.kaggle.com/ektanegi
/spotifydata-19212020




