[1]:

[3]:

[4]:

Regression analysis and popularity prediction with XGBoost
January 11, 2023

1 Popularity Prediction XGBoost &Regression Analysis

Using different regression models to predict the popularity of songs on Spotify
import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import LabelEncoder, PolynomialFeatures

from sklearn.model_selection import train_test_split

from xgboost import XGBRegressor

from sklearn import linear_model, tree

from sklearn.metrics import mean_squared_error, r2_score

from datetime import datetime

import random

import time

from statsmodels.stats.outliers_influence import variance_inflation_factor
from joblib import Parallel, delayed

pd.set_option('display.max_columns', None)
sns.set(rc={'figure.figsize':(11.7,8.27)})

df = pd.read_csv('/Users/hwangtaejin/Creative Cloud Files/Practices/Projects/
~4_Spotify/dataset.csv')

1.1 Information about dataset from kaggle

1.1.1 Imnsight : Original dataset has some duplicate information, still contatined after
reducing them.

print (f 'number of duplicate rows: {df.duplicated().sum()}\nnumber of null,,
ovalues:\n{df.isna().sum()}')

number of duplicate rows: O
number of null values:

Unnamed: O 0
track_id 0
artists 1
album_name 1
track_name 1



popularity
duration_ms
explicit
danceability
energy

key

loudness

mode

speechiness
acousticness
instrumentalness
liveness

valence

tempo
time_signature
track_genre

O O O O O O O O OO OO O o o oo

dtype: int64
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df .drop(['Unnamed:

o',

'track_id',

~axis=1, inplace = True)

df . shape

<class 'pandas.core.frame.DataFrame'>

RangeIndex: 114000 entries, O to 113999

Data columns (total 16 columns):
Non-Null Count

#
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Column
popularity
duration_ms
explicit
danceability
energy

key

loudness

mode
speechiness
acousticness
instrumentalness
liveness
valence

tempo
time_signature
track_genre

114000
114000
114000
114000
114000
114000
114000
114000
114000
114000
114000
114000
114000
114000
114000
114000

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

'artists',

'album_name',

bool
float64
float64
int64
float64
int64
float64
float64
float64
float64
float64
float64
int64
object

dtypes: bool(1), float64(9), int64(5), object(1l)

memory usage:

[6]:

df .head ()

13.2+ MB

"track_name'],
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popularity duration_ms

230666
149610
210826
201933
1988563

acoust

.4610
.1660
.3590
.0596
.4430

live
0.

explicit danceability energy
False 0.676 O
False 0.420 O
False 0.438 0
False 0.266 O
False 0.618 0
icness instrumentalness
0.0322 0.000001
0.9240 0.000006
0.2100 0.000000
0.9050 0.000071
0.4690 0.000000

tempo time_signature track_genre

0 73
1 55
2 57
3 71
4 82
mode speechiness
0 0 0.1430
1 1 0.0763
2 1 0.0557
3 1 0.0363
4 1 0.0526
0 87.917
1 77.489
2 76.332
3 181.740
4 119.949
df .describe()
popularity
count 114000.000000
mean 33.238535
std 22.305078
min 0.000000
25% 17.000000
50% 35.000000
75% 50.000000
max 100.000000
key
count 114000.000000
mean 5.309140
std 3.559987
min 0.000000
25% 2.000000
50% 5.000000
75% 8.000000
max 11.000000
acousticness
count 114000.000000
mean 0.314910
std 0.332523

4

4
4
3
4

durat
.1400
.2802
.0729
.0000
.7406
.1290
.6150
L2372

G NDND - O = N =

1

114000.
-8.

5.

-49.
-10.
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-5.

4.

instru
114

acoustic
acoustic
acoustic
acoustic
acoustic

ion_ms  danceability
000000 114000.

00e+05 11
92e+05
77e+05
00e+00
60e+05
60e+05
60e+05
95e+06

oudness
000000 1
258960
029337
531000
013000
004000
003000
532000

mentalness
000.000000
0.156050
0.309555

4000.

O O O O O O o

14000.

114

0
0
0
0.
1
1
1

.566800
.173542
.000000
.456000
.580000
.695000
.985000

mode

.637553
.480709
.000000
000000
.000000
.000000
.000000

liveness
000.000000
0.213553
0.190378

O O O O

_ O O O O O O

spee

000000 114000.

O O O O O o o

key loudness
1 -6.746
1 -17.235
0 -9.734
0 -18.515
2 -9.681
ness valence
3580 0.715
.1010 0.267
.1170 0.120
.1320 0.143
.0829 0.167
energy \
000000
.641383
.251529
.000000
.472000
.685000
.854000
.000000
chiness \
000000
.084652
.105732
.000000
.035900
.048900
.084500
.965000
valence \
114000.000000
0.474068
0.259261

\



min 0.000000 0.000000 0.000000 0.000000
25% 0.016900 0.000000 0.098000 0.260000
50% 0.169000 0.000042 0.132000 0.464000
75% 0.598000 0.049000 0.273000 0.683000
max 0.996000 1.000000 1.000000 0.995000

tempo time_signature
count 114000.000000  114000.000000

mean 122.147837 3.904035
std 29.978197 0.432621
min 0.000000 0.000000
25% 99.218750 4.000000
50% 122.017000 4.000000
75% 140.071000 4.000000
max 243.372000 5.000000

[8]: df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 114000 entries, 0 to 113999
Data columns (total 16 columns):

#  Column Non-Null Count  Dtype

0 popularity 114000 non-null int64

1 duration_ms 114000 non-null int64

2 explicit 114000 non-null bool

3 danceability 114000 non-null float64
4  energy 114000 non-null float64
5 key 114000 non-null int64

6 loudness 114000 non-null float64
7 mode 114000 non-null int64

8  speechiness 114000 non-null float64
9 acousticness 114000 non-null float64
10 instrumentalness 114000 non-null float64
11 1liveness 114000 non-null float64
12 wvalence 114000 non-null float64
13 tempo 114000 non-null float64
14 time_signature 114000 non-null int64
15 track_genre 114000 non-null object

dtypes: bool(1), float64(9), int64(5), object(1)
memory usage: 13.2+ MB

[10]: print(f'number of duplicate rows: {df.duplicated().sum()}\nnumber of null
~values:\n{df.isna() .sum()}"')

number of duplicate rows: 7093
number of null values:
popularity 0
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duration_ms
explicit
danceability
energy

key

loudness

mode
speechiness
acousticness
instrumentalness
liveness
valence

tempo
time_signature
track_genre
dtype: int64

1.2 Analysis

O O O O O O O O O OO OO oo

Find out all categorical variables in our dataset and turn them into numeric variables.

def labelencoder(df):
for ¢ in df.columns:
if df [c] .dtype=='object':

df [c]

= df[c].fillna('N")

1bl = LabelEncoder()
1bl.fit(1list(df[c].values))
1bl.transform(df [c] .values)

df [c]

return df

df = labelencoder(df)

df .head()

popularity duration_ms

explicit danceability

0 73 230666 False 0.676

1 55 149610 False 0.420

2 57 210826 False 0.438

3 71 201933 False 0.266

4 82 198853 False 0.618
mode speechiness acousticness instrumentalness

0 0 0.1430 0.0322 0.000001

1 1 0.0763 0.9240 0.000006

2 1 0.0557 0.2100 0.000000

3 1 0.0363 0.9050 0.000071

4 1 0.0526 0.4690 0.000000

tempo time_signature

track_genre

energy ke

0.
.1660
.3590
.0596
.4430

o O O O

4610

liveness

0.3580
.1010
.1170
.1320
.0829

O O O O

y

N O O+

loudness
-6.746
-17.235
-9.734
-18.515
-9.681

valence
0.715
0.267
0.120
0.143
0.167

\



0 87.917 4 0
1 77.489 4 0
2 76.332 4 0
3 181.740 3 0
4 119.949 4 0

1.2.1 Exploratory Data Analysis(EDA)

[12]: sns.pairplot(df.loc[:, (df.dtypes == 'int64') | (df.dtypes ==,
o'float64')],palette = ["#8000ff","#da8829"])

[12]: <seaborn.axisgrid.PairGrid at 0x7feb55eeld460>




[13]: sns.heatmap(df.corr(), annot=True, fmt=".1f", cmap = sns.
~color_palette("coolwarm", 12))

[13]: <AxesSubplot:>
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1.3 Modeling & Model Selection
Split dataset into a training dataset & a test dataset
[14]: X = df.loc[:,df.columns != 'popularity'].values
y = df['popularity'].values

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,,
~random_state = 0)

[15]: XGBreg = XGBRegressor(scale_pos_weight=1,
learning_rate=0.01,
colsample_bytree = 0.3,
subsample = 0.8,
n_estimators=1000,
reg_alpha = 0.3,



[16]:

[17]: def poly_model_metrics(models, poly_list, X_test, y_test, decimals =

max_depth=10,
gamma=1)

ridge_model = linear_model.Ridge(alpha=.5)

lasso_model

linear_model.Lasso(alpha =.1)

tr = tree.DecisionTreeRegressor()

bayridge_model = linear_model.BayesianRidge()

1m = linear_model.LinearRegression()

poly_list = [PolynomialFeatures(degree=i, include_bias=False) for i in
srange(2,4)]

prm_list

= [linear_model.LinearRegression() for i in range(2,4)]

def model_metrics(model, X_test, y_test, decimals = 5, X_train = X_train,
oy_train = y_train):

start = datetime.now()
model.fit(X_train, y_train)
y_pred = model.predict(X_test)

mse
r2

return {'mean_squared_error': mse, 'R-Squared': r2, 'time': (datetime.now()

= np.round(mean_squared_error(y_test, y_pred),decimals)
np.round(r2_score(y_test, y_pred),decimals)

~— start) .seconds}

= X_train, y_train = y_train):

metrics_list = []
for i in range(len(models)):

start = datetime.now()
poly_features = poly_list[i].fit_transform(X_train)
models[i] .fit(poly_features, y_train)
y_pred = models[i].predict(poly_list[i].fit_transform(X_test))
mse = np.round(mean_squared_error(y_test, y_pred), decimals)
r2 = np.round(r2_score(y_test, y_pred), decimals)
metrics_list.append(
{'mean_squared_error': mse, 'R-Squared': r2, 'time': (datetime.

-now() - start).seconds})

return metrics_list

[18]: poly_models = poly_model metrics(prm_list, poly_list, X_test, y_test)
poly_results = pd.DataFrame(

[

{'mean_squared_error': metrics['mean_squared_error'], 'R-Squared':

ometrics['R-Squared'], 'time': metrics['time'l]}

1

for metrics in poly_models

index = [f'PolynomiyalRegression_{i+2}_degrees' for i in
~range (len(poly_models))]) \
.reset_index() \

5, X_train;



.rename (columns = {'index': 'model'})

[19]: results = pd.DataFrame (

[
model_metrics(XGBreg, X_test, y_test),
model _metrics(ridge_model, X_test, y_test),
model_metrics(lasso_model, X_test, y_test),
model_metrics(tr, X_test, y_test),
model_metrics(bayridge_model, X_test, y_test),
model _metrics(lm, X_test, y_test)
1,
index = ['XGBRegressor', 'Ridge', 'Lasso', 'DecisionTreeRegressor',
~'BayesianRidge', 'LinearRegression']) \

.reset_index() \
.rename (columns={'index': 'model'})

[20] : results = results.append(poly_results)

/var/folders/sy/hs9clzfn7gzf8wzmhtvypgjc0000gn/T/ipykernel _52536/2968220393.py:1
: FutureWarning: The frame.append method is deprecated and will be removed from
pandas in a future version. Use pandas.concat instead.

results = results.append(poly_results)

[21]: results

[21]: model mean_squared_error R-Squared time
0 XGBRegressor 266.36647 0.46514 39
1 Ridge 484 .55830 0.02702 0
2 Lasso 488.06187 0.01998 0
3 DecisionTreeRegressor 471.65487 0.05293 1
4 BayesianRidge 484 .56537 0.02700 0
5 LinearRegression 484 .55812 0.02702 0
0 PolynomiyalRegression_2_degrees 462.98577 0.07033 1
1 PolynomiyalRegression_3_degrees 486.91251 0.02229 7

1.4 Compare Models
XGBoost models performed better.

[23]: results.sort_values(['mean_squared_error', 'R-Squared', 'time'], ascending =
< [True, False, True])

[23]: model mean_squared_error R-Squared time
0 XGBRegressor 266.36647 0.46514 39
0 PolynomiyalRegression_2_degrees 462.98577 0.07033 1
3 DecisionTreeRegressor 471.65487 0.05293 1
5 LinearRegression 484 .55812 0.02702 0



[24]:

[25] :

[25]:

1 Ridge 484 .55830 0.02702 0
4 BayesianRidge 484.56537 0.02700 0
1 PolynomiyalRegression_3_degrees 486.91251 0.02229 7
2 Lasso 488.06187 0.01998 0

Visualize XGBoost model

results = results[results['R-Squared'] >= 0]

results = results.sort_values('mean_squared_error', ascending = True)

plt.xticks(rotation=45)

sns.barplot(x = results['model'], y=results['mean_squared_error']).
~set_title('Model Performance based on Mean Squared Error')

Text(0.5, 1.0, 'Model Performance based on Mean Squared Error')

Maodel Performance based on Mean Squared Ermror
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[26]: results = results.sort_values('R-Squared', ascending = False)
plt.xticks(rotation=45)
sns.barplot(x = results['model'], y=results['R-Squared']) .set_title('Model
sPerformance based on R-Squared')

[26]: Text(0.5, 1.0, 'Model Performance based on R-Squared')

Model Performance based on R-Squared

04

03

R-Squared

0.2

01

. -----—
s o

maodel

[27]: y_pred = XGBreg.predict(X_test)
[28]: ax = sns.scatterplot(x=y_test, y=y_pred)

ax.set(xlabel='Actual test values', ylabel='Predicted values by XGBoost model')
plt.show()

11
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Actual test values

[29]: ax = sns.histplot(y_pred - y_test, kde = True)
ax.set(title='Residual Distribution')
plt.show()

12
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1.5 Importance of Features

Check out which features in our dataset explain most of the variance of the target variable, popu-
larity.

[30]: xgb_model = XGBreg.fit(X_train, y_train)
xgb_ftr_imp = xgb_model.feature_importances_

[31]: feature_importances_df = pd.DataFrame(xgb_ftr_imp, index = df.loc[:,df.columns !
~= 'popularity'].columns) \
.reset_index() \
.rename (columns = {0: 'importance', 'index': 'feature'l}) \
.sort_values('importance', ascending = False)

[32]: sns.barplot(y=feature_importances_df['feature'], x =,
~feature_importances_df ['importance']).set_title('Importance of features for
owpredicting Popularity using XGBoost')

[32]: Text(0.5, 1.0, 'Importance of features for predicting Popularity using XGBoost')
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feature

track_genre
axplicit
acousticness
tempo
loudness
valence
speechiness
nstrumentalness
danceability
energy
Iveness
duration_ms
key
time_signature

mode

=]
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=]
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Importance of features for predicting Popularity using XGBoost
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