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Support Vector Machine Example-1

Gender Recognition by Voice Acoustic

Parameters
GOJO(D(Y?J’) 3203 éC Qc? @3’300 etP 0’) G’BCDCDC [e0pH CD@ :396“(7)39(\)(7)&{]’) (3] v0|ce Csv @OOO
6300053060? 3’3:)00@ j SVM @C GQT)(YS(‘QP 3’30;)@0)03 :)SGOO(D e§ 63’303 OO@(T) @ @

M3QPs 09) s]é @ooo &)éll 33334{19 voice and speech mgﬁ acoustlc properties oo N6 aq

GLDMOYP: 33200 ooeooorg o5 303220 @:D@m a@') :D&?u recorded voice samples 3,168 3 d]e]oop_?u
Voice Data file, v0|ce csv(1 .02 MB)

http://www.acmv.org/MachinelLearning/svm/example/voice.csv (http://www.acmv.org/Machinelearning
[svm/example1/voice.csv)

Voice Data file, voice.csv(1.02 MB) https://www.kaggle.com/primaryobjects/voicegender
(https://www.kaggle.com/primaryobjects/voicegender)

following acoustic properties Clete

meanfreq: mean frequency (in kHz)

sd: standard deviation of frequency

median: median frequency (in kHz)

Q25: first quantile (in kHz)

Q75: third quantile (in kHz)

IQR: interquantile range (in kHz)

skew: skewness (see note in specprop description)

kurt: kurtosis (see note in specprop description)

sp.ent: spectral entropy

sfm: spectral flatness

mode: mode frequency

centroid: frequency centroid (see specprop)

peakf: peak frequency (frequency with highest energy)

meanfun: average of fundamental frequency measured across acoustic signal
minfun: minimum fundamental frequency measured across acoustic signal
maxfun: maximum fundamental frequency measured across acoustic signal
meandom: average of dominant frequency measured across acoustic signal
mindom: minimum of dominant frequency measured across acoustic signal
maxdom: maximum of dominant frequency measured across acoustic signal
dfrange: range of dominant frequency measured across acoustic signal
modindx: modulation index. Calculated as the accumulated absolute difference between adjacent
measurements of fundamental

frequencies divided by the frequency range

label: male or female

Support Vector machine m sklearn ooe Ilnear gaussnan polynomlal mo&) kernel ( em @c oaqoe@rg run

@ooo 20051 best performlng model ele]et» g?:«raoooo C,gamma &c degree ox)oé parameter (i’ 4{” 203

(Dr%@ Ggsﬂ @(DODCOJ@(‘O ST)G(QQCO’) OO@II L
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In [1]:

2 of 25 eoooc‘:zood)[_w ,

# This Python 3 environment comes with many helpful analytics libra
ries installed

# It is defined by the kaggle/python docker image: https://github.c
om/kaggle/docker-python

# For example, here's several helpful packages to load in

# Input data files are available in the "../input/" directory.
# For example, running this (by clicking run or pressing Shift+Ente
r) will 1list the files in the input directory

#from subprocess import check output
#print (check output(["1s", "../input"]).decode ("utf8"))

# Any results you write to the current directory are saved as outpu
t.

C_C

(2) SVM algorithm 39030’5 (\?330@ library qpsc?e import ng)méu

Importing all the necessary libraries

pandas, numpy , seaborn .J§<§ matplotlib.pyplot o%o%f import c\?&néu

In [2]:

import pandas as pd
import numpy as np
import seaborn as sns

import matplotlib.pyplot as plt

$matplotlib inline

(J) Comma Separated Values(.csv) %50’? «.oorgﬁ dataframe Blc\?ﬁooéu

In [3]:

out[3]:
C C ¢
G(NDDCsCOMPIS

df = pd.read csv('voice.csv')
df .head ()

meanfreq sd  median Q25 Q75 IQR skew kurt

0 0.059781 0.064241 0.032027 0.015071 0.090193 0.075122 12.863462 274.402906 C(
1 0.066009 0.067310 0.040229 0.019414 0.092666 0.073252 22.423285 634.613855 C(
0.077316 0.083829 0.036718 0.008701 0.131908 0.123207 30.757155 1024.927705 (
0.151228 0.072111 0.158011 0.096582 0.207955 0.111374  1.232831 4177296 C

A WO N

0.135120 0.079146 0.124656 0.078720 0.206045 0.127325 1.101174 4.333713 C

5 rows x 21 columns
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(")) Checking the correlation between each feature

C C 0 0 cC _ C . (o} C C
feature mo?q_lcsoaeoeﬁ aomooﬁ(correlatlon)ae 0063032001

In [4]: df.corr()

Oout[4]:

meanfreq

sd

median

Q25

Q75

IQR

skew

meanfreq
sd
median
Q25

Q75

IQR

skew
kurt
sp.ent
sfm
mode
centroid
meanfun
minfun
maxfun
meandom
mindom
maxdom
dfrange

modindx

1.000000
-0.739039
0.925445
0.911416
0.740997
-0.627605
-0.322327
-0.316036
-0.601203
-0.784332
0.687715
1.000000
0.460844
0.383937
0.274004
0.536666
0.229261
0.519528
0.515570

-0.216979

-0.739039
1.000000
-0.562603
-0.846931
-0.161076
0.874660
0.314597
0.346241
0.716620
0.838086
-0.529150
-0.739039
-0.466281
-0.345609
-0.129662
-0.482726
-0.357667
-0.482278
-0.475999

0.122660

0.925445
-0.562603
1.000000
0.774922
0.731849
-0.477352
-0.257407
-0.243382
-0.502005
-0.661690
0.677433
0.925445
0.414909
0.337602
0.251328
0.455943
0.191169
0.438919
0.435621

-0.213298

0.911416
-0.846931
0.774922
1.000000
0.477140
-0.874189
-0.319475
-0.350182
-0.648126
-0.766875
0.591277
0.911416
0.545035
0.320994
0.199841
0.467403
0.302255
0.459683
0.454394

-0.141377

(9) Checking whether there is any null values

0.740997
-0.161076
0.731849
0.477140
1.000000
0.009636
-0.206339
-0.148881
-0.174905
-0.378198
0.486857
0.740997
0.155091
0.258002
0.285584
0.359181
-0.023750
0.335114
0.335648

-0.216475

-0.627605
0.874660
-0.477352
-0.874189
0.009636
1.000000
0.249497
0.316185
0.640813
0.663601
-0.403764
-0.627605
-0.534462
-0.222680
-0.069588
-0.333362
-0.357037
-0.337877
-0.331563

0.041252

-0.322327

0.314597
-0.257407
-0.319475
-0.206339

0.249497

1.000000

0.977020
-0.195459

0.079694
-0.434859
-0.322327
-0.167668
-0.216954
-0.080861
-0.336848
-0.061608
-0.305651
-0.304640

-0.169325

-0.3

0.3
-0.2
-0.2
-0.1

0.3

0.€

1.C
-0.1

0.1
-04
-0.3
-0.1
-0.2
-0.C
-0.3
-0.1
-0.2
-0.2

-0.2

o _C ¢

R . o C []
Missing value 2 200007 null value § v§ ©®630:2001
Lo L ] ]
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In [5]: df.isnull () .sum()

Out[5]: meanfreq
sd
median
Q25
Q75
IQOR
skew
kurt
sp.ent
sfm
mode
centroid
meanfun
minfun
maxfun
meandom
mindom
maxdom
dfrange
modindx
label
dtype: into64

ecNeoNeoNoNeoNoNoNoBoBeoNoNoBoBoBoNoNoNoNoNe N

[ S o C [9) [ (S
In [6]: # dataframe e row §§ [zlep0]aV) 396@39q9090? wooa%zm
print ('Shape of DataFrame (rows,colums) :',df.shape)

Shape of DataFrame (rows,colums): (3168, 21)

Dataset ad03¢ sample 3168 3 6]05@3 21 feature jo 3 cloCoopdi (There are 21 features and 3168
instances.)

D t t N I b I N C C o 2 QC, ° C o c o C C C
alase (X)J@ ape COUgC GOJ)O’JO{P‘,G’BOD es?oe 320 G@?LJ ﬂODBO? 0)0@@&)8"

In [7]: # Counting Number of Male and Number of Female in Data
print ("Total number of labels: {}".format (df.shape[0]))
print ("Number of male: {}".format (df[df.label == 'male'].shape[0]))
print ("Number of female: {}".format (df[df.label == 'female'].shape
[01))

# print ('Number of Males:',df[df['label']=="male'].shape[0])
# print ('Number of Femles:',df[df['label’']=="'female'].shape[0])

Total number of labels: 3168
Number of male: 1584
Number of female: 1584

°

Dataset ade label a303¢ 600005023203, 85503295 326q32R05 07 9[533 Si (equal number of male
T (o] ° ) Ot 83293 Ple ®
and female labels)

(q7) Feature §§ Label qPs 093 zéo?orSméu (Separating features and
labels)

Feature qps00p5 X @6wéu Label gpsoopd y @&Déu

emoésooogpgé 4 of 25 SVM Example-1
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In [8]: # printing keys or features of Voice DataFrame
print ('Features of DataFrame: \n', df.keys())

Features of DataFrame:

Index ([ 'meanfreq', 'sd', 'median', '0Q25', 'Q75', 'IQR', 'skew',
'kurt',
'sp.ent', 'sfm', 'mode', 'centroid', 'meanfun', 'minfun'
'maxfun’',
'meandom', 'mindom', 'maxdom', 'dfrange', 'modindx', 'labe
'],
dtype="'object")
In [9]: X=df.iloc[:, :-1]
X.head () # 0oL (9) 7;7(75 /0_9\,3(533,35//
Out [9]
meanfreq sd  median Q25 Q75 IQR skew kurt
0 0.059781 0.064241 0.032027 0.015071 0.090193 0.075122 12.863462 274.402906 (
1 0.066009 0.067310 0.040229 0.019414 0.092666 0.073252 22.423285 634.613855 C(
2 0.077316 0.083829 0.036718 0.008701 0.131908 0.123207 30.757155 1024.927705 C(
3 0.151228 0.072111 0.158011 0.096582 0.207955 0.111374  1.232831 4.177296 C
4 0.135120 0.079146 0.124656 0.078720 0.206045 0.127325 1.101174 4.333713 C
(@) Converting string value to int type for labels
C
ogc male s $C

sklearn. preprocesmp © Labe!.Eg odg l Igb
(nteg qf

female (string) wnewd oo'rooeo? sC

o

In [10]: from sklearn.preprocessing import LabelEncoder

y=df.iloc[:,-1]
# Encode label category
# male -> 1

# female -> 0

gender encoder = LabelEncoder ()

y = gender encoder.fit transform(y)
y
Out[10]: array([(1, 1, 1, ..., 0, 0, 0])

(?)nslf)i’ﬁpa%ﬁ Data Visualization cgGo0pSn

QJEBH

feature 20 03 00983¢) oq&@w:s@@éwén 10 features out of 20 of voice (Music) DataFrame

emoésoomcpaé 5of 25
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In [11]:  # Function to Plotting 10 features out of 20 of voice (Music)
def Plotting Features (Fun, f):

0 # initial index of features

0 # initial index of color

color = ['x','g','d','y','c', 'darkblue', '1lightgreen’',
'purple’', 'k', 'orange', 'olive'] # colors for plots

# Number of rows
nrows =5

# Creating Figure and Axis to plot
fig, axes = plt.subplots(nrows,?2)

# Setting Figure size
fig.set figheight (20)
fig.set figwidth (20)

for row in axes:

plotl Fun[£f[1]]
plot2 = Fun[f[i+3]]

col = [color[]j]l,color[j+1]]
label = [f[i],£f[i+1]]

plot (row, plotl,plot2,col,label)
i=i+4
J=J42
plt.show()
def plot (axrow, plotl, plot2, col, label):

axrow([0] .plot (plotl, label=1abel[0],color=col[0])
axrow[0].legend ()

axrow([l].plot (plot2,label=label[1l],color=col[1l])
axrow[1l].legend ()

emoésooofgpgé 6 of 25 SVM Example-1
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In

[127:

# Setting Male Acoustic Parameters
df [df['label']=="male']
Male.drop(['label'],axis=1)
Male.keys ()

Ma

Male
features

le

7 of 25

Plotting Features (Male, features)

0225

0175
0150
0125
0100
0075
0050

0975
0950
0925
0900
0875
0850
0825
0800

— meanfreq
[) 200 00 400 1600
— a5
[) 200 00 400 1600
— pent
0 200 00 400 1600
meanfun
[) 200 00 100 1600
— mindom
[ 200 600 400 1600

7 of 25

1200

1000

80

00

400

200

0225
0200
0175
0150
0125
0100
0075
0050

200

600

600

200

600

200

600

200

600

—
1400 1600
1R
I

1400 1600
1400 1600
— minfun
1400 1600
maxdom

1400 1600
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In

[13]:

8 of 25

# Setting female Acoustic Parameters

Female = df[df['label']=="female']
Female
features = Female.keys ()

Plotting Features (Female, features)

0250 — meanfreq
0225
0200
0175
0150
0125
0100
0075
1600 1800 2000 200 200 %600 2800 3000 200
028
— a5
026
024
02
020
018
016
014
1600 1800 2000 200 200 2600 2800 3000 200
095
090 ' w‘
! I
085
080
075 pent
1600 1800 2000 200 200 2600 2800 3000 200
024
02
020
018
016
014
012
010 meanfun
1600 1800 2000 200 200 2600 2800 3000 3200
— mindom
04
03
02
01
00
1600 1800 2000 200 2400 2600 2800 3000 200

(») Data Standardisation c\?&néu

1200

1000

800

600

400

200

0250
0225
0200
0175
0150
0125
0100

0075

= Female.drop (['label'],axis=1)

1600 1800 2000 200 2400 2600 2800 3000 200
1R

1600 1800 2000 200 2400 2600 2800 3000 3200
— sm

1600 1800 2000 200 2400 2600 2800 3000 3200
— minfun

1600 1800 2000 200 2400 2600 2800 3000 3200

maxdom
1600 1800 2000 200 2400 2600 2800 3000 3200

Standardization refers to shifting the distribution of each attribute to have a mean of zero and a standard
deviation of one (unit variance). It is useful to standardize attributes for a model. Standardization of
datasets is a common requirement for many machine learning estimators implemented in scikit-learn;
they might behave badly if the individual features do not more or less look like standard normally
distributed data.

In

[14]:

# Scale the data to be between

-1 and 1

from sklearn.preprocessing import StandardScaler

scaler = StandardScaler()
scaler.fit (X)
X = scaler.transform (X)

8 of 25
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(@) Splitting dataset into training set and testing set for better
g%neralisation

generalisation e(m&eoeé 390305 dataset o%: raining set(X_train, X_test) .J§c§ testing set(y_train, y_test)
39[?3«5 00001 test_size=0.2 s300p5en testing set 3266320305 dataset c0dacd:eN j0% @t&néu
(o) L 1 o L L
In [15]: # splitting Data into training and testing Data using cross validat
ion.train test split
# Train - Test data ratio of 80%-20%
# Random State to Randomize data = 1

# from sklearn.cross_validation import train test split
from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size
=0.2, random state=1l)

# G&nCéé?é‘ Train - Test data ratio of 75%-25%
#X train,X test,Y train,Y test = train test split(X, y,test size =
0.25, random state=123)

C (] o (*]
(ool SVIyl o3¢ default hyperparameter YP:mon :x?:ﬂ Accuracy Score m
ogm::oeu
defcault rcmyperparamoeter qp@cc:oao ome ee[;p&:y\) SVM 63 run o5 sklearn.svm ¢ SVC o3 import
evlSlebrenl] metrics 0 import v{SIeblebl

In [16]: # importing Support Vector Machine Algorithm for Prediction
from sklearn.svm import SVC
from sklearn import metrics

sve=SVC () # Default hyperparameters 03000 33:@&5 @5@@96@95 () oodé
IS L L o (]
omy) aoo&;o%/

C C C C o C . . C
# szx?ynro?%g%y c =200 §C gamma = 0.1 Oga%ﬁfj Classifier creat Yo
evey) o?%@baj I
# svm = SVC(C = 200, gamma = 0.1)

svc.fit (X train,y train) # svc model aﬁééanofa%§h
y pred=svc.predict (X_test) # oo&)vesoomcooosa)&g sve model oo\ogc( X tes

print ("Accuracy Score:')
print (metrics.accuracy score(y test,y pred)) # Accuracy Score 05

Accuracy Score:
0.9763406940063092

emoésoowgpag 9 of 25 SVM Example-1
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In

Out[17]:

[17]:

10 of 25

j% < ¢ < y (S o C ¢ (o <
ﬁﬁicuracy Score ) 63DVMC G@D@oooaw&?szo?com&)a MSCOI
from sklearn.metrics import accuracy score
#Accuracy = accuracy score(y pred,y test)

Accuracy = accuracy score(y test,y pred)
print ('Accuracy Score:\n',Accuracy)

mmn

" \nfrom sklearn.metrics import accuracy score\n#Accuracy =

accur

acy score(y pred,y test)\nAccuracy = accuracy_ score(y test,y pre

d) \nprint ('Accuracy Score:\n',Accuracy) \n\n"

(oo)saeﬁlseﬁlseon Kernel or%ogé Cross-Validation co620p5n

'linear','rbf'poly’ ©2005 Kernel (g)9el Cross-Validation score o3 for loop @5 ogo’g@z §¢s09500001

In

In

[18]:

[19]:

# importing cross _val score to calculate score
# from sklearn.cross validation import cross val score
from sklearn.model_ selection import cross_val_score

# Defining three different kernels
kernels = ['linear', 'rbf', 'poly']

score = []

for i in kernels:

svc=3VC (kernel = 1)

Accuracy = cross val score(svc,X train,y train,cv = 15,
='accuracy')

score.append (Accuracy.mean())
for i in range(len(kernels)):

print (kernels[i],':"',score[i])

linear : 0.973555931248239
rbf : 0.9798699164083778
poly : 0.9577791866253406

(2)) meﬁlseﬁlseon c m%@seuos 320305 Cross-Validation cpda0p5u

10 of 25

scoring

SVM Example-1



SVM Example-1

In

[20]:

11 of 25 emoc‘:zoooéga

score = []
for i in range (10):

# clf = svm.SVC(C = i+1)

svc=3SVC (C = i+1)

Accuracy = cross_val score(svc, X train, y train, cv = 15, scor
ing='accuracy')

score.append (Accuracy.mean () )

for i in range (10):

print('C =',i+1,': Score =',score[i])
c=1 Score = 0.9798699164083778
c =2 Score = 0.9822367803137033
c =3 Score = 0.9814478256785949
c =14 Score = 0.9826359537897998
cC =25 Score = 0.9822414764722456
C =5 Score = 0.9822391283929744
c =7 Score = 0.983028083028083
c =28 Score = 0.9810556964403119
C =9 : Score = 0.981450173757866
C 10 Score = 0.981450173757866

(o‘\)) mef"seﬁlsean gamma m%?gseuos 3303«75 Cross-Validation C\?B:Déll

In

[21]:

score = []
gamma values = [0.0001,0.001,0.01,0.1,1.0,100.0,1000.0]
for i in gamma values:
svc=SVC (gamma = i)
Accuracy = cross_val score(svc,X train, y train, cv = 15, scori
ng='accuracy')
score.append (Accuracy.mean () )
for i in range (len(gamma values)) :

print ('gamma:',gamma values[i],': Score:',score[i])
gamma: 0.0001 : Score: 0.8906804733727811
gamma: 0.001 : Score: 0.9629073917535458
gamma: 0.01 : Score: 0.9759274913121065
gamma: 0.1 : Score: 0.9814478256785948
gamma: 1.0 : Score: 0.972372499295576

gamma: 100.0 : Score: 0.5031558185404339
gamma: 1000.0 : Score: 0.5031558185404339

- C C (] C C
(oc,‘) Linear kernel 03¢ qopd Accuracy Score m MV
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In [22]:

out[22]:

12 of 25 emoésood)[_ag (

L} 3 Al y g 3 1J y <
svc=SVC (kernel="'linear") # Linear kernel C? Sz%méﬂeafﬂ

o o . c c 0 c c cre ¢ o
# Classifier O training YOI )W) oqegeazxnéﬁa%y model ) tra
; c ¢ L L I 5 i
in C?ga%yﬂ . '
svc.fit (X train,y train)

SVC(C=1.0, break ties=False, cache size=200, class weight=None, c
o0ef0=0.0,

decision function shape='ovr', degree=3, gamma='scale', kerne
1="linear',

max iter=-1, probability=False, random state=None, shrinking=
True,

tol=0.001, verbose=False)

3260l6 08859022335 SVM model 0005630005000:0005 value ops @ogcx) Si
P 02§:QeQPR [t et qPp: 2
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In [23]:

Oout[23]:

13 of 25

# predicting our test data
y _pred=svc.predict (X test)
- c c C Cc . C C C O C C
# 0000680000000:2020 SVM model 9$e$i60:000 QO [19202001

y_pred

array ([0,

0,

0,

13 of 25
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In [24]:

14 of 25 eoooc‘:zoon‘;ga

print ("Accuracy Score:')
print (metrics.accuracy score(y test,y pred))

Accuracy Score:
0.9779179810725552

(331 Radial basis function (RBF)kernel 033 sleé Accuracy Score ov%

OgODQDEBH

In [25]:

svc=SVC (kernel="rbf")

svc.fit (X train,y train)
y_pred=svc.predict (X test)

print ('Accuracy Score:')
print (metrics.accuracy score(y test,y pred))

Accuracy Score:
0.9763406940063092

We can conclude from above that svm by default uses rbf kernel as a parameter for kernel

. C C (o} C C
(o@) Polynomial kernel ¢ qud Accuracy Score M MV

In [26]:

svc=SVC (kernel="poly")
svc.fit (X train,y train)

y pred=svc.predict (X test)

print ("Accuracy Score:')

print (metrics.accuracy score(y test,y pred))

Accuracy Score:
0.9589905362776026

Polynomial kernel is performing poorly.The reason behind this maybe it is overfitting the training dataset

(02)Performing K-fold cross validation with different kernels

(32.3) Cross Validation on Linear kernel

. C . . C C
Linear kernel 03¢ Cross Validation QOO

14 of 25 SVM Example-1
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In [27]: #from sklearn.cross validation import cross val score

from sklearn.model_selection import cross_val_score
svc=SVC (kernel="linear"')

scores = cross_val score(svc, X, y, cv=10, scoring='accuracy') #cv
is cross validation
print (scores)

[0.91167192 0.97160883 0.97160883 0.97791798 0.95899054 0.9873817
0.99369085 0.97791798 0.95253165 0.99367089]

We can see above how the accuracy score is different everytime.This shows that accuracy score
depends upon how the datasets got split.

In [28]: print(scores.mean())

0.9696991175178692

In K-fold cross validation we generally take the mean of all the scores.

(°?'J) Cross Validation on rbf kernel

rbf kernel 0005 Cross Validation cxzf:méu

In [29]: #from sklearn.cross validation import cross val score
from sklearn.model_ selection import cross_val_score
svc=SVC (kernel="rbf")
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy') #cv
is cross validation
print (scores)

[0.93375394 0.95583596 0.96845426 0.96214511 0.96529968 0.9968454

3
0.99053628 0.98422713 0.91455696 0.99367089]

In [30]: print(scores.mean())

0.9665325639899376

(°?'?) Cross Validation on Polynomial kernel

. C . . C C
Polynomial kernel ¢ Cross Validation ORI
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In [31]: #from sklearn.cross validation import cross val score
from sklearn.model_selection import cross_val_score
svc=SVC (kernel="poly")
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy') #cv
is cross validation
print (scores)

[0.89274448 0.94952681 0.93059937 0.92744479 0.94952681 0.9936908
5
0.98422713 0.96529968 0.87974684 0.9778481 ]

In [32]: print(scores.mean())
0.9450654873617378
C N

K-fold cross validation moa@° $20051 iteration 00693186 §a000S score apza? 6o S¢S
[y Wi LQI"J%]EB %POL 0ol @

train_test_split method orc?) fezfob] loo%u train_test_split method 20pd dataset (TCL)’ testing 5C training

e

datasetafa@ogéoo S23] random £ ¢(random manner) 360520051
982 (e ge0op)

K-fold cross validation §p5:00p5 dataset o3 32‘3:3395{] (00)3&: 8&x(split into 10 equal parts) Goaoe@'xf:
dataset mac)z?o?g(rclﬂ @[{:eméu o‘c’gﬂe@oé eq?&?ooé accuracy score (90)2 eﬁ’]oop_glu (got 10 different
accuracy score)

. C co o 0 [0} O
(om) lin r!(ernel o3¢ C 0503 aqlloq".ozpﬁ accuracy score m
©06303|MPJ§E63NC

';80

C . . . e CO § . (o] C N
C parameter 0005 SVM optimization 3202 misclassifying Qw00 training example QPR OO
C cQ. . ¢ oo C t C C t t
QR0EPONY PR$|0FP2600DY parameter @@oo@u
C value 00§83z gpscg|¢ SVM optimization algorithm 20p5 margin og552005 hyperplane o3 6gsq(ud
S P . o O ¢ ¢ N . . o . yg:
602200011 training point 932000 VSMS® 60:2001( training points classified correctly.)i overfitting
@6%233 3 qpichiop 94m4ed geuradpd
2COR
co C C e . . C . (Y C o C
C value 0052 $pOCY|C SVM optimization algorithm oaa margin 03|09 hyperplane o G§E]|w
eozooéu maLrgin (Qloaeoaoe@)é mis classified @ogoo&? point 063 MO S]géooéu urlee?'fitting
coc C ° > L 1T
@o)%coo@u

. COC o (o] C C C
generalised 3’3@@&0&)360&’) C value m CL{Suienleteblesll
L L L [e] o
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In

[33]:

17 of 25 eoooézoooé[_w

C range=list(range(l,26))

acc_score=[]

for ¢ in C range:
svc = SVC (kernel='linear',6 C=c)
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy')
acc_score.append (scores.mean () )

print (acc_score)

[0.9696991175178692, 0.969068202691371, 0.969068202691371, 0.9690
68202691371, 0.9693836601046201, 0.9693836601046201, 0.9690682026
91371, 0.9687527452781215, 0.9684372878648724, 0.968437287864872
4, 0.9684372878648724, 0.9684372878648724, 0.9681208321686698, 0.
9681208321686698, 0.9681208321686698, 0.9681208321686698, 0.96780
43764724673, 0.9678043764724673, 0.9678043764724673, 0.9678043764
724673, 0.9681208321686698, 0.968436289581919, 0.968436289581919,
0.9681198338857164, 0.9681198338857164]

(o®.2) C values meﬁlsc{’"sﬁ © 25 3303)0?3 qmé accuracy score rr% osl&}aé:néu

In

[34]:

import matplotlib.pyplot as plt
$matplotlib inline

C values=list (range(1l,26))
# plot the value of C for SVM (x-axis) versus the cross-validated a
ccuracy (y-axis)

plt.rcParams|['figure.figsize'] = [10, 5]
plt.rcParams['figure.dpi'] = 100

plt.plot (C_values,acc_score)

plt.xticks (np.arange (0,27,2))

plt.xlabel ('Value of C for SVC'")
(

plt.ylabel ('Cross-Validated Accuracy')
plt.grid()
0.96975
0.96950 1
5. 0.96925
3
g
3
S 0.96900 -
<
®
= 0.96875 T
h-]
T
7 0.96850
2
<4
Y 0.96825 -
0.96800 -
096775 L T T T T T T T T T T T T T T
0 2 4 6 8 10 12 14 16 18 20 22 24 26

Value of C for SVC

From the above plot we can see that accuracy has been close to 97% for C=1 and C=6 and then it
drops around 96.8% and remains constant.
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bo ] [CF=Pe 0]~ ] C dACcuracy score 3emNC3ans 8CYOM
(9@) C @82 vp3g|oz¢ y 2352 q3Co0p5nd
GO?OI) QFSQDC

Let us look into more detail of what is the exact value of C which is giving us a good accuracy score

In [35]: C range=list(np.arange(0.1,6,0.1))
acc_score=[]
for ¢ in C range:
svc = SVC (kernel='linear',6 C=c)
scores = cross val score(svc, X, y, cv=10, scoring='accuracy')
acc_score.append(scores.mean () )
print (acc_score)

[0.9706474863235236, 0.9693846583875733, 0.9693836601046201, 0.96
93836601046201, 0.9696991175178692, 0.9696991175178692, 0.9693836
601046201, 0.9696981192349158, 0.9693826618216667, 0.969699117517
8692, 0.9696991175178692, 0.9696991175178692, 0.9696991175178692,
0.9690672044084174, 0.9693836601046201, 0.9693836601046201, 0.969
3836601046201, 0.9693836601046201, 0.969068202691371, 0.969068202
691371, 0.9693836601046201, 0.9693836601046201, 0.96906820269137
1, 0.969068202691371, 0.969068202691371, 0.969068202691371, 0.969
068202691371, 0.969068202691371, 0.969068202691371, 0.96906820269
1371, 0.969068202691371, 0.969068202691371, 0.969068202691371, O.
969068202691371, 0.969068202691371, 0.969068202691371, 0.96906820
2691371, 0.969068202691371, 0.969068202691371, 0.969068202691371,
0.969068202691371, 0.969068202691371, 0.969068202691371, 0.969068
202691371, 0.969068202691371, 0.969068202691371, 0.96938366010462
01, 0.9693836601046201, 0.9693836601046201, 0.9693836601046201,
0.9693836601046201, 0.969068202691371, 0.969068202691371, 0.96906
8202691371, 0.969068202691371, 0.9693836601046201, 0.969383660104
6201, 0.9693836601046201, 0.9693836601046201]

In [36]: C values=list(np.arange(0.1,6,0.1))
# plot the value of C for SVM (x-axis) versus the cross-validated a
ccuracy (y-axis)
plt.plot (C_values,acc_score)
plt.xticks(np.arange (0.0,6,0.3))
plt.xlabel ('Value of C for SVC ")
plt.ylabel ('Cross-Validated Accuracy')
plt.grid()

0.9706 A
0.9704 A
0.9702 A
0.9700
0.9698 -
0.9696 -
0.9694

0.9692 ’ \ ’

0.9690 -

Cross-Validated Accuracy

T T T T T T T T T T T T T T T T T T T T
00 03 06 09 12 15 18 21 24 27 30 33 36 39 42 45 48 51 54 57
Value of C for SVC
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Accuracy score is highest for C=0.1.
co o 0 (o} (o}
éJo) rbf egnel 0t gamma o050z 3aem.q”.o%eﬁ accuracy score m

Technically, the gamma parameter is the inverse of the standard deviation of the RBF kernel
(Gaussian function), which is used as similarity measure between two points. Intuitively, a small
gamma value define a Gaussian function with a large variance. In this case, two points can be
considered similar even if are far from each other. In the other hand, a large gamma value means
define a Gaussian function with a small variance and in this case, two points are considered
similar just if they are close to each other

In [37]: gamma range=[0.0001,0.001,0.01,0.1,1,10,100]
acc_score=/[]
for g in gamma range:
svc = SVC(kernel='rbf', gamma=g)
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy')
acc_score.append(scores.mean () )
print (acc_score)

[0.888240226809887, 0.9551820868106857, 0.9681168390368565, 0.963
6874575729744, 0.9061883560276325, 0.6016421754582119, 0.49905362
7760252361

In [38]: gamma range=[0.0001,0.001,0.01,0.1,1,10,100]

# plot the value of C for SVM (x-axis) versus the cross-validated a
ccuracy (y-axis)

plt.plot (gamma range,acc_score)

plt.xlabel ('Value of gamma for SVC ')

plt.xticks (np.arange(0.0001,100,5))

plt.ylabel ('Cross-Validated Accuracy')

plt.grid()

0.9 A

0.8

0.7 1

Cross-Validated Accuracy

0.6

0.5

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95
Value of gamma for SVC

0 0000208 19 of 25 SVM Example-1



SVM Example-1 20 of 25 COCI0MRY

_ C ﬁ QC C 1 _ C C C

gamma=10 e 100 kernel en performance 200ee0n0C:0ll gamma = 1 03C accuracy score 3u$p03C00
C C C

03[932220p01 gamma range 0.0001 9 0.1 3203 eo;m@qemc

In [39]: gamma range=[0.0001,0.001,0.01,0.1]
acc_score=[]
for g in gamma range:
svc = SVC(kernel='rbf', gamma=g)
scores = cross _val score(svc, X, y, cv=10, scoring='accuracy')
acc_score.append (scores.mean () )
print (acc_score)

[0.888240226809887, 0.9551820868106857, 0.9681168390368565, 0.963
6874575729744]

In [40]: gamma range=[0.0001,0.001,0.01,0.1]

# plot the value of C for SVM (x-axis) versus the cross-validated a
ccuracy (y-axis)

plt.plot (gamma range,acc_score)

plt.xlabel ('Value of gamma for SVC ")

plt.ylabel ('Cross-Validated Accuracy')

plt.grid()

0.97

0.96 r///_

0.95 A

o

(']

s
L

0.93 A

0.92

Cross-Validated Accuracy

0.91 4

0.90

0.89 A

0.00 0.02 0.04 0.06 0.08 0.10
Value of gamma for SVC

The score increases steadily and raches its peak at 0.01 and then decreases till gamma=1.Thus Gamma
should be around 0.01.

(Jo) gamma value meﬁlseﬁl:orgl’ﬁ§ 2620:805 ecgcm@slemg
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In

In

[41]:

[42]:

21 of 25 eoooézoooél_w

gamma range=[0.01,0.02,0.03,0.04,0.05]

acc_score=[]

for g in gamma range:
svc = SVC(kernel='rbf', gamma=g)
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy')
acc_score.append (scores.mean () )

print (acc_score)

[0.9681168390368565, 0.9681168390368565, 0.9681148424709501, 0.96
71664736652957, 0.9665325639899376]

gamma_range=[0.01,0.02,0.03,0.04,0.05]

# plot the value of C for SVM (x-axis) versus the cross-validated a
ccuracy (y-axis)

plt.plot (gamma range,acc_score)

plt.xlabel ('Value of gamma for SVC ")

plt.ylabel ('Cross-Validated Accuracy')

plt.grid()

0.9680

0.9678

0.9676

0.9674

0.9672

0.9670 A

Cross-Validated Accuracy

0.9668 -

0.9666 -

0.010 0.015 0.020 0.025 0.030 0.035 0.040 0.045 0.050
Value of gamma for SVC

We can see there is constant decrease in the accuracy score as gamma value increase.Thus
gamma=0.01 is the best parameter.

(10 Pglynomial kernel 035 degree oof{s?s: 3aq?|l:eﬁl:ooéﬂ accuracy score 0'13

) 03&3“

In

[43]:

degree=[2,3,4,5,6]

acc_score=[]

for d in degree:
svc = SVC(kernel='poly', degree=d)
scores = cross _val score(svc, X, y, cv=10, scoring='accuracy')
acc_score.append (scores.mean () )

print (acc_score)

[0.8515842750469194, 0.9450654873617378, 0.8313989937307829, 0.86
61622010142555, 0.7736463283152977]
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In [44]: degree=[2,3,4,5,6]

# plot the value of C for SVM (x-axis) versus the cross-validated a
ccuracy (y-axis)

plt.plot (degree,acc_score,color="'r"')

plt.xlabel ('degrees for SVC ')

plt.ylabel ('Cross-Validated Accuracy')

plt.grid()

0.950 A

0.925 A

0.900 +

0.875 A

0.850 A

0.825 A

Cross-Validated Accuracy

0.800 +

0.775 1

2.0 25 3.0 35 4.0 4.5 5.0 5.5 6.0
degrees for SVC

Score is high for third degree polynomial and then there is drop in the accuracy score as degree
of polynomial increases.Thus increase in polynomial degree results in high complexity of the
model and thus causes overfitting.

H")) performing SVM by taking hyperparameter C=0.1 and kernel as
near

[T o c (o}
hyperparameter C=0.1 $C linearkernel 0?,@? accuracy score m
PR
J

In [45]: from sklearn.svm import SVC
svc= SVC (kernel='linear',C=0.1)
svc.fit (X train,y train)
y_predict=svc.predict (X test)
accuracy score= metrics.accuracy score(y test,y predict)
print (accuracy score)

0.9747634069400631

hyperparameter C=0.1 a§ linearkernel a‘éﬁé accuracy score or% gpooéu
K-fold cross validation(where K=10)
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In [46]: #from sklearn.cross validation import cross val score
from sklearn.model_selection import cross_val_score
svc=SVC (kernel="'linear',C=0.1)
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy')
print (scores)

[0.90851735 0.97160883 0.97476341 0.97791798 0.95899054 0.9905362
8
0.99369085 0.97791798 0.95886076 0.99367089]

Taking the mean of all the scores

In [47]: print(scores.mean())

0.9706474863235236

The accuracy is slightly good without K-fold cross validation but it may fail to generalise the unseen
data.Hence it is advisable to perform K-fold cross validation where all the data is covered so it may
predict unseen data well.

( J;) hyperparameter gamma=0.01 .‘§§ rbf kernel o%@é accuracy score ai:’

ﬂ?ﬁ)&g“

performing SVM by taking hyperparameter gamma=0.01 and kernel as
rbf

In [48]: from sklearn.svm import SVC
svc= SVC (kernel="rbf',gamma=0.01)
svc.fit (X train,y train)
y_predict=svc.predict (X test)
metrics.accuracy score(y test,y predict)

Out[48]: 0.9668769716088328

gamma=0.01 a§ linear kernel a‘i’ﬁé accuracy score 093 r}pméu K-fold cross
validation(whére K=10)

In [49]: svc=SVC(kernel='linear',gamma=0.01)
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy')
print (scores)
print (scores.mean())

[0.91167192 0.97160883 0.97160883 0.97791798 0.95899054 0.9873817
0.99369085 0.97791798 0.95253165 0.99367089]
0.9696991175178692
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fbjgl) performing SVM by taking hyperparameter degree=3 and kernel as
y

C o c o C
degree=3 $C poly kernel o?Eg accuracy score @ 001

In [50]: from sklearn.svm import SVC
svc= SVC (kernel="poly',degree=3)
svce.fit (X train,y train)
y predict=svc.predict (X test)
accuracy score= metrics.accuracy score(y test,y predict)
print (accuracy_ score)

0.9589905362776026

degree=3 s€ poly kernel 03¢ accuracy score a3 gpaoa5n K-fold cross
validation(where K=10) st o

In [51]: svc=SVC(kernel="poly',degree=3)
scores = cross_val score(svc, X, y, cv=10, scoring='accuracy')
print (scores)
print (scores.mean())

[0.89274448 0.94952681 0.93059937 0.92744479 0.94952681 0.9936908

5
0.98422713 0.96529968 0.87974684 0.9778481 ]

0.9450654873617378

afaem&a(;)g(best) parameter qpso% ﬁp@g@ﬁ:{»dg(ﬁ Grid search technique ma?s@looéu

In [52]: from sklearn.svm import SVC
svm_model= SVC ()

In [53]: tuned parameters = {
'C': (np.arange(0.1,1,0.1)) , 'kernel': ['linear'],
'C': (np.arange(0.1,1,0.1)) , 'gamma': [0.01,0.02,0.03,0.04,0.057],
'kernel': ['rbf'],
'degree': [2,3,4] ,'gamma':[0.01,0.02,0.03,0.04,0.05], 'C':(np.ara
nge(0.1,1,0.1)) , 'kernel':['poly']
}
(J6) GridSearchCV
In [54]: #from sklearn.grid search import GridSearchCV

from sklearn.model_selection import GridSearchCV
model svm = GridSearchCV(svm model, tuned parameters,cv=10,scoring=

'accuracy')

In [55]: model svm.fit(X train, y train)
print (model svm.best score )

0.9569745728424264
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In [56]:
In [57]:
In [58]:
Ref

25 0f 25

print (model svm.cv)

10

print (model svm.best params )

{'c': 0.9, 'degree': 3, 'gamma': 0.05, 'kernel':

y pred= model svm.predict (X test)
print (metrics.accuracy score(y pred,y test))

0.9589905362776026

'poly'}

https://www.kaggle.com/akshaymewada7/gender-recognition-by-voice-acoustic-parameters

(https://www.kaggle.com/akshaymewada7/gender-recognition-by-voice-acoustic-parameters)

https://github.com/nirajvermafcb/Data-Science-with-python (https://github.com/nirajvermafcb/Data-

Science-with-python)
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