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Support Vector Machine

A support vector machine (SVM) is a supervised machine learning algorithm

that classifies data by finding an optimal line or hyperplane that Maximizeg
the distance between each class in an N-dimensional space.

Vapnik et al. developed SVMs in the 1990s. They published their work i,
a 1995 paper titled " Support Vector Method for Function Approximation,
Regression Estimation, and Signal Processing” (Vapnik et al.; 1996)
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Support Vector Machine

Support Vector Machine

SVMs are commonly used within classification problems. They distinguish

between two classes by finding the optimal hyperplane that maximizes the
margin between the closest data points of opposite classes.

The number of features in the input data determines if the hyperplane is a
line in a 2-D space or a plane in a n-dimensional Space.

Since multiple hyperplanes can be found to differentiate classes, maximizing

the margin between points enables the algorithm to find the best decision
boundary between classes.

This, in turn, enables it to generalize well to new dats and make accurate
classification predictions. The lines that are adjacent to the optimal hyper-

plane are known asg support vectors as these vectors run through the data
points that determine the maximal margin.
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Support Vector Machine

The SVM algorithm is wide .
linear and nonlinear classification tasks.

ly used in machine learning as it can handle bot}

However, when the data is not linearly separable, kernel functions are used
to transform the data higher-dimensional space to enable linear separation,

This application of kernel functions can be known as the “kernel trick”, and
the choice of the kernel function, such as linear kernels, polynomial kernels,
radial basis function (RBF) kernels, or sigmoid kernels, depends on data

characteristics and the specific use case.
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Types of SVM classifiers

B Linear SVM .
Linear SVM is used for linearly separable data, which means if a

dataset can be classified into two classes by using a single straight
line, then such data is termed as linearly separable data, and classifier

is used called as Linear SVM classifier.
B Nonlinear SVM
Non-Linear SVM is used for non-linearly separated data, which means

if a dataset cannot be classified by using a straight line, then such
data is termed as non-linear data and classifier used is called as
Non-linear SVM classifier.



SUpport Vector Machine

Types of Kerne|
There are a numb

B Polynomia| function: k(x, u

):(aXTU+C 9 q9>0
B Hyperboljc tangent: K )’ q

(x,u) = tanh(BxTu + ~)

B Gaussian radial basjg function (RBF); K(x,u) = exp(— l|x — ull2>
. o2

B Laplacian radial basis function (RBF): K(x,u) = exp| — e = u

g

B Randomized t,)vlocks analysis of variance (ANOVA RB) kernel:
K(x,u) = Doy exp[—o(xk — uky2)d
B Linear spline kernel in 1D:

K(x,u) =1+ X.u.min(x, u) — X+ u[min(X, u)? + %min(x, u)3]
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Support Vector Machine

Support Vector Machine Terminology

B Hyperplane: The hyperplane is the decision boundary used to
separate data points of different classes in a feature space. For linear
classification, this is a linear equation represented as

wx+b=20

B Support Vectors: Support vectors are the closest data points to the
hyperplane. These points are critical in determining the hyperplane
and the margin in Support Vector Machine (SVM).

B Margin: The margin refers to the distance between the stuppo-rt vector
and the hyperplane. The primary goal _Of the. SVM algorlt.hm is to
maximize this margin, as a wider margin typically results in better
classification performance.

i 64
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Support Vector Machine

Support Vector Machine Terminology...

B Kernel: The kernel is a mathematical func
input data into a higher-dimensional feature space. This aHow§ the
SVM to find a hyperplane in cases where data points are not linearly
separable in the original space. Common kernel functions include
linear, polynomial, radial basis function (RBF), and sigmoid.

B Hard Margin: A hard margin refers to the maximum-margin
hyperplane that perfectly separates the data points of differen
without any misclassifications.

B Soft Margin: When data contains outliers or is not perfectly separable,
SVM uses the soft margin technique. This method introduces a slack
variable for each data point to allow some misclassifications while
balancing between maximizing the margin and minimizing violations.

tion used in SVM to map

t classes

Twenty-Fifty 11 /64
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Support Vector Machine Terminology..-
@ C: The C parameter in SVM is 2 regularization term that balances
margin maximization and the penalty for m.'SCI?SS'f'Cations. A higher
C value imposes a stricter penalty for margin violations, leading to 3

smaller margin but fewer misclassifications.
Hinge Loss: The hinge loss is a common -loss function in SVMs. It
s misclassified points or margin wolatpns.and Is often
combined with a regularization term " the objective function.
Dual Problem: The dual problem in SVM involves solving for the
U . . . : rt .
] L range multlpllers associated with the Slllip'ok VedCt?rs: .Thls
fa%nulation sllows for the use of the kernel trick and facilitates more
or

officient computation.

penaﬁze
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upport Vector Machine
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Figure 1: SVM
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Support Vector Machine

The SVM algorithm helps to
find the best line or decision
boundary; this best boundary
or region is called as a
hyperplane.

Support vector / Optimal Hyperplane

~
. .I ~

SVM algorithm finds the
closest point of the lines from
both the classes. These

points are called support
vectors.

Figure 2: Maximised SVM

The distance between the vectors and ‘ch@j hyperplane is called as margin.
And, the goal of SVM is to maximize this margin. The hyperplane with
maximum margin is called the optimal hyperplane.
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SUPport Vector Machine

AX+BJ’+C\

Figure 3: Line for y = mx -+ b
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Figure 4: Line indicates the intercept of y = mx 4 4
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upport Vector Machine

Figure 5: Line indicates the slope of y = mx + b
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Support Vector Machine

>1 ify; = +1
max—— such thatw’x; + b <1 if;’i — _1

Iwll |

y::mX‘I’C
wix+b=0
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upport Vector Machine

Effect of C at Ax + By + C =0

Ax+By+C=0

&
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Figure 8: Effect of C at Ax + By +C =0
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Support Vector Machine

Effect of Bat Ax+ By + C =0

Ax+By+C=0

Figure 9: Effect of B at Ax+By+ C=0
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Support Vector Machine

A+By+C=0
—2x+4y—4=0

_2.5+4-4—4=@

Ax+By+C=0
—2x+4y—4=0

—2-5+4-3-4=7]

Figure 10: Consider the points (x =5, = 4) and (x=5y=23).
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Consider Ax + By + C = 1

Ax+By+C’=0

L —2x+4y 4
v’_ e
Lo "’M —2.‘t‘+4y_4 =1
-
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T

Figure 11: Consider —2x +4y —4 =1
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-‘pport Vector Machine

4
Y Ax + By +C =0
: —2x+4y—-4=0
4 : ”,:‘:;:{’;f: 2x+4y —4=-1
3 . /:;A::»EE”:’:‘:'/ 4y = 2x + 3
2 ,«i::-ifffa'"’ y = 0.5x 40.75

epd
1
a0 1 2z 3T o

Figure 12: Consider —2x + 4y —4 = -1
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Support Vector Machine
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Ax+By+(C=0

o —2x+4y — 40
D —2x +4y — 4= —1

N WOBN ooy <
t
\
%

i 4’/&;.&0’
b e e T
v a":f»;-""}‘,: -
2>~ -1 0] 1 2 3 4 5.6 X

Figure 13: Consider —2x 4+ 4y —4 =1, =2X+4y—4 =10, and —2x+4y —4 = -1
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g
o
v Ax+By+C=0 X
6 Lo x4y —4=1
5 ’,r’,’ - ._2;(+4y—4 =0 \
4 .4"'",’ ,«’r«’“/ —2x + 4}’ -4=-1
3 “””a' “y‘n") ”,/-‘

Figure 14: Effect of a factor smaller than one to multiply the left-hand side of 3

equations.

If we would multiply the terms on the left-hand side with these three equa-
tions with a factor smaller than one the green lines would move away from
the original line which stays in the same position.
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y r - Ax+By+C=0
,‘@%‘f —2x+4y—4=0
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Figure 15: Effect of a factor greater than one to multiply the left-hand side of 3
equations.

i -hand side with these thre
If we would multiply the terms on the left-hand_ ree equa-
tions with a factor greater than one the green lines would move away from

the original line which stays in the same€ position.
This mgethod is used in support vector machines to increase or decrease the

so-called margin.

i Twenty-Fif
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upport Vector Machine

To calculate the distance between a data point and a line the shortest
distance between a data point and a line can be calculated by the following

. 4 C = 0
WoESVEE Ax + By +

~2x4+4y—4=0
\ . |Axo + BYs + C1

e T VAT B?

formula.
S
"
6
S
4
3
2
,1..
“2 10 2 3 a4 s 6 x

~Rahman MH' {SDS-JU) :

=|(—2)-3+4~5+(—4)|_ 10

d

2.236

Ve T

Figure 16: Distance between a data point and a line

Machine Learning for Data Science Twenty-Fifty 29/64

Support Vector Machine

Similarly, the distance between two parallel lines can be calculated by the

formula.

Ax+By+C=0

—2x+4y—14=0
: i / —2x+4y—4=0
M{/\/ Iy — Gy

d=——
2 / VA2 + B2

(-4 - (-14)] 10
d = - —
J(=2)2+4z2 V20 2236

Figure 17: Distance between two lines

If you plug in the coefficients of the equations of the two parallel lines and
the constants. we see that the shortest distance between these two lines is

about 2.24.

Rahman MH (SDS-JU) Machine Learning for Data Science Twenty-Fifty 30764
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Support Vector Machine

previously add |
the two green [in
ed like this:

Remember that w§
hand side to obtain
green lines is calculat

Ax+By+C=0

es. The distance

V =1
¢ —zx+ay=4=1
,r';.; —2x + 4}’ -4 =
S e x4y 4= 1
4 ,ﬁ??«jﬁ’l«"
3] ST iC, — Gl
et 4= v B2
B v taal.
.&":‘.-:: "’f:"ﬂ - -
~>- 10| 1 2 3 4 5 6 X

I(=3) = (=5)] _

. d : V(=2)*+47 V20

ed a one and a negative one on

N
e

i ©
between t} eseg\‘\ oo
t“‘l'\‘ \]\é
1Y ‘

2

= 0.447

Figure 18: Distance between two lines —2x +4y —4 =1 and —2x+4y —4 = —1

We have a two in the numerator because the absolute difference between

the constants is always two for such lines.

Machine Learning for Data Science

Support Vector Machine

For such lines, we can simplify the equation to this or like this

Ax+By+C=0

_2x+4y_4=1

Twenty-Fifty 31/64

Y
6
5 s 21 4y—d4=0
4 ,.-':::»j,/::‘ —2x 44y —4 = —1
e . 2 [T
I o VAZ Y B2 [ lIwll
’,a‘:’,/:: -
;’,2—"4.— (o] 1 2 3 2 S 3 X
: . B Ca B
Figure 19: Distance between two lines —2x + 4y 1and —2x4 4y — 4 — .,
as maximum margin

w = [——2, 4]

lw|| = +/(=2)2 + (4)?> = V20
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upport Vector Machine

YZegr;c;\glr:z(e)l;al‘icntehierea| dgta set where we will use a support vector machine
boints belong to Para"c'll?ﬁ the.two groups as well as possible. The yellow
viduals wi hg group. which for example could represent four indi-

als with a certain disease, whereas these green points belong to group

1R} B" )

Group X y
A A 1 4
Y A 2 5
6 A 3 5
A 3 4
5 ©--© BN —
sl O © o
3
2 @
- : @ ®
> 10| 1 2 3 *——T

Figure 20: Plot for data points of two groups
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Support Vector Machine

The following line is the best line to separate the two grooves based on the

training data.

Group X y

A 1 4

A 2 S

y:x—-l A 3 S
A 4

data points of two groups separated by line

Figure 21: Plot for

Twenty-Fifty 34/64
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Support Vector Machine

ot

- I —4x+4y+12=il

Figure 22: Plot for data points of two groups separated by a line, positive and

negative hyperplane
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Support Vector Machine

pt the two closest data points
upport vectors. The €quations
mple if you plug in the x and
hand side shoyld be equal

We'll now draw two parallel lines that interce
to the hyperplane such data points are called s
of these two blue lines look like this. For exa
y coordinates of a point on this blue line the left-

to zero which is true in this case.
So can we somehow normalize this equation that represents the hyperplane

so that the left-hand side of this equation (—4x + 4y + 12 — 0) is equal to
negative one and that the left-hand side of this equation (—4X+4y+(*4) —
0) is equal to positive one given that all three equations have the same
constant term on the left-hand side as the equation of the hyperplane
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upport Vector Machine

it

iven that all :
G.:jvens thee thtr‘ee ®quations have the same constant term on the left-hand
cide a quation of the hyperplane. In other words, can we find the value

9f kh SO tha; the |eft-—hand side is equal to one or negative one. Let's plug
in the x and y coordinates of this support vector like this.

-

Group X y
3

=4xX + 4y + (-4) = A 1 4
v ; Y+ (= =0 $ 5 5
6 -4 - A 3 5
i x+4y+4=0 . 2 4
s —dx+4y+12=0 B

4 v

k(—4x + 4y +4) =1

k(~4-3+4-4+4)=1
k(-12+16+4) =1
k-8=1

e 1/8]
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Support Vector Machine

If we solve this equation we see that we should multiply the terms on left-
hand side by one over eight. After dividing the terms by eight the equations
look like this which is the standard form of the equations in support vector

machines where the right hand side is equal to positive one a negative one
of the two blue lines.

Group X y
—05x+05y+05=1 A 1 4
T g < A 2 S
Y g —05x+05y+05=0 A 3 S
6 I A 3 4
5| 2 —0.5x+ 0.5y +05 = -1 5 HEE
4
3
2
]
271 0




Support Vector Machine

L ~0.5x+05y+6=0

, —05x+05y+b=-1

wlix+b

W

0

0.5 05]- [ :

¥

The equation of the hyperplane is usually expressed like this in support
vector machines this represents a vector that holds our coefficients and this

IS a vector that includes the variables x and
that we should transpose the vector w.

. Rahman MH (SDS-JU)
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Support Vector Machine

—0.5x+ 0.5y +b =1

-

—0.5x+ 0.5y +b=0

, —05x+05y+b=—1

y in our example T represents

: Twenty-Fifty
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upport Vector Machine

| The classification in support vector machines is usually defined like this

Group {Y) x y

) -0. ; = b =05 A(+1) 1 4

\r1 e E+05y+b=1 A (H) a2 Eeis

-~ - _ A} 3Es

6 » 0.5x + 0.5y +b=0 i

° , —05x+05y+b= -1 13
4
3
2
1

+1ifwix+b=0
—1ifwix+b<0
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Support Vector Machine

Group({Y) x y

—05x+0.5y +b =1 b=05 N T

? /" A(+1) 2 5

? v e —05x+05y+b=0 SEs
| T ' A1) Ll A

. —05x+05y+b=-1

2 2
Vazt gz [Iwi]

wlix+b=0
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Support Vector Machine

_Gm
~0.5x +0.5y+b =1 b=05 7{-,5"7‘\(

X
1
T AN Al+1) 5 ;‘ "
Y <7 N\05x+05y+b=0 AT 5E
6 z AN Af1) 3
. S —05x+05y+b=—1 2
e
a v
3
2 2 2
147 = =
Vaz +BZ vl
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Support Vector Machine

‘ —~0.5x +0.5y +b =1 b=05 %
yr ’ 1 4
Y | _ \—0.5x+0.5y+b=0 :((:11), 5 2

5 @@~ —0.5x+ 0.5y + b = —] =

: e

3

2

/}, .-=[1.1.1.1,—1.—1,—1,-11
(D (05-6+05-1+05)=2]

o

)
2 T
e p = max—— such thatY;(w'x; + b) > 1
wh* o lwll
[ b ' =
W




2
max——- such that )’i(WTXi +b)=1

[w]|

down here or here we can
lassified. We'll change
but with the cost

S'o what should we do if a yellow data point is
either accept that the data point will be incorrectly ¢
the hyperplane so that we correctly classify all data points

of a much smaller margin.
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Support Vector Machine

OF

: . V¥ Z’a’@
To allow for misclassification, we can add this term where epsilon 5, a0 o
tance measure of the data points from theijr correspondlr.lg blue line, ?\, e
called a slack variable in support vector machines. In thjs example ther:‘.

only one data point that is incorrectly classified because it is in the er‘;
side of the hyperplane. Q

K

Q\vuwbma‘t“
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The distance betwee
described by the fol]

n this data point a
owing equation.

nd its corresponding blue line can be

|
6
5
4
3
2/
), H

e

/.1 AT

min;’lIWH2 +CE g

mber that the width of tf margin can be calculated by the following
Reme
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upPOrt Vector Machine

< 2 tuning parameter t

thel data points that are inhcaotr controls how much weight we should put on

margi” where we put [ittle w ':eCtly classified. If C is small we'll get a large
eight on data points that are misclassified.

The value of C can be
optimized by using for
example cross-validation,
where you pick the value of C

. that results in the best
X performance according to the

cross validation.
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g the support vector machine is constrained by

Similarly as before optimizin

y 3

such that Y;(w”x; + b) = 1| &

50 /64
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Support Vector Machine

by SVM are:
ThIe jtepst i‘c;”eogjfa' >[IBegin with a dataset {(x1, y1), (x2,y2), ... ’ (X”’yn)
nput th -

l represents the feature vector, and y; € {—1, +1) represep,
where x;
labels. | |
5| tDIL,(?f,'f,ljS:heahyperp/.ane; SVM aims to find the optimal hyperplane thay
Separates the data points belonging to different classes. The
hyperplane is represented as:

wix+ b=

Where w is the weight vector and b is the bias.

B Maximize the margin: The margin is the distance between the
hyperplane and the closest datj points (support vectors). The
Optimization problem is formulated to maximize this margin:

Minimize: %HW”Q

Subject to- yi(wTx; + b) >1, v

Rahman MH (SDS-JU) o Machine Learning for Dats Science
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Support Vector Machine

B Handle non-linearly separaple data (Soft M;

separable data, introduce slack variables ¢
misclassification:

NP ST .
Minimize: EHW“ + C;fi
Subject to:
y;(WTX,'+b) = 1L.—§&, &207 Vi
B Kernel trick for high-dimensional data: To handle non-linear decisjon

boundaries, SVM yseg kernel functions to map the data to 3
higher-dimensional Space:

Kxi,x) = d(x) T ()

MH (SDS-JV) Machine Learning for Data Science ngnty-F:Fty ..52/64



lJPport Vector Machine

Solve the optim ization

: pro . T
to solve the optimizati blem: Use the Lagrange multiplier method

on
Drob|em’ leading to the dual form:

n
Maximize: E : 1<
) Q; — — . s

i=1 2 Z Z cvjejyiyiK (Xi %)

Subject to:
n
Zlai)’i =0, 0<a;<C, Vi
1=

B Make predictions: The decision function for a new input X is

n
f(x) = sign Za;y,-K(Xi,Xj) + b
i=1

where a; are the Lagrange multipliers, and b is the bias term.
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SVM for Mymensingh Data

nnng===Support Vector Machine Classifier===#"""

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

# Feature Scaling

from sklearn.preproces
from sklearn.preprocessing i
from sklearn.model_selection

sing import StandardScaler
port MinMaxScaler
import train_test_split

SYM) with SGD training.

from sklearn.linear_model import SGDClassifier

from sklearn.pipeline import make_pipeline
from sklearn.preprocessing jmport StandardScaler
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# Linear classifiers (
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import statsmodels.tools.tools as stattools

' ' ore
from sklearn.metrics import accurgcy_sgﬁon report
from sklearn.metrics import classification_

from sklearn.metrics import confusion_matrix
import graphviz
D=pd.read_csv(’D:/Mymensingh.csv’)
D.dropna(how=’any’,axis=0, inplace=True)

D.shape
D.head ()

DD=D.drop([’ID’,’Station’,’Year’,’Month’,’T_RAN’,’A_RAIN’], axis=1)

X=DD.drop([’RAN’], axis=1)
Y=DD[’RAN"]

Machine Learning for Data Science Twenty-Fifty
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Support Vector Machine

SVM for Mymensingh Data

np.random. seed(104729)

X_train,X_test,Y_train,Y_test=train_test_3plit(X,Y,
test_size=0.25,
random_state=31)

SV = make_pipeline(StandardScaler(),
SGDClassifier(max_iter=1000OOO,

loss=’hinge’,
tol=le-3,fit_intercept=True))

SV.fit(X_train, Y_train)
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# Prerdict for Training Data
SPR=SV.predict(X_train)

accuracy_score (Y_train, SPR)
print(classification_report(Y_train,SPR))

or®t
precision recall f1-score supP
96
LTR 0.67 0.63 0.65 115
MHR 0.66 0.80 0.72 9
NRT 0.83 0.77 0.80 1
accuracy 0.72 490
macro avg 0.72 0.73 0.72 490
weighted avg 0.72 0.72 0.72 490
== Rahman MH Machine Learning for Data Science Twenty-Fifty 57,/6%
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# Prerdict for Test Data
gpS=SV.predict (X_test)
accuracy_score (Y_test, SPS)
print (classif jcation_report (Y_test,SPS))
precision recall fl-score support
LTR 0.61 0.72 0.66 54
MHR, 0.71 0.79 0.75 43
NRT 0.96 0.75 0.84 or
accuracy
0.
macro avg 0.76 0.75 0 = 164
weighted avg 0.78 0.75 0'75 164
e 164
. Rahman MH (SDS-JU) Machine Learning for Data Sc;j
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==

’?’==Cohen Kappa
from sklearn.metrics import cohen_kappa_score

cohen_kappa_score(Y_train, SPR)

cohen_kappa_score(Y_test, SPS)

SV.get_params (deep=True)
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p=-
S=np.zeros((len(k),10))

for i in K:

scoring_01=[’accuracy),>precision_macr0’,
’recall_macro; »f1 _macro’]
SV1 = make-PiPeline(StandaidSCaler(),
SGDClassifier (nax_iter=1000000,
=) i

TR ercopi-True
scores_01 =Cr°SS-Validate(SV1, X, Y, cv=i,
scoring=sc?r1ng‘01iT ue)
1 return_traln_score=ir
=p+
ngpd.DataFrame.mean(pd_DataFrame(scores_Ol), axis=0)
S[p,]=np.array(qw)



20

support Vector Machine

SVM for Mymensingh Data

#sorted(scores_Oi.keys())
scores_01.keys()

.columns =[’fit_time’, ’score time’, ’test_accuracy’ ’

. ] )
;traln_accuracy’, ’teSt_precision_ma ro’, |
est_recall,macro g

) ; 8
’traln_prec151on_macro’,
traln_recall_macro’, ’test_fl,macro”

’train_fi_macro’]

# U§ing DataFrame.insert() to add a columl
Sl.lnsert(O, ng-fold", K True)

np.round(Sl,4)
n_fi,macro

test_fi_macro trail
0.6774

K-fold f£it_time ---

0 0.0094 - -- 0.6309

1 10 0.0055 - 0.6879 0.6741
Twenty-Fifry
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(2022), Hastie et al. (2017),

Han et al.
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