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Sigmoid Function and Its Derivative
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Non-Linear Pre-Process to Logit (Log Odds)
Medication # Total Probability:
Dosage Cured Patients  # Cured/Total Patients
20 1 © .20
30 2 6 .33
40 4 6 .67
50 6 7 .86
Cured ° 8 E E 1
s prob. o ’
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0
Not Cured I BT 0 .
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Soft Computing 12

Dr. Hasan Ghasemzadeh 6



K.N. Toosi University of Technology

Non-Linear Pre-Process to Logit (Log Odds)
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Non-Linear Pre-Process to Logit (Log Odds)
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Non-Linear Pre-Process to Logit (Log Odds)
Medication # Total Probability: Odds: Logit
Dosage Cured Patients # Cured/Total p/(1-p) = Log Odds:

Patients # cured/
# not cured  In(Odds)
20 1 © .20 .25 -1.39
30 2 6 .33 .50 -0.69
40 4 6 .67 2.0 0.69
50 6 7 .86 6.0 1.79
Cured ° 8 E E 1
s prob. o ’
Cured
Not Cured I BT 0 o
0 10 20 30 40 50 60 0 10 20 30 40 50 60
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Non-Linear Pre-Process to Logit (Log Odds)
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. 50 Y
import pandas as pd = X
import numpy as np = m
import matplotlib.pyplot as plt = X
from sklearn.linear_model import LogisticRegression = -
70 Y
# Create the dataset = -
) Y
'"Heart Rate'’ = -
'"Heart Attack' - -
) Y

pd.DataFrame

# Prepare the data

X 'Heart Rate'
'Heart Attack' 7 regression logistic.py : 6
) 35
Soft Computing
=
dS(g;M;J L{ﬁ,szfj 4 gos
# Train the logistic regression model o )
LogisticRegression '1bfgs’) # Optimization method L-BFGS
X
# Generate values for prediction
np
np
f"heart attack probability for heart rate 100:{ cL2F"
# Retrieve the coefficients for the logistic function formula
Tetal
# Tetao
# Plotting
plt
plt X 'blue’ 'Data points'
plt 'red’ 'Logistic Regression'
plt 'Heart Rate'
plt '"Probability of Heart Attack'
p%t 'Logistic Regression for Heart Attack Prediction’
plt
# Display formula on the plot
f'P(y=1]|x) =1/ (1 + exp(-({ LAFY O x o+ { LAFR)))!
plt "purple’
dict 'white'
plt True
36
plt Soft Computing
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Logistic Regression for Heart Attack Prediction
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I
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>
= 0.4
=}
]
a2
o
a

024 /1p(y=11x) =1/(1 + exp(-(0.0621 * X + -4.2379)))\

@ Data points

0.0 4 ¢ & T —— Logistic Regression
4I0 S!U 6'0 7'0 SIO Qb 160 liO 12|0
Heart Rate
heart attack probability for heart rate 100: ©.88
1
p(y = 1|X) = p(x) = 1+e—(—4A2379+0A0621x) = 088
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Jacobian Matrix: fi(z1, T, .., 2p)
Suppose we have a Ffo(zy, T2y . ., 2y)
vector-valued function £ : R? — R™ f(z1,2,..
afr afr af1 fm(xl,a:z,..,,mn)
9z, Ozs ar,
ofs  If s
Jacobian Matrix: J(f) = aj,"] O“_r'z Ao
dxy dxa FEN
Example ( [ } filzy) ="+’
. . . 7y
Consider a simple function folz,y) = zy
. . 2y
Jacobian Matrix: J(f
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Hessian Matrix:

2’ a'f

Oz} Oz 0z,
i i
H ; i dz201) az2
essian Matrix: H(f) - 2
9 f a*f

Oz, 011 dzndza

Example
Consider a simple function f(z,y) = z* + y*

2
Hessian Matrix: H(f) = [0 g]
Soft Computing

Suppose we have a scalar-valued function f(zq, z,, ..

-awn)

625
Oz, 0z,
i

01261"

a*f

-y 3
oz?

(Wil dinl o o 2k o7 W8T (1) 9 45 0 GRn oy il
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