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Sigmoid Function and Its Derivative
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Probability vs Odds

[ Risk Odds
p
) __P _ptq_plp+q) _p
Mathematically P(p) = 7 0(p) = _ aa T
p+q

. eo0e o000 :

raphically T ——
0000 0 ’ o0e

p=P(Y =1jx) = p(x)

OddS(ﬂ(X)) = Lx) — e(¢90+91x1)

X)=——"—"—
p( ) 1_+_ef(90+91x1) l_p(x)

Adv. App. of Al and DT

Dr. Hasan Ghasemzadeh

6/2/2026



K.N. Toosi University of Technology 6/2/2026

S (b i s

(Logit Transformation) a4 oS

b &Sl 50w 85 03 358 oo esld (LOG-OAAS) L oo s 0l & Sy b 02,8
a1y 0w 85 o adlaly Ol (oo (Y SMEe 355, X g5 Jlazl (535 2 o) ook 51 oslizal
.:l:ﬂwﬂj‘)ﬁi

Logit(p(x)) = Ln(Odds(p(x))) =Ln (%j = Ln<e(90+elxl>) =0, +0,x,

g Ol o o ey S o ) s L

. 1
y:E(Y|X=x)=P(Y:1|X:x)=p(x)=1+e_(w
355 dalons 1§ o oo ) 51 ezl lkie

eLogit(p(x))

. P(x) p(x) Logit(p(x))
Logit( p(x))=Ln = =e = p(x)= .
g (p( )) (l—p(x)] l—p(x) p( ) 1+eL0gtl(p(x))

Adv. App. of Al and DT

11
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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 5 .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
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Non-Linear Pre-Process to Logit (Log Odds)
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# Create the dataset
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# Prepare the data

7 regression logistic.py : L

35
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# Train the logistic regression model
# Optimization method L-BFGS
# Generate values for prediction
f { 1.2}
# Retrieve the coefficients for the logistic function formula
# Tetal
# Tetao
# Plotting
# Display formula on the plot
f { 1.4f} { 1.4f}
T
rue 36
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Logistic Regression for Heart Attack Prediction
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021 /P(y:ljx) =1/(1 + exp(-(0.0621 * x + -4.2379)))

@ Data points
0.0 4 s Py S —— Logistic Regression
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heart attack probability for heart rate 100: ©.88

1
p(y= 1|x) =p(x) = |+ o (237+00821x) =0.88
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Jacobian Matrix: A2 2o, 20)
Suppose we have a fal@y, o, ..., Tn)
vector-valued function £ ; R» — R™ f(z1,22,...,2,) = .
M % ’)A fﬂl(a:lym27"'7mn)
dz, 2o e dz,,
Jacobian Matrix: J(f) = | “* % fan
daz dzo e dxy,
Examp|e _ fl (:L‘, y) fl(l'; y) = 32 + ?.4'2
; . . f(z,y) =
Consider a simple function fo(z,y) fo(w,y) = zy
Jacobian Matrix: J(f) = {2:6 2%
y
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Hessian Matrix:
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3 f af
; i Jz201, G
Hessian Matrix: H(f) = 2
9 f af
Oz, 0z Oz, 0z
Example

Consider a simple function f(z,y) = 2% +y*

Hessian Matrix: H(f)= B g]
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Suppose we have a scalar-valued function f(z;,zs,...

)

(-}2 E
dzr 0z,
&>

dxra0z,

&f

a9
oz,

(Wl Ll o i S leT 6l ) ‘:)w"‘ wi.):u

(Wl dial o o i oS W8T (1) 92 4 e Gl e o

41

Dr. Hasan Ghasemzadeh

6/2/2026

21



