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8 regression logistic two feature.py : J;5

# Define the dataset

# Prepare the data
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# Train the logistic regression model

# model's parameters

Coefficients: [[-0.17241598 ©.14740334]]
Intercept: [0.89730001]

Intercept (9@): 0.8973000136808484
Coefficient for Age (01): -0.17241597828106092
Coefficient for Heart Rate (62): 0.14740333833885552
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# Example prediction for a person with Age = 20 and Heart Rate = 80

of Heart Attack for Age=20 and Heart Rate=80: 0.9999030528396969

Intercept (60): ©.8973000136808484

Coefficient for Age (061): -0.17241597828106092
Coefficient for Heart Rate (62): ©.14740333833885552

1

P(Heart Attack =1|X = Age, Heart rate) = 1 + ¢ (08973-0.1724 Age+0.1474 Heart rate)
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Recall 1s the fraction of samples 1n class 1 that the model Recall = i
correctly classified as class 1 > i Cij

Ci;i: The count of samples correctly classified as class @ (True Positives for class 7).

Zj Cij: The total number of samples that actually belong to class i, regardless of how they

were classified (True Positives + False Negatives for class 1).

Cii

Precision is the fraction of samples that the model assigned Precision = ———
to class i that actually belong to class i. > j Cii

C;;: The count of samples correctly classified as class 7 (True Positives for class ).

Zj Cji: The total number of samples predicted as class i, regardless of their actual class

(True Positives + False Positives for class 7).

> Cii
Zi Zj Cij

Accuracy 1s the overall fraction of correctly classified
5 -/ Accuracy =

samples across all classes

Zi (' The sum of True Positives across all classes (correctly classified samples for each

class).

> Zj Cjj: The total number of samples across all classes (including both correct and

incorrect classifications).

O Nz 039 V9N S (ke
» Macroaveraging: treats each class equally by computing the performance

measure (like F1 score) for each class independently and then averaging
them.

* Implication: Macroaveraging gives equal weight to all classes, regardless
of the number of samples in each class. This is useful when you want each
class to have an , even if some classes
have fewer samples.

N Nz o 319 059 S (Sl

* Microaveraging: Microaveraging aggregates all true positives (TP), false
positives (FP), and false negatives (FN) across all classes and then
computes a single performance measure.

» Implication: Microaveraging takes into account the imbalance of class
distributions by weighing each sample equally. It is especially useful in
cases where , as it doesn’t prioritize one class
over another.

Adv. App. of Al and DT 20
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# Split the data into training and testing sets

L skne dslome
precision recall fl-score support
0.91 0.97 0.94 1lo981
0.52 0.25 0.34 1376
21
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(Receiver Operating Characteristic ) ROC _Jowiw
355 0305 QL FPR i, 5 TPR ﬁ)!}.@\ﬁ&jlw;j: 03,5 1 gl Jebe a5 s

1 1 1
ROC ROC

0 0 0
0 FPR 1 0 FPR 1 0

FPR

Ideal situation. Worst situation (Random predictions)  Usual situation

AUC = 1.0, It is perfectly able AUC :.0'5’. model hgs no- - 0.5 <AUC<1
discrimination capacity to distinguish

between positive class and negative

class.

to distinguish between positive
class and negative class.

AUC Sxw ) ool
The Area Under the Curve (AUC) is the measure of the ability of a classifier to distinguish between
classes and is used as a summary of the ROC curve.
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23
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Multiclass classification
Email foldering/tagging: Work, Friends, Family, Hobby
Medical diagrams: Not ill, Cold, Flu
Weather: Sunny, Cloudy, Rain, Snow
0 1 2 3
Binary classification: Multi-class classification:
A A
% X AN Xx X
oo x
()
X4 X4
One-vs-all (one-vs-rest) OIS L (g anb slgdg
Softmax Regression
24
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One-vs-all (one-vs-rest):

X | A
|8 go he(l)(x)
A o0 ©
0go
A x / _0—3(
AA XXX 1
X5 x X5 OO OO
a R 2 L0 hPw)
O R oo
X4 : A ¥
Class 1: A \ X2 o\ x X @
Class 2: ] O\ hy (%)
Class 3: ¥ o0
] 3

h'g) (I) — P(y — /ng;, ‘9) (i =1,2,3)
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Softmax Regression:

wly (e pl pslie) (i shel 1 s 5 & &7 S i (sueil filwe L;!,:c__,.l&,éli)cl:aii
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e’
Softmax(zj) e — Z slel b ba oS slie K
J
j-1©
z=12.0, 1.0, 0.1] 83505 % 5ed
e*? = 7.389 Softmax(z;) = 3% ~ 0.659
et? =2.718 Softmax(z) = 2018 ~ 0.242
et =1.105 Softmax(z3) = 15515 ~ 0.099

> e=11212
Softmax(z) = [0.659,0.242,0.009] st sl lé motn Olse  POAT Sl L) 3

26
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Train a logistic regression classifier hgi)(x) for
each class i to predict the probability that y =7 .

On a new input z, to make a prediction, pick
the class @ that maximizes
max oy (z)

# Initialize logistic regression model for multiclass
LogisticRegression 'multinomial’

27
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sepal_length sepal_width petal_length petal_width species

5.1 3.5 1.4 9.2 Iris-setosa
£ Iris-setosa

Iris-setosa
Iris-setosa
Iris-setosa

r—-‘-*”)Lé")bLe—ffﬁv—wj Cal S Fhs Jler ol K8 508 o0 5 sk
;J;ojy.hb‘_gjg;:‘_g\@,w)))\}w
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import seaborn as sns . L .
P 8 multiclass regression iris petal.py: |16

import pandas as pd

import matplotlib.pyplot as plt
from sklearn.datasets import
from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import

from sklearn.metrics import

# Load dataset

X # Select only petal length and petal width

# Map target numbers to iris species names

'Setosa’ 'Versicolor' 'Virginica'
for in
# Convert to DataFrame for easier plotting and visualization
pd.DataFrame(X 'petal length (cm)', 'petal width (cm)'
'species’ # Use species names instead of numbers

# Split the data into training and test sets
X

31
Adv. App. of Al and DT
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# Initialize and train logistic regression model for multiclass classification
LogisticRegression 'multinomial’ "1bfgs’

# Predict and evaluate

"Accuracy:"

# Convert test labels and predictions to species names for plotting

for in

for in
# Plotting classification results for petal length and petal width
plt
sns

'viridis' "k

plt 'Petal Length (cm)’
plt 'Petal Width (cm)'
plt 'Logistic Regression Classification: Petal Length vs Petal Width'
plt "True Species” 32
plt Adv. App. of Al and DT
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Accuracy: ©.9777777777777777
precision

recall fl-score support

Setosa 1.00 1.00 .00 16
Versicolor 1.00 0.94 .97 18
Virginica 0.92 1.00 .96 11

accuracy .98 45
macro avg . .98 45
weighted avg 5 .98 45

33
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Logistic Regression Classification: Petal Length vs Petal Width
2.54 True Species O
@ \Virginica
8 Versicolor @ ®
O Setosa
O
2.0 O
@@ (] O
z ®
S 151 8 ER
s 8 £33 O
) 8 8
= 8 8 %
©
& 10 8 8
O
0.5 -
[ [ 5 R o |
om o
O OO (]
]
0.0+ . . . . :
1 2 3 4 5 6

Petal Length (cm)
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import seaborn as sns 8 multiclass regression iris pairplot.py: J; 5

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.datasets import

from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import

from sklearn.metrics import

# Load dataset
X

# Map target numbers to iris species names
'Setosa’ 'Versicolor' 'Virginica'
for in

# Convert to DataFrame for easier plotting with species names
pd.DataFrame(X
'species’ # Use species names instead of numb&;s
Adv. App. of Al and DT
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# Split the data into training and test sets
X

# Initialize and train logistic regression model for multiclass
classification
LogisticRegression 'multinomial'’
'1bfgs'

# Predict and evaluate

"Accuracy:"

# Pairplot for 4D visualization using seaborn with species names

plt

sns 'species’ 'viridis'

plt "Pairwise 2D Scatter Plots with Iris Species"”
plt

36
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