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8 regression logistic two feature.py : |;5

# Define the dataset

# Prepare the data
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# Train the logistic regression model

# model's parameters

Coefficients: [[0.87723627 0.00274301]]
Intercept: [-5.3543177]

Intercept (60): -5.354317698549416
Coefficient for Age (01): 0.07723627391026841
Coefficient for Heart Rate (62): ©.002743013264610142
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# Example prediction for a person with Age = 20 and Heart Rate = 80
np

"Probability of Heart Attack for Age=20 and Heart Rate=80:"

Probability of Heart Attack for Age=20 and Heart Rate=8@: 0.02685

Intercept (6@): -5.3543176

3264619142

P(Heart Attack =1|X = Age, Heart rate) = | 4 o~ (535440077 Agex0.003 Heartrate)
e
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Recall 1s the fraction of samples in class 1 that the model Recall = — 2
correctly classitied as class 1 > ; Cij
Cii: The count of samples correctly classified as class @ (True Positives for class 7).
Zj CU: The total number of samples that actually belong to class 4, regardless of how they
were classified (True Positives + False Negatives for class ).
Precision is the fraction of samples that the model assigned Precision = —————
to class i that actually belong to class i. 2 j Cji

Cj;i: The count of samples correctly classified as class 2 (True Positives for class 7).

Z] Cji: The total number of samples predicted as class 4, regardless of their actual class

(True Positives + False Positives for class 7).

Zi Cii
2222 Cij

Accuracy 1s the overall fraction of correctly classified

Accuracy =
samples across all classes

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

class).

37 22; Cij: The total number of samples across all classes (including both correct and 18

incorrect classifications).
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* 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.

DN Wz o 519 039 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.
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# Split the data into training and testing sets

)bne donlows
precision recall fl-score  support
0.91 0.97 0.94 10981
0.52 0.25 0.34 1376
20
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Receiver Operating Characteristic
ih ROC ==
(Receiver Operating Characteristic )
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0.2 .,ﬁf
0.0 i —— Logistic Regression (area = 0.61)
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
. 21
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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:
N N
X2 x X2 A x x
o
0.0 x
o
X4 X1
One-vs-all (one-vs-rest) -t 4k sleds)
Softmax Regression NS L
. 22
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One-vs-all (one-vs-rest):

X2
N
- x X /
o PO Xxx N
2 2
X
X4
Class 1: A \ X2
Class 2:
Class 3:

hy(a) = Py = ila;6) (i=1,2,3)

Soft Computing
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max hg,i)(:):)

N W o b

Soft Computing

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

On a new input =, to make a prediction, pick
the class i that maximizes

# Initialize logistic regression model for multiclass

24
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# Load dataset

N N Suw b
it s B oSS ke sy aib 1]l
8 multiclass regression iris petal.py: |;

# Select only petal length and petal width

# Map target numbers to iris species names

# Convert to DataFrame for easier plotting and visualization

# Use species names instead of numbers

# Split the data into training and test sets

. 28
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# Predict and evaluate

N W o b

oot 6l bb eI w g il ke
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# Initialize and train logistic regression model for multiclass classification

# Convert test labels and predictions to species names for plotting

# Plotting classification results for petal length and petal width

Setosa
Versicolor

Virginica

accuracy
macro avg
weighted avg

precision

1.00
1.00
0.92

) S5 b D sy i e

Accuracy: ©.9777777777777777

recall fl-score

1.00
0.94
1.00

Soft Computing

.00
=7
.96

.98
.98
.98

support

16
18
11

45
45
45
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Logistic Regression Classification: Petal Length vs Petal Width
2.5 4 True Species @
@ Virginica @
$8 \Versicolor ] ®
@ Setosa
@
2.0 1 @
ao @ @
B @
S 15 8 8
s 8 £33 @
z 8 8
= ® % 8
M
& 1.0 8 8
(]
0.5 -
E B B
oE o
0D mE O
o
0.0 1— T : r .
1 2 3 4 5 6
Petal Length (cm)

from
from
from
from

X

import seaborn as sns
import pandas as pd
import matplotlib.pyplot as plt

'species’

W W o b

E kS 58S ooy Il Shsler b mal s Jb 3w iy b 1l
8 multiclass regression iris pairplot.py:J;_Lé

sklearn.datasets import

sklearn.linear_model import LogisticRegression
sklearn.model selection import

sklearn.metrics import

# Load dataset

# Map target numbers to iris species names

'Versicolor'
for in

'Setosa’ 'Virginica'

# Convert to DataFrame for easier plotting with species names

pd.DataFrame (X
# Use species names instead of numbg{s
Soft Computing
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# Split the data into training and test sets

classification
'1bfgs’
# Predict and evaluate

"Accuracy:"

E S 5 E I s Il Snsler el sles JB W a1 ke

X

# Initialize and train logistic regression model for multiclass

LogisticRegression ‘multinomial’

# Pairplot for 4D visualization using seaborn with species names

plt
sns 'species’ 'viridis'
plt "Pairwise 2D Scatter Plots with Iris Species"”
1t
P . 33
Soft Computing
_ 8 . JPairwise 2D Scatter Plots with Iris Species
€ , 2
g, s o o
£
E 44
g
£
z
339
L] 24 species
® setosa
£ 64 @ \ersicolor
& e \Virginica
£
=g
o
®
o 27
g
RS . .
y -
g i
g 14 o g&o
i .
o sdea
4 6 8 5
senal lenath (cm) senal width (cm) netal lenath (cm) netal width (cm)
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Non-Linear Regression

* Note that linear regression is to regression what the
perceptron is to classification
— Simple, useful models which will often underfit

» The more powerful classification models which we will be
discussing going forward in class can usually also be
used for non-linear regression
— MLP with Backpropagation, Decision Trees, Nearest Neighbor,

etc.

» They can learn functions with arbitrarily complex high

dimensional shapes

Soft Computing 38
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Summary

» Linear Regression and Logistic Regression are nice
tools for many simple situations
— But both force us to fit the data with one shape (line or sigmoid)
which will often underfit
* Intelligible results

* When problem includes more arbitrary non-linearity then
we need more powerful models which we will introduce
— Yet non-linear data transformations (e.g. Quadric perceptron)
can help in these cases while still using a linear model for
learning
+ These models are commonly used in data mining
applications and also as a "first attempt" at
understanding data trends, indicators, etc.

Soft Computing 39
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5 types of regression

A \ /
N
. A *
> -
Linear Logistic Polynomial Time series Support vector
regression regression regression regression regression

Predicts a continuous
output by modeling a
straight-line relation-
ship between input
features and target
variables, such as
estimating the impact
of price changes on
demand.

Models the probability
of binary outcomes,
such as predicting

customer churn;
commonly used in
classification tasks.

Captures nonlinear
relationships, such as
estimating the impact

of ad spending on

sales, by fitting a
polynomial curve
to data points.

Soft Computing

Predicts future values
in a time-dependent
data set; often
employed to forecast
future values based
on past observations,
as seen in stock
market analysis.

Approximates a
continuous function
by identifying a
hyperplane that best
represents the data’s
structure; valuable in
various applications,
including financial
market prediction.
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