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Artificial Intellligence: 
An Introduction
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AI Models Types
AI models refer to different approaches or frameworks that are used to represent and solve problems in the field of AI.

These models provide a structured way to understand and analyze complex systems and make intelligent decisions.

AI models define how an agent perceives, reasons, and acts.

Different models suit different environments and tasks.

Source: https://stanford.edu/~shervine/teaching/cs-221/
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AI Models Types

3. Variables-based models
u  Solution in an assignment of values for a set of variables.
u  Apps: Soduko, Speech Recognition, and Face Recognition.
u  Options :  Convolut ional  Neural  Networks,  Constraint 

Satisfaction, Bayesian Networks, Factor Graphs, and Dynamic 
Ordering.

4. Reflex-based models
uGiven a set of <Input, Output> pairs of training data, learn a set 

of parameters that will map input to output for future data.
u  Apps:  Classification and Regression.
u  Options: Artificial Neural Networks (ANN), Decision Trees, 

Support Vector Machines, Regression, Principal Component 
Analysis, K-Means Clustering,  and K-Nearest Neighbor

(Uncertaint
y)

2. States-based models
u Solutions are defined as a sequence of steps.
uModel a task as a graph of states and a solution as a path in the 

graph. 
uA state captures all of the relevant information about the past in 

order to act in the future. 
uApps: Navigation and Games. 
uOptions: Tree Search (Breadth-first search, Depth-first search, 

and Iterative deepening), Graph search (Dynamic programming), 
Markov decision processes, Game playing

1. Logic-based models
u Symbolic representation of classes of objects. 
uDeductive Reasoning. 
uApps :  Question Answering Systems, Natural  Language 

Understanding, Expert system
uOptions: Propositional Logic , First-Order Logic, Knowledge Base.
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AI Models Types

Four Main
Machine Learning Methods
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AI Models Types

The Big Picture - Learning Paradigms

Supervised Learning: Data comes with Labels 
(Input X + Output Y)

•➝ Regression

•➝ Classification

Unsupervised Learning: Data has No Labels 
(Input X only)

•➝ Clustering

•➝ Dimension Reduction
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AI Models Types

Regression

Definition: Predicting continuous numerical output.

•The Key Question: "How much?" or "How many?"

•Real-world Examples:

◦Predicting House Prices (based on size, location).

◦Forecasting tomorrow's temperature.

◦Stock market price prediction.

•Common Algorithms: Linear Regression, Polynomial Regression.

•Visual: A scatter plot with a "line of best fit" running through the 
points.

When the target is a number, we call it 
Regression. Essentially, we are trying to fit 
a line or curve that best represents the 
trend of the data
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Simple Linear Regression

https://www.youtube.com/watch?v=-JTKf-a1JpU
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Simple Linear Regression

p Independent Variable: The independent variable is the variable that is manipulated or changed by the researcher in an 
experiment. It is called "independent" because its value is not influenced by other variables in the study. 

p Dependent Variable: The dependent variable is the variable that is measured or observed in an experiment. It is called 
"dependent" because its value depends on or is influenced by the independent variable. 

p Confounding Variable: A confounded variable is an extraneous variable that is related to both the independent and 
dependent variables, making it difficult to determine the true relationship between them. 
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Simple Linear Regression

Regression is a statistical technique used to understand the relationship between one dependent variable and one or 
more independent variables: Y=f(X1, X2,…, Xn)

It is commonly employed to predict or estimate the value of the dependent variable based on the values of the 
independent variables. In regression analysis, the goal is to model the relationship between variables and make 
predictions or inferences based on that model.

Quadratic 
equation of one 

variable

Cubic
 equation of one 

variable

Linear equation 
in one variable

Linear motion represents regular, smooth, and 
predictable motion; 
nonlinear motion often represents irregular, abrupt, 
and sensitive motion to initial conditions .
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Simple Linear Regression

Scenario: Predicting the height of the flower.

Data:

•Input (x): the amout of the water.

•Output (y): the height of the flower.

Goal: Find a relationship between x and y.

Visual: A scatter plot showing water vs. height. 
The points show a general upward trend.

The Model: A straight line that cuts through the 
data points with minimal error.

Iris Flower
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Simple Linear Regression

Mathematical Formulation (The Hypothesis)

Equation: y=wx+b

•Components:

◦y: The prediction (Dependent variable).

◦x: The input feature (Independent variable).

◦w: Weight (Slope/Coefficient，斜率) - How 
much does x affect y?

◦b: Bias (Intercept, 截距) - What is the baseline 
value when x=0?

•The Goal of Learning: To find the optimal values for 
w and b.
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Simple Linear Regression

Measuring Error - The Cost Function

•Question: How do we know if our line is "good"?

•Residuals: The vertical distance between the actual data 
point and the predicted line.

•The Metric: Mean Squared Error (MSE) or Cost Function 
J(w,b).

•Formula:

•Why Square?

◦Removes negative signs (errors don't cancel out).

◦Penalizes large errors more heavily.
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Simple Linear Regression

� = ��� + �

 �∗, �∗ =argmin �=1
�  � − �� 2 =argmin �=1

�  ��� + � − �� 2 

Given a dataset  � = { �1, �1 ,  �2, �2 , …,  ��, �� } consist ing of  inputs x and outputs y ,  where �� =
 ��1; ��2; …; ��� , �� ∈ ℝ. The linear regression aims to train a linear model to best fit the output y based on the 
input x. We aim to learn the relationship to approximate yi ​: � = ��� + �.  Then, � ≅ ��.

The key challenge in linear regression learning lies in determining the parameters w and b to make the fitted 
output y as close as possible to the true output  yi. In regression tasks, mean squared error is commonly used to 
measure the loss between predictions and labels. Therefore, the optimization goal in regression tasks is to 
minimize the mean squared error between the fitted output and the true output.

Ordinary Least Squares (OLS) 最小二乘法
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Simple Linear Regression

�� �, � 
��

=
�
��

  
�=1

�

 ��� + � − �� 2 

                  =  
�=1

�
�
��

  �� − ��� − � 2 

                            =  
�=1

�

 2 ∙  �� − ��� − � ∙  −��  

                                                                     =  �=1
�  2 ∙  ���2 − ���� + ���   

                                     = 2 ∙  � 
�=1

�

��2 − 
�=1

�

���� + � 
�=1

�

�� 

�� �, � 
��

=
�
��
  
�=1

�

 ��� + � − �� 2 

                   =  
�=1

�
�
��
  �� − ��� − � 2 

                             =  
�=1

�

 2 ∙  �� − ��� − � ∙  −1  

                   =  
�=1

�

 2 ∙  −�� + ��� + �  

                   = 2 ∙  − �=1
� �� +  �=1

� ��� +  �=1
� �   

                                                   = 2 �� −  �=1
�  �� − ���   

To obtain the minimizing parameters w∗  and b∗  for w and b, based on the mean square loss function, the first 
derivatives of w and b can be calculated and equated to zero. The derivation process for w is as follows:
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Simple Linear Regression

�∗ =
1
�
 
�=1

�

 �� − ��� = � − ��
The best expressions of �  and �  can be solved as:
�� �,� 
��

= 2 �� −  �=1
�  �� − ���  =0 

 
�=1

�

 �� − �  + � � − ��  = 0�� �, � 
��

=
�
��

  
�=1

�

 ��� + � − �� 2 

                  =  
�=1

�
�
��

  �� − ��� − � 2 

                            =  
�=1

�

 2 ∙  �� − ��� − � ∙  −��  

                                                 =  �=1
�  2 ∙  �� − ��� − � + �� ∙  −��  

                                           =−2 �=1
�    �� − �  + � � − ��  ∙ �� =0

 
�=1

�

 �� − �  =− � 
�=1

�

 � − �� 

�∗ =    �=1
�  �� − �  
 �=1
�  �� − � 

= 
 �=1
�  �� − �  �� − � 
 �=1
�  �� − � 2

covariance of x and y

variance of x
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Simple Linear Regression

�∗ =
 �=1
� �� �� − � 

 �=1
� ��2 −

1
�  �=1

� �� 
2

         = 
 �=1
�  �� − �  �� − � 
 �=1
�  �� − � 2

�∗ =
1
�
 
�=1

�

 �� − ��� = � − ��

The best expressions of �  and �  can be solved as:

�� �,� 
��

= 2 ∙  � �=1
� ��2 −  �=1

� ���� + � �=1
� �� =0

�� �,� 
��

= 2 �� −  �=1
�  �� − ���  =0 
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Simple Linear Regression

�∗ =
 �=1
� �� �� − � 

 �=1
� ��2 −

1
�  �=1

� �� 
2

         = 
 �=1
�  �� − �  �� − � 
 �=1
�  �� − � 2

�∗ =
1
�
 
�=1

�

 �� − ��� = � − ��

� = ��� + �

The effect of water x on the plant growth rate y was measured:

Find the equation of the regression line.

water, x 5 7 12 16 20

growth rate y: 40 120 180 210 240
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Simple Linear Regression

�∗ =
 �=1
� �� �� − � 

 �=1
� ��2 −

1
�  �=1

� �� 
2

         = 
 �=1
�  �� − �  �� − � 
 �=1
�  �� − � 2

�∗ =
1
�
 
�=1

�

 �� − ��� = � − ��

� = ��� + �

The effect of water x on the plant growth rate y was measured:

Find the equation of the regression line.

water, x 5 7 12 16 20

growth rate y: 40 120 180 210 240

w b

https://www.youtube.com/watch?v=gPfgB4ew3RY
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Simple Linear Regression

n Error-based metrics, including Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error 
(MAE), and Mean Absolute Percentage Error (MAPE), quantify the differences between predicted and actual values. 

 Mean Squared Error (MSE) and Root Mean Squared Error (RMSE): MSE and RMSE quantify the average squared 
difference between the predicted values and the actual values. Lower values of MSE and RMSE indicate better 
model performance, as they suggest that the model's predictions are closer to the true values. RMSE is particularly 
useful as it has the same unit of measurement as the dependent variable, making it easier to interpret.

 Mean Absolute Error (MAE): MAE calculates the average absolute difference between the predicted values and the 
actual values. Like MSE and RMSE, lower values of MAE indicate better model performance. MAE is less sensitive to 
outliers compared to MSE, making it a suitable metric when outliers are present in the data.
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Simple Linear Regression

n Coefficient of Determination metrics, such as R-squared (R²), assess the proportion of variance explained by the 
model. R-squared measures the proportion of variance in the dependent variable that is explained by the regression 
model. It ranges from 0 to 1, with higher values indicating a better fit. R-squared can help assess how well the model 
captures the variability in the data and how much of the response variable's variation is accounted for by the 
predictors.

n Adjusted R-squared is a modified form of R-squared that considers the number of predictors in a model. Itis a 
valuable metric for assessing the goodness of fit of regression models, especially when comparing models with 
different numbers of predictors. Generally positive, the adjusted R-squared is designed to be lower than the R-
squared value, reflecting a balance between model complexity and explanatory power.
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Simple Linear Regression

https://scikit-learn.org/stable/modules/linear_model.html
https://github.com/scikit-learn/scikit-learn 
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Multiple Linear Regression

y = w0 + w1x1 + w2 x2 + ... + wn*xn

Multiple Linear Regression is a statistical method used to model the relationship between a dependent variable 
(response) and multiple independent variables (predictors). It extends the concept of simple linear regression by 
considering the joint effect of multiple predictors on the outcome.

In multiple linear regression, the relationship between the predictors and the response is assumed to be linear, but the 
model accounts for the influence of multiple predictors simultaneously. The objective is to estimate the regression 
coefficients that minimize the sum of squared differences between the observed values of the response variable and 
the predicted values based on the predictors. The multiple linear regression equation can be represented as:

 w0,  w1, …,w� =argmin 
�=1

�

 � − �� 2
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Multiple Linear Regression

y = w0 + w1x1 + w2 x2 + ... + wn*xn

� =  

�11
�21 
⋮

��1 

�12
�22
⋮

��2 

…
…
⋱
…

 �1�
 �2�
⋮

 ���

1
1
⋮
  1

 =  
�1T
⋮
��T

 1
⋮
  1
 � =  �1; �2; …; �� 

�∗ =argmin  � − �� T  � − �� 
The matrix expression for the optimization objective function of parameters is:

Let  � =  � − �� T � − �� . The derivation process for the parameter  �  is as follows:

� = �T� − �T�� −����� + ������
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Multiple Linear Regression

� = �T� − �T��−����� + ������

��
��
= ��T�

��
− ��T��

��
− ������

��
+ �������

��
 

The derivation process for the parameter  �  is as follows:

��T�
��

= ��T�
��

= � 

��T��
��

=  � + �� � 

By using the matrix differentiation rule, we have:
��
��
= 0 − ��� − ��� +  ��� + ��� � = 2�� �� − � 

When the matrix  ��� is full rank or positive definite, setting the above equation to 0, the parameters can be solved as:

�∗ =  ��� −1���
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Linear Regression

p Underfitting: Underfitting occurs when the model doesn’t work well with both training data and testing data 
(meaning the accuracy of both training & testing datasets is below 50%). A possible solution is applying Data 
Wrangling (data preprocessing or feature engineering).

p Good Fit: A model is a Good Fit when it works well with both training and testing datasets (meaning the accuracy for 
both datasets is around 70%–85% in general cases). It means that we almost achieved our goal.

p Overfitting : Overfitting occurs when the model works very well with the training dataset, but on the testing dataset, 
it fails (meaning that the accuracy of training data is >90% and testing data is < 65%). Since the model works best only 
on training data and whenever it faces a new situation during testing, it gives wrong results. It is also called a model 
with high variance. A possible solution is to use the correct regression technique, that is Ridge or Lasso.
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Linear Regression

The optimal parameter estimation expression for the linear regression model is as follows:
�∗ =  ��� −1���

Assuming there are m training samples and n features, 
p When m>n, if rank(X)=n, meaning X is full rank, then  ���  is invertible, and the linear regression parameter 

estimation formula can be directly solved. Typically with m>n, meaning that the number of samples is greater than 
the number of features.

p If m<n, implying that the number of features is greater than the number of samples, rank(X)<n, and the matrix X is 
not full rank. In this case, typically with m>n, meaning that the number of samples is greater than the number of 
features. is not invertible, and the parameter �∗ in the parameter estimation formula is not estimable.

The LASSO (Least Absolute Shrinkage and Selection Operator) model provides a solution for such unestimable 
parameters in linear regression by adding an L1 regularization term to the loss function:

� � =  � − �� � + �||�||� 
Where  ||�||1 1​ represents the 1-norm of the matrix, λ is the coefficient of the 1-norm term.

A norm can be viewed as a function representing a concept of length or distance. For vectors or matrices, common 
norms include the 0-norm, 1-norm, 2-norm, and p-norm. The 0-norm of a matrix counts the number of non-zero 
elements in the matrix. The 1-norm of a matrix is defined as the sum of the absolute values of all elements in the matrix, 
while the L2-norm of a matrix refers to the square root of the sum of squares of all elements in the matrix.

LASSO Regression
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Linear Regression

The above expression is equivalent to adding an L1 regularization term to the original linear regression loss function, 
where λ is also known as the regularization coefficient. From the perspective of preventing overfitting, the regularization 
term imposes a penalty on the target parameters, preventing the model from becoming overly complex.

During the optimization process, the presence of the regularization term gradually forces the coefficients of unimportant 
features to zero, thereby retaining essential features and simplifying the model.

� � =  � − �� 2 + �||�||1 

arg�   min  � − �� 2 
s. t.      |���| < � 

The constraint   |���| < � implies that the sum of the absolute values of all elements in the weight coefficient matrix is 
less than a specified constant ss. A smaller value of s leads to more features having their coefficients compressed to zero.

LASSO Regression
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Linear Regression

During the optimization process, the presence of the regularization term gradually forces the coefficients of unimportant 
features to zero, thereby retaining essential features and simplifying the model.

arg�   min  � − �� 2 

s. t.     |���| < �
Example: The x-axis and y-axis represent two regression parameters  �1  ​ and  �1  ​ respectively. The red rectangular line 
represents the L1 regularization constraint of LASSO, |�1| + |�2| ≤ �, while the elliptical region denotes the solution 
space for the regression parameters. It can be observed that the parameter solution space for LASSO intersects with the y-
axis. This intersection implies that the parameter  �1 ​ is being compressed to zero.

https://xavierbourretsicotte.github.io/coordinate_descent.html

LASSO Regression
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Linear Regression

Ridge Regression
Ridge regression is a model that modifies the linear regression loss function by using the L2-norm as a penalty term. In 
Ridge regression,  �||�||2 = � �=1

� ��2   ​  is the L2 regularization term. The term  �||�||2  ​  is also known as the L2 
regularization term.

The principle behind using the L2-norm for regularization is to minimize each element of the parameter matrix, making 
them approach zero but not exactly zero as with L1 regularization. This approach helps reduce the complexity of the 
model.

� � =  � − �� 2 + �||�||2

arg�   min  � − �� 2

s. t.    ���2 <�
The constraint   ���2 <�implies that the sum of the squares of all elements in the weight coefficient matrix is less than a 
specified constant s.
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Linear Regression

Ridge Regression: The x-axis and y-axis represent two regression parameters w1​ and w2​ respectively. The red circular 
region represents the L2 regularization constraint of Ridge regression,  �12 +�22 ≤ �, while the elliptical region 
denotes the solution space for the regression parameters. 

It can be observed that the parameter solution space for LASSO intersects with the y-axis, indicating that certain 
parameters are being compressed to zero, whereas the parameters in Ridge regression are close to zero but not 
exactly zero.
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Linear Regression

p From the perspective of interpretability in linear models, both LASSO and Ridge aim to identify key factors 
influencing the dependent variable while reducing model complexity.

p Mathematically, LASSO and Ridge are viewed as compromise solutions in linear regression models where the 
parameter estimation formulas are not directly solvable, leading to biased estimations.

p In the context of the three elements of machine learning, LASSO and Ridge can be seen as machine learning 
methods that utilize linear regression models with regularization terms, minimize the loss function with 
regularization terms as the strategy, and employ algorithms such as coordinate descent or gradient descent.
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Linear Regression

In statistics, stepwise regression is a method of fitting regression models in which the choice of predictive 
variables is carried out by an automatic procedure. This is an efficient way to select the most useful 
explanatory variables.

y = w0 + w1y1 + w2 y2 + ... + wn*yn

pForward selection, which involves starting with no variables in the model, testing the addition of each 
variable using a chosen model fit criterion, adding the variable (if any) whose inclusion gives the most 
statistically significant improvement of the fit, and repeating this process until none improves the model to 
a statistically significant extent.

pBackward elimination, which involves starting with all candidate variables, testing the deletion of each 
variable using a chosen model fit criterion, deleting the variable (if any) whose loss gives the most 
statistically insignificant deterioration of the model fit, and repeating this process until no further variables 
can be deleted without a statistically significant loss of fit.

pBidirectional elimination, a combination of the above, testing at each step for variables to be included or 
excluded.

Stepwise Regression
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Linear Regression

Sequential backward selection process

Backward elimination, which involves starting 
with all candidate variables, testing the deletion 
of each variable using a chosen model f it 
criterion, deleting the variable (if any) whose 
loss gives the most statistically insignificant 
deterioration of the model fit, and repeating this 
process until no further variables can be deleted 
without a statistically significant loss of fit.
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Linear Regression

Sequential backward selection process

Backward elimination, which involves starting 
with all candidate variables, testing the deletion 
of each variable using a chosen model f it 
criterion, deleting the variable (if any) whose 
loss gives the most statistically insignificant 
deterioration of the model fit, and repeating this 
process until no further variables can be deleted 
without a statistically significant loss of fit.
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Nonlinear Regression

Polynomial Regression
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Nonlinear Regression: Polynomial Regression

Linear regression limitation
◦Assumes a linear relationship between input x and output y
◦Many real-world phenomena are nonlinear

Examples of nonlinear relationships
◦Growth curves (population, learning curves)
◦Physical systems (trajectory, acceleration)
◦Economics (cost vs. production)

•Key idea
◦Keep the model linear in parameters
◦But allow nonlinear relationships in features

•Polynomial Regression
◦Extends linear regression by adding polynomial terms
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Nonlinear Regression: Polynomial Regression

Polynomial regression is a type of regression analysis that models the relationship between the independent 
variable(s) and the dependent variable as an n-th degree polynomial function. It extends the concept of simple linear 
regression by introducing higher-order polynomial terms. 
p Univariate polynomial regression involves fitting a polynomial function to a single independent variable (or 

feature) and a single dependent variable. The model assumes that the relationship between the independent and 
dependent variables can be approximated by a polynomial equation of a specified degree. 

y = β₀ + β₁X + β₂X² + β₃X³ + ... + βₙXⁿ
p Multivariate polynomial regression extends the concept of polynomial regression to multiple independent 

variables. It allows for modeling the relationship between a dependent variable and multiple independent variables 
using a polynomial equation of a specified degree. 

y = β₀ + β₁X₁ + β₂X₂ + ... + βₚXₚ + βₚ₊₁X₁² + βₚ₊₂X₁X₂ + ... + β₂ₙ₊ₚXₚⁿ
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Nonlinear Regression: Polynomial Regression

Underfitting GoodfitOverfitting 

One-variable function of one to five degrees
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Nonlinear Regression

Nonparametric Regression

Source: https://www.youtube.com/watch?v=Vf7oJ6z2LCc

Parametric regression
•Assumes a fixed functional form 

◦Example: linear, polynomial
•Limited flexibility
Key question
•What if we do not know the true form of the relationship?

Nonparametric regression
•Makes minimal assumptions about the data distribution
•Model complexity grows with data
Core idea
•Let the data determine the shape of the regression function

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly



Nonlinear Regression

p Nonparametric regression is a category of regression analysis in which the predictor does not take a predetermined 
form but is constructed according to information derived from the data. 

p Nonparametric Regression techniques, such as kernel smoothing, splines, or local regression (e.g., LOWESS, LOESS), 
allow for capturing complex and flexible nonlinear relationships. They are particularly useful when the relationship 
is unknown or cannot be adequately described by a specific parametric equation.    

p LOESS (Locally Weighted Scatterplot Smoothing) regression, also known as LOWESS (Locally Weighted Scatterplot 
Smoothing) regression, is a non-parametric regression method used to fit a smooth curve to a scatterplot of data 
points. Unlike traditional regression methods that assume a global relationship between the variables, LOESS 
regression allows for local variations and non-linear relationships. 

Nonparametric Regression
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Nonlinear Regression

p LOESS regression allows for local variations and non-linear relationships. At each point in the range of the data set a 
low-degree polynomial is fitted to a subset of the data, with explanatory variable values near the point whose 
response is being estimated. Parameter: bandwith �.

Nonparametric Regression

https://www.youtube.com/watch?v=Vf7oJ6z2LCc BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

BY M
PU W

EIW
ANG For 

Teac
hin

g O
nly

https://www.youtube.com/watch?v=Vf7oJ6z2LCc



Logistic Regression

Why Logistic Regression?

•Many AI problems involve classification, not regression 
◦Spam vs. non‑ spam
◦Disease vs. healthy
◦Fraud vs. normal

•Linear regression is not suitable for classification 
◦Outputs are unbounded
◦Cannot represent probabilities

•Logistic regression
◦Models class probabilities
◦One of the most fundamental classification algorithms in AI

•Despite the name: 
◦Logistic regression is a classification model
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Logistic Regression

p Logistic Regression is a Supervised statistical technique to find the probability of dependent 
variable(Classes present in the variable).

p Logistic regression uses functions called the logit functions, that helps derive a relationship between the 
dependent variable and independent variables by predicting the probabilities or chances of occurrence.

p The logistic functions (also known as the sigmoid functions) convert the probabilities into binary values 
which could be further used for predictions.
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Logistic Regression

Types of Logistic Regression:

p Binary Logistic Regression:
The dependent variable has only two 2 possible outcomes/classes.
Example-Male or Female.

p Multinomial Logistic Regression:
The dependent variable has only two 3 or more possible outcomes/classes without ordering.
Example: Predicting food quality.(Good, Great and Bad).

p Ordinal Logistic Regression:
The dependent variable has only two 3 or more possible outcomes/classes with ordering. 
Example: Star rating from 1 to 5
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Logistic Regression

The logistic model (or logit model) is a statistical 
model that models the log-odds of an event as a 
linear combination of one or more independent 
variables.  In regression analysis,  logist ic 
regression (or logit regression) estimates the 
parameters of a logistic model (the coefficients 
in the linear or non linear combinations). 

In binary logistic regression there is a single 
binary dependent  var iable,  coded by an 
indicator variable, where the two values are 
labeled "0" and "1", while the independent 
variables can each be a binary variable (two 
classes, coded by an indicator variable) or a 
continuous variable (any real value). 
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Logistic Regression

The Logistic Regression instead for fitting the best fit line, condenses the output of the linear function 
between 0 and 1.

p when b0+b1X == 0, then the p will be 0.5,

p similarly, b0+b1X > 0, then the p will be going towards 1;

p b0+b1X < 0, then the p will be going towards 0.

As we Logistic Regression was introduced to tackle the classification problems be it binary classification or 
multi-class classification problem, but why can’t we use Linear Regression?

l Linear Regression predicts continuous variables like price of house, and the output of the Linear 
Regression can range from negative infinity to positive infinity.

l Since, the predicted values is not probability value but a continuous value for the classes, it will be very 
hard to find the right threshold that can help distinguish between the classes.
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Logistic Regression

Logistic Regression: Evaluation Metrics 
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Logistic Regression

Logistic Regression: Evaluation Metrics 
TP – True Positive

Definition
The model predicts positive, and the actual class is 
positive
•Interpretation

◦A correct detection of the positive class
•Example (disease detection)

◦Patient has the disease 
◦Model predicts disease 

False Positive

Definition
The model predicts positive, but the actual class is 
negative
Interpretation
•A false alarm
Example (disease detection)
•Patient has no disease 
•Model predicts disease 

True Negative

Definition
The model predicts negative, and the actual class is 
negative
•Interpretation

◦A correct rejection
•Example (disease detection)

◦Patient has no disease 
◦Model predicts no disease 

False Negative

Definition
The model predicts negative, but the actual class is positive
•Interpretation

◦A missed detection
•Example (disease detection)

◦Patient has disease 
◦Patient has no disease 
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Logistic Regression

Logistic Regression: Evaluation Metrics 

https://www.youtube.com/watch?v=QBVzZBsif20
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Run the Logistic Regression of Iris

Anaconda

IDE: Pycharm 
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Run the Logistic Regression of Iris

https://mirror.tuna.tsinghua.edu.cn/help/anaconda/
1. What is Anaconda?
Anaconda is a Python data science distribution, essentially an ‘integrated toolkit’. Its core components include:
- Python interpreter: The foundational program for directly executing Python code.
- Hundreds of pre-installed libraries: Covering common tools for data processing, numerical computation, 
visualisation, machine learning, and more.
 Conda package manager: for installing, updating, and uninstalling libraries, offering greater capabilities than 
Python's built-in pip (manages non-Python dependencies); Environment management tool: enables creation of 
multiple independent virtual environments (e.g., one environment using Python 3.8, another using 3.10), preventing 
dependency conflicts between different projects. 2. How to install Anaconda 
1. Download from the official website
2. Download via mirror sites

Anaconda Install
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https://www.bilibili.com/video/BV1ywpgz3EZv/?spm_id_from=333.337.search-card.all.click&vd_source=5fa282596337999bb1403de9221dcaa0



Run the Logistic Regression of Iris
https://www.jetbrains.com/pycharm/

What is PyCharm? 
PyCharm is a professional Python integrated development 
environment (IDE) developed by JetBrains, specifically designed for 
the Python programming language. 
It offers extensive features and tools aimed at enhancing developers' 
programming efficiency and code quality. 

It is widely used across various Python development domains, 
including web development, data analysis, artificial intelligence, and 
scientific computing. 

It is available in two editions: 
Community Edition and Professional Edition.

Opt for a more stable cracked version during PyCharm installation.
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Thank you!
Innovating into the Future
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