


An Introduction to Logistic Regression 

● Logistic regression is a supervised learning 
algorithm used for classification.

● It models the probability that an observation 
belongs to a given class, conditional on its 
features.

● It is a linear model at its core: the decision 
boundary it learns is a hyperplane in the 
feature space.



From Linear Regression to Classification
Linear Model: Classification Model:



Important Assumptions for Logistic Regression

1. Independence of Observations

2. Linear Decision Boundary

3. Binary Outcomes





Deriving a Loss Function:
Step 1 - Maximum Likelihood Estimation

Bernoulli PMF (Probability Mass Function): Joint Probability of entire dataset:

Goal:

(This product form is mathematically inconvenient. Next, we will take the log.)



Maximizing the Likelihood is Computationally Inefficient



Deriving a Loss Function:
Step 2 - Log Likelihood





Deriving a Loss Function:
Step 3 - From Log-Likelihood to a Loss Function
Negate the log-likelihood and reformulate to find a minimum:

Divide by n to ensure minimization is not affected by dataset size (Binary 
Cross-Entropy Loss):

Or simply:



We have a loss function. But p still has no definition. Where does the probability actually come from? 



The Linear Score is Not Enough 



Introducing: The Sigmoid
Derived from the log-odds assumption:

Satisfies all requirements: Derivative of the Sigmoid:





Putting It All Together: BCE & the Sigmoid



Finding the Minimum: Gradient Descent 

● Gradient descent is an iterative optimization algorithm.

● The gradient tells us the direction of steepest ascent. We move in the 
opposite direction to descend.

● The size of the step is controlled by the learning rate, a hyperparameter that 
balances convergence speed against stability.

● Gradient descent iterates until the loss stops decreasing meaningfully, or a 
maximum number of iterations is reached.



Gradient Descent: Update Rule Formulation





Thank you!


