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|Agenda

▪ Logistic Regression

▪ Log Loss

▪ Implementation

▪ Iris Dataset

▪ Pima Indians Diabetes Dataset



|Model Equation

▪ Logistic Regression model computes a weighted sum of the input
features (plus a bias term), but instead of outputting the result
directly like the Linear Regression model does, it outputs the logistic
of this result

▪ 𝜎 𝑥 =
1

1+𝑒−𝑥

▪ ො𝑦 = 𝜎 𝑏 + σ𝑖=1
𝑛 𝜃𝑖𝑥𝑖

▪ ො𝑦 = 𝜎 𝑏 + σ𝑖=1
𝑛 𝑤𝑖𝑥𝑖

▪ ො𝑦 = ℎ𝜃 𝑥 =  𝜎(𝜃𝑇 . 𝑋)
― ො𝑦: probability that an instance x is belongs to 

a class
― 𝜃 : model parameters that determine 

boundary decision
― 𝑋: features
― 𝜎: logistic (sigmoid – Logit) S-shaped function



|Log Loss

▪ log loss = – 𝑦 ln( ො𝑦) − 1 – 𝑦 ln(1 – ො𝑦) 

▪ We use the term log loss when we refer to the log loss of a point or 
of a whole dataset. 

▪ The log loss of a dataset is the sum of the log losses at every point.

▪ The objective of training is to set the parameter vector 𝜃 so that the 
model estimates high probabilities for positive instances (𝑦 =  1) and 
low probabilities for negative instances (𝑦 =  0). 



|Training and cost function

▪ The cost function over the whole training set

▪ To update the weights 𝒘 to minimize the log loss, we adjust 𝒘 in the 
opposite direction of the gradient of the loss:

▪ 𝒘 ⟵ 𝒘 + 𝜂 𝑦 − ො𝑦 𝒙



|IRIS dataset

▪ The Iris dataset is one of the 
most well-known datasets in 
the field of machine learning 
and statistics, often used as a 
benchmark for testing 
machine learning algorithms. 
It was introduced by the 
British statistician and 
biologist Ronald Fisher in 1936 
as an example of discriminant 
analysis.



|IRIS dataset

▪ Dataset that contains the sepal ( الكأس) and petal ( التويج) length and 
width of 150 iris flowers of three different species: Iris-Setosa, Iris-
Versicolor, and Iris-Virginica

― 4 numeric attributes

― 50 instance per each class

― One class is linearly separable from 
the other two



|Python session

▪ Loading Dataset



|Python session

▪ Dataset Description



|Python session

▪ Summary Statistics



|Python session

▪ Quick Peek:

▪ the instances are not shuffled



|Python session

▪ Features’ Names: ▪ Label values



|Python session

▪ Filter petal width and label.

▪ Split Data



|Python session

▪ Fitting Model

▪ Model’s estimated probabilities



|Python session

▪ look at the model’s estimated probabilities for flowers with petal 
widths varying from 0 to 3 cm



|Python session

▪ The petal width of Iris-Virginica flowers (represented by triangles) ranges 
from 1.4 cm to 2.5 cm, 

▪ while the other iris flowers (represented by squares) generally have a 
smaller petal width, ranging from 0.1 cm to 1.8 cm 



|Python session

▪ There is a bit of overlap. Above about 2 cm the classifier is highly confident 
that the flower is an Iris-Virginica (it outputs a high probability to that 
class), while below 1 cm it is highly confident that it is not an Iris-Virginica 
(high probability for the “Not Iris-Virginica” class) 



|Python session

▪ if you ask it to predict the class (using the predict() method rather than the 
predict_proba()), it will return whichever class is the most likely.

▪ if the petal width is higher than 1.6 cm, the classifier will predict that the 
flower is an Iris-Virginica, or else it will predict that it is not (even if it is not 
very confident): 



|Python session

▪ Logistic Regression classifier can estimate the probability that a new 
flower is an Iris Virginica based on petal width and length. 

― The dashed line represents the points where the model estimates a
50% probability: this is the model’s decision boundary // linear boundary

― Each parallel line represents 
the points where the model 
outputs a specific probability, 
from 15% (bottom left) to 
90% (top right). 



|Python session

▪ All the flowers beyond the top-right line have an over 90% chance of 
being Iris-Virginica according to the model 

▪ Logistic Regression models can be regularized using ℓ1 or ℓ2 
penalties. Scitkit-Learn actually adds an ℓ2 penalty by default 

▪ The hyperparameter controlling the 
regularization strength of a Scikit-Learn 
Logistic Regression model is not alpha 
(as in other linear models), but its 
inverse: C. The higher the value of C, 
the less the model is regularized. 



|Pima Indians Diabetes Database

▪ Predict the onset “ بداية “of diabetes based on diagnostic measures

▪ This dataset is originally from the National Institute of Diabetes and 
Digestive and Kidney Diseases. 

▪ The objective of the dataset is to diagnostically predict whether or 
not a patient has diabetes, based on certain diagnostic measurements 
included in the dataset. 

― Several constraints were placed on the selection of these instances

― In particular, all patients here are females at least 21 years old of Pima Indian 
heritage   



|Pima Indians Diabetes Database

▪ The datasets consists of several medical predictor variables and one 
target variable. 

▪ Predictor variables includes the number of pregnancies the patient 
has had, their BMI, insulin level, age, and so on



|Pima Indians Diabetes Database



|Pima Indians Diabetes Database



|Pima Indians Diabetes Database



|Pima Indians Diabetes Database



|Softmax Regression

▪ Multinomial (multiclass) logistic regression

▪ Generalization of logistic regression that can handle multiple classes, 
as opposed to just binary classification. 

▪ Given an instance represented by a feature vector 𝑥 , softmax 
regression outputs the probabilities that 𝑥 belongs to each of several 
classes. 

▪ The model calculates these probabilities by applying the softmax 
function to the linear scores of each class calculated from 𝑥.

▪ Next Lecture
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