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What is Logistic Regression

➢ Logistic Regression is part of a larger class of 

algorithms known as Generalized Linear Model 

(glm). 

➢ In 1972, Nelder and Wedderburn proposed this 

model with an effort to provide a means of using 

linear regression to the problems which were not 

directly suited for application of linear 

regression.



Use case of Logistic Regression



Features of Logistic Regression

• Important Points
• GLM does not assume a linear relationship between dependent 

and independent variables. However, it assumes a linear 
relationship between link function(alpha) and independent 
variables in logit model.

• The dependent variable need not to be normally distributed.
• Errors need to be independent but not normally distributed.



Sigmoid function

y= 1/(1 + exp(-x))

Where y is the target variable 
and x is the independent variable

In multiple linear regression x is 
replace by the linear regression 
equation also called link function.



➢The Difference Between "Probability" and "Odds"

➢ Probabilities always range between 0 and 1. 

➢ The odds are defined as the probability that the event will occur 

(probability of success)

➢ divided by the probability(probability of failure) that the event will 

not occur.

➢ If the probability of an event occurring is Y, 

➢ then the probability of the event not occurring is 1-Y. (Example: If 

the probability of an event is 0.80 (80%), then the probability that 

the event will not occur is 1-0.80 = 0.20, or 20%.

➢ The odds of an event represent the ratio of the (probability that 

the event will occur) / (probability that the event will not occur). 

➢ This could be expressed as follows:

➢ Odds of event = Y / (1-Y)

P=ODDS/(1+ODDS)
ODDS=Probability of success/
1-Probability of success



Logistic Regression

• In logistic regression, we are only concerned about the 
probability of outcome dependent variable ( success or 
failure). 

• So we are using two functions ,a link function based on 
linear regression model and a logit function.

• alpha as β0+β1X1+β1X2

• alpha  is the link function. 
• Log(p/1-p) is the log of odd ratio and is called the logit

function.



Logistic Regression

➢ Probability should always be positive

➢ Probability must be less than 1

➢Where β1 Coefficient and β0 is the intercept.

➢ The expression can be rewritten as:

➢ Therefore : p= ealpha / (1+ealpha )

➢ ealpha / (1+ealpha)

➢ odd= ____________________________

➢ (1/1+ealpha )

➢ log(P/1-P)=alpha

➢ P(Y|X)=1/(1+e-β0+β1X)



Logistic Regression
➢ Logistic Regression predicts binary output based on predictors or 

attributes. The probability that the output is 1 given a set of p features is

represented as;

➢ GLM does not assume a linear relationship between dependent and

independent variables. Hence the output of a linear regression model, fit to

binary data yields vague results.

➢ The generalized linear model (GLM) is a flexible generalization of ordinary 

linear regression that allows for response variables that have error

distribution models other than a normal distribution.

➢ The regression algorithm could fit an equation to the data however the

output would be vague, since the value of the linear predictor would

range from and the probability value is in the range of

0 to 1.



Odds and log-odds

Odds is the ratio of probability of success to the probability of failure.

Range of odds can be any number between 0 and .  

This is better than probability and one step closer to match the

range of RHS of GLM.

Taking the log of odds gives the range from

on LHS of the equation

Where o represents odds.



Logistic function

Hence we have a regression model, where the output 

is log of the odds, also known as logit or logistic function.

This is the link function of logistic regression.

Sigmoid curve

Take the inverse of log odds function,

Solving for p

The inverse of the logistic

function is called

sigmoid function.



Types of Logistic regression

➢ Binomial:

In binomial Logistic regression, there can be only two possible types of the dependent variables, such as 0 or 1, Pass or 

Fail, etc.

➢ Multinomial:

In multinomial Logistic regression, there can be 3 or more possible unordered types of the

dependent variable, such as "cat", "dogs", or "sheep”.

➢ Ordinal:

In ordinal Logistic regression, there can be 3 or more possible ordered types of dependent variables,

such as "low", "Medium", or "High".



Case study carseats

• install.packages("ISLR")
• library(ISLR)
• df=Carseats> head(Carseats)

Sales CompPrice Income Advertising Population Price ShelveLoc Age Education Urban  US
1  9.50       138     73          11        276   120     Bad  42        17   Yes Yes
2 11.22       111     48          16        260    83      Good  65        10   Yes Yes
3 10.06       113     35          10        269    80    Medium  59        12   Yes Yes
4  7.40       117    100           4        466    97    Medium  55        14   Yes Yes
5  4.15       141     64           3        340   128       Bad  38        13   Yes  No
6 10.81       124    113          13        501    72       Bad  78        16    No Yes



Case study carseats



Converting yes no values to 0 and 1

• library(plyr)
• df$Urban
• df$Urban <- revalue(df$Urban, c("Yes"=1))
• df$Urban <- revalue(df$Urban, c("No"=0))



Converting yes no values to 0 and 1 in US

• df$US=ifelse(df$US=="Yes",1,0)
• df$US=as.factor(df$US)
• s=sample(nrow(df),.8*nrow(df))
• df_tr=df[s,]
• df_test=df[-s,]



Converting yes no values to 0 and 1 in US

• logitmod=glm(US~Advertising+Population,data=df_tr,family=binomial,control=list(
maxit=100))

• summary(logitmod)

• logitmod1=glm(US~.,data=df_tr,family=binomial,
• control=list(maxit=100))
• summary(logitmod1)



Summary of logistic regression



prediction

#prediction
p1=predict(logitmod,df_test,type="response")
p1
pred1=ifelse(p1>.8,1,0)



Confusion matrix

> table(df_test$US,pred1)
pred1

0  1
0 20  5
1 12 43

> (20+43)/nrow(df_test)*100
[1] 78.75



Confusion matrix
What is Confusion Matrix and why you need it?

Well, it is a performance measurement for machine learning classification problem where 

output can be two or more classes. 

It is a table with 4 different combinations of predicted and actual values.





Understanding True Positive, True Negative, False Positive 

and False Negative in a Confusion Matrix

True Positive (TP) 

The predicted value matches the actual value

The actual value was positive and the model predicted a positive value

True Negative (TN) 

The predicted value matches the actual value

The actual value was negative and the model predicted a negative value



False Positive (FP) – Type 1 error

The predicted value was falsely predicted

The actual value was negative but the model predicted a positive value

Also known as the Type 1 error

False Negative (FN) – Type 2 error

The predicted value was falsely predicted

The actual value was positive but the model predicted a negative value

Also known as the Type 2 error





Harmonic Mean Definition

• The Harmonic Mean (HM) is defined as the reciprocal of the arithmetic mean of the 

reciprocals of the observations. 

• Harmonic mean gives less weightage to the larger values and more weightage to the 

smaller values to balance the values properly. 

• The harmonic mean is generally used when there is a necessity to give greater weight to 

the smaller items.

• The harmonic mean is often used to calculate the average of the ratios or rates of the 

given values. 

• It is the most appropriate measure for ratios and rates because it equalizes the weights of 

each data point.





Specificity

True negative rate is also called specificity.



Sensitivity

Recall in this context is also referred to as the true positive rate 

or sensitivity

https://en.wikipedia.org/wiki/Sensitivity_and_specificity


ROC Curve
• The receiving operating characteristic is a measure of classifier 

performance. 

• Using the proportion of positive data points that are correctly considered 
as positive(TP) and the proportion of negative data points that are 
mistakenly considered as positive(FP),

• we generate a graphic that shows the trade off between the rate at which 
you can correctly predict something with the rate of incorrectly predicting 
something.

• Ultimately, we’re concserned about the area under the ROC curve, or 
AUROC. 

• That metric ranges from 0.50 to 1.00, and values above 0.80 indicate that 
the model does a good job in discriminating between the two categories 
which comprise our target variable.

Indrani Sen,MCA,MPhil computer science



ROC

➢ AUROC with 1 indicates a perfect model.

➢ AUROC has reduced from 0.6797 to 0.6773 in the

third model.

➢ Misclassification rate is lowest in first model at 21.33%.

➢ AUROC is highest in second model at 0.6797

➢ With the models, False Positives are reducing and True positives

are increasing but False negatives are increasing.

➢ Depending on the purpose of the institution using the model, 

trade-off between the values in confusion matrix can be

examined and appropriate model be chosen.

➢ The first model has very slightly lower AUROC score which can 

be let go, first model can be considered the better model.

With AUROC value 0.6773, it is considered to be an 

acceptable discrimination, not very different from a

coin toss.



Thank You


