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Logistic regression in R 

Dependent variable: Categorical (two groups)  

Independent variables:  Continuous / Categorical 
Common Applications: The probabilities describing the possible outcomes of a single trial are 

modeled, as a function of the explanatory (independent) variables. It can be used to predict the 

survival probability of an individual based on the independent variables, or it can classify patients 

into having a certain type of disease.  

Data: On April 14th 1912 the Titanic sank. Only 705 passengers and crew out of the total 2228 

population on board survived. Information 1309 of those on board will be used to demonstrate 

logistic regression. Open the data are 'Titanic.csv' and use as dependent variable the survival 

outcome (Survival, 1=survived, 0=not) and we will use the possible explanatory variables, e.g. Age 

(scaled), sex, class (pclass=1,2 or 3), whether each passenger was alone (Alone=Yes) or not 

(Alone=No) and Country of Residence(Residence=American,British,Other). 

#Reading the data and define them as a data frame 
TitanicR<-data.frame(read.csv('...\\Titanic.csv',header=T,sep=',')) 

#Attaching the data to use immediately 

the variables by their column name 
attach(TitanicR) 

Most of the variables can be investigated using 

crosstabulations with the dependent variable 

'survived'. Another reason for the cross tabulation 

is to identify categories with small frequencies as 

this can cause problems with the logistic regression procedure. For building contingency tables 

and testing relationships between categorical variables via Chi Squared tests, check the 'Chi-

Squared test Using R' help sheet. 

#Specifying the categorical variables 
pclassf<-factor(data$pclass) 
survivedf<-factor(data$survived,levels=c(0,1),labels=c('NotSurvived','Survived')) 
Residencef<-factor(data$Residence,levels=c(0,1,2),labels=c('American','British','Other')) 
Alonef<-factor(data$Alone,levels=c(0,1),labels=c('Alone','NotAlone')) 
 

The following resources are associated: 

Scatterplots and correlation, Checking normality in R and the csv dataset Birthweight reduced.csv’ 
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Conducting Logistic Regression 

Logistic regression will be initially carried out using as dependent the binary survival outcome and 

as independent the sex, Residence, pclass and Alone. All of the explanatory variables are 

categorical and so there will be a different interpretation of the coefficients when there is a 

continuous one. The indicator function I() is used to define the reference category.  

#Fitting the logistic regression 
fit<-

glm(I(survived=='Survived')~I(pclass==1)+I(pclass==2)+Residence+Alone+sex,family

=binomial) 

 
In the output we see the quantiles of the deviance residuals, which are a measure of model fit 

and we will discuss further on this matter afterwards.  

The next part of the output 

shows the coefficients, their 

standard errors, the z-statistic 

(sometimes called a Wald z-

statistic), and the associated p-

values. 

Both pclass  (reference group 

is the third class) and sex with 

reference group the females 

are statistically significant (p-

values<0.0001). However, 

Country of Residence (with 

reference group the 

Americans) and Alone are not 

statistically significant p-

values>0.05.  This means that 

there is no difference in the log 

odds of survival between the 

Residence group. 

However, it contradicts the Chi-squared test in Chi-squared in R sheet where there was a 

significant association between survival and Residency. This happens because whilst controlling 

for other variables, the significance of the independent can be changed. 

The interpretation of the coefficients is, for example, being of a class 1 versus a class 3, changes 

the log odds of survival by 1.63 and being a class 2 passenger versus a 3, changes the log odds of 

survival by 0.92. Hence, for a male passenger, the log of odds of survival changes by -2.51 versus 

a female passenger. 

Below the table of coefficients are fit indices, including the null and deviance residuals and the AIC.  

We can use the confint() function to obtain confidence intervals for the coefficients but here we 

will exponentiate the coefficients and interpret them as odds-ratios. To get the exponentiated 
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coefficients, we use the exp() command, to derive just the coefficients of the model you can do it 

through coef() command. We can use the same logic to get odds ratios and their confidence 

intervals, by exponentiating the confidence intervals.  

#getting the exponential values of the coefficients 
exp(coef(fit)) 
#building confidence intervals for the coefficients 
confint.default(fit) 
#Extracting the Odds Ratio and the 95% CI 
exp(cbind(OR = coef(fit), confint(fit))) 

 
 
The output for Odds 

Ratio can be interpreted 

as, by holding 

Residence, Alone and 

sex the odds of survival 

for class 1 (pclass = 1) 

over the odds of survival 

for 3rd class (pclass = 3) 

is exp(1.631) = 5.10.  In terms of percent change, we can say that the odds for 1st class are 410% 

higher than the odds for 3rd class. Equivalently, the odds of survival for 2nd class versus the odds 

of survival for the 3rd class is 2.52 (151%). Finally, holding the rest of independent variables at 

fixed category, the odds of survival for males over the odds of survival for females is 0.08, i.e., the 

females are 1-0.08=0.92 (92%) more likely to survive.  

The classification table shows us that 78% of the fitted 

values were correctly classified. In terms of accuracy 

that means that our model predicts way better than just 

a random guess, i.e., the chance of predicting correctly 

for survival or not by random is 50% so our model is 

more accurate than random guessing.  

 

Model Selection 

We will try and fit a model without the insignificant variables and then we will compare both of them 

through a deviance hypothesis testing between models. This expression is simply −2 times the log-

likelihood ratio of the reduced model compared to the full model. The deviance is used to compare 

two generalised linear models and it has a similar role to residual variance from ANOVA in linear 

models. The test involves the comparison of differences of the residuals deviances with the 

difference in number of degrees of freedom using a chi-squared distribution.  

#Fitting the reduced model 
fit2<-

glm(I(survivedf=='Survived')~I(pclassf=='First')+I(pclassf=='Second')+I(Genderf=

='Male'),family=binomial) 

#Comparing the models 
anova(fit2,fit,test='Chi') 
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The first argument of the output gives us the two models to be assessed. Model 1 indicates the 

reduced and Model 2 indicates the full one.  

The table shows the 

residual degrees of 

freedom 

dfreduced=1305,dffull=1302), 

the residual deviance of 

each model, the 

difference in degrees of freedom in which case is 3, the difference of the deviances (5.2747) and 

the p-value=0.1528. This means that under the hypothesis that the reduced model is better, with a 

test statistic of Χ2
3=5.2747 we do not reject that the reduced model fits better. 

We may also wish to see measures of how well our model of choice fits. This can be particularly 

useful when comparing competing models. One measure of model fit is the significance of the 

overall model. This test asks whether the model with predictors fits significantly better than a model 

with just an intercept (i.e., a null model). The test statistic is the difference between the residual 

deviance for the model with predictors and the null model. 

#Fitting the intercept model 
fitnull<-glm(I(survivedf=='Survived')~1,family=binomial) 
#Comparing them 
anova(fitnull,fit2,test='Chi') 

 
Since the output gave us a p-value<0.0001 we can state that our model fits better than assuming 

that each person has the same chance of survival (null). 

The maths for the final model 

The regression process finds the coefficients which minimise the squared differences between the 

observed and the expected values of the dependent variable. As the outcome of logistic regression 

is binary, the dependent needs to be transformed. The logit transformation gives the following: 

 

 

 

with p being the probability of event occurring and p/1-p the odds ratio. If the probabilities of the 

event of interest happening for individuals are needed, the logistic regression can be written for 

0<p<1 as: 

 

 

 

 

 

 



Logistic regression in R  Page 5 of 5 
 

     © Sofia Maria Karadimitriou and Ellen Marshall Reviewer: Alun Owen 
  www.statstutor.ac.uk University of Sheffield University of Worcester 

So for our model we have  

 

 

 

 

 

and so the probability of survival for a 2nd class female passenger can be calculated as: 

 

Notes: In logistic regression there are not as restricted assumptions as in linear 

regression. The only assumption is that the dependent variable is identically, ndependently 

and binomially distributed and the residuals of regression should be independent. To 

check them, a scatter plot of predicted vs residuals can be used to assess whether they 

have a cloud form (independence) or a specific pattern (no independence). 

 


