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 SPSS procedure of LR 

 

 Interpretation of SPSS output 

 

 Presenting results from LR 
 



 LR is used to analyse relationships between a 
dichotomous DV and categorical and continuous 
IVs. 
 

 LR combines the IVs to estimate the probability that 
a particular event will occur .  
 

 The model is always constructed to predict the 
group with higher numeric code.   
 If responses are coded 1 for Yes and 0 for No, SPSS will predict 

membership in the Yes category.  



 Sample size – The minimum number of cases per IV is 10, using a 

guideline provided by Hosmer and Lemeshow 
 

  Multicollinearity - high correlation between IVs 
 

 Outliers – extreme scores should be deleted from the data set or 

given a score that is high but not different from the remaining cluster of 
scores 
 

 LR does not make any assumptions of normality, 
linearity, and homogeneity of variance for the IVs 



 Variables in the model 
 DV = Type of Criminals 

 1 – violent offenders 
 0 – non-violent offenders 

 IVs Categorical 
 Education (0 = Primary (ref); 1 = secondary; 2 = College) 
 Marital Status (0 = single (ref); 1 = married; 2 = divorced; 3 = widowed) 
 Location (1 = urban; 0 = rural) 

 IV Continuous 
 Recidivism 

 

 The aim is to look at the relationship between 
recidivism and violent offending while controlling 
for marital status, education and location. 



 From the menu at the top of the screen click Analyze, then select 
Regression, then Binary Logistic 



 Choose your categorical DV (type of criminals) and move it into the Dependent box 
 Move the categorical and continuous IVs into Covariates box 
 Click on Categorical 



 If you have categorical 
predictors – highlight them 
and move to Categorical 
Covariates box 
 

 Set the reference category 
to first group listed in all 
categorical variables 
 Click on cat. Variable  

 Select First 

 Click on Change 

 

Continue  

 



 Click on the Options 
 
 

 Select  
 

 Click on Continue. 
 
 

 And OK 



Variable coding 



 The Omnibus Tests of Model Coefficients gives us an overall indication of 
how well the model performs, over the one with none of the predictors 
entered into the model. 

  
 This is referred to as a ‘goodness of fit’ test. For this set of results, we want 

a highly significant value (the Sig. value should be less than .05).  
 

 The chi-square value, which we will need to report in our results, is 26.528 
with 7 degrees of freedom. 



 For the Hosmer-Lemeshow Goodness of Fit Test poor fit is indicated by a 
significance value less than .05, so to support our model we actually want a value 
greater than .05. In our example, the chi-square value for the Hosmer-Lemeshow 
Test is 12.371 with a significance level of .135.  
 

 The Cox & Snell R Square and the Nagelkerke R Square values provide an indication 
of the amount of variation in the dependent variable explained by the model (from a 
minimum value of 0 to a maximum of approximately 1). These are described as 
pseudo R square statistics, rather than the true R square values that you will see 
provided in the multiple regression output.  
 

 In this example, the two values are .082 and .109, suggesting that between 8.2 % and 
10.9  & of the variability is explained by this set of variables. 



The accuracy rate for 
the model with all 
cases is 66%. 

This provides us with an indication of how well the model is able to predict the 
correct category (violent/non violent offending) for each case. 



 Scan down the column labelled Sig. looking for values less than .05. These are the variables that contribute significantly to 
the predictive ability of the model. 
 

 Exp(B) values are the odds ratios (OR) for each of your independent variables. According to Tabachnick and Fidell (2007), the 
odds ratio represents ‘the change in odds of being in one of the categories of outcome when the value of a predictor 
increases by one unit’ (p. 461). 
 

 Married participants compared to single participants (ref) are (OR = .33) less likely to commit violent offences  
 

 Participants with higher level of recidivism are more likely to commit violent offences (OR = 1.22) 

 

For each of the 
odds ratios Exp(B) 
shown in the 
Variables in the 
Equation table, 
there is a 95 per 
cent confidence 
interval (95.0%CI 
for EXP(B)) 
displayed, giving a 
lower value and an 
upper value. 



 Direct logistic regression was performed to assess the impact of a number of 
factors on the likelihood that respondents would report violent offending. The 
model contained four independent variables (education, marital status, location, 
and level of recidivism). The full model containing all predictors was statistically 
significant, χ2 (7, N = 295) = 26.53, p < .001, indicating that the model was able to 
distinguish between respondents who reported and did not report a violent 
offences. The model as a whole explained between 8% (Cox and Snell R square) 
and 11% (Nagelkerke R squared) of the variance in violent offending, and 
correctly classified 66% of cases. As shown in Table 1, only two of the 
independent variables made a unique statistically significant contribution to the 
model. The strongest predictor of reporting a violent offending was recidivism 
recording an odds ratio of 1.22. This indicated that respondents who had higher 
level of recidivism were 1.22 times more likely to report violent offending than 
those who had lower levels of recidivism, controlling for all other factors in the 
model. Additionally, married participants compared to single participants (ref) 
are (OR = .33) less likely to commit violent offences.  





 Data: Regression m_l.sav  
 

 IVs  

 PeerR 

 CriThink 

 Marital 

 Edu 
 

 DV = Type of Criminal 

 1 = violent 

 0 = non-violent 

 

 1. Run the logistic 
regression model 

 2. Interpret the 
results 

 3. Briefly discuss 
results 
 


