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• DV is categorical; not predicting scores in DV but 
probability of categorizing participants into the category 
interested. 
 

• Questions can be answered: 
 
– What is the probability someone will pass a 

qualify exam given their gender and age? 
– What factors affect the likelihood of being in 

the overweight group? 
 

• Logistic regression and discriminant analysis reveal same 
patterns in a set of data. They are conducted in different ways 
and require different assumptions. 
 

Why Logistic Regression and 
Discriminant Analysis? 



Logistic Regression 



Logistic Regression 
• Logistic regression builds a predictive 

model for group membership 
 
 

 

healthy Overweight 

Presenter
Presentation Notes
The basic idea of regression is to build a model from the observed data and use the model build to explain the relationship between predictors and outcome variables. For logistic regression, what we draw from the observed data is a model used to predict group membership. For example, does physical self-concept predict overweight? Here we need to pay attention that the dependent variable in a logistic regression should be dichnomous, that is, it’s categorical but only include two categories. If it’s more than two categories, we need to use ordinal logistical regression.



• Key concepts: 

Logistic Regression 

Probabili
ty 

Odds 

Odds 
ratio Logit 

Presenter
Presentation Notes
In order to understand a logistic regression, we should first understand several concepts: odds, odds ratio, logit odds, and probability, and the relationships among all the concepts. Let’s first explain what is odds, and what is probability. In logistic regression, odds means 



– Probability 
 Probability (target event) 
 p(horse win) = 80% 

 
– Odds 

 Odds(horse win) = 𝑝𝑝(ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤)
1−𝑝𝑝(ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤)

 

 So when p(horse win) = 80%, what is the 
odds of horse winning the game?  

Logistic Regression 

Presenter
Presentation Notes
Suppose someone is gambling in a horse race. Two statistical terms gonna help this person to select the horse. Probability and odds. For sure, he will be very interested in finding out the probability of a horse to win. Here horse win is our target event. Suppose horse no. 5 is 80% to win, we will write it in this way. Then what is odds? Odds is defined as the probability that the target event will happen by the probability it won’t happen. 



 
• Odds ratio (OR) =  

• 𝑝𝑝𝑜𝑜𝑜𝑜𝑝𝑝 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤)
 𝑝𝑝𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤)

 

 
 
 

• Odds = 𝑝𝑝(ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤)
1−𝑝𝑝(ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑤𝑤𝑤𝑤𝑤𝑤)

 

Logistic Regression 

If post odds(horse win) = 5, 
 pre odds (horse win post) = 4,  
then OR = 5/4 = 1.25. The odds of a horse win 
is 1.25 times greater after the massage. 



• OR = 1, no change 
• OR > 1, post odds > pre odds, positive effect 
• OR < 1, post odds < pre odds, negative effect 

 

Logistic Regression 



• Linear regression: Y = a + BX + e 
• Logistic regression:  
 log(odds) = a + BX + e 
 where log is the natural logarithm, loge, 
where e=2.71828… 
 

• log(odds) is “logit”, also called “log odds” 
 

Logistic Regression 



Logistic Regression - Example 
• N = 109;  
• DV: race result (win = 1; lose = 0) 
• IV: massage time (continuous) 
• RQ: Is horses winning in races 

influenced by massage time prior 
to the race?  
 
 

 



SPSS Illustration 

Step 1: Analyze/Regression/Binary 
Logistic 
Step 2: Dependent = RaceResult 
Step 3: Covariates = Massage 
Step 4: Continue/OK 

 

1. Does the model significantly predict group 
membership? 

2. What is the proportion of the cases that has been 
successfully classified into the two groups? Is it better 
than the intercept only model? 

3. What is the logistic regression equation? What could it 
be used for? 
 



Logistic regression 

Probabilit
y 

Odds 

Odds 
ratio Logit 

Logit 

Odds 
Ratio 

Odds 
Probability 

Theory SPSS output 

Hierarchical method: 
 
Model 0:  
constant only model 
 
 
Model 1:  
binary logistic model 



SPSS Output 

Intercept ONLY model 

Intercept only 
model can predict 
52.3% of the 
cases correctly 



SPSS Output 
Binary Logistic Model Results 

Chi-square (df =1) = 9.580, p = 
.002, indicate this model is 
statistically better compared to 
the intercept only model 

Binary logistic model could 
predict 63.3% of the cases 
correctly vs. intercept only 
model can predict 52.3% of 
the cases correctly (refer to 
the previous slide) 

B = parameter estimates = .721 

Exp(B) = 𝑒𝑒𝐵𝐵 = 𝑒𝑒 .721 = 2.056 
where e = 2.71828 

Presenter
Presentation Notes
e: natural exponential = 2.71828



Logistic regression equation: 
logit(horse win) = -2.903 + .721* Massage 
• For every 1 unit increase in massage time, the 

logit or log odds of horse win is expected to 
increase by a factor of .721 

•  With one unit increase in massage time, the odds 
of horse win is 2.056 times greater.  

SPSS Output 



SPSS Output 

• logit(horse win) = -2.903 + .721*massage 
• Suppose massage time = 1, what is the 

probability the horse will win? 

Step 1: logit (horse win) = -2.903 + .721 = -
2.182 
Step 2: odds = exp(-2.182) = 0.1128 
Step 3: Probability = odds/(1+odds) = 
10.13% 



Conclusion 
• The logistic regression model does predict 

group membership significantly. 
• 63.3% of the cases has been correctly 

classified vs. 52.3% by the intercept only 
model 

• Horse winning rate is influenced by massage 
time. 

• The logistic equation is logit(horse win) = -
2.903 + .721* Massage 

•  This equation can be used to predict horsing 
winning rate or odds given the value of 
massage time.  





 
Discriminant Analysis 



Discriminant Function Analysis 

• Discriminant function analysis (DFA) builds 
a predictive model for group membership 

• The model is composed of a discriminant 
function based on linear combinations of 
predictor variables. 

• Those predictor variables provide the best 
discrimination between groups. 

Presenter
Presentation Notes
we are interested in the relationship between a group of independent variables and one categorical variable. We would like to know how many dimensions we would need to express this relationship. Using this relationship, we can predict a classification based on the independent variables or assess how well the independent variables separate the categories in the classification. 



Purpose of Discriminant analysis 
• to maximally separate the groups. 
• to determine the most 

parsimonious way to separate 
groups 

• to discard variables which are little 
related to group distinctions 

Discriminant Function Analysis 



• Discriminant function equation: 
 𝐷𝐷𝑤𝑤 = a + b1*x1 + b2*x2  
Where 𝐷𝐷𝑤𝑤 is predicted score (discriminant 
function score)  
  x is the predictors  
  b is discriminant coefficients  
 

 

Discriminant Function 



• Discriminant function equation: 
 𝐷𝐷𝑤𝑤 = a + b1*x1 + b2*x2 
• One discriminant function for 2-group discriminant 

analysis 
• Discriminant function score could be used to classify 

cases 

 

Discriminant Function 

D4 D5 D3 D2 D1 

Presenter
Presentation Notes
The first function will be the most powerful differentiating dimension. The second and later functions may also represent additional significant dimensions of differentiation. 



• RQ: How well does the massage 
time and time been off (time 
between races) separate the horse 
win group and the horse lose 
group?   

• Predictors:  
• massage time (Massage) 
• Time been off (Timeoff) 

• DV: DF score 

DFA: Example 



• Step 1: Analyze->Classify 
• Step 2: Grouping variable->BMIcategory 
• Step 3: Define range – 0 (lose); 1 (win) 
• Step 4: Independents-> massage, timeoff 
• Step 5: Click Statistics->check “means” 
• Step 6: Click Classify, check “summary” 
• Step 7: Continue, ok 

SPSS Illustration 
1. Does the model significantly separate the two groups? 
2. What is the discriminant function equation and the cut off  
DF score for prediction of cases? 
3. How well the model classify cases into two groups? 



SPSS Output 

• the multivariate test—Wilks’ lambda  
• Because p < .05, we can say that the model is a good fit 

for the data, is better compared to a model that separate 
the groups by chance. 

Presenter
Presentation Notes
chi-square statistic tests the hypothesis that the means of the functions listed are equal across groups. The small significance value indicates that the discriminant function does better than chance at separating the groups. 



SPSS Output 

• Standardized DF coefficients 
• DF = 1.029*Massage + .214*timeoff 

• Unstandardized DF coefficients 
• DF = 1.239*Massage + .214*timeoff – 

6.092 
• can be used to classify new cases  

Presenter
Presentation Notes
These “discriminant function coefficients” work just like the beta-weights in regression. 



SPSS Output 

• Cut off DF score = (-.346+3.09)/2 
= 1.372 

• If one horse gets a DF score 
above 1.372, this horse probably 
wins the game.  If one horse gets 
a DF score below 1.372, this 
horse probably loses the game.  

• SPSS will not automatically 
provide this prediction. This table 
is just for information purpose. 



SPSS Output 

• Sensitivity:62.0%; Specificity:69.6%; Overall, 66% of the cases were 
correctly classified. 

• High sensitivity indicates few false negative results (Type II error); 
High specificity indicates few false positive results (Type I error) 



Conclusion 

• The model significantly separates the two 
groups. 

• The discriminant function equation is  
 DF = 1.239*Massage + .214*timeoff – 6.092 

• The cut off DF score is 1.372.  
• Overall, 66% of the cases were correctly 

classified. 





 
Appendix 

Discriminant Function 
Analysis assumptions 

and SPSS output 



• Independence of observation 
• Multivariate normality distribution 

 
 
 
 

• Homogeneity of variances 
• Group membership is assumed to 

be mutually exclusive  
 
 
 

DFA: Assumptions 

Presenter
Presentation Notes
within-group variance-covariance matrices should be equal across groups. 



SPSS Output 

It gives means on each variable for people in 
each sub-group, and also the overall means on each 
variable.  



SPSS output 

• Wilk’s lambda is the multivariate test. The smaller, 
the better.  

• It tells which variables contribute a significant 
amount of prediction to help separate the groups.  

• Here we can see massage time actually helped to 
separate the group and time off didn’t. 

Presenter
Presentation Notes
If this is a data driven approach, we can exclude time off from further analysis and re-run the model with only massage as the predictor.If this is a theory driven approach, we’ll keep on looking at the results.



SPSS output 
   

• The larger the log 
determinant in the table, 
the more that group's 
covariance matrix differs.  

• To test the homogeneity 
of covariance we would 
like to see the 
determinants be relatively 
equal.   

Box's M test tests the assumption of 
homogeneity of covariance matrices. 
This test is very sensitive to meeting 
the assumption of multivariate 
normality.  

Presenter
Presentation Notes
Here we can see the p value is .979 and is not significant. Discriminant function analysis is robust even when the homogeneity of variances assumption is not met, provided the data do not contain important outliers. 3. For our data, we conclude the groups do differ in their covariance matrices, violating an assumption of DA. 
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