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1. Introduction 
In the simple regression chapter we discussed in detail the possibility of modelling a linear relationship 
between two ordinal/interval ratio variables, that was the incidence of lung cancer per million and cigarette 
consumption per person per year for a range of countries. We considered lung cancer incidence to be our 
criterion/ outcome/dependent variable that is for a given cigarette consumption we estimated the lung 
cancer incidence.   

In contrast imagine that we wanted to calculate an individuals probability of getting lung cancer, after all for 
most of us we are more interested in our own health rather than that of the general population.  The logical 
way to go about this would be to carry out some type of prospective cohort design and find out who 
developed lung cancer and who did not.   This technically would be called our primary outcome variable, the 
important thing of which to note is that now we have a variable that is no longer a interval/ ratio scale but 
one that is a binary (nominal/dichotomous) variable. For each case we would simply classify them as 
0=health; 1=diseased, or any arbitrary number we fancied giving them, after all it is just nominal data.  [but 
for most computer programs it is best to use the values given here]. Unfortunately now we can't use our 
simple regression solution, as we are using a binary outcome measure and also want to produce probabilities 
rather than actual predicted values.  Luckily a technique called Logistic regression comes to our rescue. 

Logistic regression is used when we have a binary outcome (dependent) variable 

and wish to carry out some type of prediction (regression). 

I'm a bit bored now with Cigarettes and lung cancer so let's consider a very different situation, the treadmill 
stress test and the incidence of Coronary Heart Disease (CHD).  This example has been taken from 
http://www.stat.tamu.edu/spss/LogisiticReg.html. where we have data from 17 treadmill stress tests along 

with an associated diagnosis of CHD. 

How do we analyse this dataset? Well if the presence of CHD were a real number, 
we could use the standard simple regression technique, but there are three 
problems with that: 

 

 

The first thing to note is because we are dealing with probabilities/odds as outcomes the errors are no longer 
normally distributed now they are a binominal distribution and modelled using what is called a link function. 

We need to find a function that provides us with a range of values between 0 and 1 and luckily such a thing is 
the logistic function. Our friend Wikipedia provides a good description of it along with a graph given below 
where you will notice how the y value varies between only zero and one. It has the following formula: 

  

Seconds on 
treadmill 

Presence of coronary Heart 
Disease (CHD) 0=health, 1= 

diseased 
1014 .00 
684 .00 
810 .00 
990 .00 
840 .00 
978 .00 

1002 .00 
1110 .00 
864 1.00 
636 1.00 
638 1.00 
708 1.00 
786 1.00 
600 1.00 
750 1.00 
594 1.00 
750 1.00 

_CHD treadmill testY a bX ε= + +
 

We need a value that only has a range between 
0 to 1 (i.e. probabilities) but in LR they are not 

These as normality distributed in LR  

Problems with traditional linear regression (LR) with a binary outcome variable 

In LR this is a linear relationship 

Binary 
outcome 
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+  

z  is what is called the exponent and e is just a special number e = 2.718 and is 
therefore a constant, and the value is said to represent 'organic growth'. 'e' 
can be represented as either 'e' or exp. So in our equation we have 2.718 
raised to the power of whatever value –z takes in the equation all under 1, 
technically called a reciprocal.  Not a very pretty thing for those of you who 
hate maths!  You may remember that any number raised to the power of zero is equal to 1 so when z = 0 
then e-0 = 1 and the logistic function is equal to 1/1+1 = ½ as we can see in our diagram, when z=0 Y=.5.    

By making the z in the above logistic function equal the right hand side of our regression equation minus the 
error term, and by using some simple algebra (see Norman & Streiner 2008 p161) we now have 

( )1 a bxy e
y

− +−
=  the next thing is to try and stop our regression equation being an exponent. By the way the 

right hand side of our regression equation minus the error term is called an estimated Linear Predictor (LP). 
By remembering that we can convert a natural  logarithm back to the original number by using 
exponentiation, technically we say one is the inverse function of the other, we can easily move between the 
two. If it helps think of squaring a number and then square rooting it to get back to the original value, the 

square root function is just the inverse of the square 
function. The diagram below gives some examples. 

So by applying the logarithmic function to our equation 
above (see Norman & Streiner 2008 p161,or appendix) we 
end up with: 

log( )
1

y a bx
y

= +
−

  The left hand side of this equation is 

called the logit function of y, and is the log odds value which 
can be converted into either a odds or probability value. in 
contrast the right hand side is something more familiar to 
you, it looks like the simple regression equation. But 
unfortunately it is not quite that simple, we can't use the 
method of least squares here because for one thing it is not a 
linear relationship, 

instead the computer uses an 
iterative method to calculate the a 
and b parameters called the 
maximum Likelihood approach. In 
fact with most statistical packages 
you can request to see how the 
computer arrived at the estimate, 
the screen shot opposite shows 
the option in SPSS along with a set 
of results, notice how the 
computer homes in on the solution – but unfortunately this may not 
always be the case. 

To sum up the logistic regression equation produces a Log Odds value while the coefficient values (a and b) 
are log odds ratios (loge(OR)).   

log( )
1

y a bx
y

= +
−

  

Iteration Historya,b,c,d 

Iteration -2 Log likelihood 
Coefficients 

Constant time 

1 13.698 7.523 -.009 

2 12.663 10.921 -.013 

3 12.553 12.451 -.015 

4 12.550 12.720 -.016 

5 12.550 12.727 -.016 

6 12.550 12.727 -.016 

a. Method: Enter 

b. Constant is included in the model. 

c. Initial -2 Log Likelihood: 23.508 

d. Estimation terminated at iteration number 6 because 
parameter estimates changed by less than .001. 

Exponential function 

20 

e20 = exp(20)  
485165195 

Loge(485165195) 

0 

e-20 = exp(-20) .000000002061154 

Loge(.000000002061154) 

 

 

-20 

e0  = exp(0) 
1 

Loge(1) 

 

 

natural logarithm function 

 
log ( )

( )

e x

x
e

e x
Log e x

=

=
 

=Loge(odds) 

=Loge(odds ratios) 
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2. Likelihood and Maximum Likelihood 
Likelihood is often assumed to be the same as a probability or even a P value, in fact it is something very 
different to either. A very simple but effective example taken from Wikipedia demonstrates this. 

 

Basically with a probability we have: 

Probability = p(observed data| parameter) = given the  parameter value then predict probability of observed data  
                                   (+ more extreme ones) 

Whereas with likelihood: 

Likelihood = ℒ (parameter | observed data) = given the data then predict the parameter value 

Notice that while both are conditional probabilities (that is the final value is worked out given that we 
already have a particular subset of results) the probability and the likelihood are different.  One gives us a 
probability the other a likelihood.   

Once we have a single likelihood value we can gather together a whole load of them by considering various 
parameter values for our dataset. Looking back at the chapter on 'finding the centre' we discussed how both 
the median and mean represented values which meant that the deviations or squared deviations were at a 
minimum. That is if we had worked the deviation from any other value (think parameter estimate here) we 
would have ended up with a larger sum of deviations or squared deviations. In these instances it was 
possible to use a formulae to find the value of the maximum likelihood. In the simple regression chapter we 
discussed how the value of the parameters a (intercept) and b (slope) were those parameter values which 
resulted from minimising the sum of squares (i.e the squared residuals), incidentally using the mathematical 
technique of calculus. In other words our parameter values were those which were most likely to occur (i.e. 
resulted in the smallest sum of squares) given our data. 

The maximum likelihood estimate (MLE) attempts to find the parameter value which is the most likely 
given the observed data.   

Taking another example consider the observation of two heads obtained from three 
tosses, we know we can get three different ordering THH, HTH, HHT, and by drawing a 
tree diagram we can see that for HHT we would have p x p x (1-p) but as order does not 
matter we can simplify to 3x p x p x (1-p) to obtain all the required outcomes. 

To find the likelihood we simply replace p, the parameter value with a valid range of 
values - see opposite - we can then draw a graph of these results. 

  

Example from Wikipedia: 

Let  Ph be the probability that a certain coin lands heads up (H) when tossed (think of this as a parameter 
value). So, the probability of getting two heads in two tosses (HH) is Ph x Ph  If  Ph =0.5  then the 
probability of seeing two heads is 0.25. 

In symbols, we can say the above as: 

P(HH | Ph =0.5) = 0.25  

Another way of saying this is to reverse it and say that  

"the likelihood (ℒ) that Ph =0.5 , given the observation HH, is 0.25"; that is: 

ℒ ( Ph =0.5 | HH)  =  P(HH | Ph =0.5) = 0.25  

 ℒ ( Ph =0.1 | HHT)  =  .027 
 ℒ ( Ph =0.2 | HHT)  =  .096 
 ℒ ( Ph =0.3 | HHT)  =  .189 
 ℒ ( Ph =0.4 | HHT)  =  .288 
 ℒ ( Ph =0.5 | HHT)  =  .375 
 ℒ ( Ph =0.6 | HHT)  =  .432 
 ℒ ( Ph =0.7 | HHT)  =  .441 
 ℒ ( Ph =0.8 | HHT)  =  .384 
 ℒ ( Ph =0.9 | HHT)  =  .243 
ℒ ( Ph =0.95 | HHT)  =  .135 
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The graph shows that the likelihood reaches 
a maximum around the 0.7 value for the 
parameter.  

In Logistic regression it is not possible to just 
apply a formula or use calculus instead the 
computer searches for the maximum 
Likelihood. This is achieved by some sort of 
difference measure such as comparing 
values from a range of models  (i.e. particular 
parameter values) against those from the 
observed data, in this case probabilities (i.e. 
values for the dependent variable). In logistic 
regression we don't have sums of squares 

only likelihood values. 

Before we consider actually carrying out a logistic regression analysis remember in the simple regression 
chapter we had; a) a measure of overall fit, b) an estimate of each parameter along with an accompanying 
confidence interval, so we would be expecting something similar here in the output to logistic regression. 
Lets consider some of these aspects. 

For more information about Likelihood and Maximum likelihood see Shaun Purcell's introductory tutorial to 
Likelihood at  http://statgen.iop.kcl.ac.uk/bgim/mle/sslike_1.html 

 

3. Model fit  - -2 log likelihood and R squared  
In Logistic regression we have a value analogous to the residual/ error sum of squares in simple regression 
called the Log likelihood, when it is multiplied by -2 it is written as -2log(likelihood), -2LL or -2LogL.  The 
minus 2 log version is used because it has been shown to follow a chi square distribution which means we 
can associate a p value with it. The degree of fit of the model to the observed data is reflected by the -2Log 
likelihood value (Kinear & Gray 2006 p.483) bigger the value the greater the discrepancy between the model 
and the data, in contrast the minimum value it can attain, when we have perfect fit is zero (Miles & Shevlin 
2001 p.158), and in contrast the likelihood would equal it's maximum of 1. 

 

But what is a small or a big -2Log likelihood value – this is a problem and has not been fully resolved, 
therefore as in other situations we have come across where there is not definitive answer there are several 
solutions given.  The associated P value with the -2Log likelihood tells us if we can accept or reject the model 
but it does not tell us to what degree the model is a good fit.   

SPSS provides three measures of model fit all based on the -2 log likelihood; The Model chi square and two R 
square statistics, often called pseudo R squares because they are rather pale imitations of the R square in 
linear regression.. 

The model chi square (sometimes called the traditional fit measure) is simply -2(log likelihood of current 
model – log likelihood of previous model) for our example 12.55- 23.508 = -10.958 it is a type of statistic 
called a Likelihood ratio test because: 

-2(log likelihood of current model – log likelihood of previous model) = 

-2Log(likelihood of current model / likelihood of previous model) = a ratio and has a chi square pdf 

  

  -2Log likelihood how to interpret  

Small value - close fit large value 

0.000 

0.050 

0.100 

0.150 

0.200 

0.250 

0.300 

0.350 

0.400 

0.450 

0.500 

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00 

Likelihood 

parameter value 

Likelihood of two heads out of three tosses  

Maximum likelihood 

Gives us the parameter value 
which is most likely to produce 

the observed outcome 
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Omnibus Tests of Model Coefficients 

 Chi-square df Sig. 

Step 1 

Step 10.958 1 .001 

Block 10.958 1 .001 

Model 10.958 1 .001 

 

significant P value 
Therefore model 
improvements on 

previous one 

In SPSS the model chi square is labelled  "Omnibus Test of model 
Coefficients"  The "sig." column is the P value and a significant 
value indicates that the present model is an improvement over 
the previous model. In the table below we see  a statistically 
significant result indicating that adding the time variable to the 
model improves its fit.  

Notice that the -2 Log likelihood final 
estimate (step 1 here compared to 
step 0) is 12.55 this compares to the 
initial guess of 23.508 (see the 
iteration table page 4). The initial 

value is for a model with just a constant term – that is no independent variables,– as we did in the simple 
regression chapter 

Both the Cox and Snell and Nagelkerke R squared values can be interpreted in a similar manner to how you 
would the R square value in regression – the percentage of variability in data that is accounted for by the 
model hence higher the value better the model fit. Unfortunately the Cox Snell value can not always reach 1 
whereas this problem is dealt with by the Nagelkerke R square value. According to Campbell 2006 p.37 you 
should 'consider only the rough magnitude' of them.  They can be thought of as effect size measures. 

Field 2009 p269 provides details of the equations and further discussion concerning all three above 
estimates.  

SPSS provides a final R square type value known as the Hosmer 
Lemeshow value,  however the formula provided by field 2009 p.269 
does not give the value produced in SPSS. The SPSS help system 
describes it thus: 

Hosmer-Lemeshow goodness-of-fit statistic. This goodness-of-fit statistic is more robust than the traditional goodness-of-fit statistic 
used in logistic regression, particularly for models with continuous covariates and studies with small sample sizes. It is based on 
grouping cases into deciles of risk and comparing the observed probability with the expected probability within each decile. 

A decile is just a posh way of saying tenths. The above sounds good and also notice that we interpret the 
associated p value in a confirmatory way, that is as you may remember we did for the p value associated 
with the Levene statistic in the t test Here a large p-value (i.e. one close to 1) indicates something we want, 
in this instance a good match () and a small p-value  something we don't want () indicating in this 
instance a poor match, suggesting that you should look for some alternative ways to describe the 
relationship. 

  

Model Summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 

1 12.550a .475 .634 

a. Estimation terminated at iteration number 6 because parameter estimates changed by less than .001. 

Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 6.778 6 .342 

 

  Hosmer and Lemeshow associated p value -  how to interpret  

Small value large value 

Good model fit 

poor model fit 

Want a INsignificant P 
value 

larger the better 
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4. Considering the independent variable parameter 
In the one independent model this is pretty much the same as considering the overall model but we will 

consider the specific parameter values here as it will be useful for 
when we get a situation with more than one predictor (independent 
variables).  

Notice first that the b value does not appear to have a t test 
associated with it as in the ordinary regression model we discussed, 
however the Wald value is calculated the same way that is estimate 

over its standard error (i.e. signal / noise), but this time the value is squared because it then follows a chi 
square distribution which provides the p value.  Those of you who do not take my word will notice that 
(.016)2/.0072 is equal to 5.22449 which is not 4.671  The problem here is the 'displayed decimal places', 
usually statistical software perform the calculations using numbers with many more decimals than those 
displayed, Getting SPSS to display a few more decimal places (details of how to do this are provided latter in 
the chapter) shows us what is happening.  

 

 

 

 

Carrying out the calculation on the new values (0.015683)2/(0.007256)2 gives 4.671579 confirming the SPSS 
result.  Assuming that 0.05 is our critical value we therefore retain the time variable as providing something 
of added value to the model. 

The constant term is the estimated coefficient for the intercept and is the log odds ratio of a subject with a 
time score of zero suffering from CHD, this is because I scored healthy as zero and suffering from CHD as one 
in the dependent variable.  If time had been a dichotomous variable as well, e.g sex and I had specified  
males as the reference group (see latter) then the constant term would have been the log odds ratio for 
males.  This it rather confusing as while the dependent variable references group is equal to 1 for the 
independent variables you can specify the value for the reference category for each nominal variable.      

4.1 Statistical significance and clinical significance/effect size 

As in the other situations involving a statistical test there is a danger that we interpret a statistically 
significant result (i.e. p value <0.05 or whatever) as being clinically significant. Clinical significance is 
determined by the effect size measure and in this instance is the ODDS RATIO for the individual parameters 
or the log odds, odds or probability for the dependent variable.  In an ideal world we are looking for results 
which are both statistically significant and clinically significant so to summarize: 

Statistically significant? Clinically significant (odds ratio -> odds -> 
probability Interpretation 

yes yes Most desired outcome, statistically and 
clinically significant 

yes no 
Clinical judgment needed - is it of any practical 

value? 

no yes 
Indicates that observed parameter value is due 
to sampling variability from a population where 

it is equal to zero - no relationship  

no no 
Depending upon the statistical approach taken 

either suggests no association or need for 
further study (i.e. replication).   

  

Variables in the Equation 

 
B S.E. Wald df Sig. Exp(B) 

95% C.I.for EXP(B) 

Lower Upper 

Step 1a time -0.015683 0.007256 4.671430 1.000000 0.030668 0.984440 0.970539 0.998540 

Constant 12.727363 5.803108 4.810116 1.000000 0.028293 336839.852549   

a. Variable(s) entered on step 1: time. 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 

Step 
1a 

time -.016 .007 4.671 1 .031 .984 

Constant 12.727 5.803 4.810 1 .028 336839.853 

a. Variable(s) entered on step 1: time. 

 

< critical value 
therefore retain 

parameter 
Natural log odds ratio  odds ratio = effect size 
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5. B and Exp(B) 
The B column, that is the coefficient value (strictly speaking the natural logs odds ratio), can be ignored, go 
straight to the exponentiated value – Exp(B)  that is e-0.015683 = .9844 the next question is what is this value.  Well 
it is the odds ratio, and can be interpreted in terms of the change in odds of the dependent variable for a 
unit change in the independent (predictor) variable.  Looking back at the first table we note that we coded 0= 
healthy and 1 = diseased so we are considering the change in state from healthy to diseased.  Our value is 
very slightly less than one so we can say there is a decrease in odds of just over 1%  [i.e. (1-.9844) x 100] of 
becoming diseased for every extra second on the treadmill test.  

Because this is a interval/ratio predictor we can ask how much the odds of becoming diseased will change for 
more than one second change in treadmill tolerance, for example if you wanted to see how much the odds 
would change for each additional minute tolerated on the treadmill (i.e. 60 seconds), you take the odds ratio 
and raise it to the 60th power that is .984460 =  0.3893107, which implies that a increase of one minute on 
the treatmill test   (1-0.3893107) x 100 =    61.06893   which means that you decrease your odds of becoming 
diseased by 61 percent.  This may seem a very large value for a single minute but remember we are talking 
here odds ratios (range from zero to infinity) not probabilities (range zero to 1) In the next section 
"Interpreting Log odds odds and probabilities for the individual" we will see how this odds value relates to 
the probability of disease. Instead of raising the odds ratio to the required power we could have simply 
multiplied the log odds value and then exponentiated the result - both give the same value. 

In the above paragraph we had an odds ratio value which was less than one 
however often the value is more than one, in which case we just reverse the 
sentence (see table opposite).   

 

Note that while the actual Exp(B) value is a odds ratio we can interpret it as a % change in odds  
for the dependent variable for a unit change in the associated independent (predictor) variable 

(Field 2009 p.271). 

Notice also the confidence interval for Exp(B) does not include within its bounds 1 (equal odds) as would be 
expected given the significant p value associated with it (i.e. 0.03).  

Exercise 

Consider a group of children who on discharge from hospital are either breast or bottle fed (coded bottle 
fed=0; breast fed=1) and a researcher believes that the outcome is dependent upon the age of the mother 
and carries out a logistic regression obtaining a Exp(B) value of 1.17 (p<.001). 

Complete the following sentence: 

The odds ratio is . . . . .. This implies that the estimated odds of successful breast feeding at discharge 
improve by about . . . .% for each additional year of the mother's age.   

For a mother I five year difference in age results in a value of  . . . ., which implies that a change of five years 
in age will more than . . .[Select stay the same | double | triple | quadruple ] . the odds of exclusive breast 
feeding. 

Information for the above exercise was taken from  Stephen Simon's excellent statistics site formally at the 
Mercy hospital Kansas USA but now at http://www.pmean.com/webinars/LogisticRegression.html  

Read the FAQ: How do I interpret odds ratios in logistic regression? at the excellent UCLA site: 
http://www.ats.ucla.edu/stat/mult_pkg/faq/general/odds_ratio.htm   

 

  

Exp(B) (Assuming 
significant i.e. p < 

0.05) 
As predictor increases: 

Value < 1 Outcome odds decrease 

Value  = 1 Outcome odds stay same 

Value >1 Outcome odds increase 
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6. Classification table, sensitivity, specificity and false negatives/positives 
Practically it is difficult for most people to see what exactly even the odds ratios mean and a much easier 
part of the logistic regression output is the classification table  

This table provides a quick and easy way of seeing how well 
the model performs on the observed data.  Taking our 
Treadmill test and CHD we can see from the classification 
table below that the model correctly predicts 75% of the 
healthy cases and nearly 90% of the diseased ones.  In SPSS 
we can also request a case by cases analysis as shown 
below (classed as a residual analysis option by SPSS).  

 
 

The table can also be viewed from the perspective of an event 
happening (i.e having CHD). 
Considering the rows: 
Sensitivity of prediction =  True positive (tp) rate =  tp/(tp+fn) = 8/(8+1)=88.9%  
that is given that they are diseased the probability of being correctly classified is 90%  
=p(pred_diseased|diseased) 
Specificity of prediction =  True negative (tn) rate = tn/(tn+fp) = 6/(6+2) = 75% =  
that is given that they are not diseased the probability of being correctly classified is  75%  
= p(pred not diseased |not diseased) 
False positive ratio (FPR)  = fp/(tn+fp) = 2/(2+6) =2/8= .25 = 25%  
that is given that they are not diseased being incorrectly classified as diseased  
=p(pred_diseased|not_diseased) 
False negative ratio (FNR) = fn/(fn+tp) = 1/(1+8) = 1/9 = 0.111 = 11%   
that is given that they are diseased being incorrectly classified as healthy 
 = P(pred not diseased |diseased)  
Checks: specificity = 1-FPR -> 1-.25 = .75 qed;  FNR = 1- sensitivity -> 1- .8888 = 0.1111 qed  

Considering the columns: 
Positive predictive value = tp/(tp+fp) = 8/(8+2) = 0.8 
Negative predictive value = tn/(tn+fn) = 6/(6+1) = 0.8571 
 

 

We can see from the casewise residuals table that cases 2,3, and 9 have been wrongly classified that is 3/17 
cases which is .1764 in other words  around 18 percent. I discuss these aspects in much more detail my 
chapter Clinical decision support systems in healthcare at http://www.robin-beaumont.co.uk/virtualclassroom/dss/cdss_intro_rb.pdf 
and also in the risk, rates & odds chapter.   

Classification Tablea 

 

Observed 

Predicted 

 group 
Percentage Correct 

 healthy diseased 

Step 1 
group 

healthy 6 (=tn) 2 (=fp) 75.0 

diseased 1 (=fn) 8 (=tp) 88.9 

Overall Percentage   82.4 

a. The cut value is .5; tn= true negative; fp = false positive etc.  
Casewise List 

Case 
Selected 
 Statusa 

Observed 

Predicted 
Predicted 

 Group 

Temporary Variable 

group Resid ZResid 

1 S 0   .040 0 -.040 -.204 

2 S 0** .881 1 -.881 -2.719 

3 S 0** .506 1 -.506 -1.012 

4 S 0   .057 0 -.057 -.247 

5 S 0   .390 0 -.390 -.800 

6 S 0   .068 0 -.068 -.271 

7 S 0   .048 0 -.048 -.225 

8 S 0   .009 0 -.009 -.096 

9 S 1** .305 0 .695 1.509 

10 S 1   .940 1 .060 .252 

11 S 1   .938 1 .062 .256 

12 S 1   .835 1 .165 .444 

13 S 1   .599 1 .401 .818 

14 S 1   .965 1 .035 .190 

15 S 1   .724 1 .276 .617 

16 S 1   .968 1 .032 .182 

17 S 1   .724 1 .276 .617 

a. S = Selected, U = Unselected cases, and ** = Misclassified cases. 
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7. Graphing the logistic curve 
Just as we did in the simple regression chapter we can graph the predicted values against the observed ones. 
To do this in SPSS you make use of the predicted values in the casewise residuals table (first sorting on that 
variable. Details are given in the sections on using SPSS and R in this chapter.  

8. Interpreting Log odds, odds ratios and probabilities for the individual 

 

 

So far we have mentioned how to interpret Log odd and odds from the table of coefficient estimates, in 
other words B and exp(b). We can also use the actual logistic regression equation and obtain values for a 
specific x value, for our treadmill/CHD example that is the time (i.e. the predictor variable) on the treadmill. 
Because there is a relationship between odds and probabilities we can also obtain a value indicating the 
probability that case with value X for the predictor variable has a particular outcome, in our example, i.e. the 
probability that an individual who stays on the treadmill a specific number of minutes is either healthy or 
suffering from CHD.  

Using the Zi short hand notation (see the beginning of the chapter) 

 

 

 

For our Treadmill/CHD example. 

 

( ) 12.7273 (1.0157)
1

chd
chd e

chd

pLogit p Log X
p

 
= = + − 

    therefore  exp(12.7273 (1.0157) )
1

chd

chd

p X
p

= +
−

 

And therefore  1
1 exp (12.7273 (1.0157) )chdp

X
=

+ − +
 

X in the above equation is the time in seconds the person managed on the treadmill.  So lets consider some 
cases using Excel, looking at the graph shown earlier it suggests that we concentrate on the period between 
500 and 1100 seconds in 50 second intervals. 

  

Loge odds  odds  Probability 

exp( ) 1
1 1 exp( ) 1 exp( )

i i
i

i i i

odds ZP
odds Z Z

= = =
+ + + −

 
exp( ) exp( )

1
i

i
i

p Zi Z
p
= =

−
 

1
i

e i
i

pLog Z
p

 
= − 

 

What SPSS produces .. except for the last column exp(b) 

Result from equation:  

probability:  

0  Log odds:  

Odds: 

negative values  positive values  

1  zero or more  > 1  

0.5  zero or more  one or less  

Loge(odds) 

Loge(odds ratios) 
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Notice how the probability of suffering 
from CHD changes at a greater rate for 
the treadmill times of 750 to 900 seconds, 
and this is the same region of the 
treadmill times where the odds of disease 
for the individual changes from being less 
than one (i.e. p=0.5) to more than one. 

This is rather upsetting for those who are 
at the lower treadmill times, if they 
improve their times from 500 to 550 
seconds the change in probability of 
having CHD is only .008, less than 1 in a 
hundred, similarly those who can 
withstand the treadmill for 950 seconds 

vary little in terms of risk in CHD.  

The above issues are investigated in more detail with greater clarity by Richard Williams at the department of 
sociology, University of Notre dame in his handout Logistic Regression, Part II The Logistic Regression Model 
(LRM) – Interpreting Parameter available from http://www.nd.edu/~rwilliam/stats2/l82.pdf. 

 

9. Using simple Logistic Regression 
Campbell 2006 provides a number of very useful lists from which I have created the following pointers. 

• Are you sure that the outcome variable is a simple binary variable? 
Is there a time associated with the outcome such as survival, if so then survival analysis might be 
better? 

• Does the dataset represent independent observations for both the predictor and outcome variables. 
Repeated measures or matched designs need a different type of logistic regression. For details see 
the excellent introduction in the chapter on Logistic regression in Campbell 2006  

• The model provides an odds ratio which can be recalculated to be probabilities, only reinterpret 
again to 'relative risk' if you must, then only when you are sure the data is from a prospective trial 
and also has a low incidence (i.e. <10 %) of the disease.  

• Does the relationship look loglinear when graphed. 

10. Reporting a simple Logistic regression 
Taking our treadmill example: 

17 male subjects all aged 30 to 33 years with a BMI of 23 to 26 undertook treadmill stress tests, All used the 
same machine, and instructor.  Concurrently all subjects were assessed of the presence of Coronary Heart 
Disease (CHD) using a standardised protocol. A logistic regression analysis of the data was carried out using 
SPSS 17 considering the presence of CHD at the binary outcome measure and time on treadmill (secs) as the 
continuous predictor. The logistic model was found to be an appropriate model (chi-square 10.95; df=1; p 
value <.001  Hosmer Lemeshow goodness of fit chi square 6.77; p value =.342) with the model predicting 
correctly 75% (n=8) and 90% (n=9) of healthy and diseased subjects respectively. A log odds ratio of – 0.0157 
(se=.0072;  Wald=4.6714; df=1; p value< .0307) and odds ratio (OR) of .9844 (95% CI .9705 to .9985) 
indicated that for every extra minute managed on the treadmill test the odds of disease decreased by 61%.  
A treadmill test of 10 minutes suggested a probability of CHD of .9647 (96%) in contrast to a 15 minute result 
of .1974 (19%) and one of just over 18 minutes of .0105 (1%).  

I might also include the R square measures (particularly the Nagelkerke value) and would also include the 
table of the parameter estimates along with the graph.  

Predictions for individual with a specific treadmill time 

treadmill time  
(secs) 

logit of p =12.7273-
(0.0157*C5) 

exp(logit) = odds of 
health p of CHD p of Health 

change in p  
of Health 

500 4.877 131.2757 0.9924 0.0076  
550 4.092 59.8775 0.9836 0.0164 0.0089 

600 3.307 27.3113 0.9647 0.0353 0.0189 

650 2.522 12.4572 0.9257 0.0743 0.0390 

700 1.737 5.6820 0.8503 0.1497 0.0753 

750 0.952 2.5917 0.7216 0.2784 0.1288 

800 0.167 1.1821 0.5417 0.4583 0.1798 

850 -0.618 0.5392 0.3503 0.6497 0.1914 

900 -1.403 0.2459 0.1974 0.8026 0.1529 

950 -2.188 0.1122 0.1009 0.8991 0.0965 

1000 -2.973 0.0512 0.0487 0.9513 0.0522 

1050 -3.758 0.0233 0.0228 0.9772 0.0259 

1100 -4.543 0.0106 0.0105 0.9895 0.0123 
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11. Simple logistic regression in SPSS 
Many of the details below have been taken from an excellent video at: 
http://www.stat.tamu.edu/spss/LogisiticReg.html  you may want to watch it before reading the information 
below. 

Setup the data as shown below, remembering to create value labels for the binary outcome variable. 

 

 

You can click on the value labels icon to toggle below actual values and value 
labels. It is also a good idea to see the data you can do this graphically be 
selecting the menu option Graphs-> legacy charts -> simple scatterplot 

You can also use the 
scatterplot to see how 
the binary outcome 
measure behaves over 
the range of the independent variable (time) by adding a 
line to the scatterplot. To do this you need to double click 
on the chart to open the chart editor then select the 'add 
Fit line at total' icon then select the Loess option. 

 

We notice the majority of patients with low 
treadmill times were diseased while in contrast 
the majority of those who carried on longer were 
healthy. 

The dependent 
variable 
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From the above, as the majority of healthy and ill appear to have little overlap, we would expect that the 
data will fit the logistic curve (remember that sinusoidal shape at the start of the chapter). Obviously now we 
need to do the statistics to see if this is the case. 

The menu option we use is Analyze-> regression->  Binary Logistic. Then selecting the binary variable group 
for the dependent variable and time as the independent variable (covariate). 

 

We then click on the Save 
and Options button to 
setup the dialog boxes as 
shown below. 

In this tutorial I have not 
make use of the influence 
values, which would be 
used as part of the 

diagnostics procedure. If you were carrying out a real analysis you 
would request these to help you 
decide if there were any outliers etc. 

 

 

 

 

The categories button allows you to 
specify which value for a particular 
variable is the reference category. 

11.1 Formatting decimal places to show in output 

The screen shot opposite shows how you 
can manipulate the number of decimal 
places shown in the output. 

But remember first you need some output 
to select. 
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11.2 Graphing the logistic curve 

Once we have the predicted probability of the disease added to the dataset by using the save option 
described above. 

 We can graph the predicted probabilities (i.e. the logistic curve) by first sorting the dataset on time in 
ascending order by selecting the time variable in the data window, and then right clicking on it to bring up 

the popup menu shown below.  

 

 

 

Now we can use the dataset to produce 
a scatterplot (actually an overlay 
scatterplot as we are displaying both the 
logistic curve and the original values) to 
see how well our model fits the data. 

To get the data displayed properly you 
will need to use the swap pairing button the make sure that in both the sets of data you which to display the 
X variable is the Time variable as shown below. 
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Once you have the chart in the output you double click on it to bring up the chart editor window, then you 
keep clicking on one of the values in the middle of the chart until only the logistic curve dataset is selected 

(that is the snake shapes curve) then Select the 
add interpolation line icon.  

Once the properties dialog box appears select 
the Spline option, to produce the smoothed line. 

 

 

 

 

 

12. Simple logistic regression in R 
As would be expected in R you just need a few lines of code, to get the basic results and a few more to obtain 
the odds ratio and confidence intervals. 

The null deviance is the same as the initial 
-2log likelihood and the residual deviance 
is the final value – these are identical to 
the values produced by SPSS. 
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The R equivalent is given here: 

time <- c(1014, 684, 810, 990, 840, 978, 1002, 1110, 864, 636, 638, 708, 786, 600, 750, 594, 750) 
group <- c(0,0,0,0,0,0,0,0,1,1,1,1,1,1,1,1,1) 
# now put them into a dataframe and give it a name 
treadmill<-data.frame(cbind(time,group)) 
names(treadmill) 
# create the mode specifying the the errors follow a binomial pdf 
themodel<- glm(group ~ time, family=binomial()) 
# ask for summary output of the mode 
summary(themodel) 
# does not give the odds in the above output only the coefficients 
# therefore need to exponentiate the value using exp 
exp(coef(themodel)["time"]) 
# also need the ci interval using the confint command 
exp(confint(themodel, parm="time")) 
# now get the residuals (probabilities) 
fitted1<- predict(themodel, type = "response") 
fitted1; predict_rate <- fitted1 
 
To obtain the Hosmer-Lemeshow statistic and associated p value we can use a piece of code someone has 

kindly developed, the author warns that 
the statistic does not always provide the 
same p value as other statistical 
applications, however in this instance the 
p value is the same as that given in SPSS 
(except it divided the data into a different 
number of groups. : 

You will notice that in the above R output 
there is a number with AIC beside it 
meaning Akaike information criterion, it is 
a measure of model fit and based upon the 
-2 Log likelihood value and the number of 
parameter estimates, smaller the number 
better the fit. It is usually used to compare 

models (Crawley 2005 p208) 

 2(  of parameters in model) + 2log( )AIC number likelihood= −  

2 x 2 + 12.550 = 16.55 confirming the R output. 

We can also draw a graph of observed versus expected (model) values which involves extracting the 
parameter values. The predict_rate parameter in the code below is just my fitted1 object renamed (see last 
line of r code above). 

 You can also calculate the various R square statistics discussed earlier from the output provided, see page 25 
for a full listing of all the R code.  
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Considering the equations a little more tells us what values we need; 

 2 model
_

2( )1 exp null
Cox snell

LL LLR
n

 −  = − −    
              

model

2
Nagelkerke

null

2
_

null

2( )1 exp

21 exp

            
21 exp

null

Cox snell

LL LL
nR

LL
N

R
LL
N

 −  − −    =
 −  
 

=
 −  
 

 

For an explanation of the Nagelkerke equation see Thompson 2006 p.101. LL means log likelihoods in the 
above equations, which can also be manipulated to use -2log likelihoods instead (see the R code below). 

We have in the output -2log(likelihood) but we need the log likelihoods so we just need to divide our-
2log(likelihood) values by 2 and slap a minus sign in front of them, at last a simple calculation you may say. 
The n or N is for the total number of observation in this case 17. In R you can use the length function to find 
the number of items in a particular dataset i.e. length(time) 

Also every statistical application seems to use different terms when it comes to logistic regression! 

In R you can use the function logLik(), notice the capital 'L', to obtain the log 
likelihood, therefore for our data > logLik(themodel) produces  -6.275108 
(df=2) from the 12.55 in the output on the previous page which was the -2log 

likelihood value. The equations and results which match the SPSS results are given below. 

 

The appendix contains a listing of all the R code shown above. 

If you wish to investigate using R more for Logistic regression look at the chapter in Cawley 2005 or 
alternatively David Hitchcock, assistant professor of statistics at the University of South Carolina provides a 
excellent r tutorial on logistic regression at  
http://www.stat.sc.edu/~hitchcock/diseaseoutbreakRexample704.txt  

 

R SPSS 

null deviance initial -2log likelihood 

residual deviance final -2log likelihood 
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13. R Commander 
In R commander it is simply selecting a menu option: 

 

 

An then completing the usual equation box, putting the oucome variable in the left hand side model box and 
the predictors (inputs) in the right hand side box. 

Finally it is important to select binomial for the Family and logit for the link function: 

 

 

Exercise 

Carry out the above analysis. 

Also carry out a separate Chi square analysis using the counts from the classification table. How do the 
results compare to the logistic regression analysis, is it what you expected?  
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14. A strategy for a simple logistic regression analysis 
We can make use of the recommendations of Daniel 1991 (p.411) which we used in the simple regression 
chapter: 

1. Identify the model – Have you the appropriate variables for the analysis, if it is an observational 
study decide which is the predictor variable and which is the criterion. You are only modelling 
association not causation. 

2. Review logistic regression assumptions – The validity of the conclusions from the analysis depends 
upon the appropriateness of the model, appropriate data types, and study design ensuring 
Independent measures (to maintain the independence of errors assumption).  Whereas in linear 
regression we assumed a linear relationship between the predictor and outcome variables now it is 
between the logit of the outcome variable and the predictor. In others words statistical validity 
needs to be considered. 

3. Obtain the Logistic regression equation and also graph of observed values against the logistic curve. 
4. Evaluate the logistic regression equation, Hosner & lemeshow fit measure, R2  (Nagelkerke most 

important),  and b (log odd ratio, se, p value), exp(b) (odds ratio)  along with their associated p values 
and if possible confidence intervals. Also consider the probability of the outcome for specific levels of 
the independent variable (may help drawing up a table showing the range of odds ratio values 
against probabilities).  

5. Logistic Regression diagnostics to Identify possible values that need further investigation or removing 
from analysis (data cleaning).     

6. Use the equation – Compare observed with predicted values (residuals again!). Consider sensible 
minimum and maximum X values for which the equation is valid.    

There are more technical aspects that we could consider such as a thing call overdispersion (see Field 2009 
p.276 and Campbell 2006 p.42) and there are dispersion measures (see Field 2009 p.309).  

 

 

15. Moving onto more than one predictor 
In this chapter we have only considered the situation with a single continuous predictor, however frequently 
we want to consider more than one (called multiple logistic regression), for example in the Treadmill 
situation we might want to see if age and gender also affect the probability of suffering from CHD.  

Besides considering continuous variables as predictors we might want to include either nominal or ordinal 
variables or even both in our models.  

 
. 
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15.1 Several binary predictors 

You may remember the smoking, aspirin/ heart attack example e considered first as a exercise on page 24 of 
the chi square chapter and then again in the risk rates and odds chapter. In both these cases we considered 
only two variables at any one time, however with the use of Logistic regression we can consider all three 
variables at once, instead of considering several two dimensional tables we have a three dimensional cube to 
analyse. 

The picture below shows how you might code the variables and also some of the results you would get from  
a logistic regression. 

 

 

 

 

  

Never smoked placebo Aspirin 
Had HA 96 55 

Did not have HA 5392 5376 

 

Past 
smoker placebo Aspirin 

Had HA 105 63 
Did not 
have HA 4276 4310 

 

Current 
smoker placebo Aspirin 

Had HA 37 21 
Did not 
have HA 1188 1192 

 

_
_ 0 1 _ ker 2 _ ker 3( )

1
heart attack

heart attack e aspirin past smo current smo
heart attack

p
Logit p Log b b X b X b X

p
 

= = + + +  − 
 

31 2 0.5510.548 0.3394.03predicted odds ( )( )( )XX Xe e e e−=

 

 
 

 0=no;  1= yes 

state aspirin Past 
smoker 

Present 
smoker 

No aspirin 
Never smoked 0 0 0 

No aspirin 
Past smoker 0 1 0 
No aspirin 

Current 
smoker 

0 1 1 

 

 0=no;  1= yes  

state Aspirin 
X1 

Past 
smoker 

X2 

Present 
smoker 

X3 

Estimated 
odds 
ratio 

No 
aspirin 
Never 

smoked 
0 0 0 .018 

No 
aspirin 

Past 
smoker 

0 1 0 .0253 

No 
aspirin 
Current 
smoker 

0 1 1 .0312 

Aspirin 
Never 

smoked 
1 0 0 .0104 

Aspirin 
Past 

smoker 
1 1 0 .0146 

Aspirin 
Current 
smoker 

1 1 1 .0181 

 

Taken from: Categorical Data Analysis by Richard L. Scheaffer, University of Florida. 
At: 
http://courses.ncssm.edu/math/Stat_Inst/PDFS/Categorical%20Data%20Analysis.pdf  

Logistic regression with three binary predictors 

Code each of the binary 
predictors as 0/1 

Odds Ratio (OR) for each predictor 
given that others stay constant 

1 2 34.03 0.548 0.339 0.551X X X= − − + +
 

0.018 This is the odds in favour of having a heart attack for physicians who have never 
smoked and were not taking aspirin. 

Notice how well this fits the data as the raw odds are 96/5392 = 0.018  
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15.2 Several predictors of different types 

Phillips, Hammock and Blanton 2005, investigated self-rated Health Status among Texas Residents and 
dichotomized the dependent variable into two categories: 1) fair/poor health and 2) good/very 
good/excellent to allow a multiple logistic model to be developed. Part of one of the tables of results is 
shown below.  For each independent variable the Odds ratio and confidence interval are reported, and note 
the odds ratio is 'adjusted' which means that it assumes that all the other independent variables remain 
constant for a one unit change in the variable. For example the OR of 4.56 (with associated p value <.001) for 
self reporting poor health if the education level is less than high school.  The OR value of 4.56 can be 
interpreted as the odds of self reported fair/poor health is 4 times higher than those who have completed 
high school education.  

It would be nice to be able to work out individual probabilities of belonging to the two categories of the 
dependent variable but the table below does not report the constant term.  

 

 

16. Further information 
In the last twenty years Logistic regression has become much more popular  and there are several good 
books describing it from basic introductions (Campbell 2006, Field 2009, Agresti & Finlay 2008, Norman & 
Streiner 2008) to complex monographs (Agresti 2002, Fleiss, Levin & Paik 2003). Also there are several 
websites providing tutorials and let's not forget youtube. 

Paper based tutorials on the web: 

A three part tutorial written by Richard Williams, sociology department, university of Notre Dame:   

Logistic Regression I: Problems with the Linear Probability Model (LPM)  
Logistic Regression II: The Logistic Regression Model (LRM) 
Logistic Regression III: Hypothesis Testing, Comparisons with OLS 
Chan Yiong Huak, Head of the Biostatistics Unit, Yong Loo Lin School of Medicine, National University of Singapore, (Chan Y 
H 2004a) also provides an excellent tutorial for logistic regression using SPSS. 

Youtube 

An excellent tutorial showing how to import CSV data (medical example) into R using the commander and also how to carry 
out logistic regression  http://www.youtube.com/watch?v=oKt52byH83o 
Good introduction to logistic regression in SPSS http://www.youtube.com/watch?v=ICN6CMDxHwg 
Logistic regression (several predictors) using R + Deducer http://www.youtube.com/watch?v=PE5mgNbq7xQ 
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17. Summary 
In this chapter we have looked in detail at modelling the possible association between a binary outcome 
variable, representing probability/odds of an event happening, and a continuous predictor (although it could 
have easily been a nominal variable) in doing so we considered the transformation needed to create a 
suitable model using the Logit function. We also discovered that in contrast to the simple regression model 
with logistic regression we needed to use a iterative process to pinpoint the parameter estimates using the 
Maximum Likelihood Estimator (MLE) which is itself based on likelihood. We also discovered that the natural 
logarithm of the likelihood value multiplied by -2 had a chi square pdf allowing us to assess overall model fit 
as it behaved analogously to the residual/error sum of squares in linear regression.    

The pseudo R square values were described along with warnings concerning their interpretation, the Hosmer 
and Lemeshow statistic (also with a chi square pdf) being offered as a weak alternative. The rather unfriendly 
raw parameter estimates (i.e. B=log odd ratios) and their more user friendly exponentiated  (i.e. antilog) 
versions were discussed  along with p values and confidence intervals. The conversion to probabilities was 
also make to demonstrate the non linear relationship.  The user friendly classification table was described 
and in the 2 by 2 case how this related to sensitivity, specificity and false negative/positives. To summarise 
the following values should be inspected in any set of results: 

Global fit measures: 

• model chi square (Likelihood ratio test) 
• Cox & Snell 
• Nagelkerke R square 
• Hosmer & Lemeshaw 

Individual parameter measures 

• Wald statistic + p value 
• Effect size (odds ratio) 
• Confidence interval 

 

SPSS and  R were used to demonstrate the process needed to setup a simple logistic regression including the  
production of logistic curve graphs, a aspect often ignored. Guidelines for undertaking and also assessing 
articles reporting logistic regression were given as well as an example report.  

The chapter ended with an introduction to logistic regression models which consist of more than one 
predictor. 

As usual the important of considering both observed differences by the odds ratio (an effect size measure) as 
well as the traditional P value and CI were stressed. 

As usual this chapter has introduced a great deal of material, but at the same time much of this related to 
material presented earlier, such as the chapter on simple regression and counts. I end with a number of 
exercises to consolidate your learning and  the website also provides additional datasets for you to practice 
your skills. 
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18. Logistic Regression Multiple choice Questions 
1. In Simple Logistic regression the predictor  . . .? (one correct choice) 

a. is always interval/ratio data 
b. must undergo a logarithmic transformation before undergoing logistic regression    
c. be in the range of 0 to 1 
d. represent ranked scores 
e. must be a binary variable 

 

2. A logistic regression model was used to assess the association between CVD and obesity. P is defined to be 
the probability that the people have CVD, obesity was coded as 0=non obese, 1=obese.  log(P/(1-P)) = -2 + 
0.7(obesity)  What is the log odds ratio for CVD in persons who are obese as compared to not obese? (one 
correct choice) 

a. 0.7 
b. -2 
c. 2.7 
d. Exp(0.7) 
e. Exp(2) 

 

3. Which of the following formula produces the correct value for the probability of having CVD (Cardio 
Vascular Disease) from the logistic regression equation log(P/(1-P)) = -2 + 0.7(obesity) where Pi=1/1+exp(-zi) 
where zi is the linear Predictor (LP) (one correct choice) 

a. Pcvd= exp(-2+.7)/1- exp(-(-2+.7)) 
b. Pcvd= exp(-2+.7)/ 1+ exp(-2+.7) 
c. Pcvd= exp(-2+.7)/ 1+ exp(-(-2 x .7)) 
d. Pcvd= exp(-2 x.7)/ 1+ exp(-(-2+.7)) 
e. Pcvd= exp(-2+.7)/ 1+ exp(-(-2+.7)) 

 

4. In logistic regression the logit is . . . :  (one correct choice)  

a. the natural logarithm of the odds.   
b. an instruction to record the data.  
c. a logarithm of a digit.  
d. the cube root of the sample size.  

 

5. In binomial logistic regression the dependent (or criterion) variable:   (one correct choice) 

a. is a random variable  
b. is like the median and is split the data into two equal halves.   
c. consists of two categories.  
d. is expressed in bits.  

 

6. A model in binomial logistic regression is:  (one correct choice) 

a. a set of predictors which classify cases on the dependent or criterion variable.  
b. another name for a contingency table 
c. a miniature version of the analysis based on a small number of participants.  
d. the most common score    
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7. Like linear regression logistic regression . . .:  (one correct choice) 

a. has one or more independent/predictor variables.   
b. provides a value directly from the equation for the dependent variable  
c. uses the same method to estimate b weights.  
d. has a dependent variable.  

 

8. A classification table:   (one correct choice) 

a. helps the researcher assess statistical significance.  
b. indicates how well a model has predicted group membership.   
c. indicates how well the independent variable(s) correlate with the dependent variable.  
d. provides a basis for calculating the exp(b) value  

 

9. In simple logistic regression the traditional goodness of fit measure,   -2(log likelihood of current model – 
log likelihood of previous model)  is :  (one correct choice) 

a. a statistic that does  not follow a Chi square PDF.  
b. indicates the spread of answers to a question.  
c. an index of how closely the analysis reaches statistical significance.  
d. how close the predicted findings are to actual findings.  

 

10. Step 0 in simple logistic regression is:  (one correct choice) 

a. when there is no correlation between the predictors and the outcome variables.  
b. when there is 0 spread around the regression line.  
c. when there are no predictors only a constant term in the model.  
d. when all the predictor variables are included in the model  

 

11. In simple logistic regression the pseudo R square values  . . . (one correct choice) 

a. Provide a greater degree of accuracy than those provided in linear regression 
b. Should not be thought of a affect size measures 
c. Are not based on the -2Log Likelihood values 
d. You should only consider the rough magnitude of them  
e. Provide the most appropriate method a assessing parameters 

 

12. Likelihood (In the statistical sense)  . . (one correct choice) 

a. Is the same as a p value 
b. Is the probability of observing a particular parameter value given a set of data 
c. attempts to find the parameter value which is the most likely given the observed data.   
d. minimises the difference between the model and the data 
e. is another name for the probability 

 

13. A Maximum Likelihood Estimator (in the statistical sense)  . . (one correct choice) 

a. Is the same as a p value 
b. Is the probability of observing a particular parameter value given a set of data 
c. attempts to find the parameter value which is the most likely given the observed data.   
d. Is the same as R Square 
e. is another name for the probability 
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14. In simple logistic regression analysis in both SPSS and R which of the following is produced in a standard 
output (one correct choice): 

a. Likelihoods (rather than -2log likelihoods) 
b. F statistic 
c. B (natural log odds ratio) for each parameter 
d. T statistic and associated P value 
e. Hazard function 

 

The table below is from a simple logistic regression analysis, for each of the boxes pointing to a place in the 
table select the option that correctly names and explains the column. 

 

 

 

 

15. Box one is pointing to . . . (one correct choice): 

a. -2log likelihoods 
b. Akaike's information criterion 
c. The value of the natural log odds ratio for the parameter estimate 
d. The value of the odds ratio for the parameter estimate 
e. The standard deviation of the estimated B sampling distribution 

 

16. Box two is pointing to . . . (one correct choice): 

a. -2log likelihoods 
b. The standard error of the Logistic function 
c. The value of the natural log odds ratio for the parameter estimate 
d. The mean of the estimated B sampling distribution 
e. The standard deviation of the estimated B sampling distribution 

 

17. Box three is pointing to . . . (one correct choice): 

a. P value associated with the linear predictor (LP) 
b. P value associated with the Wald statistic for a specific parameter estimate 
c. P value associated with the Wald statistic for all parameters combined 
d. P value associated with the Wald statistic for the confidence interval for the  specific parameter 

estimate 
e. P value associated with none of the above 

 

18. Box four is pointing to . . . (one correct choice): 

a. -2log likelihoods 
b. Akaike's information criterion 
c. The value of the natural log odds ratio for the parameter estimate 
d. The value of the odds ratio for the parameter estimate 
e. The standard deviation of the estimated B sampling distribution 

  

Variables in the Equation 

 
B S.E. Wald df Sig. Exp(B) 

95% C.I.for EXP(B) 

Lower Upper 

Step 1a time -0.015683 0.007256 4.671430 1.000000 0.030668 0.984440 0.970539 0.998540 

Constant 12.727363 5.803108 4.810116 1.000000 0.028293 336839.852549   

a. Variable(s) entered on step 1: time. 

     

1 

4  

2  

3  
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19. A logistic regression reports a Exp(B) value of .9844 for a time variable along with a p value of <.03  You 
would interpret the p value,  remembering that the p value is a conditional probability, where the null 
parameter value is zero  . .. . . (one correct choice): 

a. You would obtain a result like this or one more extreme three times in a hundred given that there 
was a strong relationship between time and the predictor variable  

b. You would obtain a result like this or one more extreme three times in a hundred given that there 
was not relationship between time and the predictor variable  

c. You would obtain a result like this or one less extreme three times in a hundred given that there was 
not relationship between time and the predictor variable  

d. You would obtain a result like this or one less extreme three times in a hundred given that there was 
a strong relationship between time and the predictor variable  

e. You would obtain a result like this at least 97 times (i.e. 1-.03)  in a hundred given that the alternative 
hypothesis is true 

 
 
 

20. This question has been taken from Bland 1996 p.327 (adapted). The following table shows the logistic 
regression of vein graft failure on some potential explanatory variables. 

Logistic regression of graft failure after 6 months (Thomas et al. 1993) 

 

Variable Coef. (log 
odd) Std. Err. z=coef/se p 95% Conf. Interval (Coef) Odds ratio 

exp(coef) 
white_cell 

count 1.238 0.273 4.539 <0.001 0.695 1.781 3.448 

Graft type 1 0.175 0.876 0.200 0.842 -1.570 1.920 1.191 
Graft type 2 0.973 1.030 0.944 0.348 -1.080 3.025 2.645 
Graft type 3 0.038 1.518 0.025 0.980 -2.986 3.061 1.039 

female -0.289 0.767 -0.377 0.708 -1.816 1.239 .7486 
age 0.022 0.035 0.633 0.528 -0.048 0.092 1.022 

smoker 0.998 0.754 1.323 0.190 -0.504 2.501 2.712 
diabetic 1.023 0.709 1.443 0.153 -0.389 2.435 2.7815 
constant -13.726 3.836 -3.578 0.001 -21.369 -6.083 0.00001 

Number of observations = 84, chi squared = 38.05, d.f.= 8, P < 0.0001 

 

From this analysis, which one of the following statements is FALSE (one correct choice): 

a. patients with high white cell counts had over 3 times the odds of having graft failure 
b. the log odds of graft failure for a diabetic is between 0.389 less and 2.435 greater than that for a 

non-diabetic ignoring the statistical significance 
c. grafts were more likely to fail in female subjects, though this is not statistically significant 
d. there were four types of graft (hint: think reference groups) 
e. The relationship between white cell count and graft failure may be due to smokers having higher 

white cell counts. 
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Following MCQs are adapted from  Statistics at a glance by Petrie & Sabin  3rd edition website. 
21.  In logistic regression  . . .   (one correct choice): 

a.  The Wald statistic may be used to determine whether the b coefficient for a single explanatory  
(independent) variable is statistically significant, where the null hypothesis is that it is equal to zero. 

b. The Wald statistic may be used to determine the overall fit of the model. 
c. The Wald statistic may be used to determine whether the b coefficient for each explanatory  

(independent) variable is statistically significant, where the null hypothesis is that it is equal to zero. 
d. The Wald statistic may be used to determine whether the b coefficient for each explanatory  

(independent) variable is statistically significant, where the null hypothesis is that it is equal to 1. 
e. The Wald statistic may be used to determine whether overall any of the b coefficients are statistically 

significant, where the null hypothesis is that they are all equal to zero. 
 
22.  In logistic regression  . . . (one correct choice): 

a. The -2log(likelihood) is a measure of lack of  fit for the logistic model, the smaller the value the 
poorer the fit between the observed data and the model. 

b. The -2log(likelihood) is a measure of lack of  fit of a single b coefficient, the smaller the value the 
poorer the fit between the observed data and the model. 

c. The -2log(likelihood) is a measure of goodness of fit of the logistic model, the smaller the value the 
closer the fit between the observed data and the model. 

d. The -2log(likelihood) is a measure of goodness of fit of a single b coefficient, the smaller the value 
the closer the fit between the observed data and the model. 

e. The -2log(likelihood) is only used in linear regression. 
 
23.  In logistic regression  . . . (one correct choice): 

a. The model chi square (traditional fit measure/likelihood ratio test) provides information on overall 
model fit where a significant p value indicates that the current model is a better fit than the previous 
one. 

b. The model chi square (traditional fit measure/likelihood ratio test) provides information on overall 
model fit where a significant p value indicates that the current model is a worse fit than the previous 
one. 

c. The model chi square (traditional fit measure/likelihood ratio test) provides information on model fit 
for a single b coefficient,  where a significant p value indicates that the current model is a better fit 
than the previous one. 

d. The model chi square (traditional fit measure/likelihood ratio test) provides information on model fit 
for a single b coefficient, where a insignificant p value indicates that the current model is a better fit 
than the previous one. 

e. The model chi square (traditional fit measure/likelihood ratio test) provides information on overall 
model fit where a insignificant p value indicates that the current model is a better fit than the 
previous one.  
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24. The following table shows the results of a multivariable logistic regression analysis on data from the 
Framingham study (1951) in which there were 5209 participants on whom 9 covariates were measured at 
baseline. The dependent variable was whether coronary heart disease (CHD) was present (coded as ‘one’) or 
absent (coded as ‘zero’) after 10 years. 

Variable Definition bi P value RRi CI for RRi 

Sex M=0, 
F=1 -1.588 <0.001 0.20 0.14 to 0.29 

Age years 0.081 <0.001 1.08 1.07 to 1.10 

Height inches -0.053 <0.05 0.95 0.95 to 1.00 

SBP mm Hg 0.009 <0.02 1.01 1.00 to 1.02 

DBP mm Hg 0.006 >0.05 1.01 1.01 to 1.02 

Cholesterol mg/ml 0.007 <0.001 1.01 1.00 to 1.01 

ECG abnormal Y=1 
N=0 0.854 <0.001 2.35 1.67 to 3.31 

Relative weight 100wt/median wt)% 1.359 <0.001 3.89 1.89 to 8.00 

Alcohol consumption oz/month -0.059 >0.05 0.94 0.88 to 1.01 

Constant term a=-5.370     

25. The odds of CHD in females compared to males is what % lower: 

a. 20 
b. 40 
c. 60 
d. 80 
e. exp(1.08) 

 
26. Which of the following is true: 

a. Individuals with an abnormal ECG at baseline were more than three times the odds of suffering from 
CHD than those with a normal ECG, after adjusting for other factors. 

b. Individuals with an abnormal ECG at baseline were more than two times the odds of suffering from 
CHD than those with a normal ECG, after adjusting for other factors. 

c. Individuals with an abnormal ECG at baseline were more than two times as probable to suffer from 
CHD than those with a normal ECG, after adjusting for other factors. 

d. Individuals with an abnormal ECG at baseline were more than three times as probable to suffer from 
CHD than those with a normal ECG, after adjusting for other factors. 

e. Individuals with an abnormal ECG at baseline were more than two times likely to suffer from CHD if 
they also had the other risk factors than those with a normal ECG.. 

 
27. Which of the following is true: 

a. Cholesterol level shows a statistically insignificant result and a large effect size 
b. Cholesterol level shows a statistically significant result and a large effect size 
c. Cholesterol level shows a statistically insignificant result and a small effect size 
d. Cholesterol level shows a statistically significant result and a small effect size 
e. Cholesterol level shows a statistically significant result with no reported effect size 

 
28. Which of the following might be dropped from a future model: 

a. Diastolic blood pressure (DBP), Alcohol consumption, height 
b. Diastolic blood pressure (DBP), Alcohol consumption  
c. Systolic blood pressure (SBP), Age, Sex, Relative weight  
d. Diastolic blood pressure (DBP), Systolic blood pressure, Cholesterol 
e. None of the variables 
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20. Appendix A r code 
# first put the data time = IV: group = DV into vectors 
time <- c(1014, 684, 810, 990, 840, 978, 1002, 1110, 864, 636, 638, 708, 786, 600, 750, 594, 750) 
group <- c(0,0,0,0,0,0,0,0,1,1,1,1,1,1,1,1,1) 
# now put them into a dataframe and give it a name 
treadmill<-data.frame(cbind(time,group)) 
names(treadmill) 
# create the mode specifying the the errors follow a binomial pdf 
themodel<- glm(group ~ time, family=binomial()) 
# ask for summary output of the mode 
summary(themodel) 
# does not give the odds in the above output only the coefficients 
# therefore need to exponentiate the value using exp 
exp(coef(themodel)["time"]) 
# also need to ci interval using the confint command 
exp(confint(themodel, parm="time")) 
# now get the predicted values(probabilities) 
predict_rate<- predict(themodel, type = "response") 
predict_rate 
# alternatively you can use the extractor function to get the same result 
fitted(themodel) 
############### 
#you can also extract the parameter values 
paramets <- coef(themodel) 
paramets 
#  paramets now is a is a vector with two values, intercept and beta 
# You can also plot the actual against the predicted values 
plot(time, group, cex=1.5) 
#above plots the original points now plot estimated points 
points(time, predict_rate, pch=3, col="red", cex=1.5) 
#Now add a smooth line; setup x and y values 
x <- seq(10, 1200, 10) 
y<- exp(paramets[1] + paramets[2]*x)/(1 + exp(paramets[1] + paramets[2]*x)) 
lines(x, y, col="blue", lwd=2) 
#above based on http://yatani.jp/HCIstats/LogisticRegression  
#### 
# A function to do the Hosmer-Lemeshow test in R. 
# R Function is due to Peter D. M. Macdonald, McMaster University. 
hosmerlem <- 
function (y, yhat, g = 10)  
{ 
    cutyhat <- cut(yhat, breaks = quantile(yhat, probs = seq(0,  
        1, 1/g)), include.lowest = T) 
    obs <- xtabs(cbind(1 - y, y) ~ cutyhat) 
    expect <- xtabs(cbind(1 - yhat, yhat) ~ cutyhat) 
    chisq <- sum((obs - expect)^2/expect) 
    P <- 1 - pchisq(chisq, g - 2) 
    c("X^2" = chisq, Df = g - 2, "P(>Chi)" = P) 
} 
hosmerlem(group, fitted(themodel)) 
# now to create the other R square like statistics 
#the values provided by R are -2logLL's we need just the Likelihoods 
# we can either just use the function logLik, or divide the numbers by 2 and add a minus sign 
logLik(themodel)  
# themodel$deviance or themodel[10] = -2logll for current model 
# themodel$null.deviance or themodel[12] = -2logll for null model 
 
Likelihood_final = -themodel$deviance/2 
Likelihood_init = -themodel$null.deviance/2 
cox_snell<- 1- exp(-(2*(Likelihood_final - Likelihood_init)/length(time))) 
cox_snell 
# Using the formula by companion to the arigosti book for R by Laura A. Thompson, 
nagelkerke <-(1 - exp((themodel$deviance - themodel$null.deviance)/length(time)))/(1 - exp( - 
themodel$null.deviance/length(time))) 
nagelkerke 
# Using the formula in Andy field's book p.269 - works 
nagelkerke1 <- cox_snell/(1-exp(2*(Likelihood_init)/length(time))) 
  nagelkerke1 
############### 
# quick and easy version of cox snell 
cox_snell2 <- 1-exp((themodel$deviance - themodel$null.deviance)/length(time)) 
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################################### 
# example below using proportions 
# from http://yatani.jp/HCIstats/LogisticRegression  
 
 Time <- c(10,20,30,40,50,60,10,20,30,40,50,60) 
 Success <- c(10,23,40,70,82,96,12,20,35,58,76,90) 
Failure <- 100 - Success 
GameResult <- cbind(Success, Failure) 
result <- glm(GameResult ~ Time, family = binomial) 
summary(result) 
predict_rate <- predict(result, type="response") 
predict_rate 
plot(Time, Success/100, cex=1.5) 
points(Time, predict_rate, pch=3, col="red", cex=1.5) 
x <- seq(10, 60, 1) 
y <- 1 / (1 + exp(3.142800 - 0.091572*x)) 
lines(x, y, col="blue", lwd=2) 
 
 

21. Appendix B derivation of logistic regression equation 
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