DEPARTMENT OF STATISTICS
Course STATS 330: Advanced Statistical Modelling

Tutorial Sheet 7: September 23, 2010

This tutorial is designed to give you practiceittirfg simple logistic models.

In this tutorial we will be using thenice datawhich you are required to type in yourselvess It i
shown below.

The data for this tutorial comes from a study thaestigated the effect of insulin on laboratory
mice. The response was whether or not the micebdadulsions when given insulin. We are
interested in modelling how the proportion of miziéh convulsions varies with the dose
applied.

Mice data
Dose Number Number
with .
(mg) : of mice
convulsions
3.4 0 33
5.2 5 32
7.0 11 38
8.5 14 37
10.5 18 40
13.0 21 37
18.0 23 31
21.0 30 37
28.0 27 30

You need to fit a model that explains the connechietween the probability of a convulsion
and the dose.You should run suitable diagnosticlchfor your fitted model.

Task 1: Type in the data and create a suitable datikame for the analysis

With more complicated data it is best to use atoedd create a text file of data. This can then
be read in the usual way. However, this data s&t mmple that the data frame can be created
directly in R. Use the code

dose<-c(3.4,5.2,7.0,8.5,10.5,13.0, 18.0,21. 0, 28.0)
r<-c(0,5, 11, 14, 18, 21, 23, 30, 27)

n<-c( 33, 32, 38, 37, 40, 37, 31, 37, 30)

nm ce. df <-dat a. franme(dose=dose, r =r, n=n)

Note that the data is in “grouped form”



Task 2: Fit an initial model
We will fit a model of the form

Probability of a convulsion 1= exp(a + 3 * DOSE)(1 + exy{a + B * DOSE)) ,
or, in log-odds form,

log-odds of a convulsion = logf(1-1)) = a + 3 * DOSE.

Because the data is in grouped form, we need tthesgpecial way of specifying the response:
> mice. gl nx-gl m cbi nd(r, n-r)~dose, fani | y=bi nom al , dat a=ni ce. df)

Task 3: Check the model

Again, since the data are in grouped form, we favestimate, namely the sample proportion
r/n, of the probability of a convulsion at each eloBhis estimate doesn’t depend on the logistic
assumption. We can compare this estimate with éhgevpredicted by the logistic model:

newdose<-seq( 3. 4, 28, | engt h=30)

est . probs<-predict(mce. gl m newdat a=dat a. f rane(dose=newdose), t ype="response")
pl ot (dose, r/ n)

I i nes(newdose, est. probs)
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This gives the graph below. The fit is not very goAnother way of plotting is to plot the
estimated log-odds against the log-odds predicyettido model:
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We estimate the log-odds by log((r+0.5)/(n-r+Q.3))e 0.5 is inserted to handle the case when
ris O or n (otherwise the estimate would be umaf). If we plot these estimates versus the
log-odds predicted by the model, using code

> est.log.odds<-l1og((r+0.5)/(n - r +0.5))

> pl ot (dose, est. | og. odds)

> abline(coef(mce.glm)

we get

est.log.odds

T T T T T
5 10 15 20 25

dose

This confirms our feeling that the fit is not veggod.
Task 4: Find a better model

To improve the fit, we can try and “straighten piet” using a power transformation on dose.
After some fiddling about, we try a log:

> plot(log(dose), est.| 0g. odds)

est.log.odds
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Apart from the first point, this is much betterdastrongly suggests a model where the log-odds
is a linear function of the log dose. Let’s fit Bux model:

pl ot (| og(dose), est .| og. odds)

| ogdose=l og(dose)

m ce. |l og. gl mg-gl m(chi nd(r, n-r) ~l ogdose, fam | y=bi nom al , dat a=ni ce. df)
abl ine(coef(mce.log.glm)
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There is a hint the first point is influentialilGthe result is not too bad. On the probability
scale, using the code

> pl ot (Il og(dose), r/n)

> est.probs. | ogs<-predict(mce.log. gl mnewdat a=dat a. f rame(| ogdose=I og( newdose) ),
type="response")

> | ines(l og(newdose), est. probs. | ogs)

we get
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which is again not too bad. Our final model is (ge¢fficients from summary)

log-odds of a convulsion =-5.7907 + 2.3984log(DOSE).



