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INSTRUCTIONS

Attempt all questions.

Be neat and concise!

Make sure to fully identify the statistics you use, both in value and in distribution!

The exam will be graded out of 100, out of a possible 120 marks.
R commands and output are provided after the questions.

Plots for problems 2, 3 and 5 are provided after the R commands and output.

Some statistical tables are provided after the plots.

Good luck!

1. [28 marks total]


Fiji Fertility Survey (Part 1)

Consider the following data from the Fiji Fertility Survey on contraceptive use:

	
	Wants more children
	Does not want more children

	
	Low education
	High education
	Low education
	High education

	
	Using
	Not
	Using
	Not
	Using
	Not
	Using
	Not

	Age
	
	using
	
	using
	
	using
	
	using

	Under 25
	6
	53
	52
	212
	4
	10
	10
	50

	25-29
	14
	60
	54
	115
	10
	19
	27
	65

	30-39
	33
	112
	46
	118
	80
	77
	78
	68

	40-49
	6
	35
	8
	8
	48
	46
	31
	12


The table tallies the characteristics and responses of 1567 Fijian women on the factors Wantsmore (levels Yes, No), Education (levels Low, High), Age (levels Und25, 25-29, 30-39, 40-49) and Contra (levels Using, Notusing). Factor Contra indicates contraceptive usage: 507 women were using contraceptives. Factor Wantsmore indicates desire for more children. In addition, variable count contains the cell counts displayed in the above table. We assume that the cell counts are distributed as Poisson random variables, and that a log link relates the cell count expectations to linear models based on the above factors. Relevant output is on pages 6 and 7.

(a) [3] What are the maximum likelihood estimates of the parameters of a model involving only factor Contra?

(b) [4] Test whether all four factors are independent.

(c) [3] What is the deviance of the model with factors Age, Education and Contra? Explain.

(d) All tests in this question are assumed to be made at the same level 
[image: image1.wmf]a

.

i) [3] Are education level and contraceptive usage independent?

ii) [2] Give the residual degrees of freedom for the independence model between education level and contraceptive usage.

iii) [3] Argue that you can use the deviance of the model of dependence as an approximate statistic to test for the goodness of fit of the independence model. Perform the test and provide a one-sentence comment on your conclusion in light of the result of i).

iv) [2] Will the test in iii) be conservative or liberal, and why? 

v) [2] Could a test of education level and contraceptive usage conclude dependence in the presence of age? Explain.

(e) Both sub-questions below concern a logistic regression model, with a linear model consisting of the Education and Age factors as well as their interaction. 
i) [3] What is the estimated log-odds of using contraception for a highly educated 28 year-old woman?

ii) [3] What is the estimated log-odds of wanting more children for a highly educated 28 year-old woman?

2. [27 marks total]


Fiji Fertility Survey (Part 2)

We analyze the same data as in Problem 1, but considering now a Binomial regression model using logistic link with contraception usage as an outcome. The data are presented in the output under the name fjlogist. Relevant output is on pages 8, 9 and 10.

(a) [3] In the presence of an interaction between age and education level, does the effect of wanting more children depend on age?

(b) [4] Consider the model glm1, involving only the interactions Age:Wantsmore and Age:Education. Can you assess or test the model for goodness of fit? If so, state your conclusion. If not, explain why you cannot.

(c) [3] Explain precisely why the term Wantsmoreyes:AgeUnd25 is aliased in glm1.

(d) [3] Under the model glm1 as in (b), justify the following statement using the appropriate parameter estimates: “Within a given education level and within their own age group, women less than 30 years of age tend to use contraception in approximately the same proportion whether they want more children or not”.

(e) [3] Test for the linearity of the age term in glm1.
(f) [4] With the age term as a continuous covariate in interaction with Wantsmore and Education:

i) test for a common intercept across all categories. 

ii) Is this a plausible model?

iii) Rewrite the quoted statement in part (d) to reflect this model and its estimates.

(g) [3] In the common intercept model glm2, test for the significance of both interaction terms in the presence of the other.

(h) [4] Figure 2.1 illustrates the fitted probabilities of using contraception based on model glm2. Label each of the curves according to education level and desire for more children. Hand in the labelled figure with your exam answers.

3. [28 marks]

Strikes in OECD countries

Data frame strikes consists of annual observations on the level of strike volume (labour days lost due to industrial disputes per 1000 wage salary earners), and covariates in 18 Organization for Economic Cooperation and Development (OECD) countries from 1951 to 1985. The data are described below. 

	Variable name
	Variable values
	Description

	Country
	factor, 18 levels
	country name

	Year
	continuous, >0
	year minus 1950 (between 1 and 35)

	Strvol
	continuous, ≥0
	strike volume in workdays per 1000 wage earners

	Unemp
	continuous, ≤100, ≥0
	unemployment rate (%)

	Inflat
	continuous, ≥0
	Yearly inflation rate (%)

	Socdem
	continuous, ≤100, ≥0
	Social democratic parliamentary representation (%)

	Union
	continuous, ≤100, ≥0
	Union centralization index (fixed by country)


SOURCE:   Western, B. (1996). Vague theory and model uncertainty in macrosociology. Sociological Methodology, 26: 165-192.
There are 625 instead of 18 x 35 = 630 observations because years 1981 to 1985 are missing for Belgium.

We fit the outcome variable logsv=log(strvol+1) , under an assumed Normal error model, with an identity link. Relevant output is on pages 11 and 12.

(a) [4] Consider a model involving only the countries as an explanatory variable. Test that countries have significantly different expected logsv.

(b) [4] In the output for the same model as in (a), the aliased country level is Australia. The correlation between two any non-intercept estimates in this model is approximately 0.5. Apply a suitable Bonferroni correction to determine which countries have significantly different logsv from Australia at the 5% level, allowing for all other countries. Justify the use of the Bonferroni correction and provide a one-sentence comment on your results.

(c) [3] Test for an effect of year in the presence of Country. What is your conclusion?

(d) [4] Test for a country-specific effect of year, allowing for a distinct intercept for each Country. What is your conclusion? In one sentence, reconcile your results from parts (c) and (d).

(e) [3] The continuous covariate union is fixed for each country, regardless of the year. Explain why the model logsv~Country+union yields an identical fit to the model logsv~Country.
For the remainder of this question, we settle on the model final, given by logsv~Country*year+inflat. Consider Figures 3.1 to 3.5.

(f) [3] Do the data appear to have constant variance? Justify your answer.

(g) [2] Straight lines of residuals appear in the lower left corner of Figure 3.1. What causes these lines?

(h) [3] Do the data appear to depart from Normality? In what manner?

(i) [2] Test for Normality of the data.

4. [22 marks]

PBC Trial

A total of 312 subjects suffering from Primary Biliary Cirrhosis were randomized at the Mayo Clinic to treatment with the drug D-penicillamine or to placebo between 1974 and 1984. Some of the data collected are described below. The subjects were monitored until they either died or were censored due to liver transplant or loss to follow-up.

	Variable name
	Variable values
	Description

	fu
	continuous, >0
	follow-up time in days (to death or censoring)

	stat
	indicator, 0 or 1
	1=died, 0=censored

	censtype
	indicator, -1, 0, 1 
	-1=subject died

 0=censored due to loss to follow-up

 1=censored due to liver transplant

	Drug
	factor, D-peni/Placebo
	treatment arm description

	age
	continuous, >0
	age in years at entry in the trial

	Sex
	factor, M/F
	gender of the subject



SOURCE:   Dickson et al. (1989). Hepatology, 10: 1-7.
Follow-up times (fu) are assumed to be Exponentially distributed. Relevant output is on pages 13 and 14.

(a) [4] Is there a effect of the drug D-penicillamine on survival time? 

(b) [6] Does the drug affect survival time differently i) according to gender? ii) according to age?

(c) [5] Choose an appropriate model to determine the expected survival time of a 50-year old man with PBC treated with D-penicillamine.

(d) [4] What is the probability that the same individual as in (c) will live more than 10 years?

(e) [3] Does follow-up time have an effect on the type of censoring (liver transplant or loss to follow-up)? Briefly discuss possible implications on the validity of the model.

5. [15 marks]

Clotting Time of Blood

The following are data on the time to clotting (time, in seconds) of normal blood plasma diluted to different concentrations using prothrombin-free plasma (conc, as a percentage). Clotting was induced by thromboplastin from 2 lots (Lot, a two-level factor). The data are given below, with time appearing in each cell, and also shown as data frame clotting in the output.

	conc
	Lot1
	Lot2
	conc
	Lot1
	Lot2
	conc
	Lot1
	Lot2

	5
	118
	69
	20
	35
	21
	60
	21
	13

	10
	58
	35
	30
	27
	18
	80
	19
	12

	15
	42
	26
	40
	25
	16
	100
	18
	12



SOURCE:   Hurn, M.W. et al. (1945). J. Lab. Clin. Med. 30: 432-447.
Figure 5.1 shows a scatterplot of the time against conc by Lot. We consider throughout a model where the mean clotting time only depends on the concentration of the solution (Lot number is considered to be an error component, which we do not use here). Relevant output is on pages 15 and 16.

(a) Figure 5.2 shows a graph of sample variances against sample means taken at each different conc (so that each sample has size two). A parabola going through (0,0) is fitted and displayed on the graph. 

i) [3] Explain how this graph supports a log transformation of time to fit a Normal model.

ii) [3] Explain how this graph also supports an underlying Gamma distribution for time. What would be a rough estimate of the common dispersion parameter in this case?

(b) [3] Consider Figure 5.1, and explain why it makes more sense to use log(conc) rather than conc as a covariate in Gamma model of time with log link.

(c) We now fit two models:

· glmn is a Normal model of logtime regressed on log(conc), with identity link;

· glmg is a Gamma model of time regressed on log(conc), with log link.

Figure 5.3 shows two curves: 

· the solid curve shows the fitted values of E[log(time)] under glmn;
· the dashed curve shows the fitted values of log(E[time]) from glmg.

i)
[4] The dashed curve is consistently higher than the solid curve. Explain this phenomenon by showing that if 
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(Hint:  Consider the Taylor series expansion of log(Y) about ( and take expectations).

ii)
[2] Use only output from the Normal model glmn to estimate the true distance between the curves.

############################################################
# Question 1 – Fiji Fertility Survey (Part 1)

############################################################
> fjfert

   count   Contra   Age Wantsmore Education

1      6    Using Und25       Yes       Low

2     53 Notusing Und25       Yes       Low

3     52    Using Und25       Yes      High

4    212 Notusing Und25       Yes      High

5      4    Using Und25        No       Low

6     10 Notusing Und25        No       Low

7     10    Using Und25        No      High

8     50 Notusing Und25        No      High

9     14    Using 25-29       Yes       Low

10    60 Notusing 25-29       Yes       Low

11    54    Using 25-29       Yes      High

12   115 Notusing 25-29       Yes      High

13    10    Using 25-29        No       Low

14    19 Notusing 25-29        No       Low

15    27    Using 25-29        No      High

16    65 Notusing 25-29        No      High

17    33    Using 30-39       Yes       Low

18   112 Notusing 30-39       Yes       Low

19    46    Using 30-39       Yes      High

20   118 Notusing 30-39       Yes      High

21    80    Using 30-39        No       Low

22    77 Notusing 30-39        No       Low

23    78    Using 30-39        No      High

24    68 Notusing 30-39        No      High

25     6    Using 40-49       Yes       Low

26    35 Notusing 40-49       Yes       Low

27     8    Using 40-49       Yes      High

28     8 Notusing 40-49       Yes      High

29    48    Using 40-49        No       Low

30    46 Notusing 40-49        No       Low

31    31    Using 40-49        No      High

32    12 Notusing 40-49        No      High

> attach(fjfert)

> glm(count~Contra+Age+Wantsmore+Education,family=poisson)

Coefficients:

(Intercept)  ContraNotusing        Age25-29        Age30-39

    3.39739         0.73751        -0.08678         0.43280

   Age40-49     WantsmoreNo   EducationHigh  

   -0.71607        -0.38371         0.44230  

Degrees of Freedom: 31 Total (i.e. Null);  25 Residual

Null Deviance:      1113  Residual Deviance: 551.3

> deviance(glm(count~Age,family=poisson))

[1] 882.1353

> deviance(glm(count~Age+Education,family=poisson))

[1] 807.3321

> deviance(glm(count~Age+Contra,family=poisson))

[1] 682.7124

>summary(glm(count~Contra+Education+Contra:Education,family=poisson))

Coefficients:

                             Estimate Std. Error z value Pr(>|z|)    

(Intercept)                   3.22387    0.07041  45.790  < 2e-16 

ContraNotusing                0.71771    0.08593   8.352  < 2e-16 

EducationHigh                 0.42027    0.09069   4.634 3.58e-06 

ContraNotusing:EducationHigh  0.03259    0.11042   0.295    0.768    

 (Dispersion parameter for poisson family taken to be 1)

    Null deviance: 1112.58  on 31  degrees of freedom

Residual deviance:  838.27  on 28  degrees of freedom

> summary(glm(count~Contra:Education:Age+Wantsmore:Education:Age,family=poisson))

Coefficients:

                                      Estimate Std. Error z value Pr(>|z|)

(Intercept)                            1.69078    0.30911   5.470 4.51e-08

ContraUsing:EducationLow:AgeUnd25      0.39888    0.44587   0.895 0.370995

ContraNotusing:EducationLow:AgeUnd25   2.23943    0.33864   6.613 3.76e-11

ContraUsing:EducationHigh:AgeUnd25     2.23156    0.33523   6.657 2.80e-11

ContraNotusing:EducationHigh:AgeUnd25  3.67277    0.31634  11.610  < 2e-16

ContraUsing:EducationLow:Age25-29      1.15661    0.37553   3.080 0.002070

ContraNotusing:EducationLow:Age25-29   2.34800    0.33468   7.016 2.29e-12

ContraUsing:EducationHigh:Age25-29     2.26904    0.33164   6.842 7.81e-12

ContraNotusing:EducationHigh:Age25-29  3.06755    0.32124   9.549  < 2e-16

ContraUsing:EducationLow:Age30-39      2.30291    0.32861   7.008 2.42e-12

ContraNotusing:EducationLow:Age30-39   2.81727    0.32315   8.718  < 2e-16

ContraUsing:EducationHigh:Age30-39     2.49279    0.32632   7.639 2.19e-14

ContraNotusing:EducationHigh:Age30-39  2.89826    0.32218   8.996  < 2e-16

ContraUsing:EducationLow:Age40-49      1.10650    0.36200   3.057 0.002239

ContraNotusing:EducationLow:Age40-49   1.51196    0.35338   4.279 1.88e-05

ContraUsing:EducationHigh:Age40-49     0.66783    0.27503   2.428 0.015173

EducationLow:AgeUnd25:WantsmoreNo     -1.43848    0.29728  -4.839 1.31e-06

EducationHigh:AgeUnd25:WantsmoreNo    -1.48160    0.14302 -10.359  < 2e-16

EducationLow:Age25-29:WantsmoreNo     -0.93677    0.21908  -4.276 1.90e-05

EducationHigh:Age25-29:WantsmoreNo    -0.60811    0.12956  -4.694 2.69e-06

EducationLow:Age30-39:WantsmoreNo      0.07951    0.11518   0.690 0.489980

EducationHigh:Age30-39:WantsmoreNo    -0.11626    0.11378  -1.022 0.306896

EducationLow:Age40-49:WantsmoreNo      0.82972    0.18715   4.434 9.27e-06

EducationHigh:Age40-49:WantsmoreNo     0.98861    0.29284   3.376 0.000736

---

(Dispersion parameter for poisson family taken to be 1)

    Null deviance: 1112.583  on 31  degrees of freedom

Residual deviance:   72.826  on  8  degrees of freedom

############################################################
# Question 2 – Fiji Fertility Survey (Part 2)

############################################################
> fjlogist<-fjfert[fjfert$Contra=="Using",c(1,3,4,5)]

> fjlogist$n<-fjfert$count[Contra=="Using"]+fjfert$count[Contra=="Notusing"]

> fjlogist$prop<-fjlogist$count/fjlogist$n

> fjlogist

   count   Age Wantsmore Education   n      prop

1      6 Und25       Yes       Low  59 0.1016949

2     52 Und25       Yes      High 264 0.1969697

3      4 Und25        No       Low  14 0.2857143

4     10 Und25        No      High  60 0.1666667

5     14 25-29       Yes       Low  74 0.1891892

6     54 25-29       Yes      High 169 0.3195266

7     10 25-29        No       Low  29 0.3448276

8     27 25-29        No      High  92 0.2934783

9     33 30-39       Yes       Low 145 0.2275862

10    46 30-39       Yes      High 164 0.2804878

11    80 30-39        No       Low 157 0.5095541

12    78 30-39        No      High 146 0.5342466

13     6 40-49       Yes       Low  41 0.1463415

14     8 40-49       Yes      High  16 0.5000000

15    48 40-49        No       Low  94 0.5106383

16    31 40-49        No      High  43 0.7209302

> attach(fjlogist)

> summary(glm(prop~Wantsmore+Age+Education+Age:Education,family=binomial,weights=n))

Coefficients:

                      Estimate Std. Error z value Pr(>|z|)    

(Intercept)           -0.31904    0.15247  -2.093   0.0364

WantsmoreYes          -0.77874    0.11793  -6.603 4.02e-11

Age30-39               0.31078    0.18037   1.723   0.0849

Age40-49               1.21473    0.31212   3.892 9.94e-05

AgeUnd25              -0.51591    0.19780  -2.608   0.0091

EducationLow          -0.34487    0.27245  -1.266   0.2056

Age30-39:EducationLow  0.19311    0.32086   0.602   0.5473

Age40-49:EducationLow -0.73538    0.42892  -1.714   0.0864

AgeUnd25:EducationLow -0.06719    0.46067  -0.146   0.8840    

(Dispersion parameter for binomial family taken to be 1)

    Null deviance: 162.042  on 15  degrees of freedom

Residual deviance:  29.033  on  7  degrees of freedom

> glm1<-glm(prop~Wantsmore:Age+Education:Age,family=binomial,weights=n)

> summary(glm1)

Coefficients:

                      Estimate Std. Error z value Pr(>|z|)    

(Intercept)            -1.4537     0.1548  -9.392  < 2e-16 

WantsmoreNo:Age25-29    0.7208     0.2575   2.799 0.005124 

WantsmoreYes:Age25-29   0.6189     0.2229   2.776 0.005497 

WantsmoreNo:Age30-39    1.6318     0.2129   7.665 1.79e-14 

WantsmoreYes:Age30-39   0.4665     0.2168   2.152 0.031402 

WantsmoreNo:Age40-49    2.5764     0.3504   7.352 1.96e-13 

WantsmoreYes:Age40-49   1.0892     0.4115   2.647 0.008123 

WantsmoreNo:AgeUnd25    0.0666     0.3307   0.201 0.840417 

Age25-29:EducationLow  -0.3858     0.2693  -1.432 0.152040 

Age30-39:EducationLow  -0.1775     0.1732  -1.025 0.305203 

Age40-49:EducationLow  -1.1415     0.3468  -3.292 0.000996 

AgeUnd25:EducationLow  -0.3998     0.3683  -1.086 0.277676 

(Dispersion parameter for binomial family taken to be 1)

    Null deviance: 162.0417  on 15  degrees of freedom

Residual deviance:   7.2314  on  4  degrees of freedom

AIC: 102.65

> cbind(n,fitted(glm1))

     n fitted(glm1)          n fitted(glm1)

1   59 0.1354541         9 145 0.2377995

2  264 0.1894251        10 164 0.2714577

3   14 0.1434444        11 157 0.5001215

4   60 0.1998631        12 146 0.5443899

5   74 0.2278201        13  41 0.1815235

6  169 0.3026113        14  16 0.4098460

7   29 0.2462521        15  94 0.4952929

8   92 0.3245510        16  43 0.7544759

> age<-codes(Age)-1

> # In this encoding, Under 25 corresponds to 0, 25-29 to 1, etc.

> age

[1] 0 0 0 0 1 1 1 1 2 2 2 2 3 3 3 3

> glm(prop~Wantsmore+Education+Wantsmore:age+Education:age,family=binomial,

weights=n)

Coefficients:

     (Intercept)      WantsmoreYes      EducationLow   WantsmoreNo:age  

       -1.391068         -0.006307         -0.005002          0.786366  

WantsmoreYes:age  EducationLow:age  

        0.292559         -0.227272  

Degrees of Freedom: 15 Total (i.e. Null);  10 Residual

Null Deviance:      162 

Residual Deviance: 20.00116   

> glm2<-glm(prop~Wantsmore:age+Education:age,family=binomial,weights=n)

> summary(glm2)

Coefficients:

                 Estimate Std. Error z value Pr(>|z|)    

(Intercept)      -1.39686    0.10651 -13.115  < 2e-16 

WantsmoreNo:age   0.78916    0.07662  10.300  < 2e-16 

WantsmoreYes:age  0.29233    0.08328   3.510 0.000447 

age:EducationLow -0.22971    0.06491  -3.539 0.000402 

(Dispersion parameter for binomial family taken to be 1)

    Null deviance: 162.042  on 15  degrees of freedom

Residual deviance:  20.002  on 12  degrees of freedom

> summary(glm(prop~Education:age+Wantsmore:age,family=binomial,weights=n))

Coefficients:

                  Estimate Std. Error z value Pr(>|z|)    

(Intercept)       -1.39686    0.10651 -13.115  < 2e-16

EducationHigh:age  0.78916    0.07662  10.300  < 2e-16 

EducationLow:age   0.55945    0.06512   8.591  < 2e-16 

age:WantsmoreYes  -0.49683    0.06617  -7.509 5.96e-14 

(Dispersion parameter for binomial family taken to be 1)

    Null deviance: 162.042  on 15  degrees of freedom

Residual deviance:  20.002  on 12  degrees of freedom

############################################################
# Question 3 – Strikes in OECD countries

############################################################
> strikes[1:10,]

     Country year strvol unemp inflat socdem union

1  Australia    1    296   1.3   19.8   43.0 0.375

2  Australia    2    397   2.2   17.2   43.0 0.375

3  Australia    3    360   2.5    4.3   43.0 0.375

4  Australia    4    300   1.7    0.7   47.0 0.375

5  Australia    5    326   1.4    2.0   38.5 0.375

6  Australia    6    352   1.8    6.3   38.5 0.375

7  Australia    7    195   2.3    2.5   38.5 0.375

8  Australia    8    133   2.7    1.3   36.9 0.375

9  Australia    9    109   2.6    1.8   36.9 0.375

10 Australia   10    208   2.5    3.8   36.9 0.375

> attach(strikes)

> logsv<-log(strvol+1)

> summary(glm(logsv~Country))

Coefficients:

                      Estimate Std. Error t value Pr(>|t|)    

(Intercept)             5.7909     0.1967  29.445  < 2e-16 

CountryAustria         -3.4694     0.2781 -12.474  < 2e-16 

CountryBelgium         -0.6125     0.2895  -2.116 0.034781 

CountryCanada           0.4628     0.2781   1.664 0.096646 

CountryDenmark         -2.1290     0.2781  -7.655 7.67e-14 

CountryFinland         -0.6287     0.2781  -2.260 0.024159 

CountryFrance          -0.6205     0.2781  -2.231 0.026055 

CountryGermany         -3.0811     0.2781 -11.078  < 2e-16 

CountryIreland          0.2385     0.2781   0.858 0.391493 

CountryItaly            0.9479     0.2781   3.408 0.000698 

CountryJapan           -1.2166     0.2781  -4.374 1.44e-05 

CountryNetherlands     -3.1981     0.2781 -11.498  < 2e-16 

CountryNew Zealand     -0.7361     0.2781  -2.646 0.008345 

CountryNorway          -2.3550     0.2781  -8.467  < 2e-16 

CountrySweden          -3.0333     0.2781 -10.906  < 2e-16 

CountrySwitzerland     -4.8820     0.2781 -17.553  < 2e-16 

CountryUnited Kingdom  -0.3354     0.2781  -1.206 0.228312    

CountryUnited States    0.1321     0.2781   0.475 0.635107    

(Dispersion parameter for gaussian family taken to be 1.353762)

    Null deviance: 2427.36  on 624  degrees of freedom

Residual deviance:  821.73  on 607  degrees of freedom

> deviance(glm(logsv~Country+year))

[1] 820.56

> summary(glm(formula = logsv ~ Country * year))

Coefficients:

                             Estimate Std. Error t value Pr(>|t|) 

(Intercept)                 5.3331479  0.3642077  14.643  < 2e-16 

CountryAustria             -1.0012348  0.5150674  -1.944 0.052384 

CountryBelgium              0.0336774  0.5371496   0.063 0.950029 

… [some output skipped]

CountryUnited Kingdom:year  0.0223075  0.0249551   0.894 0.371737 CountryUnited States:year  -0.0658840  0.0249551  -2.640 0.008508 

(Dispersion parameter for gaussian family taken to be 1.111621)

    Null deviance: 2427.36  on 624  degrees of freedom

Residual deviance:  654.74  on 589  degrees of freedom

AIC: 1876.7

>c(821.73-654.74,607-589)

[1] 166.99  18.00

> glm<-glm(logsv~Country+union)

> # The next command produces the deviance & residual d.f. of the above model

> c(deviance(glm),glm$df.resid)

[1] 821.7336 607.0000

> # Figure 3.1

> final<-glm(logsv~Country*year+inflat)

> plot(fitted(final),resid(final),xlab="Fitted values",ylab="Residuals",pch=20)

> title(main="Figure 3.1: Residual vs. fitted values for model 'final'")

> # Figure 3.2

> boxplot(resid(final)~Country,axes=F,xlab="Country",ylab="Residuals")

> box()

> axis(1,at=1:18,labels=levels(Country),cex.axis=0.5,las=3)

> axis(2)

> title(main="Figure 3.2: Residual boxplot from model 'final' vs. Country")

> # Figure 3.3

> vl<-predict.glm(final,se.fit=T)$se.fit^2

> sc<-summary(final)$dispersion

> r<-resid(final)

> z<-r/sqrt(sc-vl)

> hist(z,xlab="Standardized residuals",main="Figure 3.3: Standardized residuals from model 'final'",prob=T)

> # Figure 3.4

> u<-pnorm(z)

> hist(u,main="Figure 3.4 Uniforms under model 'final'",prob=T)

> # Figure 3.5

> i<-1:625

> uhat<-(i-0.5)/625

> u<-sort(u)

> plot(uhat,u,xaxs="i",xlim=c(0,1),yaxs="i",ylim=c(0,1),main="Figure 3.5: 'final' model p-p plot")

> abline(0,1)

> max(abs(u-uhat))

 [1] 0.07044521

############################################################
# Question 4 – PBC Trial

############################################################
> pbc[1:6,]

    fu stat    Drug      age Sex censtype

1  400    1   Dpeni 58.76603   F       -1

2 4500    0   Dpeni 56.44704   F        0

3 1012    1   Dpeni 70.07351   M       -1

4 1925    1   Dpeni 54.74134   F       -1

5 1504    0 Placebo 38.10593   F        1

6 2503    1 Placebo 66.25963   F       -1

> attach(pbc)

> fustar<-pbc$stat/pbc$fu

> summary(glm(formula = fustar ~ Drug + age + Sex, family = poisson, weights = fu))

Coefficients:

              Estimate Std. Error z value Pr(>|z|)    

(Intercept) -10.127292   0.570736 -17.744  < 2e-16

DrugPlacebo   0.073036   0.181642   0.402    0.688

age           0.036980   0.008878   4.166 3.11e-05

SexF         -0.373553   0.238577  -1.566    0.117

(Dispersion parameter for poisson family taken to be 1)

    Null deviance: 400.89  on 311  degrees of freedom

Residual deviance: 378.99  on 308  degrees of freedom

> deviance(glm(fustar~Drug*age+Sex,family=poisson,weight=fu))

[1] 378.4833

> deviance(glm(fustar~age+Drug*Sex,family=poisson,weight=fu))

[1] 377.1082

> summary(glm(fustar~age+Sex,family=poisson,weight=fu))

Coefficients:

             Estimate Std. Error z value Pr(>|z|)    

(Intercept) -10.05752    0.54132 -18.579  < 2e-16

age           0.03638    0.00873   4.167 3.09e-05

SexF         -0.37763    0.23819  -1.585    0.113    

(Dispersion parameter for poisson family taken to be 1)

    Null deviance: 400.89  on 311  degrees of freedom

Residual deviance: 379.15  on 309  degrees of freedom

> summary(glm(fustar~age*Sex,family=poisson,weight=fu))

Coefficients:

             Estimate Std. Error z value Pr(>|z|)    

(Intercept) -10.59016    1.11051  -9.536   <2e-16 

age           0.04563    0.01873   2.436   0.0148 

SexF          0.28778    1.22744   0.234   0.8146    

age:SexF     -0.01179    0.02116  -0.557   0.5775    

---

 (Dispersion parameter for poisson family taken to be 1)

    Null deviance: 400.89  on 311  degrees of freedom

Residual deviance: 378.84  on 308  degrees of freedom

> summary(glm(fustar~age,family=poisson,weight=fu))

Coefficients:

              Estimate Std. Error z value Pr(>|z|)    

(Intercept) -10.488566   0.471044 -22.267  < 2e-16 

age           0.038456   0.008687   4.427 9.56e-06 

---

 (Dispersion parameter for poisson family taken to be 1)

    Null deviance: 400.89  on 311  degrees of freedom

Residual deviance: 381.47  on 310  degrees of freedom

> # Here we keep only the censored observations

> pbccens<-pbc[pbc$stat==0]

> attach(pbccens)

> # The following is a model of liver transplant (censtype=1) 

> # against loss to follow-up (censtype=0)

> summary(glm(censtype~Drug+age+Sex+fu,family=binomial))

Coefficients:

              Estimate Std. Error z value Pr(>|z|)    

(Intercept)  5.9673479  1.8927840   3.153 0.001618 ** 

DrugPlacebo -0.0815546  0.5468218  -0.149 0.881441    

age         -0.0860962  0.0307518  -2.800 0.005115 ** 

SexF        -1.6897958  0.9335827  -1.810 0.070294 .  

fu          -0.0014259  0.0004261  -3.347 0.000818 ***

---

Signif. codes:  0  `***'  0.001  `**'  0.01  `*'  0.05  `.'  0.1  ` '  1 

(Dispersion parameter for binomial family taken to be 1)

    Null deviance: 122.894  on 186  degrees of freedom

Residual deviance:  91.748  on 182  degrees of freedom

AIC: 101.75

Number of Fisher Scoring iterations: 5

############################################################
# Question 5 – Blood clotting data

############################################################
> # Note: Lot is a factor below

> clotting

   conc time Lot

1     5  118   1

2    10   58   1

3    15   42   1

4    20   35   1

5    30   27   1

6    40   25   1

7    60   21   1

8    80   19   1

9   100   18   1

10    5   69   2

11   10   35   2

12   15   26   2

13   20   21   2

14   30   18   2

15   40   16   2

16   60   13   2

17   80   12   2

18  100   12   2

> attach(clotting)

> concaxis<-c(5,10,15,20,30,40,60,80,100)   #used for plotting

> # Figure 5.1

> plot(concaxis,time[Lot=="1"],pch=5,xlab="Concentration",ylab="Clotting time",ylim=c(0,120))

> points(concaxis,time[Lot=="2"],pch=7)

> legend(locator(1),c("Lot 1","Lot 2"),pch=c(5,7),bty="n")

> title(main="Figure 5.1: Observed clotting time against concentration by Lot")

> # Figure 5.2

> samplemeans<-(time[Lot==”1”]+time[Lot==”2”])/2

> samplevariances<-(time[Lot==”1”]-time[Lot==”2”])^2

> plot(samplemeans,samplevariances,xlab=”Sample means”,ylab=”Sample variances”)

> sm2<-samplemeans^2

> # Fit a parabola going through (0,0) to the points using least squares

> glm(samplevariances~sm2-1)$coefficients

   sm2

0.2712419  

> lines(1:100,0.2712419*(1:100)^2,lty=2)

> title(main=”Figure 5.2: Time sample variances against samples means\nfitted and observed”)

> logtime<-log(time)

> logconc<-log(conc)

> glmn<-glm(logtime~logconc)

> summary(glmn)

Coefficients:

            Estimate Std. Error t value Pr(>|t|)    

(Intercept)  5.18717    0.24629  21.061 4.31e-13 

logconc     -0.58013    0.07158  -8.105 4.68e-07 

---

 (Dispersion parameter for gaussian family taken to be 0.08158522)

    Null deviance: 6.6644  on 17  degrees of freedom

Residual deviance: 1.3054  on 16  degrees of freedom

> glmg<-glm(time~logconc,family=Gamma(link=log))

> summary(glmg)

Coefficients:

            Estimate Std. Error t value Pr(>|t|)    

(Intercept)  5.25136    0.24752  21.216 3.84e-13 

logconc     -0.58855    0.07194  -8.182 4.14e-07 

---

(Dispersion parameter for Gamma family taken to be 0.08240037)

    Null deviance: 7.7087  on 17  degrees of freedom

Residual deviance: 1.3073  on 16  degrees of freedom

> # Figure 5.3

> matplot(concaxis,cbind(fitted(glmn),log(fitted(glmg)))[1:9,],type="l",lty=1:2,col="black",xlab="Concentration",ylab="log(time)")

> legend(locator(1),c("E[log(time)] from Normal model","log(E[time]) from Gamma model"),lty=1:2,col="black")

> title(main="Figure 5.3: Fitted values from Normal and Gamma models\nagainst concentration")
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