
Today
I HW 2
I http://www.zoology.ubc.ca/˜schluter/
zoo502stats/Rtips.models.html

I Examples §10.4
I thoughts on Shaghayegh’s study
I thoughts on “speaking up” study from last week
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Calcium data: Example 10.1 and 10.9
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... calcium data
I model

E(yj) = β0{1−exp(−xj/β1)}, yj = E(yj)+εj , εj ∼ N(0, σ2)

I fitting:

min
β0,β1

n∑
j=1

(yj − ηj)
2

I use nls or nlm; requires starting values
I > library(SMPracticals); data(calcium)

> fit = nls(cal ˜ b0*(1-exp(-time/b1)), data = calcium, start = list(b0=5,b1=5))
> summary(fit)
Formula: cal ˜ b0 * (1 - exp(-time/b1))

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

b0 4.3094 0.3029 14.226 1.73e-13 ***
b1 4.7967 0.9047 5.302 1.71e-05 ***
---
Signif. codes: 0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1

Residual standard error: 0.5464 on 25 degrees of freedom

Number of iterations to convergence: 3
Achieved convergence tolerance: 9.55e-07
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... calcium data
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... calcium data
I there are 3 observations at each time point
I can fit a model with a different parameter for each time:

E(yj) = ηj + εj
I the nonlinear model is nested within this; constrains ηj as

above
I anova(lm(cal ˜ factor(time), data = calcium))
I Analysis of Variance Table

Response: cal
Df Sum Sq Mean Sq F value Pr(>F)

factor(time) 8 48.437 6.0546 22.720 6.688e-08 ***
Residuals 18 4.797 0.2665

I > deviance(fit) # 7.464514 (mistake in Davison)
> sum(residuals(fit)ˆ2) # 7.464514
> (7.464514 - 4.797)/(25 - 18) # 0.3811
> .3811/.2665
[1] 1.429919 ## Davison has 1.53
> > pf(1.430,7,18)
[1] 0.7461687
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... calcium data
I checking constant variance assumption
I estimates of σ2 at each time, each with 2 degrees of

freedom
I > s2 = with(calcium, tapply(cal, factor(time),var))

> s2
0.45 1.3 2.4 4 6.1 8.05

0.17367258 0.34616902 0.09523507 0.09422579 0.06686923 0.19656739
11.15 13.15 15

1.08876166 0.19415027 0.14279290
> plot(sort(s2),qchisq((1:9)/10,2))
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Binary Data: Example 10.18
I library(SMPracticals); data(nodal) has 53

binary observations; one per patient
I xi ’s are: age, stage, grade, xray, acid
I all dummy variables

> data(nodal)
> nodal[1:10,]

m r aged stage grade xray acid
1 1 1 0 1 1 1 1
2 1 1 0 1 1 1 1
3 1 1 0 1 1 1 1
4 1 1 0 1 1 1 1
5 1 1 0 1 1 1 1
6 1 0 0 1 1 1 1
7 1 1 0 0 0 0 1
8 1 0 0 0 0 0 1
9 1 0 0 0 0 0 1
10 1 0 0 0 0 0 1
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... example 10.18
I model

log(
pi

1− pi
) = xT

i β

I maximum likelihood fitting
binaryfit = glm(cbind(r, m-r)∼. , data =
nodal, family = binomial)

I choice of variables: step(fit)
I selects the model with stage, xray, and acid

I estimated coefficients: −3.05,1.65,1.91,1.64
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... example 10.18

> summary(fit)

Call:
glm(formula = cbind(r, m - r) ˜ ., family = binomial, data = nodal)

Deviance Residuals:
Min 1Q Median 3Q Max

-2.3317 -0.6653 -0.2999 0.6386 2.1502

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

(Intercept) -3.0794 0.9868 -3.121 0.00180 **
age1 -0.2917 0.7540 -0.387 0.69881
stage1 1.3729 0.7838 1.752 0.07986 .
grade1 0.8720 0.8156 1.069 0.28500
xray1 1.8008 0.8104 2.222 0.02628 *
acid1 1.6839 0.7915 2.128 0.03337 *
---
Signif. codes: 0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 70.252 on 52 degrees of freedom
Residual deviance: 47.611 on 47 degrees of freedom
AIC: 59.611

Number of Fisher Scoring iterations: 5
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... example 10.18
> step(fit)
Start: AIC=59.61
cbind(r, m - r) ˜ age + stage + grade + xray + acid

Df Deviance AIC
- age 1 47.760 57.760
- grade 1 48.760 58.760
<none> 47.611 59.611
- stage 1 50.808 60.808
- acid 1 52.660 62.660
- xray 1 52.922 62.922

Step: AIC=57.76
cbind(r, m - r) ˜ stage + grade + xray + acid

Df Deviance AIC
- grade 1 49.180 57.180
<none> 47.760 57.760
- stage 1 50.817 58.817
- xray 1 53.162 61.162
- acid 1 53.526 61.526

Step: AIC=57.18
cbind(r, m - r) ˜ stage + xray + acid

Df Deviance AIC
<none> 49.180 57.180
- acid 1 54.463 60.463
- stage 1 54.788 60.788
- xray 1 55.915 61.915
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... example 10.18

Call: glm(formula = cbind(r, m - r) ˜ stage + xray + acid, family = binomial, data = nodal)

Coefficients:
(Intercept) stage1 xray1 acid1

-3.052 1.645 1.912 1.638

Degrees of Freedom: 52 Total (i.e. Null); 49 Residual
Null Deviance: 70.25
Residual Deviance: 49.18 AIC: 57.18
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... example 10.18
aggregated data presented in textbook
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... example 10.18
I In data set nodal several patients have the same value of

the covariates
I these can be added up to make a binomial observation
I > nodal2[1:4,]

m r age stage grade xray acid
1 6 5 0 1 1 1 1
2 6 1 0 0 0 0 1
3 4 0 1 1 1 0 0
4 4 2 1 1 0 0 1

I > fit2 = glm(cbind(r,m-r) ˜ ., data = nodal2, family = binomial)
> summary(fit2) # stuff omitted
Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) -3.0794 0.9868 -3.121 0.00180 **
age -0.2917 0.7540 -0.387 0.69881
stage 1.3729 0.7838 1.752 0.07986 .
grade 0.8720 0.8156 1.069 0.28500
xray 1.8008 0.8104 2.222 0.02628 *
acid 1.6839 0.7915 2.128 0.03337 *
---
Signif. codes: 0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 40.710 on 22 degrees of freedom
Residual deviance: 18.069 on 17 degrees of freedom
AIC: 41.693

Number of Fisher Scoring iterations: 5
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... example 10.18

> step(binomialfit)

Coefficients:
(Intercept) stage xray acid

-3.052 1.645 1.912 1.638

Degrees of Freedom: 22 Total (i.e. Null); 19 Residual
Null Deviance: 40.71
Residual Deviance: 19.64 AIC: 39.26

– same coefficient estimates; same estimated standard errors

– different residual deviance and different degrees of freedom

– MISTAKE in text on p. 491; residual scaled deviance is 49.180 on 49 df
when fitting to all 53 observations; and cannot be used as a test of fit

– deviances in Table 10.9 are incorrect as well
http://statwww.epfl.ch/davison/SM/ has corrected version
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Parameter interpretation
I

log
Pr(Y = 1 | x)

Pr(Y = 0 | x)
= xTβ

I

p(x) =
exp(xTβ)

1 + exp(xTβ)

I odds of ‘success’ increase by a factor of eβj for every 1-unit
increase in xj

I thus for Ex 10.8, odds of nodal involvement increase by
e1.91 when acid =1, relative to acid = 0

I all other variables held fixed
I “fitted odds when all explanatory variables take their lower

levels are e−3.05 = 0.047”
I corresponds to Pr(Y = 1 | 0,0,0) = 0.045 (“no such cases

in the data” is incorrect)
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Dichotomizing continuous data (§10.4.1)
I suppose Zj = xT

j γ + σεj , j = 1, . . . ,n; εj ∼ f (·)
I Yj = 1 if Zj > 0; otherwise 0
I

Pr(Yj = 1) = 1−F (−xT
j γ/σ) = 1−F (−xT

j β) = F (xT
j β), if ...

I examples (Table 10.7)
logistic F (u) = eu/(1 + eu) logit log{p/(1− p)} = xTβ

normal F (u) = Φ(u) probit Φ−1(p) = xTβ

log-Weibull F (u) = 1− exp(−eu) log-log − log{− log(p)} = xTβ

Gumbel F (u) = exp{−e−u} c-log-log log{− log(1− p)} = xTβ

I Example 10.17 considers how much information is lost in
going from Z to Y

I in special case where xj = −1,−0.9, . . . ,0.9,1,
zj = 0.5 + 2xj + εj , εj ∼ N(0,1)
yj = 1(zj > 0)
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2× 2 table §10.4.2
I special case of binary regression, with one covariate taking

values 0, 1

I Pr(Yj = 1 | xj = 0) =
exp(β0)

1 + exp(β0)
= π0

I Pr(Yj = 1 | xj = 1) =
exp(β0 + β1)

1 + exp(β0 + β1)
= π1

I in text: ψ ← β1, λ← β0,T ← x

I Y = 1 is the event of interest – death, cure, heart attack, ...
I x = 1 is the factor of interest – treatment, smoking status,

exposure, ... (Davison calls these ’cases’)
I it is more usual to call the units with Y = 1 the cases

(dead, sick, recovered, ...), and Y = 0 the controls (alive,
well, not recovered ...)
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... example 10.17
I xj = −1,−0.9, . . . ,0.9,1,

zj = 0.5 + 2xj + εj , εj ∼ N(0,1), yj = 1(zj > 0)

I β̂Z is least squares estimator from original data

I cov(β̂Z ) = (X T X )−1 =

(
n

∑
xi∑

xi
∑

x2
i

)−1

I var(β̂1Z ) = 1/
∑

(xi − x̄)2

I β̂Y is the estimator from dichotomized data
I cov(β̂Y )

.
= (X T WX )−1, W = diag(wj) (p.488)

I wj =
φ2(β0 + β1xj)

Φ(−β0 − β1xj)Φ(β0 + β1xj)

I cov(β̂Y )
.

=

( ∑
wj

∑
wjxj∑

wjxj
∑

wjx2
j

)−1

I var(β̂1Y ) = (X T WX )−1
(2,2)
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... example 10.17
I Figure 10.6 (right) plots β1/

√∑
(xj − x̄)2 on the x-axis,

and β1/
√ on the y -axis

I trying to compare vZ and vY , as well as indicate behaviour
of β1Y/

√
vY as β1 →∞
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2× 2 table §10.4.2
I special case of binary regression, with one covariate taking

values 0, 1

I Pr(Yj = 1 | xj = 0) =
exp(β0)

1 + exp(β0)
= π0

I Pr(Yj = 1 | xj = 1) =
exp(β0 + β1)

1 + exp(β0 + β1)
= π1

I in text: ψ ← β1, λ← β0,T ← x

I Y = 1 is the event of interest – death, cure, heart attack, ...
I x = 1 is the factor of interest – treatment, smoking status,

exposure, ... (Davison calls these ’cases’)
I it is more usual to call the units with Y = 1 the cases

(dead, sick, recovered, ...), and Y = 0 the controls (alive,
well, not recovered ...)
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Prospective and retrospective sampling C &D §3.6

πjs = Pr(z = i , y = s), z explanatory, y response
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... prospective and retrospective
Population

y = 0 y = 1
x = 0 π00 π01
x = 1 π10 π11

Prospective study
y = 0 y = 1

x = 0 π00/(π00 + π01) π01/(π00 + π01)
x = 1 π10/(π10 + π11) π11/(π10 + π11)

Retrospective study
y = 0 y = 1

x = 0 π00/(π00 + π10) π01/(π01 + π11)
x = 1 π10/(π00 + π10) π11/(π01 + π11)

odds ratio in 2nd and 3rd table the same
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Contingency Tables: Example 10.19
Smoker Non-smoker

dead 139 (24%) 230 (31%)
alive 443 502
total 582 732 1314

see grimreaper.R:
> summary(glm(cbind(alive,dead) ˜ smoker, data = smoking, family = binomial))
Call:
glm(formula = cbind(alive, dead) ˜ smoker, family = binomial,

data = smoking)

Deviance Residuals:
Min 1Q Median 3Q Max

-12.173 -5.776 1.869 5.674 9.052

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

(Intercept) 0.78052 0.07962 9.803 < 2e-16 ***
smoker 0.37858 0.12566 3.013 0.00259 **
---
Signif. codes: 0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 641.5 on 13 degrees of freedom
Residual deviance: 632.3 on 12 degrees of freedom
AIC: 683.29

Number of Fisher Scoring iterations: 4
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... example 10.19
Smoker Non-smoker

dead 139 (24%) 230 (31%)
alive 443 502
total 582 732 1314

> anova(glm(cbind(alive,dead) ˜ smoker, data = smoking, family = binomial))
Analysis of Deviance Table

Model: binomial, link: logit

Response: cbind(alive, dead)

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev
NULL 13 641.5
smoker 1 9.2003 12 632.3
> with(smoking, xtabs(cbind(dead,alive) ˜ smoker))

smoker dead alive
0 230 502
1 139 443

> summary(.Last.value)
Call: xtabs(formula = cbind(dead, alive) ˜ smoker)
Number of cases in table: 1314
Number of factors: 2
Test for independence of all factors:
Chisq = 9.121, df = 1, p-value = 0.002527
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... Example 10.19
sm non-sm sm non-sm sm non-sm

d 2 1 3 5 14 7
a 53 61 121 152 95 114 · · ·

55 62 124 157 109 121
Age 18-24 25-34 35-44 · · ·

> summary(glm(cbind(alive,dead) ˜ smoker + factor(age), data = smoking, family = binomial))

Call:
glm(formula = cbind(alive, dead) ˜ smoker + factor(age), family = binomial,

data = smoking)

Deviance Residuals:
Min 1Q Median 3Q Max

-0.68162 -0.19146 -0.00005 0.22836 0.72545

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

(Intercept) 3.8601 0.5939 6.500 8.05e-11 ***
smoker -0.4274 0.1770 -2.414 0.015762 *
factor(age)25-34 -0.1201 0.6865 -0.175 0.861178
factor(age)35-44 -1.3411 0.6286 -2.134 0.032874 *
factor(age)45-54 -2.1134 0.6121 -3.453 0.000555 ***
factor(age)55-64 -3.1808 0.6006 -5.296 1.18e-07 ***
factor(age)65-74 -5.0880 0.6195 -8.213 < 2e-16 ***
factor(age)75+ -27.8073 11293.1437 -0.002 0.998035
---
Signif. codes: 0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 641.4963 on 13 degrees of freedom
Residual deviance: 2.3809 on 6 degrees of freedom
AIC: 65.377

Number of Fisher Scoring iterations: 20
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In the News

http:
//online.wsj.com/article/
SB10001424052970204136404577207020525853492.
html?mod=wsj_share_tweet
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... speaking up
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... speaking up
I claim: IQ score decreases in group 2 (”low performers”)

over time
I claim: this is caused by receiving information on how

others in the group are doing
I methods: baseline IQ test (PIQ); series of IQ task

questions (”ranked group task”)
I methods: during series of IQ questions, “Following every

trial, the computer display showed each subject’s personal
rank privately and one randomly chosen subject’s rank”

I control group ???
I analysis: “following the completion of the ranked group IQ

task, we performed a median-based categorization of
subjects into two analysis groups; we placed individuals
with a final average rank greater than the median into one
group, Group 1 and those with final average rank less than
or equal to the median into a second group, Group 2”

I analysis: “we excluded an equal number of individuals with
the highest and lowest PIQ before the separation”

I analysis: “by design, these two groups did not differ in
baseline IQ scores, but were categorically different based
on their final rank”

I results: “the performance of Group 1 members remained
relatively intact, a drop of 8 ± 4 points, which is significantly
less than the drop expressed by group 2, p = 0.04”
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