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(1, 1pt) No. There are 20 observations in each covariate classes.

(2, 1pt) Prospective.

(3, 1.5pts) The difference in deviances is only 1.1 (=55.1− 54.0) on 3 (=91− 88) degrees
of freedom (i.e., null is χ2

3, 1.1 is smaller than the mean of χ2
3, it must be smaller

than the critical value), so the difference-in-deviance test suggests the simpler model
(the first one).

(4, 1pt) The odds of death are exp(1.3086)=3.700989 times greater for the exotic snails
relative to native snails.

(5, 1pt) No. The residual deviance 55.07 is rather low for 91 degrees of freedom.

(6, 2pts) The logit of p = 0.5 is 0, so we solve

logit(0.5) = 0 = −1.4049 + 1.5034× 1 + 0.0940× 10 + (−0.1068)× Rel.Hum

to get Rel.Hum = (−1.0385)/(−0.1068) = 9.723783%.

(7, 1.5pts) No. The left panel of Figure 1 shows that the data is very sparse — 39
observations, 38 points in the figure, i.e., only one observation in 37 covariate classes.
For sparse data, the (residual) deviance-based goodness of fit test is invalid.

(8, 1pt) Increases in both volume and rate increase the probability of vaso-constriction,
which can be found from their coefficient estimates or Figure 1.

(9, 1pt) No. Almost every covariate classes have size 1. There is no need to consider
over-dispersion for sparse data.

(10, 2pts) The right panel of Figure 1 for the new data shows that the two groups of 0’s
and 1’s are (or close to) linearly separable. It is a situation similar to unidentifiability
for the coefficients, causing the estimation of the coefficients very unstable. So, their
std. errors are extremely large and Wald tests are insignificant.

(11, 2pts) For the new data, the deviance-based tests for vol and rate should still be
significant because in the right panel of Figure 1, no vertical line (corresponding to
the null model of H0 : βrate = 0) or horizontal line (corresponding to the null model
of H0 : βvol = 0) can produce a perfect separation of 0’s and 1’s. In other words,
none of the models resp∼rate and resp∼vol can produce a fit almost as perfect as
the model resp∼vol+rate for the new data.

(12, 1.5pts) 1:1 matched case-control design (MCCD).

(13, 1pt) The partial table of type d is

Diabetes Case Control
Yes 0 0
No 1 1
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(14, 1pt) 144, a distinct α for a matched set.

(15, 1pt) Infinity. The number of αj’s equals the number of matched sets, i.e., the number
of cases. For a MCCD, when the sample size tends to infinity, the number of cases
would also tend to infinity. Actually, the number of parameters in a MCCD increases
at the same rate as the sample size.
FYI. Notice that the asymptotic properties of (unconditional) MLE or likelihood
ratio, derived by letting the sample size becomes large, hold when the number of
parameters remains fixed. This is clearly not the case in MCCDs. It explains why
the conditional approach based on the sufficient statistics of αj’s (i.e., regarding αj’s
as nuisance parameters) is preferred for MCCDs — the number of parameters (i.e.,
β) in the conditional likelihood is fixed and does not change with sample size.

(16, 1pt) The intercept term is already included in the formulation of αj’s. For example,
a single intercept is the special case of all αj’s being equal. On the other hand, the
all 1’s vector corresponding to intercept falls in the space spanned by the model
matrix of αj’s. The conditional likelihood approach removes all αj’s so there is no
intercept term in the conditional likelihood of β and in the analysis output.

(17, 2pts) Types c and d, in which the case and the control have same x. For the data
in any matched sets of the two types, their individual conditional likelihoods are

[1 + exp(0× β)]−1 = 0.5,

which is irrelevant to β. So, they have no contribution in the estimation of β.

(18, 3pts) Notice that the matched sets of types c and d are uninformative. So, in the
conditional likelihood of β, the part involving both β and data only depends on the
matched sets of types a and b and is proportional to:

L(β) ∝ [1 + exp((−1)× β)]−37 × [1 + exp(1× β)]−16

=

(
exp(β)

1 + exp(β)

)37 (
1

1 + exp(β)

)16

= p37(1− p)16,

where p = exp(β)/(1 + exp(β)) = logistic(β). The conditional likelihood has the
form of binomial likelihood, so the MLE of p is p̂ = 37/(37 + 16), the MLE of β is
β̂ = logit(p̂) = log(37/16), and the MLE of exp(β) is exp(β̂) = p̂/(1− p̂) = 37/16.

(19, 2pts) At least the two assumptions:

1. The inclusion probabilities in case population and in control population are
homogeneous (or the ratios of their inclusion probabilities are irrelevant to
covariates).

2. The retrospective information is reliable, i.e., no problems such as inaccurate
or incomplete historical records, or unreliable memory of the subject.

(20, 1pt) Among the people with the same age and gender, the odds of getting MI are
multiplied by exp(0.8383) = 2.3125 for people with diabetes (relative to people
without diabetes).
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(21, 1.5pts) No, because this is a case-control study. The relative risk is

P (MI = 1|x = 1)

P (MI = 1|x = 0)
.

We cannot obtain relative risk directly from odds ratio without having an estimate
of the ratio

1− P (MI = 1|x = 1)

1− P (MI = 1|x = 0)
.

Unfortunately, a case-control study usually cannot offer valid information about this
ratio because of wrong estimate of intercept (due to unequal inclusion probabilities
in cases and controls) or no estimate of intercept as in MCCD.
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