Summary: General points

Communication breakdown!

We have our uses even in fields where Pls feel
happy doing their own analysis

Requires more than a cursory glance over
methodology

Do we over-simplify in our teaching?



Your thoughts?












Simulation Model 2: Two part Logarithmic Model (A more
realistic model)

8
Y = 1% Ceiling 4 Yiognormal * (1 — Ceiling)

Ceiling ~ Bernoulli(q)
E/ogit(q) =ag+ a1 X1 + axXo
= log(1 — Yiognormat) ~ N(Bo + B1.X1 + B2 Xo, 0?)

Where in the model, Xj is taken to be the variable age, and X5 is taken to
be heart attack.

(4)
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The true value of the marginal effect of heart attack

The expected value of Y from (4) is given by
E(YIX)=g+(1—-¢q)(1— e50+ﬁ1X1+52X2+cr2/2) (5)

aptarXp+azXo
where q:m. . -
So the marginal effect of heart attack is given by

Ex, (1(X1,1) — p(X1,0)[ X2 = 1) (6)
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To calculate the true value:

randomly select 100 people from the Diabetes Hamilton data set

pick those who have heart attack value equal to one

let X> to be one in the equation above, substitute the person’s age,
and calculate the equation’s value

let X, to be zero in the same equation, substitute the person’s age,
and calculate the equation’s value

calculate the difference for each chosen person, and then calculate the
average of those differences
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Some 100000 simulated Y values from Simulation Model 2
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Figure 9: Histogram of the 100000 simulated value of Y from simulation
model 2
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Comparison between the real data set and Simulation
Model 2
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Marginal effect of heart attack
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Figure 10: Change of expected value of the EQ5D score given the

condition of heart attack (X,=1) and no heart attack (X>=0).
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Simulations Results

Table: Comparison between OLS and GAM method for Simulation Model 2 with

1000 simulations and 5000 simulations
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Model Bias ESE ASE CcP
1000 simu- 1000 simu- 1000 simu- 1000 simu-
lations lations lations lations
OLS no interaction 0.00028 0.0559 0.0537 0.943
GAM no interaction 0.00027 0.0561 0.0534 0.941
OLS with interaction | 0.00025 0.0560 N/A N/A
GAM with interaction | 0.00029 0.0562 N/A N/A
5000 simu- 5000 simu- 5000 simu- 5000 simu-
lations lations lations lations
OLS no interaction 0.00028 0.0539 0.0538 0.948
GAM no interaction 0.00034 0.0540 0.0534 0.945
OLS with interaction | 0.00027 0.0538 N/A N/A
GAM with interaction | 0.00035 0.0539 N/A N/A
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Conclusions

@ The bias given by the GAM method is generally smaller than the OLS
method from the result of Simulation 1

@ The chance of making Type-1 error in hypothesis testing for the
parameter is small for both GAM and OLS method from the result of
Simulation 1.

@ Both OLS and GAM methods produce small bias when applied to the
Simulation 2 data.

@ The coverage probability of each method are close to the expected
value.

@ Overal, GAM methods seem to be another good alternative method
to analyzing health utility data.

Thank you
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