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Generalised Linear Models

Three components:

1.A probability distribution D for the y,
D is from the exponential family

E(y;)=u,

2.A linear predictor 7,

=2 B

3.A link function g;(/)

gi(u;)=m; usually

g; is known

g; is same for
all

observations

/-2



Choice of distribution D includes
Normal '
Exponential
Gamma

Inverse Gaussian |

( continuous data

Poisson - count data
Bernouilli } binary data
Binomial (yes/no)

binomial count data

D may have a scale parameter ¢

Choice of link function g(:) includes:

Log log(1;) =n;
logit log( Hi j =7,
1= p;
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Examples of GLMs in Medical
Statistics

Logistic Regression

Distribution Binomial or Bernoulli
Link Logit
Response 0...N; or 0,1

Matched case-control analysis
Conditional logistic regression fitted as
GLM

Distribution Poisson
Link Log
Response Case/control (1/0)

Survival Analysis/Event History analysis
Analysis of Person-Epochs

Distribution Poisson

Link Log

Response: (1/0) event occurs within
person-epoch(1/0)
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The GLM Algorithm

response vector y=[y,] link function  g(.)
distribution D() model matrix X

w =Ey,) Ui:g(,ui) n=Xp

fitted linear
values predictor
2 Var(yl.) on; '
T,=Vi= =8 (/ui)
¢ O,
Then:

-

(XUx)p = x'Uz

where:
u; = 1 ‘iterative weights’
i B !
[gi (ﬂi )]2
= 1 + 2" (u: i — 1) ‘working vector’

Weighted least squares algorithm
Weights u; and adjusted y-variate z; depend on

current fitted values
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START

( Guess j
( Ca Iculate)
g'(n)
Ca lculate
EXIT (T’ u, de
WLS solve
converge forB

Calculate Calculate
dev n
Calculate Calculate

T,2Z, U K, g (M)
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What is the deviance?

: —_ L model
Scaled deviance 2log[ LsatumtedJ
= 2 |Og I—saturated —2 Iog L

model

What is a saturated model?

This is a model with one parameter for
every observation. In a saturated model,
the fitted values will be equal to the
observed vy.

A saturated model has a (scaled)
deviance of zero.
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Specification in STATA
glm response explanators , options
response specifies the response variable
explanators specifies a list of explanatory
variables,

separated by spaces.

options specify
1. the probability distribution

family(gau) Normal

family(p) Poisson
family(b) Bionomial
family(ig) Inverse Gaussian
family(gam) Gamma

2. the link function

link(identity) Identity U

link(log) log log(u;)
link(power -1) reciprocal 1/ y;

link(power 0.5) square root /y;
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Through the graphical front end, it is slightly

easier

statistics>
generalised linear models>
generalised linear models

i glm - generalized linear model

M ain | I:u_l,l;"ih"inl Weightsl Fiobust SE I Dptinnsl .ﬁ.dvancedl W -:uptiu:unsl

Dependent varniable: |ndependent variables:

Family and [Fverse M egative
link. choices: Gaussian Gausszian Binamial Poizzon Biramial Gamma
[dentity ¥ [ (" [ [ (g
Log i [ (" [ [ (g
Logit '
Probit o
L. loglog [
Power i f [ i r i
Odds Power £
Meq. binom. i
Log-log [
Log-comp. [
| ok | Cancel | Submi
I

Note that only certain combinations of
distribution and link are allowed.
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Main Output from STATA

1.Scaled Deviance or Deviance
if scale parameter if scale
parameter
fixed not fixed

2.Degrees of freedom df
no. of observations in fit - no. of

parameters.

3.Estimates of fs with their standard errors.

4.predict fv, mu stores fitted values in fv
5.predict res, pearson stores pearson
6. residuals in res

Vi —
V(&)
predict 1lp, xb stores linear predictorin 1p
M= 2. B
Or through
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Example - Coronary heart disease data

Previously , we used blogit command.
Recall — we fit saturated model (all two-way
interaction model)

Xi: blogit r ni.chol i.bp i.chol*i.bp
warning message!!
Why does this give the correct likelihood?

For binomial data

logL =Y [r;log p; +(n; —7:)log(1- p; )]

The contribution of observation i to likelihood is
r; log p; +(n; —r; )log(1- p;)

In a saturated model, p: = r;/ n;

contribution is r logr, +(n, —r, )log(n, —r,)—n, log(n,)
In general, this is not zero, except when r; =0
or ri=ng

or ni=1

So, by omitting an observation with r;=0 from

the fit, the likelihood is still correct, although
the df is wrong.
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Now we use glm command.

xi: glm r i.bp i.chol i.bp*i.chol,

i.bp
i.chol
i.bp*i.chol

Iteration O: log
Iteration 1: log
Iteration 2: log
Iteration 3: log
Iteration 4: log
Tteration 5: log
Tteration 6: log
ITteration 7: log
Tteration 8: log

Generalized linear
Optimization

Deviance =
Pearson =

Variance function:
Link function
Standard errors

Tbp 1-4
Ichol 1-4
IbpXcho # #

likelihood = -25.732689
likelihood = -25.566649
likelihood = -25.555202
likelihood = -25.552663
likelihood = -25.552099
likelihood = -25.551956
likelihood = -25.551929
likelihood = -25.551925
likelihood = -25.551924

models
ML: Newton-Raphson

5.71545e-07

3.8199%94e-07
V(u) = u*(l-u/n)
g(u) = ln(u/(n-u))
OIM
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family (binomial n ) link(logit)
(naturally coded; Ibp 1 omitted)
(naturally coded; Ichol 1 omitted)
(coded as above)

No. of obs
Residual df
Scale parameter
(1/df) Deviance
(1/df) Pearson

[Binomial]
[Logit]
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Log likelihood

BIC

= —-25.55192355

5.71545e-07

AIC

5.19399

_Ibp 2
_Ibp 3
_Ibp 4
_Ichol 2
_Ichol 3
_Ichol 4
_IbpXcho 2 2
_IbpXcho 2 3
_IbpXcho 2 4
_IbpXcho 3 2
_IbpXcho 3 3
_IbpXcho 3 4
_IbpXcho 4 2
_IbpXcho 4 3
_IbpXcho 4 4
cons

[95% Conf.

Interval]

.3717537
1.317384
2.364124
.7248893
1.369177
1.810077
-.9194392
-.6165156
-.2231928
-17.21328
-1.045443
-.4893568
-.9172376
-1.63388
-1.203965
-4.068847

9219703
.929003

.8966094
.9238674
.8011622
.8162351

1
1
2
1

= e

1.30584
.038809
.049402
296.926
.085273
.0604648
.237861
061711
.040625
.713063

-1.

435275

-.5034288
.6068022

-1.

085857

-.2010724
.2102859

-3.
-2.
-2.

478839
652544
279983

-4519.105
-3.17254

.576029
.343401
. 714796
.243553
.466425

R R wWwW DN WD

1
4
1
1
1

.178782
.138196
.121446
.535636
.939426
.409869
.639961
.419513
.833597
484.679
.081654
.597315
.508925
4470359
8356237
2.67127
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predict fv,mu

list fv r

fv r

1. 3 3

2. ] 7

3. 2 2

4. 8 8

5. 3 3

6. 11 11

7. 2 2

8. 12 12

9 6 6

10. 11 11
11. 1.48e-07 0
12. 3 3
13. 4 4
14. 3 3
15. 11 11
16. 6 6

glm gives correct results for grouped data -avoid use
of blogit in STATA
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