STAT 902: Advanced Data Analysis

Introduction to
Semiparametric Regression

semiparametric
Regression

Diavid loppert, L P iand,
! and B, L Caeoall 3

Main Reference for This Lecture Why Semiparametric Regression?

. . . An Answer:
Semiparametric Regression

by D. Ruppert, M.P. Wand & R.J. Carroll
Cambridge University Press (2003)

Semiparametric regression is a flexible means of turning a
complex data set

into a
useful informative summary.
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Retirement Plan Example

The spreadsheet represents data on
9 variables

for
92 companies

serviced by a retirement plan organisation.



Business Question

How do the predictors

contrib group turnover eligible vest
failsafe match salary  susan

impact on the response variable:

contribution to retirement fund?

The ‘Susan’ Question

Retirement plan company has several sales representatives.

Susan is only one specifically trained to deal with

401(k) retirement plans.

Does Susan positively influence contributions to the plans?
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63733 0 10.00 33 1

25560 1 8.00 21 1

177970 0 10.00 67 1

86873 1 10.00 47 1

39051 0 10.00 12 1
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37898 0 10.00 25 1

41686 1 0.10 30 0

107657 0 14.00 21 1
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148274 0 14.00 99 1

91496 0 10.80 21 1
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26192 1 20.00 49 1

67353 0 14.00 52 1

22954 0 14.00 150 1

109116 1 14.00 246 0

18022 0 14.00 51 1
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Parametric Regression

An example of parametric regression is the
multiple linear regression model:

log(contrib.) = [Bg + B1group + (B2 turnover
+33eligible + B4vest + B5 failsafe
+ B¢ match 4+ 37 salary + (3s susan

“+error

Is the parametric regression model appropriate?

Will gain some insight by looking at

marginal effects...

log(contributions)

log(contributions)

10.0 105 11.0 115 120 125

9.5

10.0 105 11.0 115 120 125

9.5

marginal effect of group

group

marginal effect of Susan

T
non! group

Susan

T
non-Susan



log(contributions)

year—end contribution

10.0 105 11.0 115 120 125

9.5

150000 250000

50000

0

marginal effect of failsafe

—_—

T T
failsafe non! failsafe 17

marginal effect of no. of eligible employees

o
o]
o
o
o
]
° o
]
o
]
% o
]
0% ©° © %
o 4 9 o
o o
o°° °
o
% o® o‘P o
o 8 o
® o o©
oBC o8
o]
oPFR oo o
T T T T
100 200 300 400 18

number of eligible employees

log(year—-end contribution)

log(year! end contribution)

10.0 105 11.0 115 120 125

9.5

10.0 105 11.0 115 120 125

9.5

marginal effect of no. of eligible employees

100 200 300 400

number of employees eligible

marginal effect of salary

T T T T T T T
10000 20000 30000 40000 50000 60000 70000

average salary (dollars)

20



log(year! end contribution)

log(year—end contribution)

100 105 110 115 120 125

9.5

100 105 110 115 120 125

9.5

marginal effect of salary

0

T T T T T T T
10000 20000 30000 40000 50000 60000 70000 21

average salary (dollars)

marginal effect of salary

0

T T T T T T T
10000 20000 30000 40000 50000 60000 70000 22

average salary (dollars)

log(year—end contribution)

log(year! end contribution)

100 105 110 115 120 125

9.5

100 105 110 115 120 125

9.5

marginal effect of no. of eligible employees

100 200 300 400 23

average eligible (dollars)

marginal effect of no. of eligible employees

100 200 300 400 24

average eligible (dollars)



Susan’s Influence
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B, = 0.3467 (0.2248)
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group One-sided p-value is 0.062 so marginal evidence
of positive effect.
: Action: Don’t sack Susan!
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Improved Model A Note on Naming
B1 (group insurance)
+B2 Susan parametric regression
log(contrib.) = [3; (group insurance) + (2 Susan +8s (number _ of eligible _employees)
+ 33 eligible f(salary) nonparametric regression
+ f(salary) + error
combination of above semiparametric regression
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How To Do Nonparametric Component

(a) Straight Line Model

Dozens of approaches exist!
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The following slides explain the simplest

(b) Corresponding Basis

spline-based approach 2
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(a) Broken Stick Model
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Alternative Strategy

Penalisation!
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Smoother Parameter Aspect

The last figure involved

penalisation of the spline coefficients

Penalisation controlled by

A = smoothing parameter.
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Degrees of freedom alternative

A more meaningful measure of amount of
penalisation is:

(effective) degrees of freedom

= monotone transformation of .
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Spline Bases for Practice

In practice we use fancier spline bases that are

smoother

and

numerically more stable
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A Little More Jargon

The model discussed earlier:

log(contribution) = 31 (group)+32 Susan+3; (eligible)

is an example of an

additive model

120 130 47

+f (salary)+error
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Generalised Additive Models

If the response is categorical (e.g. ‘yes’/'no’) then
we get into:

generalised additive models (GAM)
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Software for Semiparametric Regression

¥ The R computing environment; with add-
ons (‘packages’) such as mgcv, gam and
SemiPar .

¥ S-PLUS, but becoming dated.
¥ SAS—e.g. PROCGAM
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References for Further Reading and Details

Semiparametric Regression
by D. Ruppert, M.P. Wand & R.J. Carroll
Cambridge University Press (2003)

(www.amazon.com , have credit card handy...)
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Free Summary Version (Examples, Not Theory)

Ganguli, B. and M.P. Wand (2005).
SemiPar 1.0 Manual.

www.uow.edu.au/~mwand/papers.html
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R Demonstration

Will now give a brief Rdemao...
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