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Chapter 5

Subset Selection in Poisson Regression

5.1. Introduction

In the previous chapters, we discussed variable selection in multiple linear
regression. If the response is count, then the usual multiple linear regression
is not appropriate. This is so, because estimated value of response from a
linear regression model can be negative which is not allowed for a count
response. If the distribution of response is a member of exponential family,
generalized linear model is usually advocated. In this chapter, we consider
the Poisson response model and develop a subset selection procedure.

Suppose response variable represents a count data of some relatively rare
event, such as defects in a unit of manufactured product, bugs in software etc.
In this situation, Poisson regression model is suitable for developing the
relationship between the observed count and potentially useful regressors or
regressor variables. Subset selection problem is of interest for linear
regression model, giving the best subset from the set of regressors. Similarly,
for Poisson regression model, one would like to obtain the best subset of
regressors. In literature, very few subset selection methods in generalized
linear regression models are available like Group least absolute shrinkage and
selection operator (Meier, Sara and Buhlmann, 2008), Least Angle Regression
(LARS) (Efron, Hastie, Johnstone and Tibshirani, 2004) which use a stepwise
algorithm to select a parsimonious subset for prediction. Guo and Li (2002)
illustrate that the Akaike information criterion (AIC) and Bayesian
information criterion (BIC) work well for selecting the correct model in the
error-in-variables Poisson regression.

In practice, number of regressors may be large; it is impractical to
implement an exhaustive search method. It is reasonable to think of a

stepwise procedure which is less time consuming and easy to implement.
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Many researchers have proposed such stepwise procedures to select the best
subset in linear regression set up. Some of which are due to, Thompson
(1978a, b), Efroymson (1960), Yamashita, Yamashita and Kamimura, (2007),
etc. In the present chapter, an effort is made to devise a criterion for subset
selection based on the deviance. A stepwise procedure for subset selection has
been provided.

This chapter is organized as follows. In Section 5.2, we take a brief review
of Poisson regression model. In Section 5.3, a new criterion for subset
selection in Poisson regression is proposed and some results on the same are
obtained. In Section 5.4, the proposed method is illustrated with numerical
examples. A stepwise procedure with illustration is presented in Section 5.5.
Performance of the proposed method is also evaluated through simulation

study in this section. Concluding remarks are given at the end of the chapter.

5.2. Poisson Regression Model and Some Basic Terms
The assumptions and model that encompass Poisson regression model are
as follows. Let Y1, Y2,...,Yn be necessarily independent Poisson variates with
respective mean g (i=1,2,...n). Let X'i= [Xio X Xi2 ... Xi], Xi0=1,1=1,2,....n
be the set of regressors. A set of regressors and y; are related via the model
M= exp(/\’;[s) A i= 1,25...,17 (521)
whereB =( B,.B,..---By) "

Parameter Estimation Method:
The log likelihood function for observed values y1, y2,...,yn is given by (Myers,
Montgomery and Vining, 2002)
In L(B.y)= E (— exp( X,'[)') + y,X,',B —In (y,!))
1=
Differentiating the above likelihood function with respect to # and equating it
to zero, score equation can be obtained. The score function for the estimation

of p is given by
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In matrix notation, we can write the above score function as,
X' (Y-u)=0.

This is nonlinear in . Thus, iterative reweighted least squares (IRLS)
method can be used to obtain MLE of B (see Myers, Montgomery and Vining,
2002). The stepwise procedure for the IRLS on the Newton-Raphson method
using log link is as follows:

Step 1 : Obtain an initial estimate of j, say B, using ordinary least squares.
Step I1: Use B, to estimate V = diag(1/y;), i = 1,..,nand .

Step IlI: Let ny = XBo;

Step IV: Compute z = 1o+ (Y — ) Z—Z;

Step V: Obtain new estimate f; = (X'V72X)7*X'V~'z and iterate until some

suitable convergence criterion is satisfied.

Deviance and Goodness of Fit:

First we define the deviance of the model.

Definition: Deviance: The deviance is defined as

- L(S)
D= 2| = e
i n[/‘(ﬂ)}

where, L(/3)is the likelihood of fitted model with £ replaced by its MLE and
L(f) is the likelihood for saturated model in which n parameters 2,4, ...

are estimated without the help of regressors.
In Poisson regression, deviance is given by

Y

- At
D(fr=2% ¥, In| 2]
;)

Many statistical tests are available in literature to test the goodness of fit of

the model. One of these tests uses likelihood ratio criterion. Deviance
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theoretically allows one to determine if the fitted regression model is
significantly worse than the saturated model (Myers, Montgomery and
Vining, 2002).

If the model is correct, model deviance D(f) is asymptotically distributed

as a chi-square variate with n-p degrees of freedom (Myers, Montgomery and

Vining, 2002), where p indicates the number of parameters in the model. The
smaller values of D(f) will indicate that model fits well to the data while
large values of D(/) will be an indication of inadequacy of the model. Thus, a
model is adequate or not can be determined based on the comparison of D( ﬁ’)
(full set of regressors) with D([j’o) (without any regressors). Extending this
idea further, we give a criterion for subset selection which is based on

deviance D(f) in Poisson regression.

5.3. Deviance Based Subset Selection Method
The full model is given by
E(Y)=exp{XS} (5.3.1)
We partition the X nxk matrix as {X1 pxp) : X2 nx kp)} and Bxxnas {f px1:
Ba ep x 1)}
Using the above partition, we rewrite the model in (5.3.1) as
EY)=exp{X, 5, +X,5,}
Define the subset model ‘A’ as
E(Y)=exp{X,f,}

The deviance for the model ‘A’ is given by

D(f4)=23 y; “{‘;J

Hiyg

where, /1, is MLE of z based on model “A’.

We compare the deviance D(/},f) with the deviance D(ﬁ)

corresponding to the full model by taking the difference
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D(f 1)~ D) (5:3.2)
Obviously, if the deviance of the subset model ‘A’ is close to the deviance of

full model, then a subset model ‘A’ will be enough to describe the data. On

the other hand, large value of (5.3.2) means that D(f,)is far away from D( B)
and a subset “A” is not as good as full model. If D(f) is ‘almost close’ to the

value of D(f3,), we can safely deploy the subset model for prediction purpose.

In the light of above discussion, we now define a criterion for subset

selection based on deviance function.

Definition: D), Statistic:

The statistic D, is defined as
Dy=D(,)- D(j)- (k-2p), (53.3)
where k and p are the number of parameters in full model and subset model
respectively, D(B,) and D(f3,) are deviance of the full model and Subset

model A respectively.

5.3.1. Distribution of Statistic Dp:

Consider the following testing of hypothesis problem:

Ho: #,=0VsHi: 3,#0

Here, the null hypothesis is that the subset model is adequate for the
prediction. The quantity D(B,) - D( f) is always positive because deviance of
subset model is always larger than that of full model. Moreover, D( 3,) has n-
p degrees of freedom and D(f3) has n-k degrees of freedom. Hence, D(B,) -
D(fB)has k-p degrees of freedom. If the null hypothesis is true and if n is
large, the quantity D([S’A) = D([}) has a chi-square distribution with k-p
degrees of freedom (Montgomery, Peck and Vining, 2006). To support this

statement following simulation study is carried out.
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Simulation Design:

A Poisson model comprising of four regressors Xi, Xz, X3 and X4 was
considered. X1 was generated from B(1, 0.4), and X», X3 and X4 from U(0,1).
We define two different regression models. The first model is based on X; and
Xz while the second model is based on Xj, X2 and Xa. Yi's were generated from
n.. The specifications

Poisson distribution with mean 4, = ¢* /7 ;=1.2, .,

of the two regression models considered are as follows.

Model Model Specification
I s =exp{5+Xi + 2X}
II u=exp{d5+X; + 2Xs + 3Xa}

Three sets each consisting 100 samples corresponding to Model I and 11
were generated. In the first set, samples of size 20 were generated. In the

second set, sample size was 50 and in the third set it was 100. We compute
D(/}‘J)-D(/}’) for each model defined above, where D(J) is the deviance for
the model which consist of four regressors Xi, X2, X3 and Xy and D(3,) is the

deviance for the subset model. The mean and variance of D( ,[Z«,)—D(,bl’) are

computed for each model and reported in the Table 5.3.1.

Table 5.3.1
Mean and variance of D, statistic excluding constant

Model Model | Model II
Sample | Sample Theoretical { Sample  Theoretical Sample Theoretical | Sample  Theoretical
size n Mean Mean Variance  Variance Mean Mean Variance  Variance

20 1.7576 2 2.2787 4 0.8894 1 1.1903 2

50 1.8659 2 3.2850 4 0.8963 1 1.8109 2

100 2.129 2 3.870 4 0.9591 1 2.1173 2

The chi-square test for goodness of fit was carried out for fitting of chi-

square distribution with k-p d.f to D( ﬁ:,)— D(ﬁ). The results are

the Table 5.3.2
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Table 5.3.2
Chi-square test for goodness of fit
Model Model I Model I
Sample size n T p-value 7 p-value
20 8.674597 | 0.122769 | 6.536736 | 0.257435
50 1.606772 | 0.952089 | 2276621 | 0.517015
100 1.865771 | 0.867389 | 0.991026 | 0.911154

Table 5.3.2 reveals that the quantity D(f,)- D(p) follows approximately

chi-square distribution with k-p d.f.

A simple graphical tool Q-Q plot (D’Agostino and Stephens, 1986) was
used to assess distribution of D(,B’.‘,)—D( B). Q-Q plots were constructed for

each sample and these are presented in Fig. 5.3.1.

From Table 5.3.1, 5.3.2 and Q-Q plots, we see that the quantity D(B,)-
D(pB) follows approximately chi-square distribution with k-p d.f. when

sample size is large.

As a final comment, we observe from Table 5.3.1 and 5.3.2 as well as the
Q-Q plots that for a sample size of 20 or less, the chi-square approximation is
not as good as that for a larger sample size. Nevertheless, this is not a serious
Jimitation of the proposed method as in real-life except possibly in situations
like the medical data on rare diseases, sample size is invariably large (at least
greater than 30 or s0) and so the distribution of the Deviance can be closely

approximated by chi-square distribution.
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Fig. 5.3.1
Q-Q Plots for Model I and II
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5.3.2. Some Properties of Statistic Dj:
We discuss below some of the relevant properties of D). To this end, we prove

the following results:

Lemma 5.3.1: E(D,)=p

Proof: As per the discussion in the Section 5.3.1, the distribution of D), statistic
excluding constant term is approximately chi-square with k-p d.f. Thus,
E(Dy) =E[D(8,) - D(A)] - (k-2p)
=(=P)= (k=2p)
=p
Based on this result, a selection procedure for selecting appropriate subset can
be devised in two steps as follows:
Step I: Compute D, for all possible subsets.

Step II: Select the subset corresponding to D, which is close to p.

Lemma 5.3.2: D, and C,, statistic are equivalent for normal responses.
Proof: Let Y1, Ya,...,Yn be independently distributed, where Y; has N(z,, o*)

variate, i=1, 2, ..., n. Then, the log likelihood is given by

2
| by R
In L(p)z—nln(a\@)—% Z(—'——&] (5.3.4)
<i=I\ O
For saturated model, we have p; =};
InL(u)=- nln(o*xf.'l—;) (§.5.5)
For full model,
e 2
In L(ﬁ)=~nln(o‘\/§)— - z(;ﬂ'J (5.3.6)
o ]:] g

where /1, is MLE of g,,i=1,2, ..., n, and fi; = X;$

Thus, deviance is
~ e ; o
(A== > (= 1)’
g o

RSS,

ag

(53.7)
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On the similar lines for subset model A, deviance under Ho (subset model is
an adequate) is given by

RSS

D(B,)=—" (5.3.8)
o
Thus, D, statistic is given by
RSS :
, = L RS?" —(k=2p) (5.3.9)
o o

As ¢’ is unknown, replace it by

0 S5,
O =
n—k

Thus, (5.3.9) becomes

RSS
s = E—(n-k)—(k-2p)

r ~L2
(o)

RSS.
= L—n-2p)

a2

=

5.4. Numerical Examples
In this Section, we demonstrate the performance of proposed procedure
through numerical examples. In the Example 5.4.1, we have used real data set

and in the Example 5.4.2, simulated data is used.

Example 5.4.1: In this example, the mining data (Myers, Montgomery and
Vining, 2002, pp. 142) is used. In the dataset, counts were observed on the
number of injuries or fractures that occur in upper seam of mines in the coal
fields of the Appalachian region in the Western Virginia. The variables
include; Xi: Inner burden thickness in feet, X2: Percent extraction of the lower
previously mined seam, X3: Lower seam height and Xi: Time that the mine
has been opened.

We define for sake of completeness the AIC criterion (Akaike, 1974). It is

given by
AIC = -2L + 2p,
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where L is the maximum log-likelihood and p is the number of

parameters in the fitted model. The D, statistic and AIC criterion are applied

to the data. The results are presented in the following table.

Table 5.4.1.
D, and AIC for Mining Data
Model AIC Dp
X1 172.1114 32.97601
X2 148.8919 9.75651
X3 174.1132 34.9778
X4 1723552 33.19984
X1 X2 144.3654 5.23009
X1X3 173.3420 34.20666
XXy 172.6622 33.52680
X2Xs 149.8588 10.72348
X2Xy 143.8988 4.76343
X3X4 173.4963 34.36098
X1 Xa2Xs 146.0221 6.88675
X1 X2X4 142.3121 3.17677
X1 X3X4 174.0410 34.90568
XoX3Xy 145.2918 6.156402
X1XoX3X4 144.1354 5

It is clear from Table 5.4.1, these two criteria pick up the same subset namely

{X1, Xz, X4}.

Alternatively, one can plot the values of D, against p and select the subset

corresponding to Dp which is close to the line D, = p.

Fig. 5.4.1 Plot of D,Vs p

PLot of P Vs Dp
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In the Fig. 5.4.1, the point (4, 3.17677) is close to the line D) = p. Thus, the
appropriate subset is the subset corresponding to D, = 3.17677. Hence, the

best model is based on Xi, X> and Xi.

Example 5.4.2: In this example, simulated data was used to study the
performance of the proposed criterion. 30 observations on X1 were generated

from B(1, 0.4) and those on Xz and X3 from U(0,1). Yi's were generated from
Poisson distribution with mean x, = exp{2+2Xy + Xa}, i=1,2,...,n. Dy and AIC

were computed and are reported in the following table.

Table 5.4.2.
Dp and AIC for simulated data.
Model X1 Xz X3 X1Xo X1X3 X2X3 X1 X2X3

AIC | 278.5612 1127.0480 1092.1680 182.6249 279.5561 1078.4830 183.5106

Dy 99.0506 9475328 912.6572  3.1143 100.0455 898.9727 4

VP BV RPPIVPLIPLILLUVLLLVLLLLLLOLOGOGOLGOGLEGGee o

The results of Table 5.4.2 reveal that both the methods pick up the correct
subset namely, {Xj, X2}. From the above examples, we conclude that the
performance of proposed method and AIC is same.

As discussed earlier, in applications, we may have a large number of
regressors and it is tedious to compute D, for all possible 2k - 1 subsets of
regressors. In the next section we propose a stepwise procedure for subset

selection based on D), criterion.

5.5. Stepwise Procedure for Subset Selection Using D) Criterion

In this method, after each variable is added to the set of selected variables,
a test is made to see if any of the previously selected variables can be deleted
without appreciably increasing deviance. This procedure incorporates criteria

for the addition and deletion of variables as follows.

89



TPV V0PI IPRPPILLVLLLLVLVVV VOO0 06 0@

a. Addition Criterion
Let D(f) p be the deviance with p-1 variables. Suppose the smallest
deviance which can be obtained by adding another variable to the present set
is D(f3) p+1. The ratio
g = 2B =~ DB,
D(S) . /(n=p=1)

is calculated and compared with Fy, npa1,q; the upper ath quantile of F-variate
P I PP q

with 1 and n-p-1 degrees of freedom. If Ry is greater than Fi, np1,q, then the
corresponding variable is added to the selected subset of variables.
b. Deletion Criterion

With p - 1 variable in the selected subset, let D([S’)p 1 be the smallest
deviance which can be obtained after deleting any variable from the

previously selected variables. The ratio

2 < DB = D),

. L (5.5.2)
D(B), [(n- p)

is calculated and compared with an Fi, np, a. If R2 is less than Fi, np, o, then the
corresponding variable is deleted from the selected subset model.
Based on above addition and deletion criteria, we give an algorithm for
selecting the appropriate subset.
c. Algorithm
Let S denotes the set of regressors included in the subset model.
Initially, let S = {Xo}. The stepwise procedure is as follows.
Step: L.
Regress Y on all the variables and compute deviance of the full
model.
Step 1.
Regress Y on each variable and compute D, statistic. Add the
variable to S that corresponds to minimum D,. Suppose ith

variable is selected at this step. Then S={Xo, Xi}.
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Step III.
Regress response variable Y on previously selected variables
and single variable from set of unselected variables. Obtain D)
statistic. Repeat the same for all unselected variables. Select that
subset which corresponds to minimum D,. For this subset,
compute Ri. If R1> Fi,np1,q include this variable in S and go to
next step otherwise terminate.

Step V.
If number of variables in selected model in step III is greater
than two then go to the next step otherwise repeat step III.

Step V.
Regress response variable Y on currently selected variable and
eliminating single variable from set of selected variables and
obtain D, statistic. Repeat this for all previously selected
variables. Compute Rz for the subset corresponding to
minimum Dp. If Rz < Fy, np, « then remove that variable from S
otherwise go to next step.

Step VI.
Repeat Steps III to V until no addition is possible or all the

variables are included in S.

5.5.1. Illustration

Let us illustrate the above stepwise procedure by applying it to the
simulated data comprising of eight regressors generated from U(0, 1). Sample
size was 50. The response variable Y was generated from Poisson distribution
with mean p =exp{2+X;+Xo+X3+2X4+2X5}. The results are summarized in
Table 5.5.1.The total number of all possible subsets in this case is 255. The
number of subsets analyzed to arrive at the decision is 42. We see that this

method reduces computations to a greater extent (approximately 84%).
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Table 5.5.1
Stepwise procedure for subset selection
Step Minimum D,, R, R» F. Fq S Decision
! 12;;553 3 = i {4} Continue
= : - - 4,5 ‘
1 4866.836 11.461 = 4.0471 {4, 5} Continue
{3.4,5) o (3,4) .
& = = & 7 31 4/ 5 C t
I e JOUBREE S, 405179 405179 (3, 4, 5) Srtiane
/ ehiiae 2 ) 405 5 L
IV 1785.858 33.3923 3211.631 4.05661 4.05661 {2, 3,4, 5} Continue
{1,2,3,4,5) {1,2,3,5) ! .
: ’ ; 234
\ e 166676 't 406170 406170 (1,2,3,4,5) @ontings
/ (1.2.3,4,5, 6} 1.0724 f " No addition.
i 6.684952 107248 4.06704 {1,2,3,4,5) Terminate

*{i,j, k, ... } are the subscripts of X;, Xj, Xk, ....
From Table 5.5.1, we see that stepwise procedure and D, statistic select a
proper subset namelyXi, Xo, X3, X4, and Xs.
Model selection ability of the criterion D, is demonstrated by using

simulation. In this simulation study we consider two simulation designs as

follows:

A: All the Regressors Generated from Uniform distribution
In this study, 500 random samples of size n on regressors Xi, Xz, Xa, X4
and Xs were generated from U(0, 1). Yi's were generated from Poisson
distribution with mean z, as specified below. The D) criterion was applied
to each sample to select the appropriate subset. Thereafter, number of
times the criterion selects the correct model was counted. The same
procedure was repeated for five different models specified in Table 5.5.2

and for sizes 10, 20 and 50. The model selection ability is presented in the
Table 5.5.3.
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Table 5.5.2
Submodel Specification
Model Submodel Specification
I w1 =exp{2+2Xy + Xo
11 1 =exp{0.5+X; + 2Xo}
111 u=exp{1+0.5X; + X5+ Xy}
IV u=exp{l+Xi + 1.5X4}
\Y% u=exp{Xi + Xs}
Table 5.5.3
Model selection ability (%) of D,
Sample size n 10 20 50
Model Correct | Incorrect | Correct | Incorrect | Correct | Incorrect
I 77 23 76 24 68 32
11 79 27 68 32 71 29
111 74 26 81 19 80 20
IV 78 22 79 21 69 31
Vv 69 31 83 17 70 30

B: All the Regressors Generated from Different Distributions

The same design in case (A) is followed except only four regressors are
considered. X; was generated from B(1, 0.4), X> was generated from U(0,
1), X3 was generated from N(0, 1) and X3 was generated from Poisson(1).
Subset model specifications used were same as that given in Table 5.5.2.

Table 5.5.4 demonstrates the model] selection ability of D,.

Table 5.5.4
Model selection ability (%) of D,
Sample size n 10 20 50
Model Correct | Incorrect | Correct | Incorrect | Correct | Incorrect
| 80 20 78 22 74 26
11 i 23 82 18 76 24
111 85 115 84 16 89 11
1Y% 82 18 82 18 81 19
V 80 20 83 17 82 18

It is clear that the performance of the proposed method is good

irrespective of sub model specification and sample size (n). Further, we have
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also verified that the performance of stepwise procedure is same as that of D)

statistic.

5.6. Concluding Remarks

The subset selection method introduced here is based on deviance and it is
simple to implement. The performance of the proposed method to select
appropriate subset model is more than 70%. The prominent feature of the
proposed criterion Dy is to devise a stepwise procedure for subset selection.
This procedure helps in reducing the time and cost for computational purpose
when large number of variables are in the model. We have implemented the
stepwise procedure using R software. The code is given in the appendix. A
part of this Chapter is published as an article entitled “Subset Selection in
Poisson Regression” in Journal of Statistical Theory and Practice (2011),

Volume 5, Number 2, Page No. 207- 219.
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Appendix - I
Matlab Code for JRM Estimator:
Matlab codes for computation of the smaller MSE frequency and Average

MSE of OLS, ORR, OJR, M- and JRM estimator.

clc

clear all

fid=fopen ('OUTPUT1.xls', 'w');
for 1=1:4

p=4;

samplesiz=[20 30 50 100];
rowvector=[0.9 0.99 0.999];
ey sd=i " REEEgE2 0301

for j=1:length(rowvector)
rowvect=rowvector (j);
for k=l:length(errsd)
ERRSD=errsd (k) ;
sumb=0; sumbl=0; sumb2=0; sumb3=0; sumbd=0; sumb5=0;
MSEOLS=0; MSEORR=0; MSEOJR=0; MSEMES=0; MSEJRM=0;
n=samplesiz (1)
ro=rowvect
EV=ERRSD $ error standard deviation
itr=10000;
clear =
clear y
clear s
fior i=l:ifr
a
xnorm=normrnd (0,1,n,p+l);
for i=1l:p
Ll i=c anriEili-rorre)NiFxnerm (i) frosxnorm( <, p+l).;
end
X7
X=[ones(n,1) x];
erxror=normrnd(0,EV,n,1);
BeilEiH A S BE0 5] L
y=X*B+error;
ylll=y;
bll=inv (X' *X) X' *y:
yhatl=X*bl;
err=(y-yhatl);
nn=abs (erxr);
T= sort{nn);
for = 12 n
if abs(y(i)-yhatl (i))==T(n)
y1(i)=20*y(i);
else
yl{i)=1*y(i):
end
if abs(y(i)-yhatl (i))==T(n-1)
y11(3i)=20%yl (i);
else
yil(i)=1*yl(i);
end
0 apo{vii)=yhatl (i) )==T(n=2)
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y2 (1)=20*yl1(i);
else
y2 A =1sydd (i)
end
end
Y=yl
Sy=y1ll';
ty=y2';
siz=size(x);

% Conversion to Standardized and canonical form

mx=mean (x) ;

sx=sgrt (n-1) *std(x)

for i=1:p
s(:,i)=(x(:,i)-mx(i)*ones(n,1))*inv(sx{i));

end

S%

S=lenes(n, 1), sl: % standardized design matrix

ps=inv (S 2S) =S Ey;

[Q;ul=eig(s'*s);

z=5*Q;

% Computation of OLS estimator

Z=[ones(n,1), z]:; % Canonical form of design matrix
all=inv(ZY*2)=Z"*y; % OLS in canonical form

yhat=2%*al;

OLS1=0Q%a;

OLS2=0L.S1 . /sx";

OLS3=al (1) -mx*0OLS2;

OLS=[OLS3 OLS2'] ', % OLS estimator

% Computation of M-estimator

WW=eye (n,n) ;

delta=0.000001;

maxl1=1.00;

while maxl > delta
bz=inv(Z'*WW*Z) *Z"' *WW*y;
yhatz=Z*bz;
r=y-yhatz;
kl=1.4826* (median (abs(r-median(xr))));
F2=r/kl;
c=1.345%0ones (n,; 1) ;
Fl=min(F2,c);
Sl=-minilec,-El):
Wj=S1./F2;
WW=diag (Wj) ;
pm=iny (Z"*WW*Z)*Z"' *WW*y;
maxl=max (abs (bm-bz));

end

bm;

am=bm (2:p+l) ;

MES1=0*am;

MES2=MES1./sx';

MES3=bm(1l)-mx*MES2;

MES=[MES3 MES2']';

% Computation of ridge parameter

yhatbm=2*bm;

e=y-yhatbm;
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M=1.4826*median (abs(e-median(e)) )
k=p* (M*M) / (am' *am) ; $ Ridge parameter

% Computation of ORR estimator

I=eye(p/p);

R=k*T;

A=u+R;

azORR=(I-R*inv(A)) *a

ORR1=0Q*azORR;

ORR2=0RR1. /sx';

ORR3=al (1) -mx*ORR2;

ORR=[ORR3 ORR2']'; % ORR estimator

% Computation of OJR estimator

azOJR=(I-R*R*inv (A*A))*a

OJR1=0*az0JR;

OJR2=0JR1./sx';

OJR3=al (1) -mx*OJR2;

QUR=TOUR3 GJR2"] " % OJR estimator

% Computation of Jackknifed Ridge M-estimator (JRM)
azJRM= (I-R*R*inv (A*A) ) *am;

JRM1=0*azJRM;

JRM2=JRM1. /sx';

JRM3=bm (1) -mx*JRM2;

JRM=[JRM3 JRM2']"'; % JRM estimator

% Computation of MSE of various estimators
MseJRM= (JRM-B) ' * (JRM— B) MSE of JRM estimator

oo oo

=
MseMES= (MES-B) '* (MES-B) MSE of M - estimator
MseOJR= (QJR-B) '* (OJR- B) $ MSE of JRR estimator
MseORR= (ORR-B) ' * (ORR-B) ; % MSE of ORR estimator
MseOLS= (OLS-B) ' * (OLS-B) ; % MSE of OLS estimator

MSEJRM=MSEJRM+MseJRM;
MSEMES=MSEMES+MseMES;
MSEOCJR=MSEOJR+MseOJR;
MSEORR=MSEORR-+MseORR;
MSEQOLS=MSEOLS+MseOLS;

% Comparison of MSE of various estimators
MSEVECT=[MseJRM MseMES MseOJR MseORR MseOLS];
MIN=min (MSEVECT) ;
1f MIN==MseJRM
Sbl=1;
else
Sbl=0;
end
1if MIN==MseMES
Sb2=1;
else
Sb2=0;
end
if MIN==MseOJR
Sb3=1;
else
Sb3=0;
end
if MIN==MseORR
Sbd=1;
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ho=sumb2+3b2;

R

end
~ MJRM=MSEJRM/itr;
e MMES=MSEMES/itr;
s - MO MSEOJR/itr;

CE(£id, '81.48\E %1.48\t $1.4£\t $1.4f\t 31.4f\t
t $1.4f\t $1.4F\t $1.4f\t 81.4£\t\n', MJRM, MMES,
MORR, MOLS, sumbl, sumb2, sumb3, sumb4, sumb5);
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Appendix - II

Matlab Code for computation of C,,, Sy, Ry, and GS,, Statistics:

Matlab Code for computation of Cp, Sy, Rp and GS, for all possible subset

models.

clc

clear all
x=[ >
y=I 0
siz=size(x);

n=siz (1);
iz

X=[ones(n,1l) x];
bli=inu (X FX)*X s
vhatolsout=X*bl;

errout=(y-vhatolsout) ;
nn=abs (errout) ;
T= max (nn) ;
far 4= 1z n
if abs(y(i)-yhatolsout (i) )==T
yl(i)=100;
else
yi(i)=1*y(i);
end
end
‘: _\/:yl 1 :
298595890598 for Cp 5323253528055 22%25032%050%%%8%3000%%308000%%8%%%4%%
be=invi(X ' *X) X" *y; § OLS estimator
yhatols=X*b;
err=(y-yhatols);
mrss=err'*err/(n-m-1);
2%32%%%%%% subset Selection using Cp %%%%%%088%%22%%%%8535%8%55%%%%%%
u=0;
for i=1:m

h=nchoosek(m, 1i);

B=[{1:m];

k1ll=nchoosek (B, 1);

for j=1:h
u=u+l;
ss=k111(j,:);
sl=x(:,88);
c=ones(n,1);
Sl=[o s1];
Di=size(S1);
p=D1(2):
bhamingiSl I *51 ) * ] Vo
yhatolss=S1*bs;
errs={y-yhatolss);
mress=errs'*errs/ (n-p);
Cplu)=errs'*errs/mrss-(n-2*p);
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WW=eve (n,n);
delta=0.000001;
maxl=1.00;
while maxl > delta
bm=inv (X'"*WW*X) *X' *WW*y;
yhatm=X*bm;
r=y-vhatm;
kl=1.4826%* (median (abs(r-median(r))));
F2=r/kl;
c=1.345*cnes (n,1);
Fl=min(F2,c);
Sl=—mani{c;,=Fl);
Wj=S1./F2;
WW=diag (W) ;
bmf=inv (X"*WW*X) *X"*WWN*y;
maxl=max (abs (bmf-bm)) ;
end
bmf£ ; $ M-estimator
am=bmf (2:m+1) ;
yhatm=X*bmf;
em=y-yhatm;
M=1.4826"median (abs (em-median(em)));

%% subset Selection using Sp ©%%%

u=0;

for i=l:m
h=nchoosek (m, i);
B={1:m};
k11ll=nchoosek(B, 1i);
for j=1l:h

u=u+l;

ss=k111(j,:):

sl=x(:,88);

o=ones(n,1);

Sl=[0o sl];

Dl=size(Sl);

p=D1(2):

bs=inv (S1'*S1)*S1'*y;

WW=eye (n,n);

delta=0.000001;

maxl=1.00;

while maxl » delta
bms=inv (S1'*WW*S1)*S1'*WW*y;
yhatms=81*bms;
rs=y-yhatms;

ks=1.4826* (median(abs(rs-median(rs))));

F2=r/ks:

e=1,345*ones (n, 1) ;

Flemin (F2,e);

Sgl=-mini(c, "FlL}:

Wi=8S1./F2;

WW=diag{Wj)

hmfs=inv (S1'*WW*S1)*S1"' *WW*y;
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maxl=max (abs (bmfs-bms) ) ;
end
bmfs;
yhatms=S1*bnfs;
Sp (u)=(yhatm-yhatms) ' * (yvhatm-yhatms) /M"2- (m+1-2*p) ;

mx=mean (x) ;
sx=sgrt (n—-1) *std(x);
foxr 1=1:m
sHEa = (s, 1) mx (1) *ones(n, 1)) *inv(sx(i) )

end
S
S=[ones(n,l), s): $ standardized design matrix

bst=inv (S'*S}*S'*y;
bstl=bst (2:m+1);

% OLS and ridge parameter estimation

vhatst=S*bst;
rssst=(y-yhatst)'* (y-yhatst);
mrssst=rssst/(n-m-1);

kr=m* (mrssst)/ (bstl'*bstl);
Id=eye (m+1,m+1);

Br=inv (S Stkr*Id) ~S"*y;
brol=inv (diag(sx))*br(2:m+l);
bro2=mx./sx;
bro3=bro2*br(2:m+l) ;
brod=br (1) -bro3;

bro=[{brad brol'l";
yhatstr=X*bro;
rssstr=(y-yhatstr)'* (y-yhatstr);
mMrosstr=rssstr/ (n—m=1)5;
Idl=eye (m,m);
Hr=s*inv(s'*s+kr*Idl)*s';
PHr=trace (Hr'*Hxr);

Qo0 g 20800 1 1 06000000000 000000000000000000000
2%2%9%9%%% subset Selection using Rp %%%%2%%%38%%%0%0%085%8%%%%%%%5%%%

cr i=1l:m

h=nchoosek (m, 1i);

B={1:m};

klll=nchoosek (B, i);

for j=1:h
u=u+l;
ss=k111(3,:):
sl=s(:,88);
o=ones (n,1);
Sl={o sl1];
Di=size(S1l);
p=D1{2):
bstes=inv(81'*S1)*81"'*y;
bstsl=bsts(2:p):
yvhatsts=51*bsts;
rsssts=(y-yhatsts)'* (y-yhatsts);
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mrsssts=rsssts/ (n-m-1);
krs=m* (mrsssts)/ (bstsl'*bstsl);
Id=eye(p,p);
brs=inv(S1'*Sl+krs*Id)*S1l'*y;
mxl=mx(ss);
sxl=sx(ss);
brol=inv(diag(sxl))*brs(2:p):
bro2=mxl./sxl;
bro3=bro2*brs(2:p);
brod=brs(l)-bro3;
bros=[brod broil]':;
Xsl=x(:,s5):
Xs=[o Xsl];
yhatstrs=Xs*bros;
Id2=eye (p-1,p-1);
Hrs=sl*inv(sl'*sl+krs*Id2)*sl';
THrs=trace (Hrs'*Hrs);
Rp(u)=(yhatstr—yhatstrs)'*(yhatstr—yhatstrs)/mrssstr~
THr+THrs+p;
end
end

oo
S
7

S
o
oD
oD
of
th
o
H
©

o

o
ofP
oo
oo
oR
o
oP
of
oo
a0
o0

mx=mean (x) ;

sx=sqgrt (n-1)*std(x);

for i=l:m
s(:,i)=(x(:,i)—mx(i)*ones(n,l))*inv(sx(i));

end

"

S=[ones(n,1), sl: ¢ Standardized design matrix
bs=invi{iS & 8) x5 %y,

[D,ul=eig(s'*s);

z=570;

% lse and ridge parameter estimation

Z=[ones(n,1),
Y=imu {2 X 2) R By

zil % Canonical form of design matrix
a %

a=al(2:m+l);
i

QLS in canonical form

hato=%Z*al;
rss=(y-vhato) '* (y-yhato);
mrss=rss/ (n-m-1);

% Estimation of M-estimator

WW=eye(n,n):

delta=0.000001;

max1=1000000.00;

while maxl > delta
bz=inv (Z'*WW*Z)*Z'*WW*y;
yhatz=2"bz;
r=y-yhatz;
kl=1.4826* (median (abs(r-median(zr))));
F2=r/kl;
c=1.34h*ones (n,1);
Fl=min(F2,c):
S1ll=-min{c,-F1);
Wi=s111l./E2;
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WW=diag (Wj) ;
bm=inv(Z‘*WW*Z)*Z'*WW*y;
maxl=max (abs (bm-bz));

end

bm; $ M-estimator

am=bm(2:m+1) ;

yhat=Z*bm;

e=V_vhat:

M=1.4826*median (abs (e-median(e)));

% ridge parameter by M-estimator

k=m* (M*M) / (am' *am) ;

% Computation of Jackknifed Ridgetype M-estimator (JRM)

I=eye(4,4);

R=k*T;

A=u+R;

delta=(I-R*R*inv (A*A)) ;

azJRM= (I-R*R*inv (A*A) ) *am;
aJRM=[bm(l) azJRM']"';
betaJRM=aJRM; % JRM estimator
vhat JRM=Z*betaJRM;
eJRM=y-yhat JRM;
T=(WW*z*inv(z"*WW*z) *delta*z');
Ts=trace(T'*T);

¥
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% Estimators of scale parameter

sigma2=1.4826*median (abs (eJRM-median (eJRM) ) ) ;
scaledeJRM=eJRM/sigmaz;
fom = diq
if abs(scaledeJRM(i))<1.345
sigma7l (i)=1;
else
sigma71(1)=0;
end
end
sigma72=sum(sigma’7l) ;
sigma73=1+((m+1l)* (l-sigmai2))/ (n*sigma72);

for i= 1l:n
if abs(scaledeJRM(1))<=1.345
sigma741(i)=1;
sigma741l (i)=0;

742=(sum(sigma74l)/n)"2;
74=(n-m-1) *sigma742;

ot o

edeJRM (i) )<1.345
1(i)=(scalededJRM(1i))"2;

end :
sinma752lsum(sigma751))”Z*SigmazAZ‘Snga7jA2;
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sigmal=sigma75/sigma74;

B5EE¥VE828% subset Selection using GSp $E33335%338%85%%%

h=nchoosek (m, 1i);
B=[1l:m];
klll=nchoosek (B, i):;

for

j=1:h

u=u+tl;

o=t oR

sl=s(:,ss);

o=ones{n,1);

Si=f{o sl];

bs=invi{S1'*51)*S1"*y;

[Q1l,ul]}=eig(sl'*sl);

zl=s1*Q1;

Zi=lo Z11;

Dl=size (S1) ;

p=D1(2);

a2l=anv(Z1"*Z21)*Z21'*y;

a2=a2l (2:p);

yhato2=Z1*a2l;

rss2=(y-yhato2) '* (y-vhato2) ;

mrss2=rss2/(n-p);

WWl=eye(n,n);

deltal=0.000001;

max11=1000000.00;

while maxll > deltal
bzl=inv{Z1'*WW1*Z1)*Z1'*WWl*y;
yhatzl=Z1*bzl;
rl=y-yhatzl;
k1=1.4826* (median (abs(rl-median(rl))));
F2=r/kl;
e=1.345*cnes(n, 1) ;
Fl=min(F2,c) ;
Sl2l=—minic, =Fl);
Wi=S121./E2;
WWl=diag (Wj) ;
bml=inv (21" *WW1*Z1)*Z21"'*WWl*y;
maxll=max (abs (bml-bzl));

end

bml;

aml=bml{(2:p);

yhat12=21%bml;

el=y-yhatl2;

M11=1.4826*median (abs(el-median(el))):

msell=(y-yhatl2)'* (y-yhatl2)/(n-m-1);

MM1l=1.4826*median (abs(el));

I=eye(p-1,p-1};

ks=(p-1)*(M11-M11) /(aml'>aml);

Rl=ks*I;

ulZ=nl*ones (p=1,1);

uz=ul2(l:p-1);

u3=diag(u?);

Al=u3+R1;

azJRMl= (I-R1*R1*inv{A1*Al)) *aml;

adRMl=(bml (1) azJRM1']"';
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Appendix - ITI

R Code for Subset Selection when Error follows Non-normal Distribution:

(Standard Cauchy Distribution when n = 30)

QP<=-500

for (i dn 1:0)

{

pRint (1)

N<-30

m<-4

errorNl<-rnorm(N, mean=0, sd= 1)
errorN2<-rnorm(N, mean=0, sd= 1)
errorC<-erroxrNl/errorN2

Xl<—rapi BN imiin=0, max=1)
xZ2<-runif (N, min=0, max=1)
xX3<-runif (N, min=0, max=1)
¥4<-runif (N, min=0, max=1l)
x0<-as.matrix(rep(l,N),nrow=N,ncol=1)
B lc—aaumatrix (e (15, 5, 8, 0, 0))
»5<-as.matrix(cbind(x0,x1,x2,x3,x4))
%6<~-x5%*%bll+errorC

Xi<-as.matrix (x5[1:N,c(2;: (m+1))])
x<-as.matrix(cbind(x6,x7))
N<-nrow (x)

C<-ncol (x)~-1

z1<- as.matrix(x[1:N,c(2:(C+1))])
zt<-as.matrix(t (zl))

# Extracting rows and adding row #

yl<-as.matrix(x[1:N,1])
y<—yl-mean(yl)

meanzl<-1:C

forfd an 13C)

{

meanzl[i)<-mean(zl[,i])

}

tmeanzl<-t (meanzl)
vli<-as.matrix(rep(l,N),nrow=N,ncol=1)
mean<-v1%*%tmeanzl

zc<—-zl-mean
west<—(solve(t(zc)¥*%zc))2*S(t(zc)B*ky)
yest<-zl%*%west

delta<-0.00005

max1<-1000000

while (maxl>=delta)

{

res<-{yi-yest)
rankl<-as.matrix((rank(res)-((N+1)/2)))
Six—as matrix (211N, c(1:C)])
meanzl<—-1:C

for(i an 1:C)

r
1

meanzl [i]<-mean(zl{,1])

1

}
tmeanzl<-t (meanzl)
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vli<-as.matrix(rep(l,N),nrow=N,ncol=1)
mean<-vl%*%$tmeanzl
zc<-zl-mean
d<-solve(t(zc)%*%z
w<-as.matrix(z1l%*%
Rs={IN=I(N=-1) /2)
th<-1:K

th2<-0

thé<-0

k<=0

i<-0

for(i in 1:(N-1))
{

for(l im ((i+1):N)
{

k<—-k+1
thlk]<-wii]-w[]j]
thl<-th[k]
ratiol<-res[i]-res[j]

c) $*’¢t (ze) ¥*%rankl
d)

thl0<-ratiol/thl
th2[k]<-thl0
th3<-abs(thl)+thd4
thd<-th3

}

}

I<—1:K

wh<-0

e prara eyl G
whi<-abs (thb) /thd
wh{i)l<-wh4

3

]

so<-data.matrix(cbind(th2,wh))
e<-solorder (th2),]
cusum<-cumsum (e[, 2])

da<-cbind(e, cusum)
c<-da[length(which(cusum<=0.5)),1]
bestnew<-west+c*d
yestnew<-zl%*%bestnew
yest<-yestnew

diff<-as.matrix(abs (bestnew-west))
maxl<-max (diff)

west<-bestnew

}

residual<-yl-yest
intercept<-median(residual)

beta<-as.matrix(cbind(intercept, t (bestnew)))

cnes<-as.matrix(rep(l,N),ncol=1)
z0<-as.matriz(cbind{ones,zl),ncel=2)
pred<-z2%*%t (beta)

finalres<-(yl-pred)
vrankZ2<-as.matrix((rank(finalres)-((N+1)/2)))

srwrEF<—-t{rank2)i*%finalres

nofire<-nrow(finalres)
nm<~nofire* (nofire+l) /2
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k<=0

soaij<-0
aij<-l:nm

fFor (@ ans N)

{

for(a in a:N)

{

k<=k+1
aijlk]<-(finalres[i]+finalres[j])/2
}

}

soaij<-sort (aij)
a<-N* (N+1) /4

b<-sgrt (N* (N+1)* (2*N+1)/24)
cl<=round((1/2)+a-1.645%b)
c2<-round((1/2)+a+l.645*b)

F<—sgrt (NA(N=(CT1)1) )

tou<-0

tou<-frsqgrt (N)* (socaijlc2]-soaij[cl])/(2*1.645)
tou

beta

FREFELEEEEELEEEREAEEEESERESUDSEt Selection FHEHfAEHEEAESASEEEEREEES

z5<-as.matrix (cbind(rep(1,N),z1))
I1<-ncol (z5) -1

Fertlran 1:Tl)

{

comb<-combn (1:11,1)
choose<-choose (I1,I)

for{n in l:choose)

{

# Extracting rows and adding row f#

20l<=75[1:N,c(l,comb{;nl+l)]
cll<-ncol (zll)
z6<~as.matrix(z1l1[1:N,c(2:c11)1)
nc<-ncol (z6)

C<-ncol (z6)

zt<-as.matrix(t(z6))

:
>
»
;
>
>
>
1
>
>
?

# Extracting rows and adding row #

yl<-as.matrix(x[1:N,1])
v(—y1—mean(y1)
weanz6<-1:C

e An 1:C)

N ‘1

(@)

meanz6[il<-mean(z6[,1])

' ST J e =

¢

nz6<-t (meanz6)
as.matrJV(rep(l,N),nrowrN,ncolrl)
n<-vl%*%tmeanz6

-z6-mean

~{splve (t(zc)R*%zc)) ¥*% (t(zc)8*%y)
-ﬂ"ﬂ‘*‘west

1<=-0.00005

-1000000

InE 4

D06 =3
0 0 *\ QL‘ A
et

;’\

’\Cx
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Appendix - IV

R-Code for Stepwise Procedure:

Following is the R function devised to implement the stepwise procedure

developed in Section 5. The function is named as “subpoisreg”. The usage of

the function is as follows:
>subpoisreg(x)
where ‘X', argument to the function, is a dataframe with first column as

response, second as column of ones and rest of the columns as regressors.

subpoisreg<-function (x)

{

C<-ncoel (x)

N<-nrow (x)

Z<= as.matrix(x[1:N,c(2:ncol(x))])
Y= as.matrix (x[1:N,c(1:1)7])
ml<-glm(¥Y~z, family=poisson);
m2<-deviance (ml);

Mz

#8448 ### one/two variable SRS R SRR RS R LR T R R
#Hi#dEE{#H#E4 Selection of -1 #ﬁ#;n#¥+#ﬁﬁ§r####$##ﬁﬁh######ﬁﬁ##ﬁhn#%n
no<-necol (x)-=2

if(ne<3) |

if(no>0) {

Z==xil, clZ:ncol (x))]

y=tmabrinxi(xl, 1)

y=x{[,1]
L~ {xp, 3:C

{

Z2A<=22010 4]

ml<-glm(y~zl, family=poisson)
mZ[i]<-deviance (ml)

m3[il<-1

}

muxuso ind(m3,m2)

Dl<— 12 )

LI Z

ci<-colnames(z[v])
XO0<~-rep(1,N)
r<=obir nd (X0, z)
z2<=z [ ol vil) ]
Ifnoc2) clc-o("XaM) else cl<=
'clrame“{u'l/')
2 i, =11
) {z<-z[,c(-(v+1))]} else print ("no
fu'r“ for .)e.,.k(.a,uon")
z} else Hrint("sel@cted model is only intercept model")
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z220<-cbind (z2, z)
gls—as.macrax (220[,=(2)1)
c2<- colnames (z2 0310
ml<—glm(y~zl, family=poisson)
D2<— dev1ance(m1)
ps=ncolzl)

Tl (R -—DR2) /(D2/ =5
Bl<cqu (09501, )
c2<—cbind{ecl, c;)
1f(rl<fl) e3<-cl else c3k-c2
print(t (c3))

print ("terminate")

} else {

2

L)
)

$EdsaaHEEEEEE Selection of -1 &#EtffiffEFEnHifiss

nos-ncel (x) -2
if(no>0) {

gl ef2eoncol (x))]
M= maerean e (el 10)0)
y=x[,1]

gi— (2], 3:C])
z20<-as.matrix(z)
cz<-ncol (z20)
me<-lccz

Hs<=1:cz

o i an ditez)

{

z21<-220[,1]
ml<-glm(y~zl, family=poisson)
m2[i)l<-deviance (ml)
majil<=a

)

mé4<-cbind (m3,m2)

cl<-colnames(z[v])
MC<—rep(1,N)

-cbind (X0, z)
92(—~{, (1,v+1)]
difine<?) cl<=c {'X1'") else cl<=
colnames (z2[2])
p‘*np(t(cl))

z2<=22(,~-1]
lf(h0)¢j fzs—zil, cl=( —hians sk i)
variable for sclection")

#HfEi##4EH##8 Selection of — 2 ##ff#sfEssstds

]} else print ("

SEEEEEESEEEHABRAEAALAAAS

PR EEEER R AR AR RS

no

} else print("selected model is only intercept model")

GikbbEsiEfiitt Selection of — 2 fiHfif#sHFaAtHAZHEREHEFFAERAT AR AHBEERES

if{no>1) |

cz<-nceol (as.matrix(z))
mZ2<=l:cz

m3c<=1 0z
z20<~as.matrix(z)
farys an licz)

o

zlz-as.matrix(cbind(z2, z20 [ a0

mi<-glm{y~z1, family=poisson)
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2[i]<-deviance (ml)
m3[il<-i

}
mé<-cbind(m3,m2)

D2<-min (m2)

v<-which (m2==D2)

ps=ncel(izl)

if (no<3) {z21<-cbind(X0,z20)
c2<-colnames (z21[2))} else {c2<-
colnames(z[v])}

el i<—cbind{cl,cZ)
priﬂt(t(cz))
z2<-cbind(z2,z[,v])

"<_‘-'[l (V)]

r<-rank(z)

i< (DR-—BRY /(D2 /Un=-p=1))

< g aes T (n=p=1 )
D1<-D2

z} else print(t(cl))

EEEEEEEE#EHHE Tteration 3 FHEF#FE5EFHEEEFEAFFHEAHETHEHARHMERRARTRER R
while(rl>f1l)

1

§Ene>2) {

cz<-ncol {(as.matrix(z))
ifilez<l) cz=1

m2<-1:cz

m3<c-l-cz

fomiti inliaz)

{

zl<-cbind(z2,z[,3])
z23<-as.matrix(zl)
ml<-glm(y~z23, family=poisson)
m2[i]<-deviance (ml)
m3[i]<-1i

}

mi<-cbind (m3,m2)

D2<-min (m2)

rle~— (“W—DZ)/’DZ/(n =11
i =g T 0095, 1, (n— ) )
if(rl>rl

{

v<-which{(m2==D2)

B

c3<-colnames (z[v])
p<—ncol(zl)
z2<=-cbind{z2,z{,v])
:ﬂ‘;l,~(V31

Dl<— D2

yrint (c3)

4« CDJHC(L(Cll,C3)}
print (t{cd))
oinanu:(zz;(-ca
elee

z22=22

olnames (z22)<-¢ll

G 9 o] t,

-

0 s
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{

w<-ncol ({z2)

z3<-z2[,-w]

o<-rep(1l,N)

Zze<—cbind{oe,;z3)

zl<-ecbind (o, z22)
Zd<—2il el w1l
u<-colnames(z4)

Il<-ncol (z3)-1

11

a<-1000000000000000000
comb<—combn (1:I1, (I1-1))
choose<-choose (I1,1I1-1)

mbH<=1: (I11-1)

mi<-1:(I1-1)

for(l in 1:ichoose)

1

# Extracting rows and adding row #
zo<=z3 1N (1, comb[ 1)+1)]

z6<- as.data.frame(cbind(z4, z5))
zb<-as.matrix(z6[c(-1,-3)])
28<-2z6

ml<-glm(Y~z8, family=poisson);
mS<-deviance (ml)

m7{1l]<-m5

if (m5<a) mé=mb

if (m5>a) mé=a

{05)
A ¥

-m6
if{l<2) z9=z6
if (mb<=a) z9%=z6 else 29=z9
}

v<-which (m7==a)
z9<-as.data.frame (z9)
¢ch<-colnames (z9[v])
p<-ncel (z9)

n<=nrow(z9)
drl<-(a-D1)/(D1/(n-p=1))
diflic=at 0. 95 4 (n=p=1))
if(drl<dfl) colnames(z9)
if(drli>dfl) colnames(z2)
1f (dri<dfl) z10=2z9
1fEldri>afly zl0=z2
22<-z10
z22<=-as.matrix (z2)
mll<-glm{(¥~2z22, family=poisson);
Dl<-deviance (mll)

W WV VYV VYV Y Y YYW YW WY VY W W W v v -

; c2<-colnames(z)

) cll<-colnames(z10)

1 } else {

" print ("terminate the procedure")

¥ print ("proper subset is")
Srint it tall) )
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