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ALGORITHM 55
ANNA BARTKO WIAK (Wroclaw)

MULTIPLE REGRESSION
WITH STEPWISE SELECTION OF VARIABLES

1. Procedure declaration. Let ¢ be the covariance matrix of the
Val-‘iables X1y Loy ...y Tp, Y. We want to examine the regression of the last
(Gl‘lterion) variable ¥ upon the p predictor variables x,, @,, ..., ®,. The
Calculations may be run in a number of ways:

1° Simple way. The variables ®,,®,,...,%, are introduced into
the regression set in the order in which they appear in the matrix e.

2° Stepwise selection. Let us assume that there are already k
Variables introduced into the regression set. We select that variable which
&dd.s the greatest amount to the (multiple) correlation coefficient of the
Variable Y with the variables =, , #;,, ..., #;,- The variable to be chosen
has to be significant at some significance level a.

3° A prescribed number of variables is introduced in a simple way,
04 then we start thé selection procedure.

th ‘-‘f° Having selected a declared number of variables we may change
v © significance level by diminishing the value of a, and eliminate those
. :Tlajbles which do not agree with the new significance level. Then, if the
Quired size of the regression set is not completed yet, we may anew start
© selection procedure seeking to add to the regression set further varia-
les corresponding to the new significance level.
Procedure maxstepregr is also suitable for discriminant analysis.
the After each step we may print out the multiple correlation coefficient,
.~ Tegression coefficients, the residual variance and various test statis-
al(:fi Such ag the #-statistic for the significance of the regression coefficient
F-test for the significance of the multiple correlation coefficient.
Data,:

regr— Boolean variable indicating the goal of the
calculations; if regr = true, the goal is regres-
sion analysis, and if regr = false, the goal is
discriminant analysis;
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— Boolean wvariable conditioning the way of

the run of the procedure; if simple = true,
the variables are introduced into the regression
set according to their order in the matrix ¢;
Boolean variables, not used directly in max-
stepregr, conditioning the printout of the
results; they are used in procedure printregr
supplied by the wuser;

total number of observations (used in printregr
in the case of discriminant analysis);

some arbitrary constant not used directly in
maxstepregr but in  printregr (e.g., mn
= (n,+n,)/n,n, in the case of discriminant
analysis);

number of predictor variables;

lower triangle of the adjusted product matrix
in the following order:

11

Co1 Cap

Op1 Cp2 Cpp

€yt Cpr  -v Cyp - Cyy
Ty Ty ... %,

the last row contains the means of the varia-
bles under investigation, not directly used in
mawxstepregr but needed in printregr;

primary indices of the predictor variables
under consideration (their order numbers in
the original data basis);

initial number of variables to be chosen without
selection (to be set only if a stepwise run is
required);

required final size of the regression set con-
taining the “best” predictor variables (mostly
correlated with y);

initial significance level;

final significance level;

step by which alfa should be diminished to
attain alfal;

large positive number playing the role of
infinity;

— small positive number: if the pivot element of

the considered variable is less than eps, the
pivoting transformations are not performed;
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Ftest — identifier of the real procedure calculating the

probabilities for Snedecor’s F-distribution,
headed as follows: real procedure Ftest(fe, df1,
af2, maxn); value fe, df1, df2, maxn; real fec;
integer df1, df2, mawn; where fo is the calcu-
lated value of the F-test function, dfi, df2
are the numbers of degrees of freedom in the
numerator and denominator, respectively,
of the formula for ¥, and maxn denotes that
normal approximation is used if dfl or df2
exceeds maxn; the body of the procedure may
be found in [4].

Md[1:p] — indicator array designating the variables actually present
in the regression set:

ind[i] = {

if variable no. ¢ is present,
if variable no. ¢ is not present;

¢ — transformed input matrix e.

Let o, , o,

.y @;, denote the variables actually present

in the regression set. The rows and columns of the matrix ¢
corresponding to those variables are. proportional (up to
the scale changing transformation; see Section 2) to the
inverse of the matrix ¢ corresponding to these variables.

Shoy
fOHO\.VS .

Other results may be obtained by procedure printregr whose body
ld be supplied by the user. Procedure printregr should be headed as

Procedure printregr(regr, stage, vrl, vb1, vb2, p, Ir, n, mn, ¢, sd, nr, ind);
Value regr, stage, p, I, n, mn;

integer p, Ir, n;

real 49, ;

!loolean regr, stage, vrl, vb1, vb2;

teger array nr, ind;

array ¢, sd;
Data:
regr .— as in Data for maxstepregr;
Slage — indicates whether the results printed are some inter-
mediary or final results, issued at the end of the run
o] maxstepregr;
» Vb1, vh2 _ auxiliary variables specifying the results printed: wvrl

= true causes the printout of the multiple regression
coefficient after each step, vb1 = true causes the printout
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procedure maxstepregr(regr,simple,vri,vb1,vb2,n,mn,p,c,nr,
init,1,alfa,alfal,step,big,eps,Ftest,printregr);
yalue regr,simple,vri,vbi,vb2,n,un,p,init,1,alfa,alfat,
step,big,eps;
Boolean regr,simple,vri,vbi1,vb2;
integer n,p,init,1;
regl mn,alfa,alfat,step,big,eps;
integer arxay nr;
ALxay c;
procedure Ftest,printregr;
hegin
igteger i,j,k,1r,p1,pk,pq,q,T;
real DAF,X,YyZ, 13
integer axxay ind[1:pl;
array d,dt,sd[1:p+1];
praocedure printout(stage);
Boglean stage;
printregr(regr,stage,vri,vb1,vb2,p,1r,n,mn,c,sd,nryind);
pracedure onestep(q,v);
xalue q,v;
integer q;
regl v;
kegin
integexr k,r;
r:=qx(q-1)+2;
x:=-1.0/cr+q];
for k:=1 giep 1 unldl q do
dlk]s=clr+k];
for i:=q+1 gtep 1 wniil pt1 do
dli)s=c[ix(i-1)+2+q]; -
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for it=1 giep 1 until p1 do
dt[i]:=dilsxxv;
dtlql:=x;
Lor k:=1 gtep 1 until q do
clr+k]:=dt[k];
fop i:=q+1 giep 1 undil p1 4o
clix(i=1)+2+ql:=at[i];
k:=0;
Zor i:=1 gher 1 matil 1 do
bezin
if itq
ihen
kegin
x:=d[i];
for j:=1 giep 1 uniil 1 do
if itq
then clk+jli=clk+jl+x<dt[jlxv;
end itq;
ki=k+i
end i
£nd onestep;
ple=p+1;
pk:=px(p+1)+2;
Pq:=pk+p1l;
4L simple
Xbhen init:=p;
k:=0;
for i:=1 gtep 1 uptil p do
ind[i]:=0;

for i:=1 giep 1 uutil p1 4o

10 -
Zastosow, Matem. 16.2
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kegin
camment normalization of the input matrix;

x:=8d[i]:=1.0/8qrt(c[k+i]);
for j:=1 giap 1 untdl 1 do
clk+jle=clk+]jIxx>ad[jl;
ks=k+i
end 1;
t:=1.0/8d[p1];
1r:s=k:=0;
for i:=1 giep 1 uniil p do
sd[1i]:=sd [1]xt;
for ri=1 ghep 1 unkil init do
hegin
ks =k+r;
if c[kI>eps
then
kegdn

onestep(r,1.0);
ind[r]:=1;
lr:=1r+1;
printout (true)
end
glse outinteger(1,nr[r]);
gamment warning on the dependence of variable no.nr[r];
end T3
if init>0
ihen printout(falaa);
1f -simple
4hen
hegin
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commeni forward selection;
forw:
max:=,0;
q:=0;
if 1rz1
Lhen &Q. Lo backs;
for r:=1 sfep 1 wniil p da
if ind[r]=0
Lthen
kegin
yi=c[r=<(r+1)+2];
if y>eps.
then
hegin
x:=c[pk+r];
X:=x>x/y;
if x>max
then
kegin
max:=x;
q:=r
end x>max
end y>eps
end r;
iL q=0
ihen go to lmsr;

if Ftest(maxx(n-1r-2)/(c[pql-max),1,n-1r-2,80)<alfa

then
kezin

onestep(q,1.0);

299
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ind[ql:=1;
1r:=1r+1;
printout (txue)
angd test<alfa
elge go g lasr;
k:=1r;
gomment now back elimination;
back:

:=big;
for r:=1 gtep 1 until p da
if ind[r]=1
then
kegin
x:=-c[pk+r1t2/c[r=(r+1):2];
if x<y

end x<y
end r;
if q=0
ihen go 1o kmsr;
if TFtest(yx(n-1r-1)/c[pql,1,n-1r-1,80)>alfa

then

kegin
ind(qJ:=0;
lr:=1r-1;

orestep(q,-1.0);
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go 1o back
and F>alfa;
if k>1r
then printout(inrue);
if 1r<1
then go to forw;
kmsrs
if alfa>alfail
then
kegin
s=1r;
alfat=alfa-step;
outreal(?,alfa);
if alfa<alfail
then alfa:=alfal;
ga 1Q back
and alfa>alfal;
printout (£alge)
end -simple
end maxstepregr
of the regression equation after each step performed,
vb2 = true causes the printout of the regression equation

only at the run of mawxstepregr;

number of predictor variables dealt with (see Data in
maxstepregr);

number of variables actually present in the regression set;
total number of observations;

some constant (see Data for mawstepregr);

sd ¢ — transformed matrix ¢ (see Results of mawxstepregr);
: py1y —

reciprocals of standard deviations (if the matrix ¢ is
the covariance matrix) or the reciprocals of square roots
of the adjusted sums of squares (if the matrix ¢ contains
the adjusted sums of squares and products) of the variables
L.y Xay ..oy &p, Yy (See formula (6));
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procedure printregr(regr,stage,vri,vb1,vb2,p,1r,n,mn,c,da,
nr,ind);
value regr,p,lr,n,mn;
integexr p,1lr,n;
real mn;
Baglean regr,stage,vr1,vb1,vb2;
integexr arxay nr,ind;
array c,da;
hegin
dnteger i,k,pk,pq;
real X,y,z,t;
array bl0:pl;
comment $lobal variables
Ftest,normal calculating probabilities
dif[nr(1]],dif[nr[21],...,dif[nr[p]]-differences
between means of observed variablgs;
prqecedure druk26(x); .
yalue x;
real x;
begin
if x<.05
‘é then outchar(2€)
eglge outchar(64);
if x<.01
then outchar(26)
else outchar(64);
if x<.001
then outchar(26)
elge outchar(64)
and druk26;
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aracedure printrr;
Regin
x:=c[pql;
x:=(1.0-x)/%;
if -regr
then
kegin
format (¢ ??2dd=123-456-789,123w-1,123422°);
¥i=xx(n-2)>an;
print(y, *p(2/1)=p(1/2)=",normal (.5x%y,ixua))
end nok regr;
format (¢
Ylz=120urr=1, 1234-uuFo=12345, 123wanp (RagtoFo ) =1, 1234w ) 5
Y:=xx(n-1r-1)/1r;
z:=Ftest(y,1lr,n-1r-1,80);
print(lr,1-clpql,y,z);
druk26(z);
format (‘oge=123-456.1234%);
print(sqrt(clpql/(n-1r-1))/dalp+1]);
line(2)
end printrr;
drocedure printb;
hegin
for i:=p step -1 until 1 do
if ina[ildo
ihen b[il:s=-c[pk+il=dalil;
iL ey (6)A-regr
then
Regin

z:=a0;

303



304 A. Bartkowiak

coument
scaling the coefficients of the discriminant function;
fox 1:=p step -1 untdl 1 do
if ind[1]40
then z:=z+b[i]=dif[nr[il];
z3=(n-2)>mn/(1.0~-2)
end key(6)
elge z:=1.0;
format (¢ 2omub[12]=-123w456.1230456n1t=-123456.12321);
x:=.0;
t:=1.0/c[pql;
for i:=p step -1 until 1 do
kegin
if ind[i]40
then
kegin
b[i]:=y:=b[1i]xz;
x:=x+y=c[pq+il;
print(nr(il,y);
yi=-c[pk+i]xsqrt ((~n+lr+1)x<t/c[ix(i+1)+2]);
if abs(y)>999999.999
ihen y:=999999.999;
print(y)
end ind[1140
elge b[i]:=.0
end 1i;
format (¢ 2wwb[12]=-123-456.123w4562272);
y==b[0]:=c[pq+p+1];x;
print(i,y);
if key(23)
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kegin
comment
calculations of the discriminant scores for both
groups of data, not described here;
end key(23);
end printb;
pk:=px(p+1)+2;
PQq: =pk+p+1;
if stage
then
beein
£ vr1
then printrr;
if vb1
Lhen printbd
end stage
else
kegin
iL -vr
then printrr;
if vb2A-vbi
ihen printd
&nd -stage

end printregr
"r[1:p] — order numbers of the variables @y Bgy ..., T, in the primary
i data basis (see Data for mawstepregr)
na[1: P] — indicator array designating those variables which are
actually present in the regression set (see also Results
of maxstepregr).
equaThe way in which these data may be used to obtain the regression
tions, test statistics, residual variances, etc., is explained in Section 2.
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2. Method used. At the begin of the run of the procedure the inpub
matrix ¢ is normalized to the correlation matrix to attain a higher stability
of the algorithm subsequently used (see [2]). This being done, the proper
calculations concerning regression analysis are started.

The procedure uses the modified Gauss-Jordan algorithm [1] which
permits stepwise introduction or elimination of variables. The algorithm
is such that, for each introduced or eliminated variable, one transformation
of the matrix ¢ is performed. The formulae for the transformations are a8
follows. For introducing the variable no. r into the regression set we have
to perform the following transformation (the prime ’ denotes the element
after transformation):

6,'.,. = —1/0,,.,

~

1) - Ciyp = 0;,- = 0.,-,.0;.,. .. 1.9 .. )
¢y = € = cy+c,0y (23 =23 s g =21, 4,3 =1, r <)

To eliminate variable no. r from the regression set we have to perform
the following transformation:

O = _1/0"7

’ ’ ’

Cir = Cpy = —C;0py .. ..

v v () =1,2,...,q=p+1, i,j #r, r<p).
Gy = Gjy = Cy3— C4,Cpy

The variables actually being in the regression set can be identified
by the indicator array ind.

After each step, partial results may be printed out by a call of
printregr.

Typical results can be obtained as follows (r; stands for the actual
value of the input element ¢,; which was normalized and transformed, $:
and s, denote square roots of the diagonals ¢; and c,).

To calculate the regression coefficient b; of Y on the i-th variable (if
it is present in the regression set) we use the formula

(2) b; = —ry .
78,
To evaluate the standard deviation (error) for the computed value b;
we use the formula

(3) 8(b) = —= s,

where

7.
4 — ——-W
) e s”]/n—k—l
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18 an egtimator of the standard deviation of the residuals,

1 n
Se = l/m ; (Ys— bo— by — ... — by w; )?

and k stands for the number of predictor variables actually present in
the regression set.

. If all p variables are introduced into the regression set, to get the
nverse of the input matrix ¢ we have to use the following formula:

(5) o Ty
3,[8]-

(iyj = 172’ ---,P)-

It is to be emphasized that normalizing the input matrix ¢ we made
the substitution

(6) sdlil=1/ 2  =1,2,...,p),

i

1
sd[p+1] = =,

0111/

Where sd i a formal parameter of procedure priniregr.
If the input matrix ¢ is the adjusted sum of squares and product
Matrix whose elements are defined by

M oy = Y-z ey—%) G,5=1,2,...,p,¢ =p+1),
=1

then formulae (2)-(4) and (5) can be rewritten with the use of the array sd:

) — Tyt
be = —rgndlil,  s(b) = AT}/ S

(8)

= 1 TU!I o .. . .
. 3d[P+1]]/n—k—1’ ¥ = —rysali]sd[j](sa[p+ 1])*.

If the run of maxstepregr is with selection of variables, then each va-

:’:’tli)le introduced into the regression set results from the following two
ons;

1° From all variables not being in the regression set that one is
$Ypitieq to be selected which reduces mostly the value of 7,,.

2° The typified variable has to be accepted at the significance level '

Ufa by the test procedure



308 A. Bartkowiak

Q:y = bo+b1m,-1+ +bkwik+bk+lwik+l+e,
H,: b, =0,
w: Y =by+by@y + ... +b2,+e,
S88,—88, S8

1 k-2’

F, =

where @; , ®;,, ..., ®;, stand for variables already present in the regression
set, @; i the typified variable, 8§, and 88, denote the residual
sums of squares corresponding to the models w and 2 specified above.

The typified variable ®;, 4 enters the regression set if

P(F>F,| H) < alfa.

As we see, the test procedure used here does not take into account
that the variables are selected in a specific manner but acts as if they
were some declared variables, and so the test used is not utterly correct.

Elimination of variables is performed by two similar actions:

1° From all variables @; , %, ..., #; being present in the regression
set that one is typified which, when eliminated, augments the residual
variance at least. Say, it is the variable ;.

2° The typified variable x; has to be rejected at the significance
level alfa by the following test procedure:

Q: Y =bo+b1w,i1+... +bk$ik+67
Ho: bk - 0,
w: Y =Dby+by®; + ... +b_y7;,_ +e,

_ 88,—88, 88,

F : .
¢ 1 n—k—1

The variable »;, is eliminated from the regression set if
P(F > F, | Hy) < alfa.

As previously, this test handles the variable »; like a given one
and not a selected one and is not entirely correct.

3. Test example. Let the following data be given:

no. @, B, 4 Yy
1 5 6 5 0.6
2 4 4 5 0.6
3 6 6 3 0.6
4 5 4 7 0.6



5 0
6 -—1
7 =2
8 0
9 2
10 1
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0 0
6o -2
—1 0
—2 0
3 0
0 2

—0.4
—0.4
—0.4
—0.4
—0.4
—0.4
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For these data, by formula (7) we calculate the totals of x,, #,, @,, ¥
and the matrix of sums of adjusted squares and products from which

We need the lower triangle only:

¢c = [72
70
62
12

78
56 76
12 12

2.4

20 2.0 20 0.0].

We wish to find the regression equation describing the regression
of the variable y on the variables @, and #,. To do this we have to call
Maxstepregr with the following values:

regr = true,
simple = true,

vrl, vb1, vb2 — as specified in procedure printregr,

n=10’

mn — for instant arbitrary,

p=3’

c[1:14] =[72 70 78 62 56 76 12 12 12 24 2.0 2.0

m[l:3]=[1 2 3],

2.0 0.0],

init — arbitrary,
! — arbitrary,

alfa, alfal, step, big — arbitrary,

eps = 10—10’

Ftest — library procedure body (see [4]).

Results:

nd[1:3] =[1 1 0],
= [—17.8436

e[1: 14]

7.3265
—1.2452
—0.7344

2.0000

—17.8436
0.4358
—0.1911
2.0000

0.2733
0.1340 0.1620

2.0000 0.0000].
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Other results, especially intermediate results after introduction of #4
into the regression set, can be obtained by printregr which is conditioned
by the Algol compiler, used in the dealt case, especially by its editing
procedures.

In printregr the output matrix ¢ can be denormalized, and by formulae
(2)-(4) or (8) we can get, among others, the following results:

1° After the first stage of calculations, it is after introduction of @,
into the regression set, we obtain
the coefficients of the regression equation

Y =by+byx,+e

with b, = —0.333333 and b, = 0.166667 (b, follows from the condition
g = by+0,%,);

the square of the correlation coefficient Rf,(l) = 0.8333;

the standard deviation of the residuals s, = 0.2236.

2° After the second stage of caleculations, with both », and @, in the
regression set, we obtain
the coefficients of the regression equation

Y = by+by@,+bywa+e

with b, = —0.335196, b, = 0.134078, and b, = 0.033520 (b, follows from
the condition 7 = by+ b, %, + b, %,);
the square of the multiple correlation ecoefficient R}, ,, = 0.8380;
the standard deviation of the residuals s, = 0.2357.

Now let us suppose that the data dealt with comprise two sets. The
first four rows are sampled from one group, and the second six rows are
sampled from another group of subjects, and we wish to calculate a lineal
function of », and », discriminating the two groups under consideration-
For this purpose we define an auxiliary variable y as follows (see [3])¢

Ty . . .
if ro belongs to I f subject
—— w i gs group of subjects,
Y: = n .
! if row 4 belongs to II group of subjects.
Ny + Ny

The variable y so defined takes in our example exactly the values ¥
as they are given.

To obtain the discriminant function we start now the regression pro-
cedure with the same input values as in the regression case, except the
values regr and mn which now are set: regr — false and mn = 10/24

In the last row of the matrix ¢ we put now the arithmetic mean of the means
" of both groups except ¥ = 0 so that the matrix ¢ has the following values:
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¢ =1[72
0 78
62 56 76

12 12 12 24
25 25 25 0.0].

We emphasize that the last row is not directly used in m/amstepregr,
Ut is needed only for the calculations of the free term in the regression
“Quation.
After the call of maxstepregr we obtain the values b, and b, as in the
I"%:‘gl'ession case. The constant b, is derived from the condition that the
Beriminant plane should pass through the arithmetic mean of mean
Values for each group and take then the value zero,

0 = bo+b1§g+b2§27

Where 20 — (411 43)/2 and 7 = (F1+7)/2, 7, 7} being the means for
80up I and 7, 2 for group II.

Let us emphasize that the constant b, is different for the regression
4 digeriminant cases.

ang In our example the best linear discriminant function based on x;
Ly is

(9) 2 = —0.418994 +0.1340782, + 0.033520,.

val Positive values of z indicate similarity to group I, and negative
ues of 2 indicate similarity to group II under consideration.
M The power of the discriminant function can be measured by the
o ahalanobig distance D* which follows directly from the (squared) multiple
Orelation coefficient,

B (ny+n5)(ny+n,—2)
1_R2 nlnz

D? (@4 @3) = ’

Orhfmm the output value of the element ¢,, and the value of mn declared
e entering mawstepregr as mn = (N, +ny) [0y My:

D?(®,, ®,) = " mn(n—2).
0qq
In our example we get D?(z,, #,) = 17.241.
o The discriminant function obtained by the regression method can:
fyi transformed by multiplication by a constant to another form satis-
Ing directly Fisher’s formula for the linear discriminant function,

Loy b = S'd,
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where &' = {b;, b,,...,b,}, & = {@}—a, ol —al, ..., 0] -1}, and S
is the within covariance matrix.
It can be shown that the transforming formula is of the form

b
(1) = @a=4)’
where
17
2 = A=0bd
(g + 1) (Mg + Ny —2) ’ ’

b’ = {b,, by, ..., b,} denoting the regression -coefficients obtained bY
the regression method. -

In our example, Fisher’s linear discriminant function takes the form
(12) # = — 8.620690 +2.758621x,+ 0.689655x,.
Fisher’s discriminant function has the property that the difference
between the means of the discriminant scores calculated for the first

and second sets of data equals exactly the Mahalanobis distance D* be-
tween both groups under consideration. This fact is shown in Table 1.

TABLE 1. Diseriminant scores z for the example

e —
No. of Group I Group II
subject
1 2 3 4 5 6 7 8 9 10

2 by
regression
method (9) | 0.453 0.251 0.587 0.385| —0.419 —0.553 —0.721 —0.486 —0.050 —0.285
Mean score z = 0.4190 z = —0.4190
fng{lgighgzg 9.310 5.172 12.069 7.931| —8-621 —11.379 —14.827 —10.000 —1.034 —5.867
Mean score z = 8.6207 2 = —8.6207

4. Additional remarks.

(a) Introducing the variable no. r into the regression set (r =1, 2, ..., P)
the algorithm performs the pivoting operation comprised in formula (1)

(13) ¢, = 1/c,,.

This operation is executed on the correlation matrix of residuals-
It may happen that variable no. r is linearly dependent on the variable®
being actually in the regression set. In such a case the actual value 0r
should be equal to zero up to rounding errors, and taking its recipl'oc‘f”1
is not executable. In this situation the advice is to omit the variable %r-
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_ To face this possibility during the run of mawstepregr, before perform-
Ing step (13) we verify whether the following inequality is satisfied:

C,p > €PS.

The pivoting step (13) is executed only if this inequality is true.
It not, the order number nr([r] is printed to warn the user of the linear
dependence of the variable »,. The printing instruction comprised in
Mmaxstepregr is a formal Algol 60 language instruction (outinteger (1, nr[r])),
and should be changed to a suitable editing procedure specified in the
Algol compiler in use.

(b) During a run with variable selection the value of alfa is diminished
by the quantity step with printed signals written as the formal Algol 60
language instruction owutreal (1, alfa). This instruction should be changed
to a suitable printout procedure specified in the Algol compiler in use.

5. Procedure printregr. We enclose an example of procedure printregr
Written in the Algol 1204 language. It may be used for both regression
analysis and discriminant analysis between two groups. In evaluating
Significances of test statistics the procedure uses real functions Ftest
and normal, calculating the tails in Snedecor’s F and the normal proba-
bility distributions. Performing the scaling of the discriminant functions
48 shown in (10) and (11), the procedure uses differences between the
Weans of the considered characteristics. These differences are held in the
global variables dif[nr[I]], dif[nr[211, ..., dif[nr[p]1].
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ALGORYTM 55
ANNA BARTKO WIAK (Wroclaw)

REGRESJA WIELOKROTNA Z KROKOWYM WYBOREM ZMIENNYCH

STRESZCZENIE

Rozwazamy regresje zmiennej y od zmiennych =,,#,,...,7,. Regresje te mozemy
obliczaé kilkoma sposobami:

1° Regresja prosta. Zmienne x,,%,,...,%, sa wprowadzane do réwnanis
regresji w takiej kolejnodci, w jakiej s3 zadeklarowane, tzn. najpierw z,, potem %
itd., na koncu z,. :

2° Z wybieraniem zmiennych. Wprowadza sig kolejno (po jednej) do réwna*
nia regresji te zmienne, ktére lacznie ze zmiennymi juz wybranymi daja najwigkszy
wspolezynnik korelacji wielokrotnej.

3° Spos6éb mieszany. Najpierw wprowadza sie do ré6wnania regresji zadekla:
rowang liczbe zmiennych, po czym dobiera sie nast¢pne wedlug kryterium maximum®
wspoélezynnika korelacji wielokrotnej.

4° Naréznych poziomach istotnodci. Najpierw wprowadza sie do réwnani®
regresji | zmiennych na slabym poziomie istotnoéci (np. a = 0,30), gdzie I jest liczb®
deklarowans przy wejéciu do procedury, nastepnie zaostrza sig¢ kryterium istotno$ct
(np. obnizajac wielkosé a do 0,05), usuwa si¢ zmienne nieistotne przy nowym poziomi®
istotnoéci, po czym dobiera si¢ nowe zmienne (jesli jest to mozliwe), az laczna liczb®
zmiennych w réwnaniu regresji osiagnie zadeklarowana liczbe I.

Procedura moze byé réwniez uzyta przy analizie dyskryminacyjnej miedzy dwie-
ma grupami danych (por. [3]). .

Procedura posluguje si¢ zmodyfikowanym algorytmem Gaussa-Jordana, op¥
sanym wzorem (1), zaczerpnietym z pracy [1]. Stabilnoéé tego algorytmu opisana jost
w [56].

Wlasciwe obliczenia wykonuje si¢ na macierzy korelacji. Obliczenia sy wyko:
nywane tylko dla tych zmiennych, dla ktérych wspélezynnik korelacji wielokrotne)
ze zmiennymi juz wprowadzonymi do réwnania regresji jest mniejszy niz eps.

Dane:

regr — zmienna boolowska wskazujgca na cel obliczen; przyjmuje ona war”
toé true, gdy celem obliczer jest analiza regresji, wartosé falses
gdy celem obliczen jest analiza dyskryminacyjna; nie wplywa 1n®
tok obliczei w mazstepregr, jest jedynie zmienng formalng w pro-
cedurze printregr drukujacej wyniki obliczen;
simple — zmienna boolowska warunkujaca wariant obliczer; jesli simple =
true, obliczenia przebiegaja wedlug wariantu 1°; jesli simple = fals®
obliczenia przebiegaja wedlug pozostalych wariantow;
orl, vbl, vb2 — zmienne boolowskie, nie uzywane bezposrednio przy obliczeniach
mauxstepregr, lecz bedace parametrami formalnymi procedury pﬂ:”"t'
regr drukujacej wyniki; za pomocg tych zmiennych mozna okresli
rodzaj i liczbe drukowanych wynikéw;

n — liczba obserwacji, nie uzywana bezposrednio w obliczeniach proc®
dury, lecz bedaca parametrem formalnym procedury pm’ntr@y’
drukujacej wyniki;

mn — pewna stata (mnoznik), nie wystepujaca bezposrednio w obliczeniach
wykonywanych przez procedure mawstepregr, lecz bedaca para,metl'elIl
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formalnym procedury priniregr; potrzebna przy drukowaniu wyni-
kéw dla celéw analizy dyskryminacji, powinna byé wtedy okreélona
jako mm = (my -+ ny)/nymy;
P — liczba zmiennych objaéniajacych @, 2y, ..., @p;
¢ — dolny tréjkat macierzy sum poprawionyeh iloczynéw (lub kowa-
riancji) zmiennych w;, x,, ..., ¥p, y oraz (nie uzywane w mawstepregr,
lecz wystepujace w printregr), frednie zmiennych ), 2,,...,%p,¥y
(w przypadku analizy dyskryminacyjnej érednie arytmetyczne éred-
nich obv rozwazanych grup danych oraz y = 0);
nr — tablica oryginalnych numeréw rozwazanych zmiennych @;, z,, ..., @p;
init — liczba zmiennych, ktére majg byé wprowadzone do réwnania regresji
wedlug wariantu 1° (bez wybierania); uiywane tylko wtedy, gdy
simple = false; gdy simple = true, nastepuje automatyczne podsta-
wienie init:= p;
! — kohcowa liczba zmiennych w réwnaniu regresji; usywane tylko
wtedy, gdy simple = false;
alfa — poczatkowy poziom istotnoéei (uzywane tylko wtedy, gdy simple

= false);
alfal — koricowy poziom istotnoéei (uzywane tylko wtedy, gdy simple = false);
slep — okreéla, jakim krokiem ma byé zmniejszana wielkoéé alfa do wiel-
kosci alfal;
big — duza liczba dodatnia, grajaca role nieskonczonosei;
¢ps — malaliczba dodatnia: jedli element rozwigzujacy 5, rozwazanej zmien-

nej xy, jest mniejszy od eps, transformacje nie zostaja przeprowadzone;
Fiest — nazwa procedury obliczajacej prawdopodobieristwa w rozkiadzie F
Snedecora.
Wyniki:
= tablica calkowita, wskazujagca na numery zmiennych wprowadzonych do
ré6wnania regresji;
t71‘=il-llsiz'ormowa.na macierz wejsciowa ¢, z ktérej za pomocyg wzoréw (1)-(4)
1(5) ub (6)-(8) mozna odtworzyé wspélezynniki réwnania regresji, macierz
OdWrotnq, zmiennoéé resztowg i inne podobne wskaZniki rozwazane
W analizie regresji. Wygodniej jednak otrzymywaé wyniki poprzez procedure
p"m"'eg"‘, wywolywang kazdorazewo po zmianie liczby zmiennych znajdu-
Jacych 8i@ W réwnaniu regresji. Tekst tej procedury zalezy od instrukeji wyjécia,
SPecyficznych dla poszczegélnych maszyn cyfrowych, i powinien byé napisany

Przez uzytkownika procedury. Przyklad takiej procedury zostal podany
na gtr. 302.



