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o ABSTRACT 3

W

. Regression analysis involves the sty ol existence of relationships belween the dependent variable (the sesponse) and sets ol independent
vaciables. M the correlation that exists belween the independent variables is however hi igh. then the estimates of the regression coefficicnts of
these predictors are unstable and therelore unreliable. This is referred 10 as multicollinearity effect in this paper.

In this paper we consider the mualticollinearity effect on a dinan response using more than one independem variable Withaut loss of
generality we used the logistic lunctivn, which tepresents the family ol monotanic functions, to model the response.

We observed that the expected response could dilfer sometimes remarkedly but similarly monotonic when multicetlineacits exists between,
the prediciors. This Fact is uselul in ablaining a value of the response af the logistic function which could be greater than the values of any
of the individual function when the tevels of the independent vaiables are caretully chosen,

INTRODUCTION

In multiple regression. when independent variables are correlated. multicollinearity results of the coellicients of
the regression having very high variances and therefore making them unstable. The consequence of this is that
information about the individual true regression cocllicients is not precise. The cocflicients may be statistically
insignificant even though 4 delinite stalistical retationship may exist between the dependent and a set of
independent variables. In this context. independent variables that are as orthogonal as possible are desirable for
the regression equalion (Silvey. 1969: Neter and Wasserman. 1974).

In this paper. we study the multicollinearity efleet on a binary response, which has the logistic function. The
resultis applicable w-all monotonic functions of the binary response.

In section two we present the logistic function as an example of the family of monotonic functions of the binary
response. A simulation procedure. which utitizes various levels ot multicollinearity is presented in section 3. We
conclude this work in seetion 4 presenting Lhe results and possible applications.

LOGISTIC MODEL AND MULTICOLLINEARITY EFFECT

Assunmie that y; f X;is binary and x, 20 |

Let m. 0 € m, < | be defined as n = Ph= |0 | xi). I =, monotonically increases {decreases) with increase
(decrease) in x,. one of the models ofien considered |sce for example Berkson (1953). Cox (197, Finney
(1971) and Jolayemi (1987)] is the fogistic function defined as
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where B is a I x (p+1) vector of unknown parameters and X is {p+l) x | vector of prediciors.

IF 7 in equation 2.1 is plotted as o function of one X, a symmetrical stimulus- response sigmoid curve of the
Lvpe shown in ligures 2.1 is obtained. provided that B # 0. The case B = 0 serves as the cquiprobability model.-
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The numerical value of B relates Lo the change in the response probability. In chemotherapy analysis the lethal
dose LDsq or [Cso. which is the dose lor which the response is 50% is used to determine drug efticacy (Jolavemi
and Okaro. 1995: Cobb and Church. 1982).

The parameters involved in the logistic function can be cstimated in various ways. such methods include
Maximum Likelihood. Leust Square and Minimum Chi-square methods (Berkson. I‘)Ja Cox. 1970: Finney .
1952; McCullagh und Neilder, 1983).

However. a compurative study of these methods conducted by Jolayemi (1993) showed that the ierative
procedure using the Maximum Liketihood method is superior to others. This method is adopted in this work.

MULTICOLLINEARITY EFFECT

Assume initially that there exists two independent variables x, and xa. We further assume that multicollinearity
effect can be caused by one predictor influencing the other. by changing the quantity of the other when both
combine togcther. This is the synergistic effeet found in some combined drugs, folavemi (1999). In this regard.
assume that the cdrrelation coefticient between s, and x is p. The synergistic effect can then be said to be from
only onc of them: Tor example from x; where the expected additional mduced quantity ol x;. E(x; | xapis given
by the straight line cquation (with av intercept):

(X)) =yXa PO PSPPI 2
o-tl - . . i
where y = p—=, 6 und 6.~ are the standard devialions tor the predictors X, and X.
O-.\'I

By equation 2.1

>

A, = B .
= Bot (B +Bar1Ixs i, s o L S 23
instcad of’ 3
)\l = B(;+ngl+ﬂ:.\3 Bt AN tesIAN At e era e et i 24

when p is assumed zcro,

The estimate of the cocllicients of the independent variables become unstable. so that estimate of any response
varies very widely beyond expectation il p is not equal o zero (Neter and wassrmun, 1974: Charlieriee and
Price. 1977).

The focus ol this paper is therelore W compare equations 2.3 and 2.4,

SIMULATION

Consider a logistic lunction which depends on two predictors x) and xa Then the probability of success x; is
given by cquation 2.1. Now for a given pair (x;,. X».) and a (ixed sample size ;. let r, be the number of successes
which is binomially distributed with parameters (n,. m;).

That is

~b{n. M) S T o I T 3.0

b3 5
where 7, = -~
n,

Suppose p « ). then the expeeted additional quantity 8, for X, given Xais as provided in equation 2.1
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‘o" = Xla /IYZI = p a~"3
a

¢
vl

‘where all parameters p. o, and 6,- are known by carelul choices of X, and Xa.
The simulation procedure is as lollows:

Assume that x5, ~ N {pLo,-).
For preselected values of B, 3y and Ba. obtain m, using equations 3.1 and 3.2 in wms and then generate the

mumber of successes 1. and . which are assumed to be the observed and expecied successes {Sanni and
Jolayemi. (998: Abdulkadir. 1997). respectively. For moderale values of r,. ’

has the chi-square distribution with (k-1) degrees of freedom. where k is the number of groups spread
sulficiently 1o have a good coverage for n, . -

For the simulation procedure in this study. we varied the values of B and B as follows.

Case I: By =0and Bz 0 {marginal ¢ltect ol cach on the response)
Casc2: 3 >0and B,z 0 {only x, has signiticant effect on response)
Case 3: B, > Qand B> 0 (both x; and x> have significant cffects)

" .

For By = 0 and B> 0. we have the same result as in case 2. Also B is consider to be significant it its value is
greater than 2.

» RESULTS AND DISCUSSION

Tables 4 gives results obtained from the simulation procedure which has ' = (-9.2.0.3) as an example swhen
both predictors had marginal eficcts. (Figure 4.1 shows this sitation when p - 0}, There was no signilicant
dilference observed though the logistic finctions were both monotonic. The obscrved logistic function from
combine X; and X, had higher in values than the corresponding values for X, and Xa separately. For case (ii).
significant difterent values were observed only for very high multicollinearity: that is | p [~ 1. Monotonicity
of the probabilities were also ubserved and in the same direction (Table 4.2 and Figure 4.2}, Table 4.3 shows
early discrepancy benween obsers ed and expected. That is. when the multicoltinearity etfect is moderate ( | p |
> 0.3) signilicant dilferences were identilicd.

CHI-SQUARE (X*) CALCULATED WiITH APPROPRIATE P-VALUE FOR MONOTONIC
FUNCTION

Table 4.1: Case (1):[p'= (-9, 2,0.3)] Response Not Dependent on Any Predictor

| p| NVALUE P-VALUE
0.159 8225 0.512
0.282 8.371 0.497
0.362 851 0.423
0444 Y.1359 0.483
0.530 O 10.691 0.298
4.622 10. 807 0.289
0.745 11.254 0.259
(1802 - 1£.345 0.253
0.949 14.457 0.107 -
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Fig. 4.1. Response not dependent on any predictor

(B0=9,B1=2,B2=0.3)
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Fig. 4.2. Response not dependent on any predictor
(BO=158B1-52,B2=1)

Fig. 43. Response not dependent on any predictor
(B0=42,B] =5,B2=75)
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Table 4.2: Case (|1):1§' = (-15, 5.2, I}] Response Dependent on Only One Predictor

1pl X'VALUE P-VALUE
0159 2.36 0.984
0.282 » 439 0.883
0.362 4.53 0.873
0,344 7.120 0.624
0.530 9.54 0.388
0.622 10.47 0313

. 0,745 1.5 0.243
0.802 11.36 0.239
4999 52.4 -3.36E-07

Table 4.3: Case (1Iy:(P’ = (-14, 3.5,3.5)) Response Dependent.on Both Predictors

| o | X! VALUE P-VALUE

0.17 12.57 0.183
.20 13.42 0.143
0.37 16.02 0.0664
045 ERTAT 0.0414
.53 18,91 0.0259
0.61 2742 0.00764
0.72 2388 0.00450
080 24.92 0.00306
0.94 26.95 0.00 143

»
CONCLUSION

In conclusion. departure from what was expeeted ina multiple logistic model was Tound 10 be dependent on the
signilicance of the predicior variables with the binury response as well as the level of the multicollincarity. The
response was unallected by any level of multicollinearits it none of the predictors has any appreciable cftect on
the response. However. when only one of the predictors influences the response in question, only a ven high
fevel of multicollinearits influences the response. In contrast. it was observed that it the two predictors
individually inNuence the responsc. a very stightlevel of multicollinearity resulied in signiticant departure [rom
the expected response. The consequence of these results is that two or more predictors that individually
significantly influcnce the binary response (using the jogistic function) may be carciully combined to producc a
higher response against any of the individual predictors. This could also be higher. than the expected when the
reaction is nol synergistic. This has immediate application in pharmacology where two drugs can be carelully
combined w produce etieets higher than expected,
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