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CAUSALITY AND PREDICTION: SIMILAR BUT NOT SYNONYMOUS

by

Joseph F. Maola, Assistant Professor
School of Education
Duquesne University

Pittsburgh, Pennsylvania

A recent issue of Viewpoints (June, 1974) published an article that began

with the following sentence: "A universal objective of scientists involved

with explanations of behavior or phenomenon is to demonstrate their know­

ledge of what is causing it" (Byrne). Upon reading this sentence the initial

responses of typical behavioral researchers may probably have been the fol­

lowing: (1) What a true statement! and (2) The article is going to show me

how to explain causality! Only upon completion of the paper, however, does

the reader realize that the author of the paper, while extremely knowledgable

and versed in the power and strength of multiple regression analysis, had

fallen victim to that antagonist of all social scientific reporters; semantics.

Byrne (1974) reports that causality exists upon three levels, however, of

the three levels stated: (1) the real cause, (2) the hypothesized cause, and

(3) the statistical cause, only the first can truly be considered a cause. What

is really causing a phenomena can never be answered through guessing or

inferential statistics; likewise,"The Use of Multiple Regression Equations to

Demonstrate Causality" is an erroneous title which may appropriately be

retitled through substitution of the term "Prediction" rather than causality.

The paper by Byrne (1974) seems to imply that if R = 1.00, then since 100

percent of the predictor variance is accounted for there is causality.
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2
Prediction and causality are not synonymous for given R =1.00 answering the

question of which variables "cause" the phenomena is still not answered.

2Byrne (1974) presents an excellent rationale for reporting R to enable

readers of research to determine whether significant differences are important
9differences. The error was the statement implies tint reporting of R demon­

strates causality at the hypothesized level if 100 percent of the variance is

accounted.

The major value of the Byrne (1974) paper is his presentation of a rationale

for reporting R^. There are two criticisms however: (1) The author has deliber­

ately or accidentally misinterpreted causality as synonymous with prediction,
2and (2) The limitations of R were ostensively absent. The calculation of

2R is dependent upon the order of the variables in the equations, which maxi­

mizes the effect of the first variables, and that the variables are independent of
2each other. In most cases R provides an overestimate of the predictor.

The purpose for most papers is given at the beginning, however, the pur­

pose for this paper was not previously stated in order that the author would pre­

sent a number of points which were necessary for interpreting Byrne (1974).

This present paper should provide the reader with: (1) an understanding of the

semantic difference of prediction and causality, (2) the value of Byrne (1974)

for presenting a rationale for reporting R^, and (3) a brief encounter with the

limitations of R . A literary review of Byrne (1974) would be highly favorable

as would a critical review. The misunderstandings, which may have developed.

from reading Byrne (1974) needed to be clarified and this was the only purpose

for this paper.

REFERENCES: Byrne, J. F. The use of regression equations to demonstrate
causality. Multiple Linear Regression Viewpoints, 1974, 5, 11-22.
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REGRESSION SOLUTIONS TO THE A X B X S DESIGN

John D. Williams
University of North Dakota

Summary - An alternative regression solution to the repeated measures design
(A X B X S) is given, contrasting to a solution given earlier by Pyle (1974).
The solution given here can be conpleted without altering the criterion
measures to find the A and B effects. Also, the present solution can be
translated quite easily into experimental design terminology.

Pyle (1974) has demonstrated one form of a regression solution to the

A X B X S design. Recently, others have given regression solutions to the

repeated measures design, including Fanning and Newman (1974) and Pohlman and

McShane (1974).

Using Pyle's solution and data as a point of departure, several comments

can be made. First, assuredly, his solution is correct. In that his solution

requires redefining the criterion scores depending upon the particular main

effect being considered, the solution is to some degree inefficient. While

Fanning and Newman and Pohlman and McShane are, like Pyle's solution, in a

Ward and Jennings (1973) vein, the present solution is meant to be helpful to

those researchers who feel a need (1) to end up with results that can be

framed in experimental design terminology and (2) is empirically easy to

solve. Because of the second requirement, and because the A X B X S design is

proportional, an intuitively pleasing solution can be given without resorting

to the algebraic manipulations such as are found in Pyle's solution, but

following the Ward and Jennings (1973) and Bottenberg and Ward (1963) tradition.

Pyle's data follow:

B B
-1 2

AAA A
1 2 .1 ,2S 1 3 4 4

S 2 2 5 4
s2 3 1 6 6
^3



Also, several variables can be formed which can be useful for arriving at 

a solution:

Y = the criterion score;

X ] = 1 if from Subject 1, 0 otherwise;
I

X = 1 if from Subject 2, 0 otherwise;
2

X = 1 if from treatment A, 0 otherwise;
3

X = 1 if from treatment B, 0 otherwise;
4

X = X . X ;
5 3 4

X = X . X ;
6 1 3

X = X . X ;
7 2 3

X = X . x ;
8 1 4

X = X . X ;
9 2 4

X = X . X . X ; and
10 1 3 4

X = X . X . X .
11 2 3 4

Table 1 includes the previously given information.

TABLE 1

?<
Regression

fit.
Formul
A,

ation of the A X B X
Wi

S Design

Y X X X X X X X X X 'x
1 2 3 4 5 6 7 8 9 10 11

1 1 0 1 1 1 1 0 1 0 1 0
3 1 0 0 1 0 0 0 1 0 0 04 1 0 1 0 0 1 0 0 0 0 04 1 0 0 0 0 0 0 0 0 0 02 0 1 1 1 1 0 1 0 1 0 12 0 1 0 1 0 0 0 0 1 0 05 0 1 1 0 0 0 1 0 0 0 04 0 1 0 0 0 0 0 0 0 0 03"1 0 0 1 1 1 0 0 0 0 0 01 0 0 0 1 0 0 0 0 0 0 06
c

0 0 1 0 0 0 0 0 0 0 00 0 0 0 0 0 0 0 0 0 0 0
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For the moment, a model can be considered,

3

coefficients

+ b X + b X
4 4 5 5

(1)
where b

0

Y = b + b X + b X + b X
0 11 2 2 3

b X
10 10
- b

11

+ b X + e ,
11 11 1

are regression

+ b X +
6 6

Xi - X are as previously defined, and

e = the error in prediction with this model.

bX + b X + b X +
7 7 8 8 9 9

If equation 1 is inspected, it can be seen that X and X represent the
1 2

subject variables, X represents the A variable, X represents the 8 variable,
3 4

X represents the AB interaction, X and X represent the AS interaction,
5 6 7

Xg and Xg represent the BS interaction and X^ and X^ represent the ABS

interaction. Thus, the sources of variation involved with this model are

A, B, AB, AS, BS, and ABS.

One difficulty ensues with the direct utilization of equation 1; because 

all the variables are represented in the design, there can be no error 

variance (i.e., e = 0 for every Y score). However, if equation 1 can
1 2

abstractly serve as a fullest model, (which it certainly is: R = 1) a

very direct approach can be used to find the ABS effect, which can be found

as follows:

Y = b + b.X. + b„X + b X + b X +0 1 1 2 2 3 3 44
b X + e , (2)

9 9 2

bX + bX + b X + b X +
55 66 77 88

The ABS variation iswhi ch

given

implicitly has the restriction b
2 2as 1 - R where R results from the use of equation 2. The sum of

2 2 2 2 2
squares due to ABS can be found as (1 - R )(SS ) or also as (1 - R )(s )(n

2 2 j 1).

Many regression programs report the sum of squares for deviation from
2regression directly. SS can be found to be 2.167, with 1 - R = .06583.

ABS
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In that the A X B X S design is a three way design, one simple approach 

is to conceive the design variously as a one way design three different times 

(with dimensions A, B and C), as a two way design three different times (with

dimensions A and B, A and S and B and S); and finally, as a three way design

(to find the ABS interaction). Table 2 includes a representation of the

solution for the sources of variation.

TABLE 2
2

Solution to the A X B X S Design in Terms of R

Source of Variation

A

B

S

AB

AS

BS

ABS

Total

df

1

1

2

1

2

2

2

11

2
- R )9a,b

- R2 )
B.S

,S,AB,AS,BS

SS
2

SSt(R a)
sst(r\’

SS (R .)
T -s

SS (R\ D Any A,B,AB
SS (R

T A,S,AS
sst(r2
SS (1 -

T
SS

T

B,S,BS
R2

A,B

It should be noted that several alternative methods could be used to calculate

(3), leadingb +
0

also
-R2

A,AB

the sources of variation in Table 2. For example, SS is shown as being
A

b X + e„1 3 3
equal to

u 2- R „) and to SS (R
S T A,B,AB

calculated directly using the linear model Y =
2

to SS (R ) for the SS term. However, SS is
I A 2 A 2 2 A

SS (R - R ), and to SS (R • ‘
T A,B B T A,S S'

among others. There would also exist alternative ways to calculate SS and
B

SS . While the several computations will yield the same numerical result,w
they represent a somewhat different conception of the main effect. For

2 2example, if SS is calculated from SS (R - R ), the question being
” T A,B B
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answered is: what is the effect of A independent of B? When the cell frequencies are

equal, the computational results of these approaches are identical.

Table 3 contains the necessary linear models for solving the A X B X S

design, using the formulations from Table 2.

TABLE 3

Linear Models for Solving the A X B X S Design

Effect Linear Model

A

B

S

A,8,AB

A,B

A,S,AS

A,S

B,S,BS

B,S

A,B,S,AB,AS,BS

Y ■ bo + b,X3 + e3 (3>

Y * b0 + blX4 + % (4)

Y ' % + Yl * b2X2 + % (5>

Y = b + b X + bX + b + e (6)
0 1 3 2 4 3 5 6

Y = b + b X + b X + e (7)0 1 3 2 4 7
Y = b + b X + bX + b X + b X + b X + e (8)

0 11 22 33 46 57 8
Y = b + b.X, + b X + b X + e_ (9)

0 1 1 2 2 3 3 9
Y = b + b X U X + bX + bcX„ + b X + (10)0 11 22 4 4 58 69 10
Y = b + bX + b X + b X +e„ (11)

0 1 1 2 2 4 4 11
Y=b + bX + bX + b X + bX + bX + b X + b X +

0 11 22 33 44 55 66 77
Mo + b X + e (2)
88992

While the main effects are resultant directly from the use of the corresponding

linear models, the solutions for the interactions require the use of the
2

difference (either in R units or sum of squares) between two linear models.

For example, SS utilizes equations 6 and 7; similarly, SSft uses equationsAB AS
8 and 9 and SS__ uses equations 10 and 11. The solution for the data given

DO

earlier is shown in Table 4.
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Summary Table for A X B X S Design

TABLE 4

Source of Variation df SS MS F

A 1 .083 .083 .077

B 1 24.083 24.083 22.237

S 2 2.167

AB 1 .083 .083 .077

AS 2 2.167 1.083

BS 2 2.167 1.083

ABS 2 2.167 1.083

Total 11 32.917

where

F = MS /MS ,
A A AS

F = MS /MS , and
B B BS

F = MS /MS .
AB AB ABS

Discussion

The use of regression for the solution to the repeated measures design has

been previously described in a number of recent publications, each with their

unique direction and differing in the models (but not the numerical solution)

from the present solution. In turn, these solutions give identical results

to the A X B X S design described by Lindquist (1953).

In that the repeated measures design for equal cell frequencies has been

documented with a computer solution (Hartley, 1960) and the A X B X S design

necessarily involves equal cell frequencies, one might reasonably ask, why

spend time and effort necessary for a regression solution to this design. This

thought surely will occur to the researcher who has even a modest sample size

(say N = 30).



- 9 -

The rationale for using a regression solution would seem to lie in the

intuitive value gained from working through the linear models. Hopefully, this

experience will allow a better understanding of the research problem. A

practical suggestion for researchers who wish a solution to the A X B X S

design, is that they solve a small problem such as the one given here so

that they can get a good "feel" for the problem; when analyzing a real life

problem, the Hartley program is more efficient. If the researcher has an

understanding of the meaning of the sources of variation, the actual

computer solution used is not as an important a detail as the understanding

of the solution.
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POSSIBLE RELATIONSHIPS BETWEEN
PREDICTOR AND CRITERION VARIABLES

Robert G. St.Pierre
Boston College

Chestnut Hill, Massachusetts 02167

Introduction

The possible relationships between a set of predictor

variables and a cri-terion variable can be defined by think­

ing in terms of the amount of overlap between variables.

Garrett (1946) and McNemar (1969) discuss the interpretation

of the correlation coefficient between two variables when

each variable can be perceived as the summation of a number

of equally potent, equally likely, independent elements, being

either present or absent. The correlation between two such

variables is a function of the number of elements common to

the variables and is given by:

** 'l"x * nxy 'lny + nxy

where nx is the number of elements unique to variable X, ny

is the number of elements unique to variable Y, and n is the

number of elements common to both variables.

Figure 1 shows that if X is comprised of eight elements

and Y is comprised of eleven elements with four elements being

common to both X and Y, the correlation between the two varia­

bles is equal to .426.
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FIGURE 1

X
I xxxx CCCC YYYYYYY

4

xy J 4+4 J 4+7
= .426

This interpretation of the correlation between two varia­

bles has been extended to the multiple correlation and regres­

sion framework and a computer program called VARGEN was written

(St.Pierre, 1974) as an educational tool to assist students

in understanding regression, correlation, and the statistical

properties of data. VARGEN will create a set of data consist­

ing of a number of variables for each of a number of subjects

in the following manner. For each subject, one hundred random

numbers are drawn from a rectangular distribution which ranges

from 0.0 to 1.0, and are placed in the cells of a ten by ten

matrix which defines the universe of possible elements. The

student can specify the relative size and location of each

variable (predictor or criterion) within the universe. The

value of each variable is determined by summing the random

numbers contained in the cells of the universe that are covered

by each variable. If two or more variables overlap, that is,

have one or more cells in common, the random numbers contained

in the overlapping cells are added to both variab1es. Once 

each variable has been calculated for the first subject, a new 
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set of random numbers is generated and the value of each varia­

ble calculated for the second subject. This process is continued

until data is generated for as many subjects as desired. A re­

gression analysis is then performed on the created data set (the

student defines which variables are predictors and which is the

criterion), and a visual display showing which cells are covered

by each variable is output.

In this way the student can pose and answer questions about

a set of data such as: How much of the criterion variance in

this data set is unique, and how much is held in common with

predictor variance? How are the predictors related - to what

extend do they share common variance?

Possible Relationships • *

This paper will define the possible relationships between

a set of predictors and a criterion, and present a modified

VARGEN visual display and regression analysis appropriate to

that relationship (based on a sample size of 1000). The effect

of each type of relationship on the square multiple correlation

(R2) will be the primary focus of the paper. Three major cases

will be presented.

Case 1 - Situations where the predictors and the criterion

share no common variance. While the predictors do not overlap

the criterion, they may or may not share common variance with 
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each other. In this case R2 = 0 as no criterion variance can

be explained by the predictors (See Figure 2).

Case 2 - Situations where the predictors and criterion

share common variance, however, the criterion retains some uni­

que variance. While the predictors must overlap the criterion

to some degree, they may or may not share common variance with

each other. In this case 0 < R2 < 1 since some portion of the

criterion variance can be explained by the predictors (See

Figure 3).

Case 3 - Situations where the criterion has no unique

variance. This case can be divided into three parts as follows:

Case 3a - The predictors account for all and only the cri­

terion variance, and do not share common variance with each

other. In other words, the predictors completely overlap the

criterion, do not overlap each other, and do not contain any

variance not contained in the criterion. This is the only case

in which R2 = 1 (See Figure 4).

Case 3b - The predictors account for all and only the cri­

terion variance, but share common variance with each other.

That is, the predictors completely overlap the criterion, do

not contain any variance not contained in the criterion, but

overlap each other to some extent and thus do not account for

unique portions of the criterion variance. In this case,

0 < R2 < 1 (See Figure 5) .
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'Case 3c - The predictors account for all the criterion

variance and also some non-criterion variance. That is, the

predictors more than overlap the criterion. They may or may

not share common variance with each other. In this case,

0 < R* 1 2 3 < 1 (See Figure 6).

Conclusion

Situations can be expanded to include any number of pre­

dictors without altering the statements which have been made

concerning R2. While most students intuitively understand

the results arrived at in Cases 1, 2 and 3a, the results of

Cases 3b and 3c are somewhat more difficult to understand.

It is important to realize that the only situation where R =*l

occurs when the following three conditions are fulfilled:

1) the predictors account for all the criterion

variance, that is, the predictors completely

overlap the criterion;

2) the predictors account for only the criterion

variance, that is, the predictors do not contain

variance not belonging to the criterion;

3) the predictors are uncorrelated, that is, no

predictor shares common variance with any other

predictor.

While it may seem that R^ should equal 1 for Cases 3a, 3b, and

3c, we can see that only Case 3a meets the three stated condi­

tions. Case 3b violates condition 3, and Case 3c violates
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2
condition 2 (See Appendix A for a proof that R = 1 only under

the stated conditions). That is, whenever the predictors con­

tain any error variance, or are correlated, it is impossible for

R to be equal to 1, regardless of the extent to which the pre­

dictors are correlated with the criterion.

Onv way to investigate the possible relationships between

predictor and criterion variables is to use VARGEN, which, as

described earlier, allows the student to create his own data

sets. He is free to vary the amount of overlap between varia­

bles and thus acquire a feel for what is meant by common and

unique variance and by overlap between variables, as well as

to see the effect of varying relationships icetween predictors

and criterion on a regression analysis.
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FIGURE 2

Multiple R Square = 0.002
Multiple R = 0.046
F (Anova on R) 1.063
N.D.F.l ss 2.000
N.D.F.2 = 997.000

Predictor B Weights Beta Beta Sq. R (Criterion) Beta*R
1 -0.013 -0.011 0.000 -0.025 0.000
2 -0.051 -0.041 0.002 -0.045 0.002

Intercept Constant = 8.397
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FIGURE 3

Multiple R Square = 0.206
Multiple R = 0.454
F (Anova on R) =129.497
N.D.F.l = 2.000
N.D.F.2 = 997.000

Criterion B Weights Beta
1 0.250 0.230
2 0.241 0.302

Intercept Constant = 2.894

Beta Sq. R(Criterion) Beta*R
0.053 0.365 0.084
0.091 0.405 0.122
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FIGURE 4

Multiple R Square = 1.000
Multiple R = 1.000
F (Anova on R) = *****
N.D.F.l = 2.000
N.D.F.2 = 997.000

Predictor B Weights Beta Beta Sq. R (Criterion) Beta*R
1 1.006 0.713 0.508 0.710 0.506
2 1.006 0.705 0.497 . 0.702 0.495

Intercept Constant = -0.048



- 19 -

FIGURE 5

Multiple R Square = 0-903
Multiple R = 0.950
F (Anova on R) =4614.898
N.D.F.l = 2.000
N.D.F.2 = 997.000

Predictor B Weights Beta Beta Sq. R (Criterion) Beta*R
1 0.609 0.432 0.186 0.710 0.306
2 0.803 0.690 0.476 • 0.864 0.596

Intercept Constant = 0.745
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FIGURE 6

Multiple R Square = 0.415
Multiple R = 0.645
R (Anova on R) = 354.212
N.D.F.l = 2.000
N.D.F.2 = 997.000

Predictor B Weights Beta
1 0.464 0.488
2 0.371 0.438

Beta Sq. R(Criterion) Beta*R
0.239 0.473 0.231
0.192 . 0.421 0.185

Intercept Constant = -0.625
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APPENDIX A

Given the following common elements correlation formula:

r = ---------1-------- where n = the number of elements common to x and v
** xy

M x y n* = the number of elements in x

n = the number of elements in y
y

The three conditions stated earlier imply that the following relationships

2
must hold for R » 1.

2
That isr R « 1 if and only if:

n12 “ 0 (1)

ni+n2 » nc (2)

nic • nl (3)

n2c = n2 (4)

Note that in the above conditions the subscript "c" refers to the criterion,
"1" to the first predictor, and "2" to the second predictor.

Form the R matrix

The multiple regression B weights can be obtained by: B » R-1
11 R12

(5)

(6)
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2
Solving the inverse

-i

1 —

To solve for R^1 we need to obtain the determinant -

v 1 2

nln2

“ni2

1
n 7

nln2

1
n 212
nln2

~n12

“ln2

2
n!2 = x _ n!2

nln2 nln2
by the cofactor method we obtain.

n12
detCR^) = (1) Cl) - -------------- (7)

Simplifying (8) and substituting into (6) we obtain:

nin2
nlVni22

“ni2 nln2
nin2"n122

~n12 4nln2

nln2“ni22

nln2"n122

nic
xFy?

n2c

P¥c
——

nln2“ni22

nin2-ni22

nlcn2~n!2n2c

n2cnrn!2nic

(9)

(10)
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2The formula for R is:

B R, _ = b, r, +b_r12 1 1c 2 2c (11)

Substituting (9)

nlVni22

into (11) we obtain:

n, n -n,„n„1c 2 12 2c
nln2"ni27

n_ — n_ n,2c 1 12 1c
.1 nN c

Which can be simplified to:

n,1c
Irin1 c

n2c
Jn_n
i 2 c

(12)

„ n, (n, n„-n_ n,_) + n„ (n_ n,~n, n,„)_2 lc' 1c 2 2c 12' 2c' 2c 1 1c 12R — . , ■ — -------  ■ --- ■■ ■ — ■ ■ ...
nc(nln2"n122) (13)

SinceWe and (4) hold (1):

(14)

(4)from (3) and

(15)

R2

(2), (3)

let n,=n.1 1c

n12=0 from

and n =n„2 2c

2now show that R = 1 if (1)

nlc(nlcn2) + n2c(n2cnl)

nin2nc

Vn2

n 22c
n_n2 c

B* -ilL
nln£

n, 21c
n, n1 c

n22

n2nC

(16)

Thus when all four conditions hold 1.

n_

R2

R2

Given n^+n2=n^from (2), we have

We now show that if any one of the four conditions does not hold r2<1

(4)Violate (1) using (13), (3) and,^2>0, then
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2 nl(nln2~n2n!2) * n2(n2nrnin!2)

nc(nlVn122)

nin2(nl+n2~2ni2)
nc(nin2~n12i)

Using (2) we have

R2
"c(nlVn122)

nln2”c~2nlP2n12

”ln2n='nc"122

<17)

(18)

(19)

- 2
If 2n,n„n,„ < n n,_z then R >1 which is impossible.1 2 12 - c 12

2
If 2n,n_n,_ > n n, 2 then R <1 which was to be proved.

1 2 12 C 12
n

If 2n,n_n,_ = n n, 2 then R =1. We will show this is impossible.
j» 2 JL2 c 12

2n,n n, =n n, 2
1 2 12 c 12

(20)

2n,n =n n,_ dividing by n,_12 C 12 12 (21)

2n1n2 = (n1+n2) n12 from (2) (22)

2n1n2 = n1n12+n2n12 (23)

nln2+nln2 ’ nini2+n2n12 (24)

This is only true if ni=an2‘=ni2=1^ (25)

which would imply r = --------- - 1. If this is true, the determinant
12

of R1X in (7) is zero and so R^-1 cannot be found. Thus, if (25) holds,

2
R cannot be obtained. Therefore, 2n1n_n._ > n n 2 and

1 2 12 c 12
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nin2nc~2nin2n!2
2n_nn -n n *12c c 12

i

R2 < 1

Violate (2), i.e.t let n^+n^n^. The proof can be followed from (13),

(14) and (15). Picking up at (15), we have

2
If n,+n_ > n then R >1 which is impossible.X z c

2
If n,+n_ =* n then R =1. However, this contradicts our assumption.X z C

2If n +n < n then R <1 which was to be proved.X z C

Violate (3), i.e.j let n^n, . From (13) we have X xc

2 nlc(nlcn2 n2cni25 + n2c(n2cni“nicn12)
K = - - - -

n (n,n ~n,_z)c' 1 2 12 '

Since n, =012

n, n„n12c

using (4)

2
r2 a nic * nin2

ninc

If n, 2 + n,n >n,n then R2 > 1 which is impossible.
1c 1 2 1 c

If n 2 + n,n <n,n then R2 < 1 which was to be proved.
1c 12 1c

If n, 2 + n n =n,n then R2 = 1. We will show this is impossible.
1c 121c

(15)

(13)

(27)

(28)



- 27 -

n, 2 + n.n = n,n
1c 12 1 c

Using (2)

"lc2 + "1"2 ■ nllnl+"2>

nlc “ ni

2
But this contradicts our. assumption, thus R <1

Violate (4), i.e. s let n /n . This proof follows directly from the

proof when (3) was violated.

(29)
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REGRESSION CHI-SQUARE: TESTING FOR A LINEAR TREND IN PROPORTIONS
IN A 2 X C CONTINGENCY TABLE

Samuel R. Houston
University of Northern Colorado

and
James T. Bolding, Jr.

University of Arkansas

ABSTRACT
The usual chi-square test for a 2 X C contingency table can fail

to produce statistical significance when, in fact, a significant linear
trend in proportions is present in the data. The ordinary chi-square
test lacks power in the case when the variables can be considered order­
ed classifications. A regression chi-square test is described and
illustrated with hypothetical data in which the usual chi-square test
produced non-significant results even though a significant linear trend
was present in the data.

Consider the following hypothetical data. A survey was conducted
to gather information from voters (registered and non-registered) con­
cerning support for a local school bond. Each voter was asked to check
one of five categories ranging from strongly oppose to strongly favor
and each response was used as a measure of support for the school bond.
The school district believed that a more appropriate campaign could be
conducted if systematic differences were detected on the initial survey.
A statistical was consulted ex post facto (as usual!) and it was suggested
that the data be arranged in a 2 X 5 contingency table and the usual chi-
square test be completed.

Chi-Square Analysis of the Data
Table 1 is a summary table of responses from the survey.

TABLE 1
120 VOTERS CLASSIFIED ACCORDING TO P£GISTPATION STATUS AND DEGREE OF

SUPPORT FOR LOCAL SCHOOL BOND

Voter
Registration
Status

Attitude Toward Local School Bond

Total
Strongly
Oppose

(SO)
Oppose

(0)
Neutral

(N)
Favor

(F)

Strongly
Favor

(SF)

Registered 7 IS 25 9 4 60
Non-regis­
tered 3. 11 25 13 8 60

Total 10 26 50 22 12 120
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Its

For

of p. on X^ should be a good test criterion . On the null hypothesis
each Pi is distributed about the same mean, estimated by p, with variance
pq/n.. The regression coefficient b is calculated as

b = [Xa.X. - (£a.)(£niX.)/N] I [£n.X2 - (Zn.X.)2/ N]

standard error, S.E. (b) , is given by
S.E.fb) = [p'q/^IniX2 - (£n.X.)2/ n}] 1/2

the data in Table 3, b = [168 - (60)(360)/120]/ [1216 - (360)^/120]
= -0.088235

and S.E.(b) = 0.042868. The normal deviate for testing the null hypothesis
(3 = 0, is Z = b/S.E.(b) = -2.06. In this example the regression test
gave Z = -2.06 (significant at 0.05 level) while the t-test gave t = -2.08
(118 d.f.). The difference in results arises because the 2 approaches use
different large-sample approximations to the exact distribution of Z and t.

When the regression on p^ on X^ is used as a test criterion, it is of
interest to examine whether the regression is linear. Armitage (1) has

 2shown that this can be done by first computing chi-square =?n^(p^ - p) /p*q
= {"2. a^p - A2 /nJ" /p* q- This chi-square, with (C - 1) d.f., measures the
total variation among the C values of p^. The chi-square for linear regression,
with 1 d.f., is found by squaring Z, since the square of a normal deviate has
a chi-square distribution with 1 d.f. The difference,

2 — - 2
Xcc - 1) - » *s a chi-square with (C - 2) d.f. for testing

the deviations of the p^ from their linear regression on the X^. For the
school bond example, the total chi-square is 4.72 with 4 d.f., while Z2 =
4.24 with 1 d.f. Thus the chi-square for the deviations is 0.48 with 3 d.f.,
which is in agreement with the hypothesis of linearity.

REFERENCES
1. P. Armitage. Biometrics , 11:375 (19SS).
2. W. G. Cochran. Biometrics, 10:417(1954).
3. G. W. Snedecor and W. G. Cochran. Statistical Methods, 6th ed. .The Iowa

State University Press, Ames, Iowa (1967).
4. F. Yates. Biometrika, 35:176(1948).
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Oppose, Oppose, Neutral, Favor, and Strongly Favor classes. Having
assigned the scores we may think of the school survey data as consisting
of two independent samples of 60 and 60 voters, respectively. In Table
3 the data are presented in coded units and frequencies.

TABLE 3

SCHOOL BOND DATA DISPLAYED BY CODED SCORES

Attitude to
School Bond

Voter Registration Status
Registered Non-registered

X. f. f.1 i 1

1 7 3
2 15 11
3 25 25
4 9 13
5 4 8

Total 60 60

Mean (X) 2.8 3.2

On the X scale the average attitude toward the school bond is 2.8
for the registered voters and 3.2 for the non-registered voters. The
difference, D, is -0.4, with a standard error +^0.193 (118 d.f.),
computed in the usual way. The value of t = -0.4/0.193 = -2.08 is
significant at 0.05 level. Contrary to the initial chi-square test, this
test reveals a significantly greater negative attitude score for regis­
tered voters than for non-registered voters.

Snedecor and Cochran (3) state that the assignment of coded scores
is appropriate when (i) the phenomenon in question is one that could be
measured on a continuous scale, and (ii) the ordered classification can
be regarded as a kind of grouping of this continuous scale by a cruder
scale that is the best we can do in the present state of knowledge. The
net result, of course, is that we have been provided with a more powerful
method of data analysis when contrasted with the initial chi-square test.

Regression Chi-Square. Analysis of the Data
Another procedure, a regression chi-square test, has been suggested

by Yates (4) and it has been shown to yield results consistent (not identical)
with the t-test described above. For this test the null hypothesis is
that there is no relation between p^ and X^. The regression coefficient
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The calculation of the usual chi-square value produces a value of
4.28, which is not significant for 4 degrees of freedom (d. f.). On the
basis of this test the researcher night conclude at this point that there
is no evidence to suggest that voter registration status is related to
attitude of support for local school bond. Yet, a closer look at the data
suggests that a linear trend in proportions might be present. A modifi­
cation of Table 1 to include information which is suggestive of a linear
trend appears in Table 2.

TABLE 2

TESTING A LINEAR REGRESSION ON p^ ON SUPPORT SCORE REGRESSION

Voter
Registration
Status

■ • Attitude Toward Local School Bond
TotalSO 0 N F SF

Registered (a^) 7 15 25 9 4 60
Non-registered 3 11 25 13 8 60

Total (np 10 26 50 22 12 120(N)

Registered Voter
Rate (n. - a./n.)• i i v 0.70 0.56 0.50 0.45 0.33 0.5(p)

Coded Score (Xp 1 2 3 4 5

The proportions in the voter registration rate seem to be decreasing
with the ordered categories which reflect attitude toward the local school
bond issue. (See the row of Registered Voter Rates in Table 2.) The
rates start at 0.70 (Strongly Oppose) and decrease sequentially to a low
of 0.33 (Strongly Favor). This relationship is not detected in the usual
chi-square test as the chi-square test is not sensitive to ordered categories
which may be present in the classification variables.

Two Sample t-test Analysis of the Data
One alternative to the usual chi-square test, a t-test for two

independent samples, has been suggested by Cochran (2), Armitage (1)
and Yates (4). This approach involves attaching a coded score to each
class so that an ordered scale is created. To illustrate from the school
bond example, let us assign a 1, 2, 3, 4, 5, respectively to Strongly
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FOUR-WAY DISPROPORTIONATE HIERARCHICAL MODELS

John D. Williams
University of North Dakota

Summary - A solution for the four-way disproportionate fixed effects
hierarchical model is given. Because there are 15 effects to be ordered,
and the ordering will have a major inpact on each different effect, the
n-way hierarchical model should be used only when there is a strong a_
priori ordering suggesting itself to the researcher.

Disproportionate n-way designs are troublesome*  but necessary for the

applied researcher. Most of the solutions for the disproportionate case

are explained for the two-way model (Jennings, 1967; Overall and Spiegel,

1969; Williams, 1972). While allusions are made to solutions for higher

dimensional designs, actual solutions are almost non-available. The most

cormonly accepted solution, called the fitting constants solution, wherein

each main effect is measured independent of the other main effect, has the

property that the sum of squares from each source of variation typically

will not add to the sum of squares total when disproportionate cells occur.

For the applied researcher who has learned his statistical methodology

in traditional experimental design courses where only proportionate cell

frequencies were encountered, the non-additive quality of the fitting con­

stants solution is bewildering. Because the hierarchical solution (Cohen,

1968) is additive, some researchers may be attracted to it because of that

quality. Correctly used, the hierarchical model requires the researcher to

order the effects as to their research interest. For the four-way model,

this is no mere task; there are 15 effects to be so-ordered: 4 main effects,

6 two-way interactions, 4 three-way interactions, and a four-way interaction.

*Without the prodding questions of Isadore Newman at the 1974 American
Educational Research Association Convention, it is doubtful that I would have
ever guessed any one would be interested in a solution to the higher-dimen­
sional hierarchical model.
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The hierarchical solution would proceed in the following fashion: the most

important effect is measured directly} the second most important effect

is adjusted for the first effect; the third most important effect is adjusted

for the first two effects; this process is continued until the fifteenth

effect is adjusted for the first fourteen effects.

While a description of the model is useful, an actual set of data can

be more instructive regarding the process for finding a solution. The data

for a four-way disproportionate design is given in Table 1.

TABLE 1

Four-Way Disproportionate Data

A1 Az A
3

D
1

D
2

D
1

D
2

D
1

D
2

c, ■g~ 7 nr 8 5 3
1 6 4 3 2 8 1

B. 3
1 C 5 8 TF ~T2~ 5 7

2 3 2 7 8 2
1 12 9 9 5 4

C1 4 9 7
B2 2 7

2 2 2 4 3 1
C2 4 2 0 2 1

8 1 8 3
7 2

3 7 15 5 7 2
c] 3 2 4 2 2

0 7 8 6B o 1
2 2 1 2 1 2

C2 8 1 1 8 1 4
3 3 3 1
2 2 1T3 5 17 15 9 17

C1 12 3 12 13 6 1210 11 4 12 4
B 6 0 1

4 2 5 ~T7 10 20C
2 8

4
2
2

8
6

10
81 7
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The coding for a solution to the four-way model is as follows:

Y = the criterion score,

X = 1 if a member of A,
1 1

X = 1 if a member of A„
2 2

X = 1 if a member of B,
3 1

X = 1 if a member of B„4 2

0 otherwise,

0 otherwise,

0 otherwise,

0 otherwise,

a member of B^

a member of

a member of

X =
5

1 if

V 1 if

X = 1 if
7

X8 = X1 •

X = X .
9 1

X = X .
10 1

X„ = X .
11 2
V X .

2
X = x„ .

13 2
X = x, .14 1
X = x„ .15 2

= X .16 1
X = X .17 2
X18 = X .

3
x, = X .19 4
X = X .20 5
x , = X .21 3
X = X .
22 4

X = X .
23 5

X = X. .24 6

0 otherwise,

0 otherwise,

0 otherwise,

AB interaction

AC interaction

AD interaction

BC interaction

BD interaction

CD interaction
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X = X . X . X
25 1 3 6

X = X, . X . X
26 1 4 6

X = X . X . X
27 1 5 6

X = X . X . X ,
28 2 3 6

X = X„ . X . X ,
29 2 4 6

X = X . X . X ,
30 2 5 6

X = X . X . X,
31 1 3 7

XOA = X .X .X
32 1 4 7

X = X . X . X,
33 1 5 7

X = X . X . X ,
34 2 3 7

X = X . X . X ,
35 2 4 7

X = X . Xr . X .
36 2 5 7 ■

X = X .X . X J
37 1 6 7 s

X = X . X . X J
38 2 6 7 }

X = X . X . X,» )
39 3 6 7

X = X . X . X ,>
40 4 6 7 (

X = X . X . X ,\
41 5 6 7 1

X = X . X . X . X ?
42 1 3 6 7

X = X, . X . X . X ,
43 1 4 6 7 |

X = X . X . * . X ,
44 1 5 6 7

X = X .X .X . X ,
45 2 3 6 7

X = X . X„ . X . X , \
46 2 4 6 7

X„ = X .X .X . X .
47 2 5 6 7 f

ABC interaction

ABD interaction

ACD interaction

BCD interaction

ABCD interaction

coding ls performed, the question of ordering the effects remins.

difZCtted’ the °rderi"9 °f the 5everal Prob,em* iS

" nrrangenents could be considered. In that many problems are such 
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that the main effects (A,B,C,D) are usually of prime importance, the two-way 

interactions are of next importance (AB, AC, AD, BC, BD, CD), the three-way inter­

actions are of next importance (ABC, ABD, ACD, BCD) and the four-way interaction is

least in importance (ABCD), the problem can be reduced somewhat. While other

orderings could be considered, the ordering given here is A, B, C, D, AB, AC, AD,

BC, BD, CD, ABC, ABD, ACD, BCD ABCD.

Using the just mentioned ordering, the following linear models can be developed:
Y = b0+blXl + b2X2 + ei’ (1)

Y = b0 + blXl + b2X2 + b3X3+b4X4+b5X5+e2’ (2)

Y = b + b.X. + b X + b X + b X + b X + b X + e , (3)
0 11 2 2 33 44 55 66 3

Y = b + b X + b X + b X + b X + b X + b X + b X + e , (4)
0 11 22 33 44 55 66 77 4

Y = b + b X + b X + b X + b X + b X + b X + b X + b X +
0 11 22 33 44 55 66 7 7 88

+ Ww+ V11+ Viz+ Vi3+ V l5)

¥ ’ b0 + blX1 + - + b15X16 + b17X17 + e7‘ (7)

¥-b0 + b1X1t-+b18Xl8+b19X19 + b20X20tV (8)

¥’»0*Vl + - + b2lX21 + b22X22 +bZ3X23+e9> (”

Y = b0*b1X1 + ... + b24X24 +e10, (10)

¥ ’ b0 + bl*) + + »25X25 ♦ b26X26 + b27X27 ♦ b28X28 ♦ b29X2, ♦

b X + e,,. (ID30 30 11
¥ ■ bo * b,X) ♦ ... + b31x31 ♦ b32x32 ♦ b33x33 * b34x34 ♦ b35x35 ♦

b36X36 + e12’

’’Wl* ... ♦b37X37 +b38X38 +e]3, (13)
¥-bO*b1X] + ...+b39X39 +b4()X4o+b41X41 + e]4, (14)

¥ " b0 * b1Xl + - + b42X42 ♦ b43X43 ♦ b44X44 4 b45X45 ♦ b46X46 ♦

b47X47 + el5’ <15)
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where

b - b are regression coefficients (likely to be different from
0 47

equation to equation),

X1 - X are as previously defined, and

el ' el5 3re the errors in prediction with each respective model.

Any given effect is found as the difference between the model including that

effect and the previous model. Computer programs that include an analysis

of variance for the regression allow a direct calculation of the sum of
, , 2 2squares. Otherwise, SST = (n-l)s where s is the variance of the Y scores.

Then, for the kth effect considered,
2 2

ssk = ssr(R k - R k-i>- (16)

The hierarchical solution for the data in Table 1 is given in Table 2.

Hierarchical Solution for the Four-Way Data

TABLE 2

Source of Variation df SS MS F

A 2 102.167 51.084 5.201
B 3 520.703 T 73.568 17.671
C 1 67.335 67.335 6.856
D 1 10.216 10.216 1.040
AB 6 137.709 22.952 2.337
AC 2 15.296 7.648 .779
AD 2 12.236 6.118 .623
BC 3 55.870 18.623 1.896
BD 3 48.640 16.213 1.651
CD 1 20.749 20.749 2.112
ABC 6 161.724 26.954 2.744ABD 6 248.427 41.404 4.215ACD 2 8.856 4.428 .451BCD
AD PR 3 37.032 12.344 1.257
Ad LU 6 60.750 10.125 1.031within 75 736.688 9.822Total 122 2244.398
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Reducing the Number of Acceptable Solutions

While there are 15! different arrangements of ordering the effects for

a four-way design, not all of those orderings will in fact yield a meaningful

solution. For example, the AB interaction cannot be meaningfully interpreted

unless the AB variables have been proceeded by both the A and B effects in the

ordering. This is not to say that some interaction effects cannot take precedence
over some main effects; rather, for any nth order interaction effect to be

included, it must first be preceded by the main effects and lower level

interaction effects directly involved in a n-way layout of the data. As an

example of a permissable ordering of the effects, the following ordering

shows several interaction effects being measured prior to at least one main

effect: A, B, AB, C, AC, BC, ABC, D, AD, BD, ABD, CD, ACD, BCD, ABCD.

The just given ordering demonstrates some of the flexibility of the

present hierarchical model: the AB effect can be measured any time after

the A and B main effects have been included, and can occur prior to the C and

D main effects in the hierarchical ordering. Similarly, the AB, AC, BC and

ABC interactions can precede the D main effects in the ordering.

A Note on Coding Systems

The coding system described earlier is a 11 dummy" or binary coding system.

Some researchers may prefer "effect" coding, wherein the "left out" group is

coded -1 for the effect in which it has been omitted. While both coding

systems should give the same results, computer accuracy (or inaccuracy) can

play a part in using as many as 47 predictor variables, as is necessary for

a3X4X2X2 design. In particular, the results reported in Table 2 were

achieved using effect coding; the results using the binary coding system were 
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very similar, never deviating more than .182 in sum of squares for any of the

effects given in Table 2; all main effects and five of the interaction effects

showed differences of less than .01 in sum of squares. Because the effect

coding provided the least distortion in the final model in reproducing the

expected values for the 48 cells, the results from the effect coding were used.

Discussion

Having provided a solution to the n-way hierarchical model (specifically,

the four-way model), the usefulness of such a solution must still be examined.

Perhaps it's major attractiveness to the traditional researcher is that the

hierarchical model is an additive model and thus bears a superficial relation­

ship to the more commonly encountered proportionate designs. This attract­

iveness must be countered with what could be a major drawback: if the

ordering is changed, all the effects except the ABCD effect can be affected

by the change so that the corresponding sum of squares will be different.

On the other hand, if either a fitting constants solution or unadjusted

main effects solution (Williams, 1972) are employed, both methods yield

unique (but usually non-additive) solutions. Further, these latter two

solutions will yield identical results for all interaction effects; the main

effects will of course differ. On the other hand, the interaction effects

for the hierarchical model will usually differ for most if not all of the

interaction effects from the fitting constants and unadjusted main effect

solutions.

Thus, the concern for the additive nature of the hierarchical model

should not be oversold: the use for the n-way hierarchical model would seem

to be for the very specific situation wherein a researcher has a strong a.

firwri. ordering of the main effects and interaction terms.
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ISSUES IN TEACHING MULTIPLE LINEAR REGRESSION FOR BEHAVIORAL RESEARCH

Samuel R. Houston
University of Northern Colorado

and
E. LaMonte Ohlson

The Ohio State University

ABSTRACT

Several questions, issues and approaches to teaching a basic course
in Multiple Linear Regression (MLR) are raised in this article. These
include the following: 1)MLR as a generalized procedure; 2) Use of
matrix algebra in MLR; 3) Redundant models in MLR; 4) Orthogonal coding;
and 5) Data analysis and MLR. Suggestions and recommendations arc made
for the issues raised.

Issue 1--MLR as a Generalized Procedure
The behavioral researcher should be easily convinced after some

exposition that the methods of MLR when contrasted with ANOVA are supe­
rior or the only appropriate method of attack in the following situations:
1) when the predictor variable is continuous, that is the experimental
treatments with varying degrees of the same variable; 2) when cell fre­
quencies in a factorial design are unequal and disproportionate; 3) when
the predictor variables are both continuous and categorical, as in the
analysis of covariance; 4) when studying trends in data, etc. As a
result, there might be the temptation to discard classical ANOVA pro­
cedures in favor of the more generalized MLR techniques. In many situ­
ations the writers would support such a position, especially in the
case in which the objective is to analyze data for possible relation­
ships to be verified later with tight experimental studies. This role
for the behavioral scientist has been supported by John Tukey (7).

However, in the more restricted experimental study, the researcher
night be investigating a set of very specific questions which lend
themselves to a classical ANOVA design. Suppose, for example, the
answers to the research questions can be obtained from a classical 2-
factor ANOVA design. Should the researcher rely on MLR in this case?
We strongly hesitate to make such a recommendation in favor of the
generalized procedure. Would it not be a sad discovery to learn that
one's elementary school son came home from school only to announce that
since he had discovered that addition is the most generalized of arith­
metic operations (i.e., subtraction, division and multiplication can be
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conceptualized and expressed as special cases of addition) he would rely
on methods of addition in all future encounters with problems involving
multiplication! So, too, it might be argued that classical ANOVA pro­
cedures are more sensitive and efficient in some research situations
than are generalized MLR techniques. We recommend that the behavioral
scientist develop expertise in both approaches and,armed with knowledge
of their interrelationships, allow the research questions to dictate
which approach should be undertaken.

Issue 2~-Use of Matrix Algebra in MLR
A study of the MLR textbooks of Kelly et al. (4) and Ward and

Jennings (8) reveals that the authors introduce the students to the
concept of vectors and avoid the use of matrix algebra. While it might
be argued that an introductory course in linear models can be taught
successfully sans matrix algebra, the mechanics of matrix algebra, which
should be considered an essential language for a behavioral scientist,
are not difficult. Indeed, a behavioral scientist will need to develop
skills in other multivariate procedures such as factor analysis, canonical
correlation, MANOVA, discriminant analysis, and classification techniques,
in which case matrix algebra is a must. Let us not continue to avoid the
use of matrix algebra--matrix algebra is usually elegant in its simplicity
while the corresponding scalar algebra is involved and messy.

Issue 3--Redundant Models in MLR
The approach to model construction and testing taken by Kelly et

al. (4) and hard and Jennings (8) is one in which appropriate full and
restricted linear models are determined and tested with the variance
ratio test. If the model involves a classical AN'OV,\ or analysis of co-
ariance design, it is not unco imon to find full and/or restricted models

with redundant vectors. (Never let us cease to be thankful for the
tivc program which permits a solution when redundancies are present!)

Undoubtedly, models which have a vector associated with group membership
group are easier to conceptualize and formulate initially. How-

» e researcher must still recognize the dependencies involved if
he is to determine the correct degrees of freedom for a test of the

8 icance of the difference of R“s between two models. So why keep
ependencies in the full and/or restricted linear models? Should not the 
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tho Law of Parsimony be employed to remind the scientist that he should
keep the formulation of both full and restricted models as simple or
brief as possible, i.e., redundant-free? [See the textbook by Mendenhall
(5) as an example of a textbook in linear models in which no dependencies
appear in either the complete or reduced linear model.]

Issue 4—Orthogonal Codint*
Another topic which should be considered in a course in MLR is the

use of orthogonal coding. When one does not have access to a computer,
the use of orthogonal coding is extremely useful in reducing and simpli­
fying the calculations necessary for the regression analysis. The virtue
of orthogonal coding is that in the basic formula b = (X'X) ^'X
is a diagonal matrix. The inverse of such a matrix is a diagonal matrix
whose elements are the reciprocals of X’X. It thus becomes easy to
solve for the vector of b’s, and to obtain the standard errors of the
b's. [See Mendenhall (5) for details.]

2In addition, the calculation of the over-all R for the full linear
model is easily accomplished with the use of orthogonal coding. One first
calculates zero-order correlations between each coded vector and the

2dependent variable. The over-all P. will simply be the sum of the squared
zero-ordered correlations as the correlation between each of the coded
vectors (orthogonal) is zero. Furthermore, when orthogonal comparisons
are used for facility of calculations, one does not interpret the in-
dividual comparisons, but simply adds their contributions to obtain R“
or the regression sum of squares. When the F-ratio associated with the

2R is significant, one may proceed with post hoc comparisons between
means.

Issue 5—Data Analysis and MLR
It is the belief of the writers that MLR will be relied on by the

behavioral scientist more as a data analytic tool, often suggesting ideas
for subsequent research, rather than a procedure for analyzing a classical
design. With that in mind, the researcher should develop skills in analy­
zing regression models. The Coleman Report (1) is an example of a study
in which it is imperative that the researcher understand the method of
analysis and the appropriate conclusions and implications which can
be derived from that method. Examples of methods which should be considered
as useful topics in a acourse on MLR are path analysis (9), factor regression
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analysis (2), stepwise regression analysis (5), setwise regression
analysis(1°), commonality analysis (6), the backward elimination analy­
sis (3), the forward selection approach (3), and the stagewise regression

procedure (3).

Recommendations
It is recommended that the behavioral scientist develop additional

skills to include the mechanics of matrix algebra, the ability to express
non-redundant regression models, facility with orthogonal coding, and
greater exposure to strategies for cxplrining regression models. We
feel that these topics (and others) might well be presented by Joe Ward
and Earl Jennings in an advanced workshop to individuals who had completed
the beginning workshop (or its equivalent) in an AERA pre-session.
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AN APPLICATION OF THE HIGHER ORDER FACTORIAL
ANALYSIS DESIGNS WITH DISPROPORTIONALITY OF CELLS

Deitchman, R., Newman I., Burkholder, J. and Sanders, R. E.

The University of Akron

Abstract: The results of the application of several techniques
available for analyzing data when there is disproportionality of cells
is reported. How accurately they answer the research questions asked
is also discussed.

Williams (1974) has reported a possible solution for the four-way

disproportionate fixed effects model. We are just a few of the applied

researchers who have been plagued with the disproportionality of cells

when using higher order factorial analysis designs. There are a variety

of solutions available which can be divided into two major categories:

a) approximate solutions, and b) exact solutions. Some examples of

approximate solutions are: randomly eliminate some data, or calculate

scores just on means thereby reducing the N and therefore power

(Edwards, 1967). Since we were interested in an increase in accuracy

and power, only exact solutions were of specific interest to us. All the

exact solutions use multiple linear regression procedures. The researchers

of the following study were confronted with a4x2x2x5 factorial

design with disproportionality and repeated measures. The first attempt

was to find a computer program that would adjust for disproportionality

that used a traditional analysis of variance solutions—no such program
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seemed available. A review of the literature dealing with such problems

(Jennings, 1967; Overall and Spiegel, 1969; Williams, 1972; Williams,

1974; Applebaum, Elliot and Cramer, 19 74) seemed to indicate that

there are three major exact solutions that may be appropriate to

solving our problem:

1. Hlerarchial model (Cohen, 1968; Williams, 1974). This method

requires apriori knowledge of which variables in a solution are more

important or of greatest interest. With this approach, each effect is

only adjusted for the effects that are of greatest interest. Since in our

particular problem such apriori knowledge was not totally appropriate,

this solution was not attempted.

2. The unadjusted main effects methods (Williams, 1974). This

solution requires that the main effects may not be adjusted while the

interaction effects would be adjusted for the variance accounted for by the

main effects. Since one of our main concerns was with how much variance

a particular main effect was accounted for, this solution was rejected.

3' .Method of fitting constants . Since our interest was in the

Independent amount of variance accounted for by a particular treatment,

the method of fitting constants was employed. This method as a solution

for disproportionality has been suggested and described most frequently

by Winer, 1971; Scheffe, 1959; and others. In this procedure each main

effect is adjusted for each other main effect and the Interactions are

adjusted for all main effects. This procedure and the analysis of
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covariance procedure which was similar to what has been suggested by

Overall and Spiegal (1969) were compared on data obtained in an actual

experimental setting.

Method

The experiment consisted of a 4 x 2 x 2 x 5 factorial design. Rat

mothers were crowded into four groups, the A effect (8, 4, 2, 1), during

the gestation period from days 1-19. During the first 16 days of the

litter period mothers were observed two hours In the morning and two

hours in the evening with their litters (B effect). A 12 item check list

was employed. The behavior of each mother was checked one at a time

until all mothers were checked. This cycle was repeated 40 times each

session (each 20 recordings allowing for a first vs. second half com­

parison—C effect) for 15 days (the data was collapsed into five 3-day

periods—D effect) twice a day (A.M. vs. P.M.). The full model con­

taining all variables is presented below:
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Description of Variables

The criterion scoreY1

X = 1 If a member of A : 0 otherwise
1 1

X •• 1 if a member of A_; 0 otherwise
2 2

X3 = 1 if a member of A ; 0 otherwise

X ■ 1 if a member of B ; 0 otherwise
4 1

X « 1 if a member of G,; 0 otherwise
5 1

X, = 1 if a member of D,; 0 otherwiseb 1
X “ 1 if a member of D„; 0 otherwise7 2

1 If a member of D^; 0 otherwise

X «« 1 If a member of D • 0 otherwise
9 4

xn "

X12 = X3

X16 “ X1

X18 = X
1

= X
1

" X2

Xi7 ’ X

X
19

X20

X21 “ X2

X22 = X2

X23 ’ X2

X24 “ X3

X26 “ X3

X27 ’ X3

X25 " X3

X20 = \

X29 = X4

AB interaction

AC interaction

AD interaction

BC interaction

BD interaction

X32

X35

X36

X37

X
38

X39

X33

X34

X40

X
41

X
42

X43

X50

X48

X49

X46

X47

X

= X . X. . X2 4 i

= X . X, . X
3 4 5

« X . X . Xs
1 4 6

“X .X .X
1 4 7

- X .X .X
1.4 8

>= X . X . x„
1 4 9

" X2 ' X4 ‘ X6

“ X2'X4-X7

«• x„ . X .X
2 4 8

- X, . X. . xo2 4 9

- X3 ’ X4 • X7

- X . X
4 8,

w X, . X4 9j
■= X . X\

5 6

’ X5 ’ X8'

“ X5 ‘ \

52 1 5 6\
X53 " XX ’ X5 ’ X7

X54 X1 * X5 • X8

XS5 " X! ■ X5 ‘ X9

X56 " X2 ’ X5 * X6

X57 “ X2 ’ X5 • X7

X58 ’ X2 ’ X5 * XB

X59 “ X2 ’ XS • Xo
ojj z b 9

X60 n X3 • X5 • X6
X61 ’ X3 • x5 • X7J

BD interaction

CD Interaction

ABC Interaction

ABD interaction

ACD Interaction
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Description of Variables, Continued

X62 B X . X. ■ X?l3 5 / ACD interaction
X b x, . Xr • xn|

63

X

3

X, .

5

X'

9)
■ xS

64

X., b

4

X, .

5

Xr

61

• X7(65 4 5 ? BCD interaction
X,, b x. . X, • xA

66

x,„ c

4

x, .

5

Xc

8

•67

X68 e

4

Xl-

5

X4

9/
■XS-X^

X69 a Xl- X4 ■XS X7

X B x, • X .X .X
70

X_. s

1

x, .

4

x.

5 8
• x, . x„

71

x_„ b

1

x, .

4

X,

5 9

. Xc . X,72

X73 c

2

X2 '

4

X4

5 6

' X5 • X7
'I ABCD interaction

X74 b X2‘ X4 •XS’X8

x„ B x„ . X, . X, . X„75

x,. B

2

x, .

4

X

5 9

. X . X76

X77- C

3

X3 *

4

X4

5 6

•X5-X7

X78 B X3- X4 •X5-X8

X79 n X3- X4 * X5 • V

X80 B R1 1 if from Rat 1; otherwise 0

X81 B R2 1 If from Rat 2; otherwise 0

XQ,
82

B R3 1 if from Rat 3; otherwise 0

X83 n R4 1 if from Rat 4; otherwise 0

X84 B R
5

1 if from Rat 5; otherwise 0

X85 e R6 1 If from Rat 6; otherwise 0

X b R 1 If from Rat 7; otherwise 0
86

X
87

B

7

R8 1 If from Rat 8; otherwise 0

X
88

C R
9

1 if from Rat 9; otherwise 0

x„„89
a Rio 1 if from Rat 10; otherwise 0

X90 B R
11

1 if from Rat 11; otherwise 0

X91 B R12 1 if from Rat 12; otherwise 0

X92 R13 1 if from Rat 13; otherwise 0

X
93

e R
14 1 if from Rat 14; otherwise 0

X94 B R
15

1 if from Rat 15; otherwise 0

X95 c: R
16

1 if from Rat 16; otherwise 0

X
96

9 R
17

1 if from Rat 17; otherwise 0

X
97

B R
18

1 if from Rat 18; otherwise 0

X
98

B R
19

1 if from Rat 19; otherwise 0

X
99

= ^0 1 if from Rat 20; otherwise 0

X100 9 R21 1 If from Rat 21; otherwise 0

X101 B R22 1 if from Rat 22; otherwise 0

X102 B R23 1 if from Rat 23; otherwise 0

x,»,103
B R24 1 if from Rat 24; otherwise 0

X 104
B R25 1 if from Rat 25; otherwise 0

x,.c105
B R26 1 If from Rat 26; otherwise 0

X106 B R27 1 if from Rat 27; otherwise 0

X107 = R28 1 If from Rat 28; otherwise 0

X
108

B R29 1 if from Rat 29; otherwise 0

X109 B R30 1 if from Rat 30; otherwise 0

X110 B R
31

1 if from Rat 31; otherwise 0

Xlll e R32 1 if from Rat 32; otherwise 0

X112 B R
33

1 if from Rat 33; otherwise 0

X113 = R34 1 if from Rat 34; otherwise 0

X114 B %5 1 if from Rat 35; otherwise 0

X115 B R36 1 if from Rat 36; otherwise 0

X
116

S R37 1 If from Rat 37; otherwise 0

E
U
b , b

0

a

S=

l'

(Y - Y) Error
Unit vector, 1 for each replicate in the study
... + b, partial Regression Weight

116
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Some representative models used for testing some of the most pertinent questions are presented

below:

Y o b U ♦ b X + b X, * b X + * + E (1)
1 0 1 1 2 2 3 3 1

Y1 “ %U + blXl + b2X2 * b3X3 + V4 * ‘ + E2 (2)

\ “ b0U + blXl + b2X2 + b3X3 + b4X4 + bSX5 + * + S

Y> = %U 4 blXJ + b2X2 + b3X3 4 b4X4 * b5X5 + b6X6 + ^7 + b8X8 + b9X9 + ‘ + E4 W

= b0U 4 blXl 4 + b3X3 + b4X4 + bSX5 + b6X6 4 b7X7 + + b9X9 4 bjQX10 + bllXll + b12X12 + * 4 ES ®

Y> “ b0U 4 blXl 4 • • ’ 4 b13X13 4 b14X14 + b15X15 + ‘ * E6 (6>

Y1 " V 4 blXl + ‘ ■ 4 b16X16 + b17X17 4 b) 8X18 + bl9X19 + b20X20 4 b21X21 + ’ * * 4 b27X27 + * + E7 W

^'V4^4* ••4b28X28 4 * 4 E8 (8)

Y) ’ b0U 4 Vj 4 ’ ’ • 4 b29X29 4 b3QX30 4 b3]X31 4 b32X32 4 * 4 E9

Y1 “ b0U 4 blXl + * • « + b33X33 4 b34X34 + Ss’Ss 4 b36X36 + ‘ + E10 <10»

Y1 ’ b0U 4 blX) + ’ • ’ * b37X37 4 b38X38 + b39X39 + * + E11

Y1 “ b0U 4 blX! + ’ ' • 4 b40X40 4 ’ • * 4 bSlX51 + ’ 4 E12 (12)

Y1 “ V 4 biX! 4 ■ • ■ 4 bS2XS2 4 ' * * + b63X63 + * 4 E13 (l3’

Y> ’ b0U 4 Vj 4 * ’ • 4 bMX64 4 b65X6S 4 b66X66 4 b67X67 + 4 * E14 (H)

Y - bU +bX 4 . . . 4b,X +...+b X +**E (IS)
10 11 68 68 79 79 15

Where: Y ■ the criterion score
1

b0 " bl 16 are "Sression coefficients (likely to be different from equation to equation)

X1 “ X7g are as previously defined

E1 " E15 ar* the Orr°rS ln Predlctlon w*'h each respective mode

*ln all cases add R ,.. R
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all the variables Is presented in Tables 1 and 2.

TABLE 1

AxB AxC
Y- bU + Aj +A2 +a3 + E>i + °1 + Dj +d2 + D +D4 + (A1B1 + ^Bj + A3Bj) + (A^ + A^ + AjCj) +

AxD ’ BxC BxD
(A1Di + A1D2 + A1D3 + A^ + A2D2 + A2D3 + A2D4 + A^ + «■ A^ + A^) + (BjC,) + (B^ + +

CxD AxBxC
B1D3 + W + (C1D1 + C1D2 + C1D3 + W + *1B1C1 + A2BiC1 + Ml0? + <MA + MA +

AxBxD
MA +A1B1D4 +A2B1D1 + MA +MA + MA + M A + MA + MA + A3*W +

AxCxD
W1C1D1 +A>C1D2 4A1C1D3 4A1C1D( 4A2°1D2 4A2C1D3 4 * Wl 4A3°.D2 ‘Wa *

BxCxD
' A3C1D4> 4 ®1C1D1 4 ®1C1D2 4 B1C1D3 4 B1C1D4’ * VlVl 4 A1'1C1D2 * *>’1C1D3 4 A1C1 D< 4

AxBxCxD
A BCD +A B C D + A B C D + A B C D + A B C D, +A,B,C D, +A.B C D, +A,B,C,DJ +2111 2112 2113 2114 3111 3112 3113 3114

R„„ + . . . + R + E
80 116

Df
A • 3
B 1
C 1
D 4
AxB 3
AxC 3
AxD 12
BxC 1
BxD 4
CxD 4
AxBxC 3
AxBxD 12
AxCxD 12
BxCxD 4
AxBxCxD ’12
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TABLE 2
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Results and Discussion

One question we were interested in was whether each of the main

effects accounted for a significant amount of variance independent of

the other variables. One way this was tested (due to disproportionality

of cells) was to use the fitting constants method and the covariance

method. Presented below are three examples and the models used in

contrasting the results obtained using each method:

1. Response: Neonatal Grooming

(A) Main Effect (Crowding)

Result:

Covariance—Significant Fitting Constant—Non-Significant

Covariance:

Full Model

Restricted Model

+ b

P = .00002F = 8.29 df = 3,661

Fitting Constants:

Full Model

+ b„X + b X + b

Model I = b U + b X +
0 1 1

Model 2 = b U + b X0 1 1
b X + b X
99 80 80

Y = b U + b X +10 4 4

+ b X + b X +7 7 8 8

X + E
116 116

R2F = .509

b X + E
116 116

, X . „ x : b X2 2 3 3 4 4
+bX +bX5 5 6 6

X + E
116 116
Restriction = (b = b

1

R2 = .490
r
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Restricted Model Restriction (b^ b£ b^)

Model 3 = b U + b X + b X + b X + b X + b X + b X + b X +
0 44 55 o b / / y y oUoU

. . . + b X + E
116 116

2 2
F = .0015 df= 3,730 R =.326 R =.326 P = .983

* r

since the covariance method produced a This may be the case

significantly lower error term while the covariates may not be highly 

correlated with crowding.

Result:

Fitting Constants—Significant Covariance—Non-Significant

Covariance:

Full Model

+ E

P = .376

Fitting Constants:

Full Model

X
16 116

. + b
1

X
i 116

Model 4 = b U + b X +
0 1 1

Restricted Model

Model 6 = b U + b X + . . +bX+h v
0 11 • + £> Xu 11 9 9 80 80

2. Response: Self Grooming

(B) Main Effect (A.M. vs. P.M.)

. +b X
116 116
Restriction = (b =0)

4

' + b3\+ b A + • • . + b :3355 116
2 9R F = .421 RZf = .420

Model 5 = b U + b X +
0 1 1

F = .787 df = 1,661
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Restricted Model

Model 7 = b U + b X +
0 1 1

. . . + b X + E
116 116

F = 424.34 df = 1,730

Restriction = (b = 0)4
. +b X + b X + , . ,+b X + b X +

3 3 5 5 9 9 80 80

R2f = .608 R2 = .380
r P = 0.0

One possible explanation for the nonsignificant result using the

covariance method might be the correlation between the other covariates

and this main effect. An examination of the correlation matrix by the

E's showed this to be the case.

3. Response: Drinking Behavior

(A) Main Effect (Crowding)

Result:

Fitting Constant—Non-Significant Covariance—Non-Significant

Covariance:

Full Model

Same as Neonatal Grooming

Restricted Model

Same as Neonatal Grooming
2

F=.119 df = 3,661 R2 =.4368 R =.4365 P = .950
F r

Fitting Constants:
F = .013 df = 3,730 R2 =.29878 R2 = .29875 P = .985

F r
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ABSTRACT

Early issues of "Viewpoints" are not on all bookshelves

(including the author's until John Williams who was the first

editor provided copies) . Many of the "Viewpoints" have found

their way to such texts as Ward and Jennings, Williams, and

McNeil, Kelly and McNeil. Others lay dormant. An updated

address for’all authors appears at the end of this article.

*The publishing of this paper has been paid for by the Multiple L
Regression Viewpoints Special Interest group.
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McNeil, K. A. The negative aspects of the eta coefficient as

an index of curvilinearity. Viewpoints, 1970, 1, 7-17.

The objective of this paper is to discuss the eta coeffi­

cient and to point out some limitations and misconceptions about

the coefficient. Specifically, we will discuss the fact that;

1) the eta coefficient is a global measure of curvilinearity;

2) the eta coefficient has limited interpretability; 3) there

are a number of other curvilinear relationships that might be

of more significance and of more interpretability; 4) these

other curvilinear relationships do not suggest nor encourage

grouping of data as does the eta coefficient; and 5) these

other curvilinear relationships may tend to be more amenable

to replication than is the eta coefficient.

Stone, L. A. and Skurdal, M. A. Estimation of product moment

correlation coefficients through the use of the ratio of

contingency coefficient to the maximal contingency co­

efficient. Viewpoints, 1970, 1, 19-25.

authors attempt to demonstrate that the ratio, con-

tingency coefficrent/maximal contingency coefficient (C/Cmax),
is directly comparable to the product moment correlation
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efficient. Inspection of all of the computed C/C^* ratios, from

2X2 tables, showed that the ratios which correspond most close­

ly to the product moment correlation coefficients were not always

the ones which were associated with fourfold tables having dicho­

tomies nearer to .50 - .50 proportions. However, the authors were

lead to believe tha the C/Cjnax ratios which best approximated the

product moment correlation coefficients generally were from the

fourfold tables where there was an approximate 50 - 50 split. The

C/Cjnax ratio may be used as a "quick and dirty" estimate of the

relationship measure provided by the product moment correlation

model. No mathematical justification is offered for this contin­

gency coefficient ratio.

Williams, J. D. Multiple comparisons in a regression framework.

Viewpoints, 1970, 1, 26-39.

In using multiple regression as a problem solving technique,

one problem that might arise is the overuse of a full model with

several restricted models, without adjusting the probability lev­

el. Such an approach would violate the apparent probability level.

This has long been a concern in statistics. Several multiple com­

parison procedures have been developed for different situations.

The intent of the present paper has been to extend some of

the better known multiple comparison procedures (Duncan's Multi­

ple Range Test, Dunn's "C" Test, and Scheffe's Test) to a multi­

ple regression approach. The major change in the regression ap­

proach is to assess the result of multiple uses of a full model

to a correct distribution, rather than a straight-forward usage
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of the F distribution.

Goff, A. F. and Houston, S. R. Concurrent Validity of the Kop-

pitz scoring system for the bender visual motor gestalt test.

Viewpoints, 1971, 1, 45-52.

The study examined correlations between assessed visual-motor

perception, intelligence, and academic achievement. In addition,

efficiency of prediction for criterion variables was investigated

by employing two approaches of analysis: (a) regression model

and (b) Bender £ model. The following conclusions were formu­

lated on the basis of the obtained data and from the comparison

of the two predictive models.

(1) The significant negative correlation found between age

and the Bender error score adds further substantiation to the

fact that the ability to correctly execute the Bender protocol

improves with increased age.

(2) The Bender z_ score correlated to a greater degree with

intelligence, reading, and arithmetic achievement than did the

Bender error score with the three specified variables,

(3) The obtained correlations of the Bender z score with the

three criterion variables agrees with the literature in direc­

tionality and in significance with assessed intelligence.

(4) However, efficiency is enhanced by using the Bender er-

score and age rather than the single variable of the Bender

z score to predict achievement in reading and arithmetic and as­
sessed intelligence.

Jordan, T. E. Curvilinearity within early developmental variables.
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Viewpoints, 1971, 1, 53-77.

Squared and cubed vectors were introduced into eighteen re­

gression models each applied to nine criteria, Data came from

study of several hundred children in the first three years of

life. Departure from linearity did not provide better accounts of

the relationship between five predictors and development at 12,

24, and 36 months of age. Illustrations of various patterns of

squared vectors and cubed vectors were presented from the data.

Reed, C. L., Feldhusen, J. F., and Van Mondfrans, A. P. Regres­

sion models in educational research. Viewpoints, 1971, 1,

78-88.

Results of this study do not support the findings of Rock

(1965) that the interaction term regression was superior to the

quadratic form in predictive efficiency. The most efficient re­

gression model will depend upon: 1. how the variables and crit­

erion are related, 2. the reliability of the predictor variables,

and 3. the research question asked.

The studies reviewed in this paper seem to indicate that

complex regression models are in some cases more efficient pre­

dictors of complex behavior than the most frequently assumed

first order model. When quadratic and interaction terms are sign­

ificant, however, interpretation is made more difficult. Still,

an attempt at interpretation seems somewhat better than ignoring

the problem or assuming it does not exist,

McNeil, K. A. and Beggs, D. L. Directional hypotheses with the

multiple linear regression approach. Viewpoints, 1971, 1,
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89-102.

Two well known directional tests of significance are pre­

sented within the multiple linear regression framework. Adjust­

ments on the computed probability level are indicated. The case

for a directional interaction research hypothesis is defended.

Conservative adjustments on the computed probability level are

offered and a more precise computation is requested of statis­

ticians. Emphasis is placed more on the research question being

asked than on blind adherence to conventional formulae.

McNeil, K. A. On the unit vector. Viewpoints, 1971, 2, 2.

Short article presents several interpretations of the unit

vector. One of which conceptulizes the unit vector as any pre­

dictor to the zero power.

McNeil, K. A. On attenuating a multiple R. Viewpoints, 1971,

2, 3.

A brief conceptual arguement questioning the value of at­

tenuating a multiple R.

Duff, W. L., Jr., Houston, S. R. and Bloom, S. A regression/

principal components analysis of school outputs. Viewpoints,

1971, 2, 5-18.

The objective of this study is to identify the correlates

of student performance and teacher retention in an inner-city

elementary school district. The purpose is to provide urban

school administrators with information necessary to cope with

the special problems they face in organizing and administering

their educational resources.
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The study is divided into two parts: a descriptive section

and an analytic section. In the descriptive section the writers

are concerned with describing the inner urban school system.

Here the data to be analyzed are presented and classical regres­

sion techniques are used to specify the three basic teacher re­

tention and student performance models. In the second section

the data are further analyzed in terms of the unique contribu­

tion of a priori specified subsets of predictor variables. This

section ends with a comparison of a principal component regres­

sion approach to the a_priori grouping of predictors used in the

unique analysis.

Bolding, J. T. Empirical exercises for the study of multiple

regression. Viewpoints, 1971, 2, 21-22.

Six short exercises are presented which utilize random data

and illustrate several properties of MLR. Specifically, if ten

random variables are added together to produce a criterion, then

the 10 variables will yield an R^ of 1.00 when predicting that

criterion. Variations of the above situation are presented.

Connett, W. A note on multiple comparisons. Viewpoints, 1971,

2, 23-24.

Two general methods are available for controlling the over­

all alpha level. One method is to adjust the F value required for

significance. This method in relation to multiple regression was

recently discussed in Viewpoints (Williams, 1970). The second

way to maintain an overall alpha level is by proper choice of the

alpha levels for the individual comparisons. The purpose of this 
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note is to review a method for determining the individual alpha

levels necessary to maintain some selected overall alpha level.

Williams, J. D. and Lindem, A. C. Setwise regression analysis-A

new data-analytic tool. Viewpoints, 1971, 2, 25-27.

The setwise procedure drops one set at a time in a step-

wise fashion. There will be as many steps as there are sets.

Statistically, the steps are accomplished by an iterative pro­

cedure that allows the R^ term to be maximized at each stage in

a backward stepwise procedure. Once a set is discarded, the set

is no longer considered at later stages.

While the difficulty regarding the use of binary coded pre­

dictors has been at least partially solved, other difficulties

in regard to the stepwise procedure are also involved in the

setwise procedure; additionally, the setwise procedure has a new

problem unique to itself.

It has been pointed out several times that probability lev­

els in the stepwise procedure are usually violated. Further, when

k of the N variables have been dropped, the N - k remaining vari­

ables are not necessarily the set of N - k variables that would

yield the highest r2 value. These criticisms would also be valid

in regard to the setwise procedure. Additionally, the differences

in the number of variables in a set will have some effect upon

when that set of variables would be dropped. Other things being

equal, a set with 6 variables will be retained longer than a set

with 3 variables. Notwithstanding these difficulties, if the set­

wise procedure is judiciously employed by researchers, then ad­
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dition data analysis power can be obtained.

The program and sample printout are available on request.

Greenup, H. Watch that first step. Viewpoints, 1972, 2, 32-33.

Author discusses the interactive system at UCLA. "Biomed"

programs can be directed by (a) the 2250's typewriter - like key­

board, (b) an attached lightpen, or (c) some specially program­

med keys located near the keyboard.

McClaran, R. V. and Brookshire, W. K. A comment on multiple com­

parisons in a regression framework. Viewpoints, 1972, 2,

34-35.

Authors clarify an error in an earlier article in Viewpoints.

The error occurred in the Williams paper dealing with multiple

comparisons. One restricted model was inaccurate.

Newman, I. and Fry, J. A response to "a note on multiple compari­

sons and a comment on shrinkage". Viewpoints, 1972, 2, 36-38.

Connett (1971) presented Kimball's (1951) formula for keep­

ing a levels constant when making a number of comparisons.

A simplified formula, developed by the authors, for com­

puting these a levels is presented along with a brief mathe­

matical proof that Kimball's technique and that of the authors'

are approximately equivalent.

The method simply takes the desired a level desired to

keep constant across a number of comparisons (ao) an^ divides

that specific a0 by the number of comparisons one wishes to

make (N). Authors suggest that when the ratio of subjects to

variables is 10:1 or less, a shrinkage estimation should be used 
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and reported.

If this is done,research based on multiple correlations

will tend to be more replicable and therefore more desirable

and useful.

Newman, I. A suggested format for the presentation of multiple

linear regression. Viewpoints, 1972, 2, 42-45.

Multiple regression, when presented in the literature, has

usually been formated in an idiosyncratic manner. In addition,

the format rarely presents all the relevant information in a

concise, easy to inspect manner. Instead, one tends to find

himself thumbing through pages of the article to find the re­

levant information.

Author presents a format for the presentation of multiple

regression models and the information required for their inter­

pretation.

Connett, W. E., Houston, S. R. and Shaw, D. G. The use of factor

regression in data analysis. Viewpoints, 1972, 2, 46-49.

Suppose that it is desired to express the criterion vari­

able as a function of a set of independent variables in which

the intercorrelations between the various independent variables

is near zero. The procedure involves restructuring the full re­

gression model in such a way that the criterion variable is

expressed as a function of several mutually orthogonal factor

variables. This principal components-regression approach per­

mits one then to investigate the unique contribution of each

of the factor variables to explaining the dependent variable.
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The "factor regression" procedure begins with the complete

orthogonal factoring of the set of predictors.

Factor scores are then computed.

If a regression model is cast, regressing some criterion

variable onto the set of factor score predictors, several in­

teresting properties are noted. The beta weight for a predictor

is equal to the validity for that predictor. The R2 value for

any model is equal to the sum of the squares of the beta weights

for the model. The exclusion of a factor score variable from the

predictor set will result in a drop in R2 equal to the square

of the beta weight for the variable dropped. And, perhaps most

important, the dropping of any predictor variable from the pre­

dictor set will not affect the beta weights (predicitve contri­

bution in this case) of any of the other variables. These

properties are demonstrated in the following example.

This procedure is not a substitute for the long established

principals of statistical inference, those being hypothesis

building and testing; rather, it provides data organization

preliminary to hypothesis development and testing.

Williams, J. D., Maresh, R. T., and Peebles, J. D. A comparison

of raw gain scores, residual gain scores, and the analysis

of covariance with two modes of teaching reading. Viewpoints,

1972, 3, 2-16.

It should be abudantly clear from the 16 tables that the

three approaches to psycho-educational change are different.

While this set of data does not exhibit strong relationships 
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between the dichotomous predictor and the various criteria, the

use of the statistical significance approach would occasionally

yield different interpretations. Perhaps the most objective

comparison between the three measures would be the R2 term (for

the analysis of covariance, or adjusted means approach, R2 pw -

R2 . Only one significant difference is found in the three

measures. In Table 6, the raw gain is significant (p <.O5), but,

under exactly the conditions that would tend to make this occur,

the vertical group was significantly smaller than the graded

group on the pre-test, but this difference was almost erased

on the post-test. In terms of the raw gains score, this produced

a significant difference in favor of the vertical group.

Jennings, E. Linear models underlying the analysis of covariance,

residual gain scores and raw gain scores. Viewpoints, 1972,

3, 17-24.

The problem of investigating "change” or "gain" that can be

attributed to "treatments" has been discussed extensively over

a number of years without a noticable concensus emerging. Cron-

bach (1970) has even suggested that many questions that appear

to involve "change" can be effectively resolved without re­

ference to the concept of change.

Koplyay, J. B. Automatic interaction detector AID-4. Viewpoints,

1972, 3, 25-38.

The primary value of AID-4 to the task scientist is its

ability to identify the maximum amount of variance in the criter­

ion which can be accounted for by the predictors available; it 
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relieves the task scientist of the trial-and-error task of at­

tempting to identify the various relevant combinations of lin­

ear and non-linear interaction terms presently required by the

multiple linear regression technique. The splitting process of

AID-4, being based upon maximizing the between sums-of-squares

and minimizing the within-sums-of-squares, automatically takes

all present interactions into account, indicating the maximum

variance predictable in the criterion from the predictors. The

interactions and patterns or trends are identifiable from the

AID-4 output.

Newman, I. Some further considerations of using factor regres­

sion analysis. Viewpoints, 1972, 3, 39-41.

Presents four major points concerning factoring the data

before using MLR. When using factor regression procedures, it

is important to keep in mind that if one does not use all of

the factors (that is, accounting for 100% of the trace) he may

be overlooking a suppressor factor (suppressor variable).

If one is interested in improving the multiple regression

equation by using factor techniques, there is only one way this

can be done--by using fewer factors than the number of original

variables. This will increase the df and also possibly decrease

shrinkage-estimates. However, when this is done one may be los­

ing information that can account for criterion variance by elim

inating a factor that accounts for very little trace of the

factored matrix but is highly correlated with the criterion 

scores.
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Using only the factors that account for most of the trace

should be avoided when the predictor variables that are being

factored are likely to be highly reliable. Under these condi­

tions a variable that accounts for little of the trace vari­

ance may be a good and highly reliable predictor of criterion

variance.

Newman, I., and Fry, J. Proof that the degrees of freedom for

the traditional method of calculating analysis of covari­

ance and the multiple regression method are exactly the

same. Viewpoints, 1972, 3, 42-45.

Authors provide a proof that the degrees of freedom for

traditional analysis of covariance and for the "over and a-

bove" analysis with MLR are exactly the same.

Brebner, M. A. Conditions for no second order interaction in

multiple linear regression models for three factor analy­

sis of variance. Viewpoints, 1972, 3, 46-57.

Author provides pictorial, algebraic, and regression models

for investigating second order interaction in a three way de­

sign.

Newman, I., and McNeil, K. A note on the independent variance

of each criterion in a set. Viewpoints, 1972, 3, 58-60.

Frequently a researcher is interested in a number of cri­

terion variables which may not be uncorrelated with each other.

The chances are that these variables are likely to be signifi­

cantly correlated with each other.

If one is interested in accounting for the independent
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piece of a criterion variable's variance, then the procedures

outlined here should be used. By covarying other nonindependent

criteria as explained in the paper, one can actually treat

each test of each criterion as if the criterion variable were

independent of each other.

Newman, I., Lewis, E. L., and McNeil, K. A. Multiple linear

regression models which more closely reflect bayesian

concerns. Viewpoints, 1972, 3, 71-77.

The purpose of this paper is to discuss several relation­

ships between the Bayesian approach and the multiple linear

regression approach.

The testing of interaction is what distinguishes the re­

gression procedure outlined in the present paper from that com­

monly used in prediction studies. Too often, even plausible

interactions are ignored and all subjects are lumped together

and, hence, treated as similar. Our conceptual theories have

long ago turned to distinct groupings, and it is about time

that our statistical procedures reflect this empirical possi­

bility, whether they be Bayesian or multiple linear regression.

Until the Bayesian methodology has empirically been shown to be

more predictive than multiple regression analysis, the avail­

ability and relative mathematical simplicity of multiple re­

gression analysis would seem to indicate preference for its

utilization rather than the Bayesian approach.

Brookshire, W. K., and Bolding, J. T. Using coefficients of

orthogonal polynomials as predictor variables in multiple
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regression. Viewpoints, 1973, 4, 1-6.

Coefficients of Orthogonal Polynomials are presented by

some authors (Snedecor and Cochran) as a means of simplifying

the computation required in trend analysis. Linear regression

addicts who are computer oriented can still make good use of

such coding in the analysis of complicated designs.

Consider a two factor design where the factors are assumed

to be quantitative with levels selected at equal intervals.

Testing for main effects and trend analysis can both be simpli­

fied by the use of coefficients of orthogonal polynomials as

predictor vectors.

McNeil, K. A. Testing an hypothesis about a single polulation

mean with multiple linear regression. Viewpoints, 1973, 4

7-14.

The recent emphasis on criterion referenced testing and on

the explicit stating of objectives implies that more researchers

will be testing hypotheses about a simple population mean. The

generalized regression procedure is one way to test such an

hypothesis. The appropriate regression models are presented

in this paper.

Halasa, 0. Identification of significant predictors of child­

ren’s achievements and attendance. Viewpoints, 1973, 4,

15-22.

The identification of variables other than the treatment

process, which are affecting the criterion measure variance has

always been a problem.
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Most of the regression coefficients failed a statistical

test of significance. Of the six predictors, the pre-test score

evidenced consistent significant contributions to the criterion

variance. The per cent of predictable variance, however, indi­

cates that a significant proportion of the variance remains un­

accounted for.

Newman, I., and McNeil, K. Application of multiple regression

analysis in investigating the relationship between the

three components of attitude in Rosenberg and Hovland's

theory for predicating a particular behavior. Viewpoints,

1973, 4, 23-39.

Multiple regression and factor analysis techniques were

used to investigate the relationship between the components of

attitude and their differential predictive power. It was found

that the different components of attitude and their linear in­

teraction are more likely to be predictive for intimate rather

than non-intimate behaviors. The cognitive component was found

to be significantly predictive of intimate behavior but not

predictive for non-intimate behavior. Out of the three measures

used, the behavioral differential was the most predictive scale

for both intimate and non-intimate behavior.

Ward, J. H., Jr. Guidelines for reporting regression analyses.

Viewpoints, 1973, 4, 40-41.

Suggests including in a report of regression analyses:

1. General Comments

2. Regression Analysis Discussion
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a. natural language statements of the hypotheses

b. identification of the assumed model

c. hypotheses in terms of assumed model

d. identification of the restricted model

e. results of the test

3. Vector definitions

4. Analyses

a. model specifications

b. model comparisons

5. Regression Computer Output

McNeil, K. Reaction to Ward's "Guidelines for reporting regres­

sion analysis" and some alternatives. Viewpoints, 1973, 4,

42-44.

Suggests guidelines other than Ward's:

1. Statement of research hypothesis

2. Statement of statistical hypothesis

3. Statement of alpha

4. Formulation of full model

5. Statement of restrictions

6. Formulation of restricted model

7. Definition of vectors

8. Reporting of the probability of the calculated F, and the

subsequent decision.

Newman, I. a revised "Suggested format for the presentation of

multiple regression analyses". Viewpoints, 1973, 4, 45-47.

Presents a format for displaying the hypotheses and results 
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for those hypotheses. This format could be used in conjunction

with either Ward's or McNeil's earlier stated formats.

Williams, J. D. Applications of setwise regression analysis.

Viewpoints, 1973, 4, 1-7.

One of the earlier applications of the setwise technique

was made by Grooters (1971), Grooters was interested in predict­

ing costs per student credit hour in four state colleges. The

input data were means by department for 16 variables, forming

nine sets. Four of the sets were single variables, four sets

were logical sets and one set was formed among mutually exclu­

sive binary sets similar to the religious set described earlier.

Such a situation typically involves a linear dependency within

the total set. To remove the dependency, any one of the vari­

ables within the set can be excluded, and the analysis can be

performed. Using the setwise technique, Grooters was able to

isolate a rather intriguing result; student costs are in some

measure higher in departments that have a higher incidence of

outside of school professional activity (consulting, speaking,

local community work, artistic endeavors outside the college

setting, etc.). Yet another interesting result was that the

average salary paid per member in the department was the first

set to drop out.

Cummins, M. E. Utilization of multiple regression analysis in

changing the verbal behavior patterns of elementary class­

room teachers through self-evaluation. Viewpoints, 1973,

4, 8-17.
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Multiple regression analysis was used to investigate the

effectiveness of a self-evaluation technique in changing the

verbal behavior patterns of elementary classroom teachers.

Three ratios were employed: the I/D ratio, or ratio of in­

direct to direct statements by the teacher; the TRR, or teach­

er response ratio which eliminates questioning and lecturing

from the total I/D ratio; and the PIR, or the ratio of pupil

talk-response to pupil talk-initiated. The self-evaluation

technique for changing the verbal behavior patterns of elemen­

tary classroom teachers was not found to be significant for

any of the three measures.

Pohlmann, J. T. Incorporating cost information into the selec­

tion of variables in multiple regression analysis. View­

points, 1973, 4, 18-26.

The problem of finding the best regression equation is

considered from the standpoint of predictor costs. Typically,

variables are selected for inclusion in prediction equations

on the basis of their unique contribution to the prediction of

a criterion. A method is presented whereby losses due to lack

of predictability and predictor costs are combined in a loss

function. The best predictor set is then chosen that simultane­

ously minimizes losses incurred in measuring the predictors

and losses incurred from lack of predictability of a criterion
variable.

Lewis, E. L., and Mouw, J. T. The use of contrast coding to

simplify anova and ancova procedures in multiple linear
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regression. Viewpoints, 1973, 4, 27-44.

Multiple regression (MR) is a powerful and flexible technique

for handling data analysis. The present paper presents a discus­

sion of the use of "contrast coding" in performing analysis of

variance and analysis of covariance procedures in MR. Contrast

coding provides a method for coding nominal variable in the set

of predictor vectors in MR so that such vectors reflect a set

of orthogonal comparisons. As a result, one is able to test hy­

potheses concerning more specific research questions than those

usually tested in more traditional MR coding procedures. By ad­

ding more components to the general linear model, contrast cod­

ing provides a relatively simple and logical basis for extending

analysis of variance to its various subclassifications.

Newman, I. Variations between shrinkage estimation formulas and

the appropriateness of their interpretation. Viewpoints, 1973,

4, 45-48.

This is a discussion paper dealing with the use of shrinkage,

different methods for estimating shrinkage, and the accuracy of

shrinkage estimates when variables are preselected as in stepwise

regression and when variables are not preselected.

Pyle, T.W. The analysis of split-plot and simple hierarchical

designs using multiple linear regression. Viewpoints, 1973,

4, 1-9.

For those researchers who are interested in using multiple

linear regression (MLR) as a general data analytic technique, it

is of some importance to recognize what types of models and re­
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strictions on models generate F_ ratios that correspond to class­

ical hypothesis testing procedures. One of these is the split­

plot factorial design and another is the completely randomized

hierarchical design. What will be demonstrated here is that MLR

models can be constructed for these designs which generate F ra­

tios that are equivalent to those obtained by traditional com­

puting formulas.

Buzahora, R.C. and Williams, J.D. An empirical comparison of

residual gain analysis and the analysis of covariance. View­

points, 1973, 4, 10-17.

Summary - An extensive comparison of the analysis of covari­

ance and the residual gain analysis was made. Using subtests of

the Iowa Tests of Basic Skills, the School Attitude Inventory

and School Sentiment Index independently at each grade level)

grades 3-8, 258 analyses were compared. While the analysis of co­

variance gave some indication of being more powerful, this result

was not uniform over the various analyses.

Houston, J.A. and Houston, S.R. Judgement analysis and porno­

graphy. Viewpoints, 1973, 4, 18-31.

Judgement Analysis (JAN) was used as a methodology for de­

termining what is pornographic by testing this technique with

three groups concerned with this issue. These groups included

doctoral students majoring in Psychology, Counseling and Guid­

ance (PCG) at the University of Northern Colorado, lawyers and

police officers from the city of Greeley, Colorado. JAN proved

o be an effective technique in the identification of policies.
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The problem of what is pornographic is indeed a complex one as

evidenced by the many specific categorical and complex policies

present in the PCG judges, lawyers and police officers.

Houston, S. R. Identifying faculty policies of teaching effect­

iveness. Viewpoints, 1973, 4, 32-38.

Judgement Analysis (JAN) was employed to capture the teacher

effectiveness policy (ies) of College of Education faculty at

the University of Northern Colorado (UNC). Fifty-seven judges

evaluated 60 hypothetical faculty members, each on four char­

acteristics. Results indicated that possibly three different

judgemental systems or policies existed.

Brebner, M. A. Multiple linear regression models for analysis of

covariance including test for homogeneity of regression

slope Part 1- oneway designs with one covariate. Viewpoints,

1973, 4, 39-50.

The objective of the paper is to describe the multiple lin­

ear regression models which correspond exactly in all respects

to the classical analysis of covariance and tests for homogeneity

of regression slope. It is the author's opinion that the approach

pioneered by Bottenberg and Ward gives a much clearer and more

meaningful understanding of analysis of covariance than the class­

ical method.

Pohlman, J. T. and Newman, I. Regression effects when the as­

sumption of rectilinearity is not tenable. Viewpoints, 1973,

4, 51-59.

When analyzing data which deals with repeated testing, one 



81 -

may find that extreme scorers on a pretest regress away from

the mean upon post test, contrary to what one would expect from

the regression effect. This paper discusses regression effects

and presents the argument that when contrary results occur, they

are indicative of violation of an underlying assumption of rec-

tilinearity for the Pearson r. Therefore it is recommended that

one should look for nonlinear relationships when interpreting

such data. In addition, three methods for determining if non­

linear relationships exist in data, are suggested and briefly

discussed.

Olson, G.H. A general least squares approach to the analysis of

repeated measures designs. Viewpoints, 1973, 4, 60-69.

Two procedures for computing general least squares analyses

of repeated measures designs are discussed. The first procedure,

appropriate for small N, is a straight-forward application of

the usual regression approach to the analysis of variance. The

second approach, appropriate for large N, also utilizes the re­

gression approach but requires some minor calculation in ad­

dition to that typically performed by most computer programs.

Williams, J. D. A note on contrast coding vs. dummy coding.

Viewpoints, 1973, 4, 1-5.

Abstract--A comparison is made between the contrast coding

system for solution to the analysis of variance design presented

by Lewis and Mouw (1973), and the use of dummy coding for solu-

n to the analysis of variance designs. Some of the limitations

and advantages of each approach are given.
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Klein, M. and Newman, I. Estimated parameters of three shrink­

age estimate formuli. Viewpoints, 1973, 4, 6-11.

This paper examines the shrinkage formuli of Wherry, Mc-

Nemar and Lord in relation to overcorrection. A table is given

which shows the number of times that each formula resulted in

a negative value of for different numbers of variables and

sample sizes.

McNeil, K. and McShane, M. Complexity in behavioral research

as viewed within the multiple linear regression approach.

Viewpoints, 1973, 4, 12-15.

The paper attempts to clarify the notion of complexity in

research. Perhaps, in the past, researchers have over simplified

the variables and their interrelationships. Thinking of interac­

tion variance as bad variance or as producing an undesired result,

or lamenting the complexity of the phenomena under consideration

does little or nothing to advance research in the behavioral

sciences. The authors examine two views of complexity which seem

to exist: (1) complexity as indicated by the number of predictor

variables needed to account for a criterion behavior, and (2) com­

plexity as indicated by the nature of the predictor variables.

The authors argue that the second view of complexity is not valid,

and that the multiple linear regression technique provides an

easy way to index the first view.

Wyshak, G. Modification of multiple regression when an indepen­

dent variable is subtracted from the dependent variable.

Viewpoints, 1974, 4, 16-20.



- 83 -

Behavioral scientists are often concerned with regressing

some dependent or outcome variable, Y, on a number of indepen­

dent or explanatory variables, Xi, i = 1,2,.. „,k. (Model 1). If

Y is a final score or measurement and Xi an initial score, the

investigator may be interested in some measure of change, say

Y - Xj, and its relation to the several explanatory variables

including Xi- (Model 2), Analyses would be based on two multiple

regression equations, one relating to the regression of Y on Xi,

X2,•••»Xk; and the other to the regression of (Y - Xi) on the

same X's.

The note calls attention to the fact that one analysis

would suffice for the two models because the regression coeffi­

cients, the total sums of squares, deviations sums of squares

and regression sums of squares are readily obtained for Model 2

once the calculations have been made under Model 1.

St. Pierre, R. G. Vargen: A multiple regression teaching program.

Viewpoints, 1974, 4, 21-29.

VARGEN (Variable Generator) creates sets of data with known

statistical properties by generating user-specified variables

which are functions of uniformly distributed random numbers for

each of a group of subjects. The user specifies the relative

size and location of from one to nine predictor variables and

one criterion variable within a ten by ten matrix (hereafter

called the "universe") and, therefore, the amount of variance

accounted for by each variable. A visual display is produced

showing the size and location within the universe of any five
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variables.

Williams, J. D., and Lindem, A. C. Regression computer programs

for setwise regression and three related analysis variance

techniques. Viewpoints, 1974, 4, 30-46.

Four computer programs using the general purpose multiple

linear regression program have been developed. Setwise regres­

sion analysis is a stepwise procedure for sets of variables;

there will be as many steps as there are sets. COVARMLT allows

a solution to the analysis of covariance design with multiple

covariates. A third program has three solutions to the two-way

disproportionate analysis of variance: (a) the method of fit­

ting constants, (b) the hierarchical model and (c) the unad­

justed main effects solution. The fourth program yields three

solutions to the two-way analysis of covariance, with or without

proportionality, and with multiple covariates. The three solu­

tions are similar to those described for a two-way analysis of

variance with disproportionate cell frequencies.

Mason, R. L., and McNeil, K. A. Mashit - for ease in regression

program communication. Viewpoints, 1974, 4, 47-64.

This regression system is an intermediate result of a pro­

ject to develop a comprehensive regression computer system as a

foundation for a complete statistical man-machine interface. The

outstanding features of the system can be condensed into two

principle concepts. First, the program dynamically allocates core

resulting in no limit on title cards, question cards, etc. Sec­

ondly, "English type" user commands are used in a free format 
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mode to save computer instruction time. The resulting system is

two phase constructed in such a manner that additional capabi­

lities can be added efficiently.

Fanning, F. W., and Newman, I. The development and demonstration

of multiple regression models for operant conditioning

questions. Viewpoints, 1974, 4, 65-87.

Based on the assumption that inferential statistics can

make the operant conditioner more sensitive to possible signi­

ficant relationships, regression models were developed to test

the statistical significance between slopes and Y intercepts of

the experimental and control group subjects. These results were

then compared to the traditional operant conditioning eyeball

technique analysis.

One major advantage of using the regression procedure, rath­

er than the traditional eyeball technique is that probability

estimates can be attributed to the accuracy of the statements.

Another advantage of the regression procedure used is the

ability to test the curvilinear relationships above and beyond

linear ones, which is not feasible with the eyeball technique on

multiple baseline analysis. Similarity, one cannot test to see

if the slopes of the control group are significantly different

statistically.

In addition, as demonstrated in this paper we can also

test to see if the functional relationship of one treatment is

significantly different from the functional relationship of

some other treatment (across some area of interest).
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Haynes, J. R. and Swanson, R. G. Method for comparison of non-

independent multiple correlations. Viewpoints, 1974, 5,

1-6.

The technique for the comparison of related Rs is based on

the residual criterion scores rather than directly on the R or

R2 values. The procedural steps are: (a) generate predicted

criterion scores for each set of predictor variables; (b) for

each set of predicted scores, obtain the absolute difference

between each predicted and corresponding actual criterion scores;

(c) analyze these difference scores by a single classification

analysis of variance for repeated measures. If a significant

is obtained from the ANOVA, some or all of the multiple correla­

tions would be considered different. Multiple comparisons to de­

termine which Rs differ from each other are then conducted using

techniques such as the Newman-Keuls studentized range statisti­

cal test.

Maola, J. F., The multiple regression approach for analyzing

differential treatment effects - the reverse gestalt model.

Viewpoints, 1974, 5, 7-10.

This paper was written in order to demonstrate a method of

using multiple regression for determining the effect of indepen­

dent differences of providing treatment. The procedures involve

a model of comparing differential treatment effects to the total

treatment and was, therefore, named the "Reversed Gestalt Model

because of its theoretical base.

Byrne, J. The use of regression equations to demonstrate caus-
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ality. Viewpoints, 1974, 5, 11-22.

A universal objective of scientists involved with explana­

tions of behavior or phenomenon is to demonstrate their know­

ledge of what is causing it. Explanations of causality usually

entail knowledge of a number of elements or underlying variates

that interrelate to produce the phenomenon.

An R2 of 1.00 means that 100% of the change that takes

place in the phenomenon has been numerically connected to changes

that take place among the variables and experimental manipula-
2tions controled by the scientist. As the R value approaches 0.0,

it means that more and more things outside of the comprehension

of the scientist are appearing which cause the phenomenon.

Pyle, T. W. Classical analysis of variance of completely within-

subject factorial designs using regression techniques. View­

points, 1974, S, 23-32.

The use of regression analysis in analyzing data obtained

from Between-subject experimental designs is well-documented and

easily obtainable. In addition^some texts cover the classical

analysis of variance (ANOVA) of single-factor repeated measure­

ments designs, and an identification has also been made of re­

gression models which yield F_ratios (for Main and Interaction

effects) equivalent to those obtained by standard computing

formulas for split-plot factorial and simple hierarchical de­

signs (Pyle, 1973). However, documentation for the standard

ANOVA of completely Within-subject factorial designs using re-

g ession analysis is not available as far as this author is a-
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ware. The purpose of this article is to provide such documenta­

tion by means of an example.

Gloeckler, T. L. Use of multiple linear regression on analysis

of intelligence test score changes for visually handicapped

adults. Viewpoints, 1974, 5, 33-39.

Multiple linear regression was used to analyze complex data

assessing longitudinal changes in IQ test performance of visual­

ly handicapped adults. Results indicated: (1) patterns of per­

formance similar to those found in sighted populations, and (2)

no influence on IQ changes by a variety of ontological factors.
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