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ABSTRACT

The problem of predicting a continuous criterion variable from two
continuous predictors is considered. Stratification on the predictors is
one common procedure for construction of subgroups which are easily
labeled and discussed. Through the appropriate use of regression techniques,
data can be used more efficiently and inferences regarding carefully
selected subpopulations, called pockets, can be made. An example using
cognitive styles to predict performance on problem solving tasks is

discussed.



INTRODUCTION

In educational research, one frequently encounters the following type
of problem: relate a criterion variable Y to two predictor variables X1 and

X2. If X1 and X2 are dichotomous variables, analysis of variance techniques
are commonly used. Of course, if the numbers of observations for each of the
(XI’XZ) possibilities are widely disparate, particular care must be exercised
in choosing the appropriate form for the unbalanced énova. Generally, the
results of such an analysis are readily interpretable. One can discuss
estimated means and comparisons among the four groups.

In contrast, consider the complications which arise when X1 and X2 are
continuous. One common practice is to dichotomize the predictor variables
and proceed with the analysis of variance as described ébove. Occasionally,
cases corresponding to central values of Xl and X2 are di;carded. Some aspects
of this problem have been studied by McCabe (1977). A significant advantage
of this approach is thét the results can be interpreted in terms of four
groups. On the other hand, technical difficulties with the underlying model
for this type of énalysis are substantial. In most cases, some sort of
regression model with the original X1 and X2 would be much more tenable.

There are no particular difficulties with using regression methods to
construct a model for predicting Y from X, and X.,. Quadratic terms, cross
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product terms, etc. in X1 and X2 can be added to build a model which fits the
data reasonably well. If necessary, transformations can. be applied. The
regression‘appréach is theoretically attractive since the fine structure of
the data (rathervthan dichotomized values) is used and the assumptions are

more reasonable than those underlying the anova approach. One disadvantage

with this approach is that results can be exceedingly difficult to interpret.



While the resulting model might predict well, it may not lead the educational

researcher to clear conclusions. Rather, when results emerge from a
collection of highly correlated regression coefficients estimates,

clear statements concerning the éffects of each predictor variable and
interactions ‘are often elusive.

It appears then, that the educational researcher must choose either an
analysis based on an incorrect model which makes inefficient use of the data
but gives meaningful results or one which is based on sounder assumptions but
does not directly provide meaningful results. In this paper, an attempt is
made to reconcile these two approaches. A procedure is proposed for
translating the results of a regression analysis‘intd statements about means
and differences between»means for particular subgroups, which we call pockets.
This procedure is applied to data from a study in which two cognitive style
measures were used to predict performance on three separate problem solving

tasks.

PROBLEM BACKGROUND

The procedure described in this paper was developed to analyze part of
the data from a large study (McCabe, 1976). Relevént,aspects of that study
are described below.

The predictor variables used were cognitive style measures. The
dependent variables were problem solving tasks, namely verbal fluency,
syllogistic reasoning and concept identification (French, Ekstrom and Price,

«

1963).

COGNITIVE STYLES

Cognitive styles are adaptive controls which affect cognitive processes

and lead to adaptive solutions (Gardner, Holzman, Klein, Linton § Spence, 1959).
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Several particular cognitive styles have been identified (Kegan, 1971) and are
presumed to coexist within the personality (Gardner, Jackson § Messick, 1960).
Research suggests that the combined effects of two or more cognitive styles
might better differentiate among persons than the effect of a singular cognitive
style (Gardner, et al., 1960). Two cognitive styles were examined as
predictor variables for this researéh. These styles are labelled
field-dependence and breadth of categorization.

Field-dependence refers to individual differences in tendency to overcome
the influence of conflicting perceptual cues. There are
numerous indications that field-dependence level has wide implications for
cognitive task performance in females (Barratt, 1955; Ehri § Muzio, 1974; Kogan
& Wallach, 1964; Fitzgibbons, Goldberger § Eagle, 1965). For the data reported
herein, the Group Embedded Figures Test (Witkin, Oltman, Raskin § Karp, 1971) -
a measure which distinguishes field-depéndent from field-independent subjects,
was used.

Breadth of categorization indicatés a style continuum,which encompasses
personal preferences for dealing with relatively narrow, exclusive conceptual
realms (categories), through preferences for relatively broad, inclusive
Categories. Aside from the time consuming object sorting tasks, the most
widely used meaéure of breadth of categorization is the Estimation Questionnaire,
henceforth denoted EQ (Pettigrew, 1958). Since the EQ is based_upon
quantitative content, it has been suggested that this measure is biased against
" females (Sherman, 1967). Such an argument is based upon the relative
unfamiliarity of female subjects with quantitative content, and is supported
by evidence that.subjects tend to be broader in areas which they judge as
personally relevant (Glixman § Wolfe, 1967). This particular objection to use
of the Estimation Questionnaire could not be raised in connection with another

breadth of categdfization measure, namely the Synonymity Task (Fillenbaum, 1959),
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henceforth denoted ST, since the ST is based upon semantic content. Although
the ST is listed along with the EQ, as a breadth of categorization measure,
the degree of their relationship is a pertinent consideration. The study from
which the current data is derived examined performance differences among

subjects when breadth of categorization was defined by either the EQ or the ST.

COGNITIVE STYLE POCKETS

Four cognitive style pockets, each defined by a preselected level of
field-dependence and breadth of categorization, were examined in relation to
\their performance on the three problem tasks. Each of the four pockets is
denoted by one of the following combinations of the two cognitive styles:

FIBC (fielinndependent and broad categorizer)

FINC (field—independenﬁ and narrow categorizer)

FDBC (field-dependent and broad categorizer)

FDNC (field—dependent and narrow categorizer)

The question was asked: bo different pockets have significantly different
dependent variable means? For each problem task, comparisons are made among

the pockets.
METHOD

One hundred and six female undergradﬁates, participated in the study for
credit in an Intfoductory Psychology course. All subjects were tested
together by a female experimenter during one evening session. Each task was a
paper-and-pencil type, group administered. Since the data analyzgd Herein is
part of a larger study involving test anxiety, tasks were administered under a
particular type of preperformance instruction (Sarason, 1972) and a concealed

stop watch was used for strictly timed tasks.
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THE PROCEDURE

Application of regression analysis techniques to produce meaningful
statements about the prediction of Y from X1 and X2 involves four steps.
First a regression equation which fits the data well must be constructed.
Second, appropriate definitions of pockets must be determined. Finally,
pocket means are estimated and tests for making comparisons among these

means are performed.

CONSTRUCTION OF THE REGRESSION EQUATION

Construétion of a regression model which fits the data well is the
crucial first step in the proposed procedure. An inappropriate equation
is likely to result in, at best, misleading statements about pocket means.

Sophisticated computer programs are no substitute for careful human
judgement at this stage. Step-type regression procedures are inappropriate
here. Residual plots and transformations are potentially useful tools.
A thorough discussion of how to construct regression models is given in
Draper and Smitn (1966) and Neter and Wasserman.(1974).

In general, one should take a rather liberal attitude with regard to
inclusion of variables. Hence, marginal terms should be included in the
~equation and only those which are clearly insignificant should be discarded.
The estimation of and comparisons made among subpopulation means (which is the
‘point of this analysis) will not be seriously affected by the inclusion of a
useless term or two but deletion of a potentiallyvimportant term may have
serious conseQuences.

A model with all terms up to order two has worked well with the examples

considered. For convenience, this model, i.e.



_ 2 2
Yy = B+ BXyy + BXpy + By v BXoy + BeXyy¥os 8y (1)

will be used in the subsequent discussion. Models of the general form
Yi = BO + ZBj Zji +oeg | (2)
where each Zj is a known function of X1 and X2 are treated in an analogous

fashion.

DEFINITIONS OF POCKETS

Four pockets are defined, corresponding to the combinations resulting
from considering high and low values for each of the predictor variables X1
and X2. In the example used to illustrate this procedure, the pockets are
denoted FIBC, FINC, FDBC and FDNC where FI, FD, BC and NC are abbreviations
for field independent, field dependent, broad categorizer and narrow
categorizer, respectively. For notational convenience in the following
section, HH, HL, LH and LL will be used_interchangeabiy with their
correspondents, namely FIBC, FINC, FDBC and FDNC.

Each pocket corresponds to a particular pair of values for (xl,xz).

In some cases, a priori reasoning may lead to appropriate choices for these
definitions. In the absence of such considerations, we use values of the

form

Xi * c.ss . (3)

where Y& and s, are the mean and standard deviation, respectively, of Xi'
In the examples studied, we have used ¢, =¢ = 1. Thus, we have the

following correspondences:

FIBC: (X. + S5 X, + 52)

i 2
FINC: (X1 + Sy, X2 - 52) _ » 4
FDBC: (X1 =Sy X2 + 52)

and

FDNC: (X, - s,, X, - s
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Thus, FIBC denotes the pocket which is one standard deviation above the mean on
both field dependence (Xl) and breadth of categorization (Xz). The definitions
of the other pockets are similarly translated.

of course; there may not be any observations at (Xl,Xz) values corresponding

to the group definitions. This fact causes no serious difficulties as long as
there is some data around these points. If X1 and X2 are highly correlated,
some difficulties may arise. In such cases, the (Xl,Xz) values corresponding
to two of the pockets may appear to be unreasonable and uninteresting. One
might consider using the principal components (Z1 + 22)/2 and (Z1 - Zz)/2
(where Zi = (Xi—ij/si) or some other means for avoiding this problem. However,
care should be taken to avoid pocket definitions which are not easily
interpreted. In any case, if the pockets are far from the center of the
sample (in the Mahanalobis distance sense), the pocket means will be estimated
with large standard errors and no significant useful results are likely to be

obtained.

ESTIMATION OF POCKET MEANS

If we write the regression model (1) in matrix form as

Y = XB + ¢ (5)
where
1
Y = (YI’YZ""’Yn) ,
2 2
K=l X Xy Xy X5 X, Xy,
2 2
1 X12 X22 x12 x22 x12 X22
2 2
1 Xln x2n Xln x2n Xln X2n
’ '
B % (80’81:82:33584,85)
and

£ = (Elxﬁzt"')en)



then the least squares estimate of B is
8= (xx)" L xry,
If the elements of the error vector e are independently distributed with mean

zero and variance 02 then B8 will have mean B and covariance matrix cz(X'X)_l.

Let
goo 801 -+ s

£10 81 -+ &5

Bso 851 -+ 855
be the usual estimate of this matrix, i.e.

G = sz(x'X)‘1 : (6)
where 52 is the mean squared error (residual mean square) from the regression
analysis,

Let Xps Xy XIH and xLL denote the designs corresponding to the four
pockets. Using (4),'this gives
= Y Y Y 2 ¥ Y '
XHH - (l) x1+51:X2+521(X1+51) ’(x1+sl)(xz+52)) ] (7)

— — — 2 — ,
(1,-X1+51,X2—52,(X1+sl) ,(X1+sl)(X2—52)) s (8)

XHL

' - - 2 = 2 =
xLH - (1’ x1-51,x2+52)(x1-51) l(x2+32) )(xl—sl)(x2+52))’ ’ (9)

and

R = 2 = 2 = - '
X = 1, Xl—sl,xz-sz,(xl—sl) ,(Xz—sz) ,(Xl—sl)(xz—sz)) . (10)
The usual estimates of the pocket means are given by
u=x'g (11)

where x is XHH’XHL’XLH’ or XpLe The variance of f is

sg = x'G_. , (12)



The estimation can be summarized by tabulating (ﬁHH’SHH)’ (ﬁHL,sHL), (ﬁLH’SLH)
and (ﬁLL’SLL)' If the errors are assumed to be normally distributed, then the
fi*s are normally distributed and confidence intervals based on the t
distribution with n-6 degrees of freedom are appropriate,

Note phat, in general, the four estimated.pocket means, are correlated,
since the same regression equation is used for each. Assessment of the exact
overall error rate for the four confidence intervals is difficult. A

practical solution is to use a Bonferroni approach. Use of 99% intervals for

each mean will assure an overall error rate of not more than 4%.

COMPARISON OF SUBPOPULATION MEANS

Due to the already mentioned dependence among the four fi's, the table of
i and s values does not contain sufficient information to construct tests for

comparisons among the means. For definiteness, let us consider comparing f{i

HH
and ﬁHL' |
It is evident that the coefficients EO’ él and éS are not directly
relevant to this comparison. Since
My = é0 * (ii+51)é1+(i§+52)é2+(ii+51)2é3
+ (Tyrs )8, (K #s ) (Kyts,) B (13)
and
My = é0+(Yi+51)é1+(ié'52)éz‘”(i-l*sl)zés
v (Xy-5,)%8,+ (X +s)) (%58, (14)

the difference between the two is simply the following linear combination of
the Bi:
By Py, = (0)By+(0)81+(25,)8,+(0)8,

" (4i§52)é4+(2(ii*51)52)és' (15)
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The null hypotheses

Hyt gy = my (16)
is thus translated into .

HO: 25282 + 4X25284 + 2(X1+sl)5285 = 0. : (17)
Testing the hypothesis (17) is trivial. Let

= 1

a (ao,al,az,as,a4)
denote the coefficients of the B's in the null hypothesis of interest.
Values of a for the other comparisons are given in Table I. For comparing

HH and HL,

a = (O,O,252,0,4X252,2(X1+51)52).

The estimated difference between HH and HL is
il ii,, = a'B (18)

The estimated variance of this difference is

2

— i 4
SHH~HL = a'Ga, (19)

Thus, to test the null hypothesis that the two subpopulation means are equal

we calculate

ho v

a'

va'Ga

t = (20)

which has a t disiribution with n-6 degrees of freedom.

Again problems of multiplicities arise when considering error rates for
the six possible tests. Using a Bonferroni approach,.one ‘could run each test
at the .01 level and have an overall rate of not greater than .06. Alternatively,
a Scheffe ‘type approach could be used.However such is likely to_be too
conservative in the present case.

The possibility of running one-sided tests using (20) should be recognized.
If approbriaté one-sided hypotheses can be generated a priori, this approach can

be profitably exploited.
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It should be noted that while most multiple regreséion package programs
do not have the options available for calculating (20), the matrix G is often
available. Some multivariate programs which have options for multivariate |
regression can be used to obtain (20). The output is usually in the form of
an F-statistic. If probabilities are given they will usually be Scheffe-type.
For two-sided tests use of the F distribution with 1 and n-6 degrees of freedom
is appropriate whereas for one-sided tests, taking the square root and

affixing the proper sign will give (20).

FORMING OTHER POCKETS

Various other criteria can be used to define pockets. For instance one
might prefer to make inferences about the average expected value for those
subjects in the upper thirds on both X1 and X2 (Rubin, 1977).

For any subgroup of subjects, the average expected value of the dependent
variable can be obtained by evaluating thé regression equation at the average

2 .2

12X X1 X0, X1, X5,

equivalent to using a pocket defined by the average value for all predictor

values of all predicter terms, e.g. X This procedure is

terms. Moreover, pockets may be defined by integrating all predictor terms with

respect to any appropriate probability distribution.

RESULTS AND INTERPRETATION

Pocket means and standard errors are presented in Table 2 and the statistics
for making comparisons among these means are presented iﬁ Table 3. Correlations
among the variables are given in Table 4. To highlight the differences obtained
by using the two different breadth of categorization measures (ST and EQ)

graphical displays of the pocket means are provided-by Figures 1, 2, and 3.
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For all three performance measures, field-dependence produces the clearest
and largest effects, In all cases, field-independent (FI) pockets outperform
field-dependent (FD) pockets. While these differences are statistically
significant at the .05 level for only 50% of the cases, the general pattern is

apparent from Figures 1, 2, and 3.

The breadth of categorization measures add little information to the
field-dependence measure for distinguishing pocket performance. In comparing
the field-dependent (FD) pockets, there are no significant differences due to
either breadth of categorization measure. For the field-independent (FI)
pockets only one difference is evident: field-independent broad categorizers
(FIBC) perform significantly better on the verbal fluency task than
field-independent narrow categorizers (FINC), when breadth of categorization
is defined by the Estimation Questionnaire (EQ).

Examination of Figures 1, 2, and 3‘reveals patterns which, althoﬁgh not
statistically significant, are suggestive. When pockets are defined by the
Estimation Questionnaire, the broad categorizers (BC) outperform the narrow
categorizers- (NC) in both field-independent and field-dependent pockets on all
three performance tasks. This pattern still holds true for syllogistic
reasoning when the Synonymity Task (ST) is used as the breadth of categorization
measure. However, for verbal fluency and .concept identification, the pattern is
reversed when the ST is used instead of the EQ. Specifically, in these cases,
the narrow categorizers (NC) outperform the broad categorizers (B(C).

To conclude, when predicting the problem solving performance of this
female population, field-dependence is a more useful measure than breadth of
categorization. However, the differences in results obtained by the choice of

breadth of categorization measure is a topic which merits further investigation.
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Table 4

Correlations Among Variables (N = 106)
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1 2 3 4 5

1. ST
2. EQ .14
3. Field-dependence -.06 -.04

* %
4. Verbal Fluency ~.06 19 .29

* %k **
5. Syllogistic Reasoning .05 04 .34 .24

* % *
6. Concept Identification -.09 <11 .23 .01 .21

p < .05

p < .01



ST EQ

,é 25.52 RIBC

{ FIBC } 23.44
FINC

- 21.85 FINC

' 20.75 FDBC

FDNC 20.27
20

FDBC 19,77

v

FDNC

:}g 18. 89
A Y

18

‘Figure 1. Pocket Means For Verbal Fluency
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Figure 2. Pocket Means for Syllogistic Reasoning
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Figure 3. Pocket Means for Concept Identification



