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PROPINQUITY ANALYSIS: A NEW GUIDANCE TOOL *

Marion F., Shaycoft
American Institutes for Research
Palo Alto, California

A multiple aptitude battery is a useful tool in vocational and
educational guidance but there has been no clear agreement on the best
way to use it. Assuming that the problem is how best to help the
individual decide which of several possible occupational categories
or educational programs is the one which will be best for him, three
statistical techniques for developing a predictive equation for each
category have been available: (1) multiple correlation other than
multiple point biserial, (2) multiple discriminant analysis, and
(3) multiple point biserial correlation. In the interests of brevity,
the first-named of those three techniques will be referred to in

this paper simply as "multiple correlation".

The term "multiple correlation technique", as used in this con-
text, means that a separate within-group criterion of effectiveness of
performance is available and that for prediction of membership in each
category a separate multiple correlation coefficient and multiple regres-

sion equation are computed.

The second technique, multiple discriminant analysis, is applicable
when the sole criterion available is mémbérship in a group; in other
words when there is no within-group criterion to distinguish among
members of the group. The technique produces a set of discriminant
functions, each of which is a linear composite of the original predictor
variables. The discriminant functions have to be considered in com-
bination, since they do not correspond on a one-to-one basis to the

eriterion categories.

%A very slightly abridged version of this paper was presented at the
Annual Meeting of the National Council on Measurement in Education,
in Minneapolis, March 6, 1970.




The third commonly used approach, multiple point biserial corre-
lation, is really a cross betweenthe first two. It is multiple
correlation against a dichotomous criterion, and therefore, like the
multiple discriminant analysis technique, it is usable even when mem-
bership~versus-nonmembership in the group is the only criterion inform-
ation available. The resulting multiple regression function is
exactly equivalent (except for a scaling factor) to a discriminant
function that discriminates optimally between the group in question

and all other groups combined.

But even the simultaneous use of all three of these techniques --
multiple correlation (against a continuous criterion),
multiple discriminant analysis, and multiple point biserial R --
doesn't yield all the relevant information available. None of the
three really comes to grips adequately with the kind of situation,
sometimes occurring in the use of aptitude batteries, in which over-
qualification for group membership is just about as undesirable as
underqualification is. The problem is still further aggravated when,
as often happens, group membership criteria are the only kind available.
Other difficulties, particularly applicable to the discriminant
function approach, lie in the fact that because most of the discriminant
functions are bipolar, they are hard to interpret, hard to explain,
‘and generally obscure in meaning. This makes them peculiarly unsuit-
able for use in guidance. And discriminant functions have the further
disadvantage that the resultsfor one criterion category depend to an
inordinate degree on what other categories happen to be included in

the analysis.

In an effort to avoid all these problems and to supplement informa-
tion provided by the more usual approaches, the writer has worked out a new
approach, which is still in the developmental stage. This approach, called
propinquity analysis, requires no criteria other than group membership,

and although it superficially has some of the features of each of the
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other approaches it is actually quite different from any of them.*

THE NATURE AND CHARACTERISTICS OF PROPINQUITY INDEXES

Let's assume we have a scatterplot in which each individual's set
of scores 1is represented by a point in n-dimensional space, where the
standard score scale on each test constitutes a separate dimension.

Let's now suppose that for purposes of developing propinquity indexes

for a given occupational group the scatterplot is rescaled, weighting
each dimension by a value representing, at least approximately, the
relevance of the corresponding variable in identifying group members.
An individual's propinquity index with respect to that group may then
be defined as his geometric distance from the group centroid, in this
rescaled space. A minus sign is attached to the distance, so that 0
is the maximum value of the index. A zero index indicates that the
individual's scores on relevant variables coincide with the group
centroid. The greater the distance, the larger the absolute value of
the index. The purpose of the minus sign, therefore, is to orient the
propinquity index properly, so that when it is used in a correlation
matrix there won't be inconvenient negative correlations. The higher
the algebraic value of the index, the closer the individual is to the
centroid. (Hence the term "propinquity".)
®%

Formula 14 (or 15) represents the squared distance in regard to

a single variable, Formula 16 gives the propinquity index, &, with

w as the weight representing the relevance of a particular variable.

Formulas 27-33 are seven different formulas giving different results,

that might be useéd“for determining the w's. All these formulas have the

*An earlier paper by Shaycoft entitled "A New Multivariate Index for
Use in Educational Planning', which was presented at the American
Psychological Association Convention in Washington on September 2,
1969, goes into considerably more detail on the limitations of the
other three methods. Copies are available on request, while the
supply lasts.

*%*A1]1 formulas in this paper are in the Appendix, which also contains a
section defining all the notation used.
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desired characteristic of giving a weight of O for irrelevant variables
and a positive weight for relevant variables. There are no negative
weights. The indicator of relevance for a variable is a function of
the ratio of the standard deviation within the group to the standard
deviation of the total sample. Thus there is an assumption that one
way a variable's relevance may be manifested is by a somewhat restricted
range, and that the more relevant the variable, the more restricted

the range. This phenomenon may be seriously affected when some of the
variables have skewed distributions. For such variables the ratio of
group ¢ to total o may be erratic, resulting in peculiar weights.
Therefore it is desirable that all variables used in a propinquity
analysds have normal distributions. If there is no reason to believe
that the distributions are at least approximately normal they should

be normalized.

Multiple regression weights (against the dichotomous criterion
of group membership), as suggested by formula 39, may constitute a more
effective approach than any of the seven formulas 27-33, Regression
weights would of course have to be cross-validated; and small negative
weights should probably be changed to O first. (Presumably there
wouldn't be any large negative weights.) The chief disadvantage of
regression weights lies in the very practical consideration that even
with a high-powered computer, the computation of the betas for these
squared terms is an extraordinarily complex, time~consuming, and expen-
sive operation when the number of cases, number of variables, and
number of groups are all comparatively large (as is true in the case

of the Project TALENT data, to which this technique is being applied).

Because the variables used in computing the propinquity index are
raw scores rather than principal components, discriminant functiomns,
or some other kind of uncorrelated variables, propinquity indexes may
lack some of the mathematical precision and invariance of statistics
computed in a geometric space where orthogonal axes correspond to
uncorrelated variables. But this seems a small price to pay for the

twin advantages of interpretability and ready explainability.




PROPINQUILES

Now we come to a problem in connection with propinquity indexes.
When the number of variables entering into the index is greater than
one, the distribution is not normal and its basic shape varies with
the number of variables involved. Propinquity indexes based on three
variables have an entirely different distribution from those based

on two, and so forth.

And even when propinquity indexes for a set of groups are all based
on the same battery they still may not be directly comparable, because
though all indexes technically are based on the same number of variables,
some variables may have zero weights for certain groups so that the
number of dimensions is in effect different for different groups. Since
propinquity indexes for different categories therefore are not generally
directly comparable, they have to be converted to some uniform scale
in order to be compared - and percentiles serve this purpose effectively
and directly. This calls for coinage of a new word. The percentiles

are called "propinquiles".

PROBLEMS IN DETERMINING WEIGHTS

The nature of the change in the shape of the distribution of the
propinquity index as the number of variables increases causes some of
the difficulties in determining a wholly suitable a Eriofi formula for
the weights. 1In a small-scale tryout of formulas 27-33, for eight career
groups, results suggested formula 27 was slightly better than any of the
others; for six of the eight groups, it produced 6% values that had at least
slightly higher point biserial correlations with the group membership
criterion than did any of the other formulas. In addition to this rather
slight empirical evidence there are some theoretical arguments in support
of formula 27 ~- for instance the fact that it bears a rather close
relationship to the square of a type of correlation ratio. Nevertheless
even this "best" a priori formula gives somewhat disappointing results,
leading to the suspicion that it may not be the best weighting procedure

after all.

Possibly multiple regression weights should be used, rather than
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any a priori formula, despite the computational complexities that this

would introduce into the data analysis.

A possible alternative is the so-called city block model for defin-
ing distance. This alternative kind of propinquity index is represented
by 8°, and its value is given by formula 21. With it go new formulas
wi—wg for a priori weights (Formulas 34-38). This alternative system,
§”shasn't been tried yet, and it is probably worth trying, but the chances
seem slight that it will prove to have any advantages over §, while §
has at least one major advantage over 6~ —-- the fact that it is invar-

iant under rotation of axes.

This brings us to the empirical data summarized in Table 1 (in the
Appendix). It is important to bear in mind that this is preliminary data.

The study is still in progress.

EMPIRICAL DATA

Table 1 is based on about 14000 twelfth-grade boys tested in
Project TALENT in 1960 for whom scores on all 109 predictor variables
used in the study are available and for whom follow-up data obtained
five years after the class graduated from high school are also avail-
able. These follow-up data provided the information about the long-
range career plans of the TALENT sample. Ten of these career-plan

groups have been selected for inclusion in Table 1.%*

The total group has been divided into two parallel samples, A and
B, so that propinquity indexes could be calculated for the individuals
in one sample on the basis of statistics (means and standard deviations)

determined from the other, in order to avoid capitalizing on chance.

All 109 variables were normalized with a mean of 0 and standard
deviation of 1, on the basis of Sample A distributions. The same
normalization conversion table was then applied to the Sample B cases,

to make the Sample B distributions approximately normal. Propinquity

*The choice of these particular 10 career plan groups was based primarily
on their size (they are all large enough to provide comparatively stable
data) and the variety of fields and levels they represent.
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indexes were calculated for every Sample B case, using weights, means,
and standard deviations calculated from Sample A data. Formula 27 was

used for the weights.

Columns 1~3 show the number of cases in each group. Column 4 shows
the proportion, and column 5 shows the factor by which a point biserial
correlation is multiplied to convert it to a biserial. Column 6 contains
the conventional multiple point biserial R, with group membership as the
dichotomous criterion and the 109 normalized variables as the predictors.
These point biserials are necessarily quite low because of the very low
ceiling on point biserial correlations when the dichotomous split is far
out on a tail of the hypothesized normal distribution. The conversion
to multiple biserial correlations, shown in column 7, makes all ten values
directly comparable, since it eliminates the effect of different numbers

of cases in the different groups.

Interpretation of the biserial correlations of course requires one
to conceptualize that underlying each dichotomy is a unidimensional nor-
mal continuum; for instance that there is a normally distributed continuum
of "CPA-ness" -- tendency to become a CPA -~ and a threshhold above which
everybody becomes a CPA and below which nobody does. It is important to
bear in mind that this hypothesized threshhold applies only to the hypo-
thesized normal variable underlying the dichotomized criterion -- and
not to any composite of the predictive variables (except in the extremely

improbable event that the composite has perfect validity).

Column 8 contains the point biserial correlation of the propinquity
index, 6§, with the group membership criterion, and column 9 contains the
corresponding biserial, These correlations are substantial; they are
lower than the corresponding multiples in columns 6 and 7 but that is to
be expected since the correlations in columns 6 and 7 are based on 109
variables combined optimally and are not cross~validation values -- so
there may be a little capitalization on chance there, while there is no

capitalization on chance in the case of the propinquity indexes.

The critical question is whether adding the propinquity index as a

110th predictor would increase the column 6 multiple point biserial
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correlations significantly. The data for a definite answer on that
question are not yet available, but preliminary indications are that
though the amount of increase produced in the R by the addition of

the propinquity index to the group of predictive variables would be
relatively small (assuming that formula 27 is used for the weights)

it would be significant. To the extent that that § adds new predic~
tive variance, not measured by the 109 predictive variables used

for the column 6 multiples, R will be raised by the addition of §

as a predictor. And there is evidence that much of the propinquity
index variance is unique. For instance the variables that are weighted
the highest in computing § are not necessarily the ones on which group
members score especially high or especially low. They may be variables
on which the average score of a group member is very close to the
overall mean and the point biserial of that variable with the group

membership criterion is probably correspondingly low.

The last eight columns of the table provide some evidence on this
point. The highest and second highest weights for the computation of each
of the 10 propinquity indexes are shown in columns 13 and 17. The standard
score means and point biserials for many of these variables are quite close

to 0, as can be seen in columns 15, 16, 19, and 20.

And as has already been iﬁdicated, the empirical data provide some
suggestion that using multiple regression weights or some other modifica-
tion of the formulas might make a substantial improvement in the results.
One indication of this is in columns 10-12., Some of the dichotomous cri-
teria turn out to have higher correlations with the § computed for another
group than with the appropriate §. This certainly strongly suggests that

better weights could be found.

CONCLUSIONS

Propinquity analysis is not in any sense of the word a replacement
for the multiple correlation approach, nor for the multiple point biserial
R approach. Rather, it should serve as an adjunct to both these pro-
cedures. It may be used in two ways in helping the individual develop

his educational and vocational plans. Converted to a propinquile, it can
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constitute one of many separate items of information used in arriving at
important decisions. Or in many circumstances the propinquity index may
function better as one of the predictors in a multiple regression equa-

tion to predict a dichotomous group membership criterion.*

In the vocational planning or vocational guidance situation pro-
pinquity analysis is likely to be most useful for middle~level occupations,
and perhaps even, to a certain extent, for lower-level occupations, rather
than for the more demanding occupations, where underqualification is an
overwhelmingly more potent deterrent than overqualification is, and the

higher one's qualifications are the better,

In any event, further exploration of computing procedures is necessary.
It seems clear both on logical grounds and on the basis of preliminary data
that the components entering into the computation of a propinquity index
provide unique predictive variance --— variance not provided by the con-
ventional scores —— and that this is not just error variance; it is specific
reliable variance, and when appropriately weighted it should contribute
significantly to the validity of prediction. But better weighting procedures
(and perhaps other computational modifications as well) must be uncovered,
in order to mine efficiently this rich and hitherto unexploited source of

valid variance.

%*This of course couldn't be proposed if the propinquity index were merely
some sort of linear function of the n initial predictors, but it isn 't,

since squared terms are also involved. The propinquity index thus is not
linearly dependent on the n variables which enter into it.
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APPENDIX

I. NOTATION
no. of variables (= no. of dimensions)
no. of groups

no, of cases in group j

total no. of cases

g
Ne %

j=1
(1)
proportion of cases in group i
N,
Py = Iy )
1 -p,
J (3)

normal ordinate corresponding to point of
split between Pj and qj

raw score (or normalized score if the
variables have been normalized) of
individual k on variable i

i=1,2,3,..
k=1,2,3,...
5

mean of variable Xi for total group

L ox,

k=

sl
1

1
N (4)
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Sx = sample standard deviation of variable Xi for total group
i
N
T (2
E: (Xik N Xl)
s = =1
*1
N (5)
o, = corresponding estimate of population standard deviation
i
o = s N
%5 *1
N-1 (6)

zik = standard score of individual k on variable i

ik

i (7)

z, = 0 (8)

Note that O not s, is in the
denominator” of Ziy in this algebraic
development,

i N (9)

o = 1 ] (10)
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Xij = means of variable Xi for group j

N,
J
> x
g . k=t T
1] N (11)
i=1,2,3,...0
j=1,2,3,...8
s = sample standard deviation of variable i for group j
Xij
N
= |2
L (X, -X.)
ik i
. k=1 ] (12)
X
ij N,
. j
o} = estimate of population standard deviation of variable i for group j
xij
N,
= _
o = s,
*13 ij N -1 (13)
Ui'k = propinquity component indicating how much like group j
J individual k is, with respect to variable i.
L. is an alternative to U,,
ijk ijk
Wis F weight representing the relevance of component U, as an
J indicator of membership of individual in grou i
group j
Wij = weight representing the relevance of component Li as an
indicator of membership of individual in group j.
S.k = propinquity index for individual k indicating how much
J like group j he is, assuming the Ui‘k formula has been
used for defining likeness. J
STk = propinquity index for individual k indicating how much
J like group j he is, assuming the Lijk formula has been
used for defining likeness,
P.k = propinquile for individual k corresponding to his propinquity
J

index for group j. The propinquile is a percentile based on
the individuals in group j. A propinquile of 100 corresponds
to a propinquity index of O,
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II. FORMULAS

2
B Zik T %4 (14)
ijk o
z,.,
ij
2

Xik = %43
= —_—— (15)
g
X, .
ij
n
S -—\ﬁg i3 Yigk (16)
a

X, .
- % IR
zij o (17)
i
(18)
L,. = U, .
ijk ijk (19)
- Xik —XIJ
p (20)
X, .
1]
n
%‘I{ = — Z w.’. L" Sl N ; [ (21)
jop 13 ijk
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Formulas for intermediate values in computing LI and wi.
3 3
o, 2
w = -
1 1 Gzij
(22)
* l
w,' o= T3 1 (23)
o
z,,
1]
W;’ = 1=-0 (24)
ij
. l
Yy T o -1 (25)
z, .
1]
i l
vy = 181 (26)
25 3
Formulas for w,, and w;,
13 1]
w, o o= wi’ with negative values changed to O 27
WZ - wé’ 1" " 1" 'U 1" " (28)
W3 = Wé! 1 1" 11} " it 13 (29)
= - " 1" 1" 1 "nwoon -
v, w4'~» (30)
- ». " " " " "oon
W we (31
2
We oo V3 (32)
T _
W, =W, (33)
wi o= @ g (%4).' ,
v, =AY (35)
w3 T V3 (36)
.ot Yy, 37)
wg = Vg ) (38)
" = multiple regression beta weight when the
© predictors are ‘U-variables . (39)
w” = multiple regression beta weight when the
- predictors are L-variables ' (40)
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