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In the context of discrimination cases the
courts have acknowledged that "Figures speak, and
when they do, courts listen."l Indeed, conclu-
sions drawn from statistical analyses often form
an important and valued element of the evidence
supporting claims of discrimination against minor-
ities. But when one reads the cases in which
statistics have been applied, one observes that
the courts have left unresolved a number of meth-
odological issues. Our purpose here is to exam-
ine some issues that arise in a particular class
of discrimination cases and to pursue their re-
solution. The cases to be considered have the
following defining properties in common:

1. The plaintiffs belong to a group (say,
Group A) which is constitutionally or stat-
utorily protected.

2. The practice under challenge is a selection
process which assigns to each candidate
for selection one of two outcomes, namely
selection or rejection. Thus candidates
are effectively winnowed out in a process
represented schematically as in Figure 1
which highlights

a) the pre-selection pool of applicants
containing Group A (protected minority)
and Group B (majority or other) compon-
ents.

b) the similarly constituted post-selection
pool of those selected, and

c) the decision maker, the individual or
group actually making the choices.
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3. The essence of the challenge is that the
decision-maker was covertly applying a pol-
icy that used group membership to influence
the applicants' selection chances and hence
put Group A applicants at a disadvantage
relative to others. However, those ele-
ments of the policy governing the selection
process that are open to public view do not
explicitly refer to group membership or any
equivalent criterion as a factor influenc-
ing chances of selection.

4. The policy governing the selection process
has left the decision maker ample room to
use personal discretion in making choices,
in that choices are not determined substan-
tially by qualification criteria that are
open to public view.

Selection processes susceptible to challenges
with these properties will include those found in
the substantive areas of employment selection, pro-
motion, school admissions, some instances of crim-
inal sentencing, and jury selection. The very
early landmark case Yick Wo v. Hopkins2 involved
such a claim, and a long and rich line of chal-
lenges against jury selection processes provide
numerous other examples.

What is being claimed in cases having these
properties is intentional discrimination of the
type prohibited in particular under the due pro-
cess and equal protection clauses of the l4-th
Amendment of the U. S. Constitution. In two re-
cent opinions, namely Washington v. Davis% and
Arlington Heights v. Metropolitan Housing Corpor-
ation’, the Supreme Court has made it clear that,
to be successful, such challenges raised on con-
stitutional grounds require proof of two facts.
These are the existence of discriminatory impact,
relative disadvantage falling to the plaintiff as
a result of the suspect practice, and the exis-
tence of an intent to discriminate underlying the
practice.

The dual nature of this requirement has been
unclear in many decisions against jury selection
systems because in these decisions a single piece
of evidence has been found to establish a prima
facie case of intentional discrimination. Speci-
fically, the plaintiffs have prevailed on showing
that over a suitably long period of time citizens
with the same group membership have been substan-
tially or consistently under-represented on the
jury lists. However, in its discussion of require
ments for proof of intentional discrimination in
Castaneda v. Partida, the Supreme Court observed
that the sufficiency of a single piece of evidence
in such cases simply reflects the fact that the
one fact can have two implications: the substan-
tial under-representation speaks directly to the
question of discriminatory impact while at the
same time suggesting by its magnitude the presence
of illicit motive.6

Selection processes can be classified usefully
according as the decision-maker's choices are or
are not guided by consideration of overt and veri-
fiable qualification criteria. If the decision-




maker's choices are influenced in part by such
qualifications we will call the process a 'guided’
discretionary process. In such processes, because
equal protection doctrine is concerned with the
equal treatment of equally situated candidates,
such qualification variables that legitimately di-
vide the candidates into equivalence classes of
'equal situation' must be taken into account be-
fore either a relevant measure of impact can be
obtained or a valid inference of motive can be
drawn.

If no such qualifications are cited, we will
call the process 'purely' discretionary. With re-
spect to those aspects of the governing policy
that are open to public view, and hence for pur-
poses of measuring the discriminatory impact of
the discretionary aspects of the policy, each can-
didate who exceeds a basic threshold level of
eligibility can be considered to be as qualified
for selection as any other such candidate.

Because purely discretionary processes will
be easier to model, we will consider them first.
Fortunately, they do provide a suitable context
for discussing interesting questionms.

Modeling in Purely Discretionary Processes

For challenges of purely discretionary selec-
tion processes the four frequencies, N, Np, ny,
and ny found in the accompanying four-fold table
contain the information usually considered neces-
sary to establish a prima facie case of either
discriminatory impact or discriminatory intent.

Table 1
Numbers Numbers Pre-selection
Group Selected Rejected Pool Totals
Group A n, NA-nA NA
Group B np NB—nB NB
Totals n N-n N

Usually the information in these quantities
is summarized by a number or statement that com-
pares one measure that reflects how the minority
group was actually treated with a corresponding
measure constructed to show how the group should
have or would have been treated absent any dis-
criminatory behavior. The following measures of
actual treatment are frequently used:

a) the selection rate (or pass rate),
P, = nA/NA,
b) the rejection rate (or fail rate), 1 - PN
c) the inverse selection rate, 1/PA’
d) the minority representation rate in the

post-selection pool, r, = nA/n

(to be compared with Ry = Np/N, the representa-
tion rate in the pre-selection pool), or even

e) the actual number of minority candidates
chosen, ny. ’

These rates or numbers can be compared in a
variety of ways. Usually comparisons are made in
terms of arithmetic differences or ratios, but
other formulas have been suggested.7 The courts
have had some problems with the variety of mea-
sures available, the most obvious being a lack of

consistency and direction in the choice of form-
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ulas for summarizing the numerical information
bearing on the issue at hand. However, this lack
of direction is not in itself the most troublesome
aspect. As the courts move away from cases with
clear-cut factual bases and encounter those that
are closer, they are more inclined to compare the
numbers in the case at hand with those of prece-
dent cases.8 To do this without adopting some
function of the tetrad (nj, np, Np, Np) that eval-
uates the evidence in terms of a single number is
to trust the reliability of subjective judgment.
On the other hand, any function chosen to evaluate
the tetrad in the context of a particular question
of fact should have an essentially monotonic
(strictly) increasing relationship with the actual
legal significance of the tetrad as it relates to
the question of fact. For example, if in a given
situation an arithmetic difference of 10 percent-
age points between Ry and rp is much more strongly
suggestive of unlawful motive when Rp = 11% than
when Ry = 917%, the blind dependence on Rp-r, to
support an inference of motive will invite the
drawing of erroneous conclusionms.

We propose that a primary determinant in
choosing a measure should be the purpose of the
measure--whether it is intended to measure dis-
criminatory impact or to support an inference of
motive. In measuring discriminatory impact, we
are inquiring as to the relative harm done to mem-
bers of the minority group as they go through the
selection process, and this suggests that the un-
derlying modeling be motivated by a utility theore-
tic approach. On the other hand, in inferring
motive, we are seeking to identify an aspect of
the decision-maker's behavior and principles of
behavioral modeling should dominate.

Measuring the Discriminatory Impact. In a
purely discretionary selection system, each Group
A applicant entering the process can be said to
have the same probability of being selected, say
Pp, as any other such applicant. If we assume
further that each candidate has the same (positive
or negative) utility, say u, of being selected and
utility O (zero) of being rejected9, then the
expected utility for a minority candidate is clear-

ly

EA(U)=U'PA. .
Finally, assuming that in the absence of discrim-
ination minority candidates would have the same
probability of selection as that which the major-
ity candidates have, say Pg, the expected utility
for a minority candidate would be

E*X(U) = u « Pg ,
Therefore a measurement of harm should clearly be
based on some comparison between u*Pp and u-Pp.
However, to be consistent with the principles of
utility theory, a given arithmetic shortfall in
the expected utility must represent the same de-
gree of harm to the applicant regardless of the
value of the expected utility that would obtain in
a non-discriminatory process. That is to say, the
appropriate measure of harm is the arithmetic dif-

ference E*(U) - E5(U) = u(Pg - Py).

Finally, since the minority and majority probabil-
ities of selection are estimated without statisti-
cal bias by the corresponding observed selection
rates, these results clearly suggest that a mea-
sure of discriminatory impact based on the dif-
ference between selection rates is preferable. 0



A significant exception to this argument ap-
plies when the selection process under challenge
is that of selecting the venire from which a jury
will be chosen when that jury is to decide the
fate of a minority criminal defendant. For in
this situation, the courts must be concerned pri-
marily with the impact on the rights of the defen-
dant, not those of the prospective veniremen.
Moreover, in this situation, the composition of
the post-selection pool (that is, the venire from
which the jury will ultimately be chosen) is the
only aspect of the venire-selection process that
bears on the defendant's rights. Consequently,
while the difficulty of modeling the subsequent
jury selection may make the application of the
utility-theoretic argument impractical and its re-
sults of doubtful acceptability to the courts, it
is clear that the minority representation rates
that result from the venire selection process are
the pivotal quantities in establishing the impact
on the defendant's rights.

Modeling to Infer Discriminatory Motive. When
we turn to the goal of modeling to infer motive,
the focus of the model shifts from the treatment
of the applicant to the behavior of the decision-
maker. The first step in this modeling process
is to pin-point as nearly as possible the kind of
non-discriminatory selection mechanism the de-
cision-maker might have used or claims to have
used. The second is to adopt a model that appears
to simulate that mechanism adequately. The third
is to consider how discriminatory behavior might
manifest itself in the context of the given selec-
tion mechanism. The fourth is to decide how that
form of discriminatory behavior is to be incorpor-
ated into the model. Finally, we apply the con-
clusions drawn in the first four steps to the
pursuit of our current objective, namely to choose
a measure best suited to reflecting behavior sug-
gestive of a discriminatory motive in the eyes of
the court.

For example, the selection of prospective
jurors from the citizens in a district is often
supposedly done by application of an explicitly
random mechanism. The appropriate model for such
a process will be more or less obvious depending
on the complexity of the mechanism and the care
taken to adhere to it. For example, in straight-
forward situations the model of simple random
sampling from the pool of all citizens meeting
specified eligibility requirements may suffice,
but when allowances are made for various forms of
hardship, the model may require modification.

In the context of such a process, two forms
of discrimination would seem to be most likely.
The first is the ever-present possibility that
the number of Group A applicants was held below
some tacit quota. The second is the exclusion
from consideration of some fixed portion, con-
sisting say of 7N, individuals, from the pool of
eligible Group A candidates.

If the process is being influenced by a de-
sire to limit Group A selections to a quota, it is
more likely that the decision-maker is concerned
with controlling the size of the Group A repre-
sentation rate than the Group A selection rate.
Hence this desire is more likely to be reflected
in the representation rate than the selection
rate. Specifically, if the nominal model for the
process is one of simple random sampling, the dis-
tribution of the representation rate would be ex-
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pected to differ from the nominal binomial or hy-
pergeometric distribution in two ways. Naturally,
the mean of the distribution will be reduced from
the expected Np/N. But also the distribution
would likely be truncated, especially at the upper
end. This suggests that when results from several
applications of the suspect process are available,
as is often the case in jury selection challenges,
the entire empirical distribution of representa-
tion rates may be relevant.ll

If the Group A participation in the selection
process is limited by exclusion of a fixed pro-
portion of eligible candidates, an estimate of the
excluded proportion based on the representation
rates has been suggested. This estimate is
found by simple algebra to be

-~ Ry - r
T = ..___A__A_
RA(l - rA)

random mechanisms are less common in
selection, where typically some form of
evaluation or ranking will be used. If all the
evaluation criteria are strictly subjective and
hence inaccessible for verification or challenge,
the process will still fall in the 'purely dis-
cretionary' class. However, the five-step process
of analysis and modeling should reflect the depen-
dence on the criteria if possible.

Such selection mechanisms provide more inter-
esting modeling challenges. The particular model
chosen will depend, first, on the nature of the
criteria on which the informal evaluation is based;
second, on what can be postulated as reasonable
distributions for these criteria in the populations
of candidates; and finally, on the kind of reason-
ing that was used to combine these criteria into
a single score.

In order to develop an illustration, albeit
more valuable for insights produced than for real-
ism, suppose the following. First, for each can-
didate there exists a vector of qualification
scores Kij (i =1, *++, Ns; j=A,B). Second, these
vectors are p-variate normally distributed within
groups—-

Purely
employment

Xij ~ Np(uy,2)
--with the same covariance matrix but possibly dif-
ferent means. And finally, the decision-maker
looks at these criterion scores, constructs some
weighted sum of them, say

Yiy = AHXij,
and selects those candidates for whom Y;jj exceeds
a cut score y}.

This model will reflect an absence of inten-
tional discrimination only if )a = Ap and yK = yﬁ.
Any difference between the weight vectors or the
cut scores would indicate that group membership
was being used to influence the decisionms.

According to this model the weighted sum Yjj
will be normally distributed,

| . \J = 2
Yij ~ N(éigj"éjzéj‘ [+ (éj)),
Thus, the probability that a candidate i, being
randomly drawn from group j, will meet the stan-

dard for selection is Ay, - y¥
p(yij > yg) = ¢{:i:l____J}
a(2.)
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Therefore we find that ¢~ P(Yij > yj) will be in
the form of a linear model--

P(Yij 2 yj) = ag + a1Zy

--where Zj4y = 1 for candidates in Group A, and 0
otherwise; and the unknown coefficients have the
following form:

v *
: Aplip Y
0~ o(}p) o (2g)

1, 1 1
(11 = —U(AB) z\B (UB-BA) +[°(2,‘A) } c()\B)..B} KA

*
A _331__
c(a) _ oQg)

In this linear model, the parameter aj con-
tains all the evidence of discriminatory behav-
ior. This suggests using an appropriate esti-
mate of o] as our measure from which to infer
motive. From the methodology of probit analy-
sisl4 we find the maximum likelihood estimate of
a1 to be @'1(93) - ¢'1(pA), where D, and Pp @

the observed selection rates for the two groups.
In practice, this measure would likely be
resisted as unfamiliar and based on unverifiable
assumptions. Thus we seek a more familiar and
intuitive measure that would produce similar re-
sults in the case-to-case comparisons. We turn

first to the logit function, L(p)Z 1ln ifg;J'

Since, as can be shown,

(L(P5)-L(P,))/1.9

0.83 < =T =

¢ (Pg) - ¢ (Py)
the difference L(py) - L(p ) suggests itself as an
alternative with the v*rtue of being easily ex-
plained in terms of betting odds. Finally, we
note that if p, and pp are both small, the simple
ratio pB/p wi%l give case-to-case comparisons
most consistent with those of ¢=1l(py)-¢~
among the measures now commonly use

As a last word it should be noted that o) will

reflect the arguably innocent effect of the group
mean differences in qualification score inextri-
cably confounded with the influences of intention-
al discrimination. This fact would suggest an
obvious defense to the claim, and hence it raises
legal and methodological questions that are seri-
ous and most interesting, but beyond the scope of
this discussion.

< 1.16 (.055PA,PBs.95)

Lipp)

Modeling in Guided Discretionary Processes

In the following discussion of guided dis-
cretionary processes we will assume that there is
no challenge to the legitimacy of the overt qual-
ification criteria guiding the decision-maker,
but that in making the final selection decisioms,
the selector has covertly used group membership
as a factor. Thus it is alleged that, within the
'equivalence classes' of candidates defined by
virtue of being similarly situated with respect
to the overt criteria, the selector operated to
the disadvantage of the Group A members. Con-
sequently, we shift our focus, both in measuring
discriminatory impact and in detecting evidence
of unlawful intent, to comparisons of treatment
observed within the equivalence classes.
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Measuring the Discriminatory Impact. Let Wij
denote the vector of overt qualifications and let
Py (w) denote the probability of selection for a
group j candidate whose Wij vector equals w. Then
invoking the same assumptions of utility structure
and the same argument as in the previous section,
the suggested measure of impact for a minority
candidate with qualification vector equal to w
would be an appropriate estimate of the difference
Pp(w) = Pp(w).

This gifference can be estimated in two general
ways: (1) directly from selection outcomes observ-
ed for groups of candidates having Wij =w, if
there exist such groups of sufficient size, or
alternatively, (2) adopting models for Pp(w) and
Pg(w) as functions of w and estimating the para-
meters therein by appropriate methods.

If the latter approach is chosen, it will
again be apparent that the model to use will again
depend on the particular situation. But in this
application of modeling, the final result will be
judged purely on the reliability of the estimates
that it provides for Pg(w) - Pp(w) as indicated in
part by measures of goodness-of-fit of the model.
If such measures indicate the need for a model in
which Pg(w) - Pp(w) varies with w, the lack of a
single number summarizing the magnitude of the im-
pact for the whole case will clearly complicate
case-to-case comparisons. These complications are
intrinsic to situations in which some portions of
Group A may have been treated more adversely than
others, and it would be unwise to confine the
choice of models artificially to those which have
an additive term corresponding to group membership.

Modeling to Infer Discriminatory Motive. When
modeling to lay the basis for an inference of mo-
tive in a guided discretionary selection process,
the same multi-step analysis of the mechanism
should be applied as for a purely discretionary
process, with the recognition that observed values
for the overt qualification criteria will permit
empirical goodness of fit testing of some aspects
of the resulting model. =

To illustrate, we will extend the informal
evaluation model of the completely discretionary
process section to incorporate the qualification
variables W; Thus we will assume that adjoining
the q variaéie vector Wiy to Xii produces a vector

1

distributed (p+q)—variate normally--
(_:1 ] a1l 1111212 [i = 1""’Nj]
Y3 ot gy | ZapiBgg)|” U = AB

And, as before, we assume that the decision-maker
constructs some weighted sum of all the qualifi-
cation scores, say
Y = ijij + ijij
and selects those candidates for whom Yj: exceeds
In the context of this model, intentional
discrimination would be implied by any of the fol-
lowing findings:
A # 2B, 8o # 8B, or yi#yj

According to this model, the distribution of
Y14 conditioned on a patticular value for W;jj is
normal with mean §sw + A [i+B(w - vi)] and vari-
ance o (kj) z Ajtzz lki’ ere B = 2212 and

L2241 = Ly = Ip) 211):12. Thus the conditional
probability that a candidate i in group j will be
selected given Wij =y is



w'(Q + B')j) + B*i)‘ - y*}

* R Lo | 3 =] ]
P(¥35 2 leWij'W) ¢ 3 0hp) Ik
where yf = p - By, is the vector of X intercepts
in the regression functions on w. Again we find
that ¢~ 1P(Y > yjIWiJ = w) will be in the form
of a linear model-—

+ a,Z

1213 +a w +a 'z

~3 i’
--where Zj; is again an indicator function for
membership in Group A, and the unknown coeffici-
ents have the following form:

@ P(Yij > yj,W =w) = a,

. _ ¥ - v§
0 O'(Z\B)
S S (L*-u*)+[ 12, _ LA u
4 T5om ° P chy T apt)
a(d,) o(dp)
(1.2’-‘0()\)(6 +B>\)

a3=(l§— 16]+B'(123- l)\]
~ o(&A) A 0(53)~B o(}A) A U(QB)~B
In this model, the parameters aj and o3 contain
the evidence of discriminatory behavior, and are
the center of our interest. Obtaining estimates
of a] and a3 using the methods of probit analysis
will present real problems unless the values of V
for the candidates are concentrated in not too
small groups at just a few different points. How-
ever, even for the case where the values of W are
spread thinly over many points a method described
by Walker and Duncanlb offers a method of esti-
mating the parameters, provided that we are
willing again to substitute the logit function
for the inverse normal probability integral func-
tion.

Non-zero values in g3 clearly indicate inten-
tional discrimination in the form of differential
recognition of qualifications in different groups.
However, o; is again a sum reflecting both inno-
cent and suspect influences and raising the same
legal and methodological questions alluded to
earlier.

In closing, we note that the complexity of
having to consider legitimate qualification vari-
ables again results in substantial difficulty in
defining a single summary measure to permit simple
case-to-case comparison.
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