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Abstract: Admissions to selective colleges — especially publicly funded ones — are often
criticized for "unfair" admission policies that favour specific socioeconomic groups. In this
paper, we develop a statistical framework for testing whether current admission practices
maximize expected academic performance of the entering cohort. Such maximization would
imply that the expected performance of the marginal admitted candidate —the admission
threshold— is equalized across socioeconomic groups. For biased practices, the marginal
candidate in the discriminated group will have higher expected outcomes. If we observe all
pre-admission applicant characteristics available to the university and the post admission
performance for admitted candidates, then the admission threshold can be identified as long
as the density of the conditional expected performance is positive around that threshold.
Our key identifying assumption is that the median (but not necessarily the distribution)
of unobserved heterogeneity affecting admissions is independent of observed covariates, as
in Manski’s maximum score setting. The fair treatment hypothesis can then be tested
by checking if the identified thresholds are equal across demographic groups. We further
show that under a stronger assumption of independence between unobserved heterogeneity
and observed covariates, one can calculate the welfare loss — in terms of current academic

achievement foregone — resulting from the use of different thresholds as would happen under



affirmative actions. Applying these methods to two recent cohorts of UK-based applications
to Oxford’s flagship PPE degree, we find that male applicants face a higher threshold than
female applicants and that there is no difference between thresholds faced by state-school
and private school pupils.

Keywords: University admissions, affirmative action, selection on observables, condi-

tional median restriction, welfare loss estimation.



1 Introduction

Every year, thousands of students around the world apply for admission to colleges and
universities. The colleges’ decisions on whom to admit are typically based on high-school
academic performance as well as scores on standardized aptitude tests, such as the ACT
and SAT in the US and the Cambridge assessments in the UK. In addition, some colleges
take into account the applicants’ demographic backgrounds and some conduct expensive
admission interviews. In this context, it becomes important from a policy perspective to
explore two related questions regarding the admissions process — (a) how the observed ap-
plicant characteristics and test-scores should be weighed in the admission process and (b)
how to test whether prevalent admission procedures are “biased” against applicants from
disadvantaged backgrounds.

There is a substantial literature on the first question in educational statistics based on
"validity" studies which analyze the relative importance of aptitude test scores vis-a-vis mea-
sures of high school academic performance and/or socioeconomic status (SES, henceforth) in
predicting post-enrolment academic outcomes. See, for instance, Kobrin et al (2004), Noble
(2003), Parks et al (2011), Sawyer (1996), Sackett et al (2009) and the references therein as
well as a large number of staff research papers made available online by the College Board
and the act.org in the United States and the Institute of Education in the UK. However, less
attention seems to have been given to the second issue — that of evaluating current admission
policies — in this literature.

The motivation for studying the second question is that widening access to good universi-
ties is generally considered to be a key mechanism for promoting social mobility. Therefore,
under-representation of low SES communities among the entering students, especially at
relatively elite colleges, is flagged as suggestive of unfair admission policies.! Colleges some-
times respond to such allegations by saying that they intend to admit students with the
best academic potential, irrespective of their SES and such objectives can lead to uneven

demographic compositions of entering classes. Testing whether this claim is correct is impor-

'For the UK, see for instance, the recent newspaper stories:
http://www.guardian.co.uk/education/2011/mar/20/oxford-universit,y-entrance-requirements-row,

or http://www.guardian.co.uk/education/2009/aug/19/oxford-university-men-places-women



tant from a policy perspective because the conclusion would inform what steps are necessary
to promote fair access. For example, if admissions are indeed academic outcome-oriented,
then good students from lower SES should be encouraged to apply in order to increase their
presence in elite colleges. Conversely, if admissions are explicitly or implicitly "taste-based"
—1i.e., use SES or demographics in admission to an extent exceeding their effects on expected
academic outcome — then additional interventions may be needed in the admission process
itself to promote fairness. This issue is substantively distinct from (i) the differential per-
formance of different SES or demographic groups in aptitude tests (lower SES applicants
perform worse on average), (ii) lower aptitude test scores proxying for lower SES in ex-
plaining post-enrolment outcomes (mixed evidence, c.f., Rothstein (2004) and Sackett et al
(2009)) and (iii) the differential average college-outcomes of different demographic groups
at the same value of aptitude test scores (black applicants have lower expected scores than
Caucasian ones (Noble (2003)). These latter issues pertain to the average outcomes and are
not directly relevant to testing academic fairness because academically fair — i.e., outcome
oriented admissions — have implications for the outcomes of the marginal, but not the av-
erage, admitted candidates across demographic or SES categories. To see why, note that
if the marginal male admit has a lower expected outcome than the marginal female admit
then one can admit the "next best" female candidate instead of the marginal male admit
and increase the expected overall outcome. So outcome-oriented admissions must equate the
expected outcome across marginal admitted candidates in every demographic/SES group.
Violations of such inequality suggest that the college must place emphasis on non-academic
attributes such as gender, race or SES of the applicant beyond these attributes’ impacts on
his/her potential academic outcomes and, in that sense, is "taste-based". On the other
hand, the average outcome across all admitted males bears no relation to that across all
admitted females, no matter whether admissions is outcome-oriented or not. This key but
subtle distinction between the average and the marginal, to the best of our knowledge, is
not recognized or used in the educational statistics literature and in public debates about
unfair access to elite universities. But such distinctions are well-recognized in studies of dis-
crimination in economics (c.f., Becker (1971) for an early discussion and Persico (2009) for a

recent survey). In this paper, we utilize, adapt and extend these insights from the economics



literature to analyze the question of testing academic fairness of admissions. In the empirical
implementation of our methods using admissions data, we pay particular attention to the
modelling of unobserved heterogeneity whose presence makes it challenging (c.f., Heckman
(1999)) to test fairness of treatment regimes in general, and college admissions in particular.

Specifically, in this paper we construct an econometric model of admissions involving
observed covariates, unobserved heterogeneity across admission officers and outcomes of past
and present admitted students. We allow for the fact that not all admission offers translate
into enrolment because applicants may get alternative offers or fail to satisfy conditions
specified in the offer, such as securing a certain mark in the school-leaving public examination.
Our first contribution in this setting is to show that under reasonable behavioral assumptions,
the admission thresholds faced by different categories of applicants can be identified from
data on admission outcomes of current applicants and post-enrolment performance of just the
admitted students; it is not necessary to identify the (unobserved) distribution of potential
outcomes for non-admitted applicants. These thresholds, in turn, will equal the expected
outcome of the marginal admit in every category and a test of outcome-oriented admissions
can then be based on testing the equality of these thresholds across the categories. Our
second contribution is to develop a method of calculating the efficiency loss — in terms of
individual academic achievement foregone by the college — which would result from the use of
unequal thresholds across demographic subgroups due to, say, adoption of affirmative action

policies.

2 A Benchmark Model

We start our analysis by laying out a benchmark economic model of optimization to help
fix ideas. In the next section, we develop an analogous econometric model, incorporating
unobserved heterogeneity, based on this benchmark economic model.

Let W denote an applicant’s covariates which are observed by the university. Let W
denote the support of W, Py (-) denote the C.D.F. of W and let G denote the discrete
component of W capturing the group identity of the applicant (such as sex or type of high

school attended). For an applicant i, let Y; denote his/her future academic performance if



admitted to the university. Let u(w) denote a w-type student’s expected performance if
he/she enrols, as perceived by the university and let a (w) denote the probability that a
w-type student offered admission eventually enrols. Let ¢ € (0,1) denotes the fraction of
applicants who can be admitted, given the number of available spaces.

Admission protocols: We can define an admission protocol as a probability p (-) : W +—
[0, 1] such that an applicant with characteristics w is offered admission with probability p (w).

A generic objective of the university may be described as

e [ p(w)a(w) (b () p @) dPylw), st. [ plw)a(w)dhy ) <c
Here, h (w) denotes a non-negative welfare weight, capturing how much the outcome of a
w-type applicant is worth to the university. For affirmative action policies, h(-) will be
larger for applicants from disadvantaged socioeconomic backgrounds or under-represented
demographic groups. The overall objective is thus to maximize mean weighted outcome

among the admitted applicants, subject to a budget constraint. The solution to the above

problem takes the form (c.f., Bhattacharya (2011) and proof in appendix):

Lif B (w) >,
P (w) = q qif B(w) =17, (1)
0if § (w) <7,

where

Bw) © =h(w)uw),
. —inf{r:/aw)l{ﬂ(w)>r}dFW<w>Sc},

and ¢ € [0, 1] satisfies

/ o (w) ({1(8 () > 7) + a1 (8 (w) = 7)}) dFw(w) = c.

The result basically says that the planner should order individuals by their values of
B (W) and first admit applicants with those values of W for which 5 (W) is the largest,
then to those for whom it is the next largest and so on till the budget is exhausted. If the

distribution of 5 (W) has point masses, then there could be a tie at the margin, which is



then broken by randomization (hence the probability ¢). In the absence of any point masses,
the optimal protocol is of a simple threshold-crossing form p* (w) = 1 (8 (W) > ~). For the
rest of the paper, we will assume that this is the case.

Academically fair admissions: We define an academically fair admission protocol as
one which maximizes expected performance of the incoming cohort subject to the restriction
on the number of vacant places. Such an objective is fair in the sense that the expected
performance criterion gives equal weight to the outcomes of all applicants, regardless of their
value of W, i.e., h(w) is a constant. In this case, the previous solution takes the form

p?Pt (w) = 1{p (w) > v}, where 7 solves

C:/e o (w) 1 (4 (1) > ) dPy (w).

The key feature of the above rule is that the value of W affects the decision only via its
effect on (W) and 7 does not depend on W. To get some intuition on this, consider the
case where one of the covariates in W is gender and assume that the admission threshold
for women, v is strictly smaller than the threshold for men, ~,,. Then the marginal female
admit with w = (xy, f), contributes a (2, f) 7, to the expected aggregate outcome and takes
up a (7y, f) places, implying a contribution of v, (=a (2, f) v,/ (zy, f)) to the objective of
average realized outcome. Similarly, the marginal male reject’s contribution to the average
outcome would be 7, > 7. Therefore, we can increase the average outcome if we replaced
the marginal female admit with the marginal male reject. Thus different thresholds cannot
be consistent with the objective of maximizing the mean outcome.

Lastly, to make our requirement of common thresholds logically possible, we need to
assume that there exists a common feasible threshold. Toward that end, let us rewrite
W = (X, Q) and let ©,, T, denote respectively the support for the distribution of X and
of u(X,G), given G = g. Let 7, be the admission threshold for group g, i.e., an applicant
of type g is admitted if and only if 1 (X, g) > v,. We now introduce a formal assumption
which would imply that equality of admission thresholds is equivalent to outcome-oriented

admissions — which forms the basis of our testing approach.

Assumption 1 Y, = T for all g; Y contains an interval I such the density of (X, g)

conditional on G = g is strictly positive on I and vy, lies in I for each g. Further, the



common outcome maximizing threshold ~v lies in Y.

To interpret the above assumption, consider the case where G denotes gender and X
contains one or more continuous variables like previous test scores. Then the above assump-
tion basically says that the (conditional) expected outcome for men and that for women
take values in the same set. So given any value x € 1,4, there exists an 2’ € Qpemaie
such that p (z,male) = p(2', female). It seems very unlikely that there will be a range of
possible values of the (conditional) expected outcome for men where no women’s conditional
expected outcome lies (or vice versa). This can only possibly happen at the very extremes
of the former’s support but, since most universities admit at least 5% of applicants, it is
unlikely that any admission threshold can lie in such extreme regions.? Note also that we do
not require €2, to be identical across g. Generically, one would expect the admission thresh-
old to be an "interior" point in the support of i (X, g), such as a quantile in the marginal
distribution of u (X, G), so that the second part of the above assumption seems natural if
w1 (X, Q) is continuously distributed.

Under the above assumption, for every fixed g, there will exist z*(g) € int (Q,) such
that o (2* (g),9) = 7; so we can define individuals in subgroup g with X = z* (g) to be the
"ideally marginal" admits in subgroup g¢. If the protocol is outcome-oriented, then for every
g, 1w (x*(g) ,9) = 7. However, if the protocol is not outcome oriented and the marginal admits
are denoted by x (g) in group g, then u(z(g),g) = v, will differ across g. The question
then is how to identify z (¢) and then how to identify u (x (g),g), i.e., the expected outcome
of the marginal admit for various values of g. If the common support assumption did not
hold, then it would be possible that admission is outcome oriented with a common optimal
v which lies within the support of 1 (X, g1) conditional on G = g; but not of u (X, g2) given
G = go. In that case, for group 1, we will have equality at the margin but for group 2, the
marginal admits will have expected outcome exceeding the threshold if v lies in a "hole" with
respect to the support of (X, g2) given G = go. Figure 1 illustrates the point. To be clear,

this common support assumption has nothing to do with the identification of group-specific

2The above assumption can be weakened a bit by requiring that the intersection of T,’s contains a
nonempty interval and v belong to it. But this mathematical generalization seems to us to be substantively

a bit artificial and hence we do not pursue it here.



thresholds, analyzed in the following section. Instead, the purpose of this assumption is that
it enables us to interpret the inequality between group-specific thresholds as symptomatic

of non outcome-oriented admissions.

3 Econometric Model and Identification

The economic model above takes the entire university as a single decision-making entity
whereas in reality, admission decisions are made by individual officials who apply at least
some personal discretion and/or display heterogeneity in taste or knowledge in making the
decision. This heterogeneity is likely to introduce idiosyncratic variation in the individual
decisions around a baseline university-wide policy. Further, if the model of the previous sec-
tion literally generated the data, then admission would be completely deterministic, given
every value of X and G, which is almost never the case in practice. With these motiva-
tions, we extend the previous economic model into an econometric one, which incorporates
heterogeneity across admission officers and forms the basis of our empirical analysis.

To set up the empirical framework, we assume that we have data on pre-admission
characteristics (including prior test-scores) on a pool of applicants, drawn in an I.I.D. fashion
from a distribution of potential applicants. For each applicant, we also observe whether they
were made an offer of admission, for each offer we observe whether it was accepted and
finally, for each accepted offer, we observe the outcome of interest (e.g., examination score
after 1st year of college). We have such data for several years. When referring to variables
from past years or expectations calculated on the basis of past variables, we will use the
superscript P.

For a current applicant i in the data, let X;, G; denote his/her values of pre-admission
characteristics and let D; denote the dummy for whether (s)he received an offer and the
dummy A; equals 1 if and only if ¢+ was made an offer and accepted it. We observe
(Xi, Gi, D;, A;) for every individual and the outcome Y; if A; = 1. Let u” (z,9) := E (YP|X =2,G =g,
denote the conditional expected outcome in previous years for admits with characteris-
tics z,¢g. We assume that when admission officers decide on whether to admit an (z, g)

type student, they base it on u” (x,g) which they calculate using data on (z,g) type stu-



dents who were admitted in previous years. Note that pf (z,¢) is in general different from
E (YP X =2,G= g) which is typically unknown to admission officers in universities (or
loan officers in banks).? Indeed, a large literature in educational statistics on so-called
"validation studies" use predicted performance of admitted candidates to infer the relative
predictive ability of aptitude test scores vis-a-vis high school grades and socioeconomic in-
dicators and prescribe policies based on this analysis. See for example, the large number of
staff research papers available online at the College Board, ACT.org and ETS in the US and
the central institute of education in the UK. While several such studies are aware of sample
selection biases, they do not appear to (be able to) "correct" for it. Since our analysis eval-
uates what educational institutions actually do — rather than what they should have done —
using p? (z, g) rather than E (Y7|X = z,G = g) is the correct approach here.

Toward that end, let X, denote the support of X conditional on G = g and A" =1, i.e.,
Xg:{x - Pr (AP =1X=2G= g) > 0}. These are the values of X which occur among
the admits of type ¢ in past years and so one can calculate the values of u” (x,g) when
x € X;,. We assume that a g-type applicant with a value of X outside X, will be not
be offered admission with probability 1 (such as applicants with very low admission test
scores) in the current year. On the other hand, an applicant ¢ with G; = g and X; = x €
X, is offered admission if and only if u” (z,g) > V4 t €i, where €; denotes heterogeneity
across admission officials and ~, denotes the university-prescribed admission threshold for

applicants of demographic type g. Thus we may summarize the admission process as

Assumption 2

1 {IUP (Xsz) > Ya, + €i} 5 Zf)(Z € XGi

D; =

3If there existed trial data where admissions (respectively, loan approvals) were randomized, then the
latter can be calculated and used instead of u? (z,g). Alternatively, if Y were independent of AF given
X, G (the so-called selection-on-observables case), then the two would be identical. However, from a policy
perspective, detecting whether universities are outcome oriented requires the use whichever expectation the
officers can base their decision on, and not E (YP | X =2,G = g). In some special cases, the two can be

identical but this is somewhat irrelevant to the task at hand.
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The above assumption implies that the set {x : Pr(D = 1|X = z,G = g) > 0} is a subset
of X,. Therefore, for any z such that Pr (D = 1|X = z,G = g) > 0, we can compute u” (z, g)
as (YP |1 X =2,G =g,A" = 1), since the conditioning set is non-empty.

We are interested in estimating the threshold -, for various values of g and testing if
they are identical across g. For the identification/estimation of v,, we impose the following

conditions:

Assumption 3 (i) {(X;, Gi, D;, A, YA}, is ani.i.d. sequence; (i) median(e; | X;, Gi) =
0 and (ii1) the distribution of €; has a strictly positive density (with respect to the Lebesque

measure) around 0, given X; and G;.

Discussion: The error term ¢; can be interpreted as the error in subjective expectation
of the specific admission officer handling applicant 4’s case and v, the university-specified
cut-off for applicants of type g. The presence of ¢ allows admission to be non-deterministic,
given X and G. In other words, the admission cut-off (for expected performance) faced by
applicants of type g varies randomly within g-type applicants (depending on which officer
handled their file) with a median value of ~, stipulated by university-wide admission policy.
For academically fair admissions, as explained above, one would expect v, to be identical
across g. Part (ii) of Assumption 3 — which allows the scale of € to depend on X, G —
will hold when the systematic determinants of admission, such as past test scores, interview
grades and demographic characteristics are commonly observed but idiosyncratic preferences
and/or errors in the subjective expectations of individual admission officers are incorporated

in e. Part (iii) of Assumption 3 is a regularity condition that aids the proof of identification.

3.1 Identification of v,

The basic idea is to use for each fixed g, the median restriction and the observed Pr (D = 1| X = 2,G =g
to identify the values of X defining the marginal admits, viz., those x for which Pr (D = 1|X = z,G = g)
1/2 and then average u” (x,g) — separately identified from admitted students in previous

years — across these marginal admits to yield .

Our identification is facilitated by the following assumptions:
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Assumption 4 For each value g in the support of G, the distribution of the random variable
ut (X, G) conditional on G = g has a strictly positive density (with respect to the Lebesgue

measure) on an open interval around ,.

The above assumption guarantees that there exists some x € &}, such that Pr (D = 1|.X =
1/2. Tt will hold as long as pf (X,G) varies with X and X has a rich enough sup-
port.* To complete the identification argument, note that if there exists an x such that

Pr(D =1|X =xz,G = g) = 1/2, then we must have that
Pr [ (z,9) — v, > elX =2,G =g] =1/2,

implying that

1" (z,9) =7, =0,

by (ii) and (iii) of Assumption 3. Therefore, it would hold that
Eu" (v,9) =7, | Pr(D=1X=2,G =g) =1/2] =0. (2)

Observe that Assumption 3 lets us identify the marginal admits as those = for which
the probability of admission is equal to a half. Then 4 guarantees that for every fixed
g, the set II, = {x € X, : " (x,9) =~,} — identical to the observable set of z € A,
satisfying Pr(D =1|X =x,G =g) = 1/2 — is nonempty. Finally, x € X, guarantees
that we can compute u” (-, g) for each x € II, from past cohorts simply by computing
E (YP|D =1, X=xG= g), and these can then be averaged over z € II, to yield v,. We

summarize these discussions into the following proposition.

Proposition 1 Assume that assumptions 3 and 4 hold. Then for each g, the threshold v,
1s point-identified.

Once we have identified the group-specific thresholds v,, we can test if admission is
outcome-oriented by testing the equality of v, across g. This implication is facilitated by
our common support assumption (1) in the previous section for u* (-,-) which is equal to

ut (-,+), by definition.

4Since 7, is likely to be close to a quantile of u’ (X, g) (see above), it is quite likely to be located in the
interior of the support of u” (X, g) and so a "large" support for X is not necessary to guarantee the above

condition.
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Assumption 5 The past and current cohorts are drawn from the same population distrib-
ution of applicants and the admission thresholds have not changed over the entire period of

analysis.

In view of the stationarity assumption 5, we drop the P superscript from now on and
combine all years of data for estimating conditional means and probabilities in order to

maximize precision.

4 Estimation and Inference

Motivated by the restriction of (2), we now present an estimator of v,. Basically, if X
contains continuous components, then the estimated probability of getting an offer will never
be exactly 1/2; so we will consider those (z, g)’s for which the predicted probability is close
to a half. The extent of closeness is guided by a bandwidth h. More formally, in a first
step, we estimate p(x,g) and p(x,g9) = Pr[D; = 1| (X;,G;) = (z,g)] and then in a second
step, we estimate 7, by a weighted average of ji (X;, G;), where the weights are a decreasing

function of the distance between p (X;, G;) and 1/2,

_ Z; Ky (p(Xi,Gy) —1/2) 1 (X;,Gi) 1{G; = g}
Z; Ky (p (X, Gr) —1/2)1{G; = g} '

Ty

where K}, (2) = K (z/h) /h; K (-) is a kernel function; h is a smoothing parameter (band-
width); p (z, g) and [ (x, g) are first-step estimators of p (z, g) (:= Pr[D; = 1| (X;, G;) = (x, 9)])
and p (z, g), respectively. This is exactly the average predicted outcome for those (z, g) types
for whom the predicted probability of getting an offer, i.e., p(x, g) is close to a half.

In order to develop a distribution theory for conducting inference, we consider the oper-
ationally convenient case where the first step estimators p (x, g) and fi (z, g) are parametric.
This case is different from standard semiparametric estimators where the first step is non-
parametric and the second step involves some form of averaging of the first step estimators,
leading eventually to,/n-normal estimates. Here, kernel smoothing at the second step is
unavoidable and so, even if the first step is parametric, one cannot estimate v, at the para-

metric rate. We may use any parametric model satisfying some mild (c.f., assumptions 11
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and 12, below) e.g., a probit or logit model for p (w); and a linear (regression) model for

p(w).
Define ¥, as the infeasible estimator that would result if the true values u (X, g) and

p (X, g) were used instead of their estimates:

5 E : Kh Xl,g) 1/2)M(Xi,9)1{Gz’=9}
Vg =
Zl Ky (p(X1,9) = 1/2)1{G: = g}

(3)

for each g € {f, m}. We will show in the appendix (see theorem 1) that our semiparametric
estimator 4, (g) has the same asymptotic distribution as ¥,, under the assumption of cor-

rect specification. Since ¥, is a nonparametric regression of 1 (X;, g) on p (X, g) evaluated

at p(X;,g) = 1/2, its distribution follows from standard nonparametric regression theory.
The distributional equivalence of 4, (g) and 7, and an explicit form for the asymptotic
distribution are provided in the appendix.

Choosing Bandwidths: Note that our parameter of interest, v, is essentially the con-
ditional mean E (1 (X, G) |p(X,G) = 1/2,G = g). So we recommend the standard method
based on cross-validation, which uses a global goodness of fit criterion for the conditional
mean F (u (X,G)|p(X,G),G = g). In the present context, cross-validation is achieved by

minimizing the leave-one-out criterion

RO) = 316 =9 % [ (Xugi8) —mos (5(XG58,) 0) ] where

Z;;}Kh( P (X0 Gisfy) — a) i (X Gis,) 1{G: = g}
ZZ L K, (‘(Xi,G >—a>1{Gi:g}

i)

m_;(a,g;h) =

is an estimator of E (1 (X, G) |p (X, G) = a,G = g), calculated using the bandwidth h. We
then use as optimal bandwidth the minimizer of the CV criterion divided by (Inn). This
undersmoothing, as is well-known from the econometric literature, serves to reduce the as-

ymptotic bias and makes it possible to construct confidence intervals for ,.
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5 Efficiency Cost of Affirmative Action (Incomplete...)

Set-up: Many universities intentionally apply a lower threshold for applicants from histori-
cally disadvantaged backgrounds — such as women or racial minorities in the US, applicants
from state-run schools in the UK and so on. From a policy perspective, it is important to
cast the social benefits of such a policy against the short-term loss in productive efficiency
— measured as the academic achievement foregone by the university — which results from
it. Toward that end, suppose that progressive motives lead a university to choose a lower
threshold for female candidates, i.e., v < 7,,. Then, the efficiency cost of this policy may
be computed as the achievement foregone by replacing high ability males with low ability
females relative to the efficient situation where a common threshold 4 € (7 £5 vm) is used.
This intermediate 4 can be chosen so that the aggregate number of admits, if the common
7 is used, will remain identical to current number of admits in expectation.

The model of admission is now given by: admit a candidate of type X = x and G = g

according to the rule
1{p(z,9) >7+e},ifx e X,
0,if x ¢ Aj.

D=

Note that this allows changes in admission policies such that the set X, remains the same;
so those characteristics for which the probability of admission was zero before the change
will still lead to outright rejection. It’s only individuals with characteristics in X, who will
now be treated differently, corresponding to the use of a new threshold 7.

Let p, () =E(Y|[A=1,X=2,G=g),ay(x) =Pr(A=1|X=2,G = g) and p, () =
Pr(D = 1|X = z,G = g). We maintain the stationarity assumption throughout this section,
so that we will drop the P superscript everywhere. Let 7, denote the fraction of applicants

who are male. Define
M = {xeXm:u(x,m)+7m—ﬂ~y<mixu(x,m)}
TEAm
o= {xEXfiu(fr,f)+7f—i<§r€1}g;u(z,f)}-

Assumption 6 ¢ is independent of X, given G; i.e., for all g, the conditional c.d.f. of €
satisfies Fix—z,G=g (-) = Frja=¢ (*)-
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Assumption 7 Conditional on each g in the support of G, the random variable (X, G) as-
sumes every value within max.cx, ji(z,g) and min.cyx, p1 (2, g) with positive probability. That

is, for any a € (min.cx, p (2, 9) ,max.cx, pt(z,9)), there exists z € Qg such that p (z, g) = a.

Assumption 8 Acceptance of an offer is independent of ¢, given X and G, i.e., corre-
sponding to any pair of offer thresholds v,7, the corresponding acceptance variables A and

A satisfy
EYA=1e<pu(X,G) =7, X =12,G=yg)
= BE(YJA=1:<p(X,6) -5 X =2,G=g).

Discussion: Assumption 6 strengthens the conditional median independence of assump-
tion 3 (ii) to full distributional independence. Assumption 7 strengthens the support con-
dition above to require that there are no "holes" in the (conditional on G = g) support
of (X, g). These two assumptions enable us to compute the (counterfactual) probabilities
Pr.ix—s,6—g [’y <p(x,m)—e< 'yg} for G = m and G = f, which are ingredients of the wel-
fare change calculations, as illustrated below. Assumption 8 says that two candidates with
identical values of X and G who are offered admission have the same expected outcome,
irrespective of the offer generating mechanism. This assumption is implied by the stronger
condition that ¢ is a purely officer-specific error and applicant files are randomly allocated
among admission officers. Note that assumption 8 still allows acceptance to be correlated
with (X,G) and with Y and thus includes cases where more able students (who also have
higher test-scores on average) get outside offers and do not accept the university’s offer or
less able students cannot satisfy the conditions of the offer and tend to accept the current
offer.

Welfare bounds: For x € M, define Z () as the solution to: u (Z (x),m) = p(x,m) +
Yo — 7. For x € F define 7 (z) as the solution to u(z (v), f) = p(z, f) +~; — 7. Since

Y <7 < Yy, by assumption 7, such an = () must necessarily exist in X,,, and 7 (x) in X}.
® Wi (7) € [wmi (7) , wmu (7)] with
(@) = 7o [ 1 (@) 0 ) (0 () = i (0} AP (2] = )
e

o [ @) @) {1 = @)} F (a]G = m),
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Wi () = Tm /eMMm () am () {pm (2 (2)) — pm (2)} dF (2|G = m)

+mm1L6%mMcum«wcwmx>{maxpm<a-—@n@»}dfka¥:7n»

® wr(§) € wn(¥),wru (7)]

wir ()
_ u—quTW@MAw@mw—muuwamazn

ZEXf

+mnl¥%ﬂpﬁchaq@»{pfu»—wnmpf@»}chﬂG::f»

Weu (7)
- u—quTW@MAm@Mw—m@uwamazn

+Tm /EX . oy (x) ap () py (z) dF (2|G = f).

e If min.cx, ps () = 0 and max.cx,, pm (2) = 1, then the bounds shrink to singletons

Wi (7) = Winu (3) = Winu (3)

wi(¥) = wa(y) =wm (7).

6 Empirical Application

Our application is based on admission data from Oxford University’s flagship undergraduate
degree in Philosophy, Politics and Economics (PPE)...Admission process...

Our current data cover 3 cohorts of Oxford PPE students who started their study in
2008, 2009 and 2010 respectively. We focus on those applicants who had taken the TSA
(an aptitude test comparable with the SAT in the US), and the GCSE — the standardized
school-leaving examination in the UK and those who were deemed strong enough to be called
to interview. Table 0 summarizes for each gender the key variables. Of these, collinter is
the interview score at admissions, got in is a dummy for whether the candidate was offered
admission, independent school is a dummy for whether the applicant was educated at a fee-
paying (i.e., private) school. The variable prelim tot is the overall score after the first year

examinations, available for admitted candidates only, which will be our outcome of interest.
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Table 0 shows that many more males apply to read PPE, males applicants have better
TSA distributions, worse interview scores and male admits score an average of 4 points (out
of 300) higher in the first year exams. These differences are statistically significant at 5%.
There is no significant difference in acceptance rates between male and female candidates.

We now test if the marginal admitted male and the marginal admitted female student
have identical expected first year scores. To do this, for each gender, we compute the expected
score as a linear function of age, GCSE score, overall TSA, interview score and whether the
applicant came from an independent school. Using the 0 median restriction on expectation
errors, as explained above, we calculate the threshold faced by each gender as the average
of expected first year scores for admitted applicants whose probability of being admitted
is predicted (through a probit) to be close to 0.5. To choose the bandwidth for defining
"closeness", we use the leave-one-out cross-validation. The CV criterion is plotted in figure
2 for the four cases of male/female and state-school/independent-school. The numerical
minimum of this criterion over a grid of 0.01 to 0.1 is taken to be the optimal bandwidth.
Table 1 lists the optimal bandwidth for various categories.

In table 2, we show the estimated difference for a range of bandwidths (which define
"closeness to 0.5") and an Epanechnikov kernel. The middle bandwidth is the optimal one,
according to the cross validation criterion calculated above. The other entries are 0.5 times
the optimal one and 10 times the optimal one, respectively. This table strongly suggests
that male applicants face a threshold that is higher than that faced by female applicants
by about 6-8 points out of 300. The p-value corresponds to a one-sided test of no gender
difference in thresholds against a one-sided alternative of a positive male-female difference.
From table 2, it becomes clear that although male and female acceptance rates are nearly
equal, male candidates have to cross a higher barrier of expected performance than females
in order to get admitted.

We then repeat the analysis reversing the roles of gender and school background, i.e., we
use gender as an explanatory variable and test if applicants from independent school face a
higher threshold than their counterparts who apply from state-funded schools. The results
are reported in table 3. Now, we see that there is hardly any difference in the thresholds

faced by the two groups. Although the estimated thresholds for private school applicants
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are higher, the difference is not statistically significant.

7 Conclusion:

To follow...
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Table 0

Female Male

Variable # Obs Mean Std. Dev. # Obs Mean Std. Dev. pvalue

age 609 17.99 1.24 923 18.12 1.62 0.99
gcsescore 609 3.82 0.26 923 3.75 0.35 0.0001
tsaoverall 609 61.96 7.72 923 65.46 7.94 0.00001
collinter 609 62.46 11.03 923 63.46 11.44 0.0214
indep_school 609 0.34 0.47 923 0.39 0.49 0.4777

got_in 609 0.28 0.45 923 0.31 0.46 0.199
prelim_tot 150 183.71 15.76 247 187.62 19.05 0.0392
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Table 1:Optimal bandwidth

State 0.451
Indep 0.11
Male 0.46
Female 0.146

Table 2: Threshold Difference by Gender

female
scale male thld thid male-fem  p-value
0.50 185.76 176.4 9.36 0.01
1.00 182.44 173.58 8.86 0.03
10.00 186.88 178.79 8.09 0.00

Table 3: Threshold Difference by high school type

scale Indep thld  state thld indep-state  pvalue
0.50 183.00 179.75 3.25 0.22
1.00 179.79 177.16 2.63 0.37

10.00 181.63 177.16 4.47 0.54
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Figure 1: The red curve represents a fictitious conditional density of u(X,male) and the green curve the
density of p(X,female). In the top panel, they have the same support and the common treatment
threshold gamma is shown by the vertical line. In the bottom panel, the common threshold lies in the
“hole” of the support of u(X,female). So there is no x in the support of X for females where u(X,female)

can equal the common threshold.
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Figure 2: Graphs showing cross-validation criterion for (clockwise from top left) female, male,
independent and state school applicants, respectively.
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