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PREFACE

. b

i

This feport was prepared with support from the National Institute
of Education and the Lilly Endowment, Inc. The purpose of the reéearch
was to examine methodologies'fof modeliﬁg students' choiceé”among
~higher‘edug%;ion institutions.

A statistical technique called "conditional logit analysis' has
feéently been popularized; its applications include‘exactly thg ﬁroblem
stud%ed here. The authors review these applicatidns and point out
certain weaknesses inherent in the. approach. They then offer an alter-
native approach, based on the use of -Bayes' Theorem, which is easigr

to use, more flexible, and less expensive to apply. 1In empirical:tests,,

it was also observed to have greater predictive power thah conditional

logit analysis. e
The authors are gratefullto Rand colleagues Bryan C. Ellickson,
Gus W. Haggstrom, and John J. McCall for valuable comments on an’ .

-earlier draft of this report. o e
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This study revisits a problem that has received considerable

attention in recent years: . modeling students' choiees among institu-
“tions of higher education. We offer a'methodologieal approach to the
problem which obviates some of the technical and methodologicalkdiffi—
culties encountered in previous studies, where the primary tool of )
analysis. has ‘been "conditional logit“" We demonstrate our approach
—'Wlth data from the SCOPE 1966 survey of high school seniors and com-
pare our results to those obtained in other analyses of the SCOPE data.
We regard the SCOPE dafa as drawn from a population described by
a joint density P(i,j), mhere i identifies'a particular student and |
j a particular institution. The problem is to dbtain a parametric

model for P(j|i), the probabiiity that student i chooses institution J.

-

The’ cdhditional logit approach uses a maXimum likelihood" technique to
estimate P(Jll) directly, whereas we suggest a two-stage procedure in
which the parameters of P(ilj) are estimated via ordinary linear re-
Vgression, then Bayes' Theorem is used to»obtain P(jli) The regression
models describe student ability, 1ncome, and distance from home as func—
tions of the characteristics of chosen institutions. 1In uSing Bayes
%Theorem; we assume‘that the prior probability of choosing a given in- -
stitution depends on its size. | - . . -

We apply our model to the problem of predicting the distribution
of students among certain homogeneous categories ofﬂinstitutions.‘ We
find that the deviations between predicted and actual distributions ' ;., s
are quite.small and that the predictive power of our model is substan—

- tially. greater than that of alternative models which used the condi—
tional logit methodology to analyze- the same data set. o ..

Conditional logit studies of individual choice behavior in a vari-
ety of aréas have recently appeared in the literature. Our results
suggest.that the Bayesian formulation is a viable alternative. Questions
of predictive poWer’aside, the Bayesian methodology is easietr to use,

offers much greater flexibility, and is less expensive to apply. Thus,

even in cases where theoretical considerations might suggest the alter-
native .approach, the Bayesian methodology would be a useful adjunct in

the exploratory stages of research.

¢
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I. - INTRODUCTION

This study revisits a problem that has received cpnsiderabie
attention in recent years: modeling students' choices among institu- -

tions of higher education. Our primary objective is .to offer a method- - -

ological apprdach to the.problem which obviates some of the technical
and methodologlcal d1ff1cult1es encohntered in prev1ous studies. We
demonstrate the approach with data from the SCOPE 1966 survey of high
school senlors,l and eompare our results to those obtained in other
.analyses of the. SCOPE data.

OQur point of departure is the recent ‘work of Kohn, Manski, and
Mundel. [1] and Radner and Miller [2,3]. Both used a.statistical esti-
mation technique called "conditional logit" to analyze studentS' choices,
given their charaeteristics.3 The conditional logit approach overcomes
many of the limitaticns of the other available approaches:&_ABut it has

important limitations of its own.

The teéchnique has very demanding data requirements. The analyst
" must know the entlre set of alternatives each student considered in
making bhis choice. Second, the computational problems involved. in max-
© imizing the logit likelihood function are so severe as to limit both
the flexibility one has in choosingtthe functional form of the relation—‘

ships and the amount of exploratory analysis one can do. It is barely

lSchool to Cdilege. Opportunities for Postsecondary Education. -
This survey, conducted by The Center for Research-and Development,
Unlver51ty of California,. Berkeley, is descrlbedrln Sec. II.

L%

2Radner and ‘Miller [2] present the analys1 Many of the techn1ca1
details, however, are reserved to a separately publlshed technical” sup—"
‘plement--Miller and Radner [3] For simplicity- in discussion, we will
consistentliy refer to their 301nt work as Radner and Miller, using
bracketed reference numbers to distinguish between the two.

3The conditional logit approach has been recently popularized by
McFadden [4,5]. It is now being dpplied in a broad range of studies of
individual decisions including choices among transportation modes {61
! and occupatlons {7,81. - -

4Radner and Miller [2] prov1de a detalled critique of the approaches
used in earlier studies and outline the advanLages of the conditional
logit technique. :

a
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feasible to write down a single model specified by théory and then to

" estimate parameters. It is not,fea81ble to admit that the theory is.

s . .
.weak, and thus that alternative formulatlons of rndependent variables,

goodness . of fit tests, ahalySeS'of re31duals, etc., should be tried.

'We view these difficulties as motivation for Our'own approach,

. which begins with two basic observations. First, 1if one is to predict

- a student s ch01ce, given his character:stlcs, it seems reasonable that

one should be able to say something -about his characterlstlcs,'glvehv

his choice. Second there exists-a readily applicable method to trams- -«

late statements ebout chargcteristics, given choice, to statements
about choice, given«charerteriétics;—Bayes' Theorem.

Thus, ‘'we regard the SCOPE data.as drawn from a populatlon descrlbed
by a j01nt density P(1,3), where i 1dent1fies a partlcular student and
ja partlcular institution. The problem 1s to obta1n a parametric model
for P(J[l), tlie probability that student i chooses institution j. The

conditional logit approach uses a maximum likelihood technique to esti-

mate P(J|1) directly, whereas we suggest a two- stage procedure 1n which '

the parameters of P(1|J) are estimated via ordlnary linear regre881on,
then Bayes'.Theorem is used to obtain P(Jlr). The_regre331on models
describe student ability, income, and distance from home as functions

of the characteristics of chosen institutions. 1In using Bayes' fheorem,

" we assume that the prior probab111ty ot ch0081ng a glven institution

o

depends upon its size.

Section- II rev1ew° the condltlonal logit approach descrlbes the
data avallable from the SCOPE 1966 survev, and reviews the Kohn Mansk1
and Mundel and the Radner and Mlller'studles, focusing on the problems
they encountered in using the conditional 1dgit'appr6achn'.Ohr‘approach
is desdribed in Sec. III. In Sec. IV, we descrlbe our - emp1r1ca1 re-
sults in’ deriving the parameters of P(ljJ) Section V provides an
investigation of the predlctive power of our approach as compared to
that of Radner and Miller. Some concluding remarks are presented in

Sec. VI.

o
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II. THE CONDITIONAL LOGIT APPROACH , - °

el

In this'seption,'after Briefly reviewing the'formal'struoture of
the conditional logit approach, we summarize the Radner and Miller and
.the Kohﬁ, Manski; and.Mundel studies, describing their data bases,
indicating the varlables they used, and: g1v1ng their procedures for

imputing students "choice sets." The section concludes with a dis-

“cussion of some of the problems‘they encountered.

THE FORMAL STRUCTURE"

_‘The conditional logit approaqh is predicated on fhe assumptions
'Ehat the alterpative'an individual chooses is preferred to all other
alternatives available to him and that his oreferences.can be expressed
in the form of a functiou defined over the attributes of'alternatives.

' Formally,‘let‘Ci be the set of mutually exclusive alternatives available
to the ifh student' let X be his characterlstlcs, let Z, 14 be the jth

alternative's attributes w1th respect to him; and let U (Z ) be a

scalar-valued measure of his preference for the ith alternatlve. He

r

is assumed to choose the Jth alternative if and only if’ U (Z ) > U (Z )
for all k in Ci If dlfferences among 1n€1V1dua1s preferences‘for a° ‘“ .
~ given set of attributes have a random component Eij’ the ith 1nd1v1dua1's
preference for the jth alternative can be written Q(Zi,'zij,,eij).
Fo; reasons of tractability, it is necessary to assume that U-is

linear in parameters with -an additive disturbance:

n

. Ten

i

UKy, 2440 8550 = Vg, 2,00 = B4+ gy

LY
where V is a vector valued functlon 0 is the vector of parameters to

be estimated, and Eij is a scalar random variable. The ch01ce of

'altefnative 3 iimples: *
ik) * B+ € .for all k € Ci .

VX, .zij),- B +e; > VX, 2 e

-

-

SThis subsection summarizes the discussion provided by Kohn,‘Manski,
and Mundel [1] of the conditional logit analysis technique.

Q ; : . ' ‘ o B , l'j_{}
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‘or equivalently, - ) . B
s ) | o - N
(v(xi, Zij) VX, 2)) 82 eik ~ €y, foralbkec, .  (2)

s

In order to estimate the perameters of &2),'it\is Y ecessary to
specify the joint’ probability distribution of the €, J. A probability

distribution that leads to a tractable likelihood function is the !
- Wbibull distribution: B S S

. . » + _BT - . B /_ .
' | Prob (esT) = e aso0, B>0. -

‘ .

’

If'EiJ~and ik are independent and identically distributed with this
distribution, it can be shown that

H

" Prodb (j‘chosen from'C;)
= Prob. (sik.— Eij_AS. (V(Xi’ Zij). - V(Xi’ ~Zik)) + 0, for ail k Ci)
- 17T ex '(—e(v<x~lé ) - V(X -7 RN
T Tkec kg TP iv 2440 it %ik |

i

The likelihood of the obseryed:choiCes made by a set of nuindividuals
is ‘ ' . ) '
<

LB, B) = I Prob (j{ chosen from C.) , (4) : “5.
, i=1 1 - T :

’ where j; is the ith individual's choice.
Function optimlzation procedures can be used to determine the max-

imum likelihood estimates of the product BO. Knowledge of © up to this )

’

multlple is sufficient" for all applications, .
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PREVIOUS STUDIES

- Data . | » ' ' ’ o s
Radner and Miller (RM)-and Kohn, ‘Manski, and Mundel (KMM) er the '
QCOPE 1966 survey of high school senlors.6 The survey 1ncludes approx- o

‘1mately 34 000 students in 305 public and private high schools ifi four |
states——Callfornia, Illinois, Massachusetts, and North Carolina. The
baseline data obtained include personal “and family characterlstics, _ S T
postsecondary aspirations and expectatigns, plans for postsecondary '

~education, and sources of funds for college expenses. The Academic °
Ability Test (AAT), similar to'the.Scholastic Aptitude Test (SAT), was.
giver. to most of the students. Both KMM and RM convert AAT scores to
the equivalent SAT scores. ) v_

In spring'l967,_the.SCOPE:researchers attempted to "locate", the
students who _had gone’on to college. - The institutions .each student

had lisred as his first or second collegeﬂch01ce (in the baseline sur-

vey) and the junior college nearest his home were quer1ed. Students

'were seat postcards requesting 1nformation on their current act1v1t1es,

and their high school. c0uﬁ%elors were asked 1f they knew where. the .

students had gohe. In all a collegiate - enrollment of 17, 199 students

was established.. It was assumed ‘that the’ 16,741 students not "located" .

s

at a college had not gone on td college.7 - ‘ -~

Responses to follow-up surveys were obtained from 10,581 college—
going students, 8,683 parents of college-going students, and 3,014
parents of ‘students who had not gone on to,eollegea8 The follow—up
data included studerts' postsebondary actiyities,and, if thy;had‘gones
on to college, their expenses and sources of funds. Parents were asked - L

3

Lo provide their 1966 family income. S o T
6H1gh school freshmen were also surveyed in- 1966, and followed for ,
four years, but neither RM nor KMM -used that part-of the data base.

Whlle many nongoers were positively identified (by their resnonse
to the follow-up postcard), it is likely that some college~going students
are included among.thém. The data set doe§ not -distinguish between known._
nongoers and students never located.

8The numbers of students and parents to whom follow—up'efforts~were
"directed have not been published; response rates to the fullow—up sur- .

)

veys are unLnown : . . .




Nonresponses and "don't know' responses to the family income
. ‘ question on the student baseline 1nstrument were frequent. Moreovcr,
RM [3] examine the cases where a student (on the 1966 bageline ques-
tlonna1re) and his fafily (on the 1967 payxent questlonnalre) prov1ded:
. 1ndependent (1966) family 1ncome estimates and found substantial dis-
_crepancies between the two. Assum1ng that parent reported 1ncome is
more accurate, both RM and KMM developed income prediction equatlons
by regressing parent reported/famlly income on students’ responses on

. . .

parental education, job status, occupation, and 1ncome ?l; . )
B KM obta1ned most of their data on institutional attributes from _
the 1966 Institutional Domain File compiled by the American Councll on
Educatlon [9]. This file Provides information on the tuition and fees,_
- faculty, programs,_student characterrstlcs, financial aid, qtc of
colleges and un1vers1t1es To obtain a0measure of the distance between
a student's home and a collbge, “KMM coded the latitude and longltude
~ of SCOPE high schools and of colleges and universities and computed the

,straight-line distance, in mlles, between each high School/college pair.

p

RM comp1led data on 1nst1tutlons attr1butes from research reports, _ .

>

institution catalogues, or direct- correspondence Instead of u31ng *a
dlstance measure, RM inspected. road maps and class1f1ed an institution .-

as btlng within. commutlng d1stance of a student if it appeared pos51ble

to drive from\the student s high school to the 1nst1tutlon W1th1n 50 7 v
minutes. _ Q;E“ o - - .

; .
Models . - - | | .

RM's choice nodel focused on two variables: the ratio of cost +wo,.
family income and the product of the student s ab111ty (his SAT score)

" and the college's quality (the average SAT score of freshmen attendlng

the 1nst1tuf1on) 9 They assumed that the "cost" of“not going on ro e
vg, college was zZero and that the "quality" of the "no-go" optiaon was the
- : 9RM deflned the cost of attending, an 1nst1tution w1th1n commutlng» ‘: -

distance to be ‘tuition plus $10Q (bocks and supplies) plus $180 (trans-
portatlon costs). . If the 1nst1tut10n was heyond commuting distarce,".

* they defined cost as tuition’ plus $100° (books and supplies) plus $180
(miseellaneous costs,of living away from home) plus the approxlmate
pr1ce of a round tr1p air fare plus $900° (room and boqrd)

w1

Aruitoxt provided by Eic:
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average SAT score of the California SCOPE students who had not gone on’
to.college. ' o _ 7 . - :
KMM modeled students' decisions as:a two-stage process. In the
first stage, *each student evaluates the collegiate alternatives avail-
o ' .ah}e to him and identifies the most preferred, This‘eualuation is”
) o ?ﬁsﬁned to depend on some 15 var1ables tuition, tuition squared d1s—
‘ J};ance, room arld board fees, the average SAT score of the students
g attending the cq kege, the squared d1fference between the student's SAT
score and the average\SAT sccre of the studenjts attending the college,
the collegels revenues per student, the numbj: of different areas in .
which the college has dégree—granting programs,'the percentage of
students residing on campus, an indicator of single sex 1nst1tut10ns,
and a series of dummy variables 1nd1cat1ng college type;—pr1vate four-
year college? private two—year college, pupkfztun1ver51fy, public four=

year college, and’publictwc.)—ye*arcollege.]'0 In the second stage, the o

o

student decides whether the.mpéinpreferred college alternative is suf-

ficiently attractive to induce Mim to enroll. This evaluagtion depends

on father's'education, mother's <education, sex, and the. highest prefer-

11
ence "'score" 1mputed to amy college in the student s choice set.

‘Imputing the Choice Set ‘ g - -

In principle, each student had the optlon of enrolllng at any
college or: university that would accept ‘him. ‘And, in l966, there were
over 2,300 institutions of ‘higher educatlon in the country, many of ‘
whichuwere.nct selective. Even the academically weak SCOPE students

- ‘ | *coukd have galned admission to literally hundreds of 1nst1tut10ns.

,Computat1onal constrarnts, however, preclude analys1s with choice sets T

e i e et 14 . . . .

10KMM‘developed a separate ''commuter choice" model to predict
whether or not a student would commute to a college. TIf the prediction
was to commute, distance was set equal to the number of miles between
home and college; for these students, the room and board variable was
set equal to zero. If the prediction was to reside, distance was set
~equal to zero and the college's dormltory fee was used for room and
board. ’

1]Th‘“e colleoe a student attended is included in his choice set;
but if the preference score imputed to some other college exceeds the
imputed preference score of his chpsen college, the higher score is

used as the measure.
a. ] .

A

ERIC 14

PAruntext provided oy enic [N .. ) b




Aruitoxt provided by Eic:

of this magnitude.

Thus,

-8-

both RM and KMM had to devise procedures for

imputing a choice set of manageable size for each student.

. RM argue that the alternatives confrOntlng any student can be

clustered into ten baslc grOups.

The first corresponds to the "no-go"

option; the remalnlng nine correspond to institutions falling into var-

ious cost—by—quallty categories.

-

Table 1 summarlzes the kinds of in-

stitutions they assign to each category

Table 1

. RADNER-MILLER CHOICE SETS:

,

COST AND

QUAPITY CATEGORIES OF INSTITUTIONS

Quality

Low Cost
s Category’ Category
) (Less than
$600)
Low | Public 2-vr
(Less than colleges within
480)

commuting dlS-
‘tance

L

Medium Cost - High’ Cost
Category Category -
($600-52250) ($2250+)

b e e

Trade schools and
private 2-yr
colleges within .
commuting distance

Private colleges
and universities

Medium -

Pyblic 4-yr

" colleges within
commuting dis-
tance :

(430-540)

~
-

Public 4-yr
colleges beyond
commiting distance
and low-tuition
private colleges
within commuting
distance

Private colleges
and universities

1

High Publlc uniVEr—

(340+) A sities withrn
commuting
distance .

—

s

Public universities
not within com-
muting distance

Private colleges
and universities.

_ Radner and Miller.[3],

SOURCE:

It
average S

Seasure of quality =
the institution.

s,

p. 43.

AT score of all students attending

kS

For each student,

admltted him, had he gpplled

12

o -

RM consulted high qchool counselorq, college catalegues,
sions officers, and state officials to obtain eqt1matos of the minimum

RM 1dent1f1ed all 1nst1tut10nq that would have

They then calculated the average cost

.

admis-—

SAT score required for entrance to the pub11c institutions in eavh slate

~
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and quality of the "available" institutions in each category; " If a
student went on to college, the cost and quality attributes of the
institution he atténded were substituted for the average attributes
of the institutions in its category. Each student's choice set thus
comprised the "no-go'" option, the institution he attended (if he went
on to college), and eight (nine if Ee did not go on to college) "repre-
seﬁtativo” institutions whose attributes were the mean values of the
~attributes of the‘institutions available to him in the corresponding.
cosf/quality category.13 o "
KMM constructed each college-going student's choice set by randomly
selecting institutipns located within 200'miles of theiétudent's higﬁ
5 school and applying an admissions model to determine whether or not it
| «was available to;fhe student.lé Single sex colleges serving the oppo-
lacked residency facilities Were"rejected.~ Thgfp;gcess was continied
- ~until ‘ten "available" institutions were identified or,until the set of
institgtionS'Within 200 miles was exhauéted. ‘The institution ;ctually
attended wés added tb the ten, or fewer, colleges so identified to form

the student's choice get. T

-
N

LIMITATIONS OF THE .APPROACH

Choice of Choice Set . : - S

‘ ‘ The conditional logit approach requires that each.student's choice

and estimated an "admissions model" for each of 400 private institu-
tions. They assumed that an institution would admit a student whose
SAT score exceeded the score estimated to yield a 50 percent admission
probability.! ' -

13RM do not mention weights; they presumably used unweighted mean

group. : ‘ ' -

14Unliké RM, who constructed separate models for each institution,

KMM estimated a single, albeit more detailed, admissions model for all
Institutions. In constructing students' choiceé sets, KMM estimated the
‘i probability that the student would be admitted to a (randomly selected)
college. Rejecting schools for which admissions probability was less
‘than .25, they generated a random number on the unit interval and in-
cluded the institution in tHe choice set if the random number was less
than the estimated admissions probability.

Lﬁi;;;‘ | - - - 1¢

. ’ | ‘ | .

site sex and colleges locatéd more than 60 miles from the student which

cost and quality measures to represent the institutions in a cost/quality

=

B




-10-

set be tompleteiy specified. This forced both RM and KMM to develop .
a number of peripheral data imputationvmodels relating to choice gets
and admission criteria at the individual student level. These pro-
cedures proved to be very costly. Both RM and KMM had intended to _
examine the entire SCOPE sample} but had to cut back substantially on
the number of students. RM eventually concentrated their analysis on
two subsamples, each including about 375 of the roughly 34,000 SCOPE
students. And KMM could examine only the students in Illinois and
North Carolina.. .

The data so laboriously constructed are of little independent in=-
terest. Estimates of students' choice sets, institutions' admissions
patterns, and students' residency/cdmmuter»choiCes are of value only as L
input to the estimation of the cond%tiOnal logit parameters. The accu-
racy of the imputed data is also open to question. The KMM procedure
for 1mput1ng choice sets is based on the implausible assumptlon that )
every 1nst1tut10n within 200 miles of a student’ s high school is equally
likely to have been con31deredf' And their approach to estimating a ‘

student's admissibility to an institutioﬁ clearly leads to imputation’

errors--an 1nst1tut10n is included in the student's choice set when he
would not have been admitted there, and c0nver°ely
RM avoid the problem of 1dent1fy1ng—the spec1f1c institutions a :
student considered by assuming that the student chooses amoné repre— >
sentative" 1nst1tut10ns whoqe attrlbutes are the mean values of the
attributes of'institutions .in various categories.’ They further stratify
. | institutions by the attributes which enter the model (cost and qdality),

ensuring that the within-category variance of the variables is small

and that each category's "representative" institution is similar to

other institutions within’its éategory Since the mean attributgs

w1th1n a category are somewhat insensitive to the 1nc1u81on or exclu- 4
sion of any particular institution, the .accuracy of their admissions

models is less critical. But this procedure, is impractical if the

variables in the model depend on more than two or three institutfonal

attributes. As the number of institutional attributes 1ncluded in the

‘model is 1ncreased oné must expand the stratification scheme (vastly

lncreasing computation costs) or enhance the risk of imputation errors

e ————————————EEEEEEE——,——
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(differences between the attributes of the institutions a student con-
sldered and the mean attributes of the institutions in the various

categorles)

Qogputational Problems

The maximum 11ke11hood procedures used to est1mate the parameters
of a conditional logit model are very expens1ve, limiting the extent to
which alternative functional forms or specifications of variables can
be explored within the research budget. One of KMM's college choice
runs, for example, required 840 CPU seconds on an IBM 370/168 to esti-
mate the'parameters of aAlo—Variable specification for about 3,lOQ
students having about 30,200 choices. 15 Another run to estimate a

. ’ °O—variable spec1t1catlon of their go/no- go model for about 7,100

students requlred 1, 040 CPU seconds.

. This 11m1tatlon is particularly. .apparent in RM's work Beyond the
‘varlables which entered their model (institutional ‘¢ost and qua11ty,
and student income and ab111ty) they‘W1shed to explore the %nfluence
of some 21° add1t10nal student var1ables16 on students college—g01ng
rates and patterns .The natural approaches to the problem——estlmatlng

¥ ' alternative specifications of the model whlcn 1ncorporated the addi-
ttonal variables and testing their;significange, or stratifying the
students.by levels of the wvariables and fitting the model for each
strata--were precluded by the prohioitive costs (and small cell sizes).
Instead, RM used their basic mode; to predict the:distributions of
+ students, stratified by the variables ta be. explored among postsecond—
’ary outcomeS' These d1str1butlons were then compared to the students
actual distributions to d1scover whether 1mproved" predictions were
obtained by taklng account of d1fferences among students in terms of
the variables. The computational limitations of the maximum 1ikelihood
approach thus 1mposed an extremely cumbersome approach to the explora-

tion of alternatlve sptclflcatlons of the model. R

15Each student's choice set 1ncluded his chosen college and 10 (or

fewer) imputed alternatives. L -

16 . . . ‘ o
Student's sex and various measures of student's attitudes, as-

pirations, and expectations. See [2, p. 51] for a list of variables.

me .

r
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Problems of Omitted Variables

s

The formulation of the conditional logit model in terms of indi-
viduals' preferences limits the analysis to variables that have a
behavioral interpretation. Institutional size, for example, does not
readily fit in unless one Qontends“fhat the differences. in sizes of ’
institutions reflect differences .in the perceived utilities of size to
potential students. Neither RM nor KMM were willing to do that; both
implicitly assume that inStitutions are large or small only because
their other attributes are relatively attractive to many or few stu-
dents. But size is important; it reflects a number of institutioqal
atgribuées, some of which cannot easily be mea3uredf' academic,repuza—
tidn, capacity conétraihts,'recruiting efforﬁs, quality of football

‘teams, climate, recreational'facilities, proximity to pobulation_centers,

‘etc. Thus, there is reason to believe that the KMM and RM lists of

behaviofal variables are incomplete, and that the fitting process has
compensated by putting larger (Smaller) coefificients on those variables

positively (negatively) correlated with size. ' -

N,

~

NG
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III. A BAYESIAN ALTERNATIVE TO CONDITIONAL LOGIT

[

Bayes' Theorem provides an alternative approach to the problems
of modeling individuals' choices which, we cqntend;falleviates many of
the problems discussed above. This séction develops é general theory:
for ebtlmatlng the probablllty P(j|i) that 1nd1v1dual i chooses 1nst1—b
tution j. We then summar17e our emp1r1ca1 approach to estlmatlng the ,
-distribution of student charazteristics, deferring detailed discussion
to Sec. IV. We show how student choice probabilities can be. derived
kfrom‘these empirical results, and conclude with a discussion of the

LS

advantages of the approach.

-

" THE FORMAL STRUCTURE .

As above, 1et X denote the lthflnd1v1dual s vector of character-

133

istics, Zij the jth 1nst1tut10n s vector of attributes with respect to

. the ith individual. Our goal is . to obtain a convenlent parameterlzatlon

~

for P(i[j) in terms of X, and z.J
’ We model X as a transforméd multivariate normal vectdr with mean
., = ~Z.,)-an covariance matrix L., = £(Z..). Thus, our ba31c as-
Hij us( 13 A ij RS ’ :
sumption is that . . ' ' : “

{tx)z,.} ~NQ@..» Z..) ,

. 1% 157 “ij

©

where T is a real-valued vector function. Letting

£

Y= TR

. .
<

we note then that P(i[j) can be replaced in Bayes' formula by the

function

i

bl

. ._ 2 ‘./ ’ . _1“' ‘. .
RICHES > = |z, | L/ e {17200~ )7 T - w ) L ()

09
<
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A slightly more general class of models is obtained by assuming -

that Y may be broken into subcomponernts Yl and Y2i' Yli is assumed

Lo be multivariate nermal, given Y2 and Z, i3’ with a mean vector and

covariance matrix that depends in an unspecified manner on Y2 ‘and Z, J,
Y2i is assumed to be multivariate normal, its paxameters dependent
only on Zij' "The function f might then be factorized as follows:

-

f(Yil-zij) = fl(Yli(jle i5) £, (Y I ij) - ®

where'f1 and‘f2 are multivariate normal densities, as in Eq. (5).

ISTRIBUTION OF STUDENT CHARACTERISTICS = 2

:

In our empirical work, we invéstigated probability d1str1bution

whose densities f could be factored as in Eq. (6). We tried transfor—fﬁ
mations T that were simple; conditioned on location of high school (Y )

in modeling other student characteristics (Y ), and assumed that means'

iulJ .were linear in Jnstitutional attributes and that covariance matrices

Zij were constant within groups of institutions. Thus, we were able to .

i

estimate parameters of the distributions of characteristics using ordi-

nary linear regression. : g -~ ’ . ¢

We confined ourJattention to students who went on to college.
Although the _theory could just as eas11y have handled the nongoers as
an additional category, we felt that it would lighten our load con51der—

abiy to omit them and that it would still be pos31ble to make direct

. comparisons with other studies.

A

Since our obJeotive was’ toyobtain the probability distribution-of
characteristics, it seemed practical (and prudent) to choose only a few.
1mportant-ones. KM and RM stressed the importance of such student
characteristics as ability, family income, and location of high school.
Similarly, they focused on a small subset of institutional attributes:
type of institution (public” or private, two- or fouf—year), cost and

location. These variables were available in the SCOPE and Institntional-

»Domain File data bases. .

In estimating the parameters of the distribution of student char-

acteristics, we concluded with a simple model in which students were

N
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stratified by statebof residence and.sex: eight categories in ali
Within strata, student ability (measured by the sum of verbal and .

: mathematlcal AAT test scores) was regressed on institutional quallty /
(measured by the mean SAT test scores of students attending the insti-
tutlon), the logarithm of family income was regressed on the estimated
cost of attending the institution; and the logarithm of the d1stance.
between the student's home and 1nstitutlon was regressad on a constant.
We examined the residuals from these regress1ons to verify that they
were approximately normally distributed.

_ _ In constructing f, we let f _be the conditional d1str1but10n of
ability and log income, given locatlon of the student's home; £ 75 the
distribution of log distance. The u 's were obtained, from the regres— ‘:
sion equations. The E 's were taktn as the sample covariance matrices
of res1duals within state of res1dence, sex, and certain categorles of -

17 .
institutions.’ /

STUDENT CHOICE PROBABILITIES

The problem is now to predict the 1nst1tut10n an individual w1ll
.choose, based cn his vector of characteristics Y Assume for the

- méoment that there are K inst1tut10ns on his 11st which might include

L4d

all institutions in the nation, or s1mply all 1nst1tut10ns within a
+  given distance radius. If we let P(Jll) be the probabllity that stu* o

dent i chooses institiition j, Bayes' Theorem yields

t.
En i L0

- ‘ . . 5

S | K | o
\ | PG =@z /// ) P(k)f(Y 20 ar
| .8 Ky | |

C oy - - e

where f is as above, and P(k) is the prior probabillty of choosing

1nst1tut10n k. - P o

et e -

7We observed that the dispersion of residuals for California two-
vear public and Massachusetts high-cost  private institutiosns differed

from the state-wide pattern; in these cases, we used their specific 3
sample tovariance matrices¥

Aruitoxt provided by Eic:
. .




e

ERIC

A FullToxt Provided by ERIC

-16-

We toek the prior probability P(k) t; be proportionel to the size
of the freshman cless.by sex.18 We felt that this was the best anglysis—
iﬁdependent indicator of institutions’ relative abilities to attract and
absorb'a'student. It controls for aﬁ institution's capacity coﬁstraints.
At the same- time, it reflects the several factors (academlc reputatlon,
recru1ting efforts, etc ) thnat af fect student choices for which data are

®

not available.

FEATURES OF THE APPROACH

Thds, a formula for the probability of an individual choosing a

specific institution has been derived. Accor&ing te_ﬁqs. (5) and.(6),

the %lass of models is quiteé rich. And, unllke earlier models, this

formula utilizes 1nformat10n not d1rectly related to preference: ,in-

stltutlonal size; for example.

~ N

The approach succeeds in placing the task of modeling back into

the familiar framework of ordinary linear regression, translating the

problem of predicting choice intc the problem,of predictiﬂg character~
' . o -
istics. Thus, it is possible to utilize many of the impoxtant and

familiar features of the linear model, inelﬁding the ability'to,léok

' at several different regressions based on one accumulation, the ability

to test hypotheses about the effects of groups of variables, and the

ability to examine lack of fit via residual plots. Computational 'costs °

are alsb orders of magnitude lqwér, . g
But the most important feature of the model is that it avoids the
fundamental problem of imputing each student's choice set. Here, the s

alternative. 1nst1tut10ns only enter in defining 1ndependent variables. ©

- Thus, if the 1nst1tu\1on was not cons1dered-—and hence 1ts partlcular

attributes were unlmportant——the correspondlng independent variables

3

will be expected to have cqeff1c1ents close to zero. As‘an example,

¢
R

-

The Inst1tut10nal Domain File provided these data for two-year
tolleges for the prior year, 1965. For other institutioms, however,

18

) the data pertained to 1967, the year after the SCOPE students matricu-—-

lated. Since the SCOPE students comprised only a small fraction of
total enrollments in 1966, we assted. that 1967 enrollments were: 1nde~v
pendent of SCOPE students choices and, thus, that they could be used

in Bé:}s' formula.

"y -
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it might- be rea;onable to suppose that a high‘ability student with a
public uniyeréity nearby would be less_likely to enter a two-year college
than a similar student with no pubiic university nearby. 'If true, the
ability of a studeﬁt.at a junior college will depend on the présence or

absence of a public university near his home{ that hypothesis could be

" investigated by inéluding in the ability prediction equation the appro-

priate indicator variable. : : v %

va

~

t
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IV. MODEL ESTIMATION

 In this section, we provide details of our empirical analysis of
the distribution of student characterlstlcs from the SCOPE and Inst1—

tutlonal Domaln F11e data bases. ' , S '

CONSTRUCTING THE DATA BASE o S L

Based on the studles c1ted earlier, we assumed that student ab111ty,
famlly income, and location of residence were the 1mportant student
character1st1cs, that institutional type, cost, and locatlon were the 7
1mportant institutional attributes. In all, we‘were able to obta;n ‘com-
plete records for some 14 851 of the original cases. Below, we describe,

br;efly how the varlables were constructed

=)

- . ° \ ’
N . . , s

Student Ability - ° —_— ) N v

SﬁOPE used the standardlzed achievement test (AAT) to obta1n Teas--
Fures of- student verbal and math achlevement. Most - students 1n the SCOPE.
sample took the test; we excluded those who d1d not take both parts.
In1t1ally, we tre~ted the verbal and math scores separately, but we N >

found no useful information in the1r joint, distribution. In the end,

T we used the sum of the two test scores as a single measure of ab111ty.

: -

Student's Family Income

We used the* RM nrocedure for imputing”family income; truncatihg
their est1mates to the interval $5,000 to $25 000. 19 This speclflcatlon

was broad enough S0 that an income figure could be 1mputed for all " .

e

N -

records.

@
2

Student Residency Location - ) o - S .

We obtained high school latitude and longltude for all but one high

school. We reasoned that this would be a satisfactOry approximation of

19RM f1t a linear regression model which we believe gave poor” est1—

mates at. the extremes.
t_ .

2t

fo
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_ would make th1s cons1stent with the RM study. For 1nstitutlons farther

- Commutation Gosts, again taken from RM, were assumed to be $3802:\\\“ J
e.

Ce . ‘; . —19,— . . . B ) b
Lo . )

>

students' places of residence. The exceptlon, of course, would be

students whose families kad moved ; but . we had no 1nformat10n about

?

movers, and we felt that tbelr number w0uld not be large enough to B

have a maJor impact on our results.

- -

institutional Quality : . o | b
The- Instltut1onal Domain' File contains the average Scholastlc | -
Apt1tude Test score (math plus 'verbal) for students at each 1nst1tu— oy
tlon. FolIow1ng KMM . and RM, we use this as the measure of 1nst1tut1onal
quality. . o A : C o T ' S
Instltutlonal Cost; - ~‘.¥ﬂ/:gn ?q'i

C .
128 est1mate 1nst1tut10nal cost as follows. ‘ : o8

[TUITION] + [ROOM & BOARD] + [COMMUTA_TION CoSTS] . - o -
) . . .‘ . ‘- . . o * —? N . . -
- : C f LR

tTuition‘s Q: publ1c sector 1nst1tut10ns%were obtained from college

catalogues; tu ions for the pPrivate institdfions were obtained from

the Institutional Dowain Flle. o - Lo . T

Room and Board was assumed to be zero if. ghe 1nst1rut10n was w1th—f

in 30 mlles “of his’ home, equat1ng 30 .miles w1th 50- mlnutes dr1v1ng time

away, we used the room and board fee provided by the Inst1tutional : S=
Domain File 1f aVallable' otherw1se we used the fiational average room
and board fee of $972 for publlc 1nst1tut10ns, $l 140 for pr1vate

1nst1tut10ns.

for 1nst1tut10ns within 30 mlles of a student s home, zero otherw1s

. -
- . . - : .
. . . . . v

ESTIMATING THE’DISTRIBUTION OF STUDENT CHARACTERISTICS

Spurred on by what we thought was-a rather large data base, we
1n1t1ally posed models of student character1st1cs that were r1ch in
i

parameters, cond1tlon1ng on ‘a largﬁinumber of aspects of the sto 's

1nst1tutlon and home environments. The richer models tended to yield

3

23 ) o

flnoon31stenc1es, ustally in the form of counter-intuitive signs cn
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;regression’coefficients in certain SQ;atapof the SCOPE population.

Our rESponSe was generally to- look at simpler models that yielded
plau51ble results, and the f1na1 equatlons, obtained after systemati-
cally e11m1nat1ng the spurious fits, are fairly parsimonious. Only

x4

these final results are reported.
We began by stratifyfng the SCOPE populatlon into the elght groups:

state of residence by «sex. Within each group, we conditioned on the -

loaatlon of high school, and choice of institution, and attempted to model

" the student's joint ablllty and income d1str1but10n, then, condltlonlng

‘only ‘on the th01ce of 1nst1tut10n, we attempted to nodel the’ locatlon of

-students' high schools. ' .

We divided the 1nst1tut10ns available to a glven student intn flve

‘typest- (1) public two-year colleges, (2) public four—year colleges,

(3) public un1vers1t1es, (4) low-cost (tu1t10n < $§1,000) private insti- -
tutlons, and (5) high-cast (tuition > $1,000) private 1nst1tut10ns._ We

reasoned that the regression coefficients on institutional attributes

would be likely to depend on some. categorization such ‘as this;;and in

forming our models, we interacted ,them separately with the various inde-.

pendent variables.'

Ability - ' o
Table 2 shows the results of the ability regressions. . The equatlons

have 1nst1tut10nal type majn effects and quality by 1nst1tut10nal type

1nteract10ns. We note that there-is s1gn1f1tant variation in the coef—

ficients within each equation: - tests for the importance of the main

4]

effects and for the 1nst1tut10nal quality 1nteract10ns showed these terms
to be significant. And, ‘where coefficients of institutional quality are
significantly different from'zero . they generally have the right (posi-
tlve) sign, consistent with higher quallty schools attracting higher
ab111ty students.

(034 course, 1n the present c1rcumstances, it is very 1mportant to'
1nvest1gate whether the dlstrlbutlon of the residuals is normal—~th1s
would be a necessary condition for the d1str1but10n pof student charac—
teristics to be multivariate normal. Thus, we obtained a random sample’”

of 200 observations and plotted residuals sepirately against predicted
. - K . . N .

Lt




=21~

<«

“Su0ISsS91881 Byl WOIJ pa3lfuwo aTqertea .0H3mﬂum> juspuadapur ay3 ur UoT3IETiRA oz

E

.mwmwﬂuﬁw.um& ut. umoys U.Hm wUduwHumuw 3

q

*00T £q papraIp “so100s uwwH apni1idy bYI3seToyos Hmnuw> vcm yjem wwmuw>m Y3 jJo uwms syl Se pauIIap ST zuaamsv HmcoausuﬁuwcH

(0°L) (L°81) . (9°6) (0°L2) w1 [ @2 (6°2) | (1'%) (8°0) "
LL°s 8Z°L "€6°6 69°8 = 68°STr [ SI"9%- 05°L2-] £6°9¢ | .y1°¢ 1601 67°0| £S8T saTEWdg
(€°L) (Z°%1) (€°€) (£°8T) (€D (€°T) (z'2) | (67€) (9°T) _
- T€°S 9%°9 e y9°¢L 5= IR A4 O 80°02 8L°0Z~| 86°€E 98 €T 0E°TT | 0S°0| 686T SOTER ..
. ¢ - " | =UTToaes jraoN
. . .
(1°8T) | - (0°€) (tey | (o) | «'D| @D (11 (6'D) | (0°€) | (£°0) ) )
€2°9 9z % Ly 62°€ 39°L- TI°ST 19°81 ¥Z°0€ | 8G°STT| 6T°T 66°0T .| 2¥°0| sset SeTeRWag
(9°ST) (6°2) (€°£) (0"6) | (€°D) ) (v°0) (9°€) | (5°2) (L-s) .
[AaL] 28°S (AL AN 9y - oL 'TT- §6°9 .25°9€-| 954z 06°6T YETT Le°0| 0oL saTeR
. ™) } : Lt . -
$349SNYIBSSEYR
(8°21) (8°€) (8°L) (€'1T) |- (8°2) (6°€) (1°¢) {€°0) | (8°0) (8°0) ﬂ, _ :

v 78°9 ST°€E vy £€%°2 00°S 61°8€ y1°62 ¥9°Ty | 0£°€T 8€ *- 69°2T §Z'0| o18T saTEWag
(0°%D) (€°0) (v'6) (€79)-| (0°L)] (6°5) (€°€) (€0 | (s (8°0) . T
€z'9 Lz o~ €Y 9%°9 Sl SY°€9 89°22 T6°Z- | £8°9T-| #0°¥ 6%21 '0€°0| 6022 saTeR

I3 - . i
. STOUIYT]
> : - " ) - e
(€°8) (8°2) (€°5) (7o) | (1°0) (1°0) (8:2) (672) | (0°%) (L*0) e
€9°9 %29 26°¢€ v.°0- | 80°0- 90°€ XA 92°T9 | €9°9¢ £h°9- 60°€T T€°0] =681 EERGICE
(8°L) (9°1Y (€°€) @ |.€cn (¥°0) L2y o w0 | (69 |q0D . _
§8°¢ vy "16°2 L6°Y 0T T- SL°TT 62°S€ ‘| 6S°0T. | €€°s¢ TL°8 UTAL AN ee ‘| €£12 saTe)
. . BTWSIITED
. ? * . ) -
(000T$ < | (000T$ > |43rsasayun | 14—y | 24-z | (000T$ > | A3Fsisatun| 14~y | 124~z | wisy |uoraerasq ¥ | az18 aTdwesgny
uoI3lINL) uoraIng) 2ITqng 21ITqnd ( OTTIqNd UoFIINL) 2ITqng _2TIqnd PTIqRd [3uedsuop pirvpuess [4 atdueg

2IBATI] 23IBATI] o 91BAT1g i . » pajewyls;y ’

pSUOIIOB1IAIU] AIITENnY ‘uoTInlyTisul jo adAyg (:UOFINITISUT jJo adAg

S3Ua1013J00) UOT5Sa135y

SNOTSSMMSR ALTTIEV, INIANLS 40 SITASTY

Z @1qel

Q

28

Aruitoxt provided by Eic:

EE




values, institutionalztype, and quality ko look for departures from
the homoscedastic patterns, we also looked at normal probability
plots of the residuals. We concluded in - all cases that the residuals
looked faifly normal, but in two instances (California public two-year
< colleges, Massachusetts private high-cost institutionq) fhe spread of
~ : “the resldua*o £or toth males and females was larger than for the rest
of the stage: In these cases, we chose‘to fit separate variance terms
to the ability residuals.
Income :
We observed by looking at probability plots of various income re-
greaaions-that_the normal- assumptions wauld be seriousiy violatéed unless

income were transformed. The logarithmic transformation seemed to work

reasonably well; we ended up using it exclusively throughout. .
Table 3 provides the results of regressing log (income) on insti-

tutional type and institutional type interacted with cost.ﬂ'The.coef—
ficients of cost generally had the correct sign: wheTe Eignificant,
“they suggested that higher income students attended the more expensive
schools. ‘We found, however, that knowing‘inatitntional cost did not
reduce the variange of log income by a large amount. '

. The normal probability plots of the 1og (income) residuals showed
this variable to be approximately normal. it also appeared that the

spread of the residuals was independent of the various independent

- - variables.

N Joint Distribution of Ability and Income

: < '
A final step in.characterizing the distribution of these quantities

was to investigate their joint distribution. The basic requirementa for.

the use of Egs. (5) and (6) (Sec. III) is that the residuals of the pre-

vious regre331ons should appear to_have a b1var1ate normal dlstrlbutlon.

We. looked at sca;terplots of ability 4nd log (income) residuals w1th1n, N

state and sek to see if, in fact, they formed an elliptical héggﬁgp ‘ -
We' observed no obv1ous v1olatlons in these scatterplots and concluded

that the multivarlate normal assumptlon for ab111ty and log (income) was -

reasonably consistent with the data.’ ' ‘ .
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Location of High School

We' assume that the distribution of the location of high" school was
a furiction of the distance bet&een the high school -and institution.
As with income, distance was transformedtio logarithms,'then, a simﬁie
'model was fit 1nc1ud1ng only dummy variables for institutional type
The equatlons are shown in Table 4. - Our ‘search for heteroqgedastlc or
nonnormal‘patterns in the ‘residuals proved negative, and*we .concluded
that the normality assumptions were approximately true.

\ " Table 4

.

RESULTS OF STUDENT LOG (DISTANCE) REGRESSIONS

R S T , - . Regression Coefficients

' Type of Institution Dummy
_ Estimated ' Private
. : Sample 9 Standard -| Constant | Public | Public Public (Tuition
Subsample " | Size R Deviation Term 2=yr 4-yr University < $1000)

-

“

Ca]ifornia

Males . 2133 1 0.42 0.6139 1.910 -1.346 {-0.497 -0.314 - 0.402

, : (38.6)%| (25.9) (8.0) (5.0) (3.6)
Females | 1898 | 0.41 |.+0.6763 1.955 | -1.359 -0.517 -0.388 0.291
- (39.5) (25.4)} (7.7) 6.2) . (3.1)
Illinois , : :
Males 2209 .} 0.38 0.6516 1.840 -1.173 }{-0.045 | 0.40 -0.024
: (62.6) (29.1)f (0.9) (1.0) © (0.5)
Females 1810 | 0.40 0.6455 1.919 -1.366 |-0.262 -0.196 -0.061
. ' ' "~ (63.5) "] (31.3)| (5.6) (4.6) (1.0)
Massachusetts. ) _ . ‘
Males 1700 {0.16 0.7351 1.504 -0.682 {-0.385 |[* 0.360 -0.121
o 1 (56.2) (13.5)} {7.9) (6.5) (1.5)
Females 1255 | 0.24 0.6858 | 1.703 -0.981 }-0.609 '0.053 -0.191
' (57.3) (17.0)1 (12.2) 0.8) (2.3)

North Carolina

Males {1989 |0.33 | 0.6603 | 2.095 |-1.461 {~0.508 | -0.025 | -0.586
: | 2.8 | @.®)] (7.3 | (0.4 (8.4)

Females 1857 10.20 | 0.6710 | 1.993 |-1.251 |-0.312 | 0.125 | -0.473-
- : : (33.7) (16.6)| (4.9) (1.3) (7.3)

8¢ statistics are shown in parentheses.
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V. PREDICTIVE POWER

This section reviews RM's tests of the predictive accuracy of
their model, reports the results of a similar test of ours, and com- :
pares the two sets of results.Z" oo s )
T .

RM'S SIMULATIONS

RM drew two samples of students:, Samplé I consists of 369 stu-

dents whose parents had not responded to the‘family income question;
Sample II consists of 375 students whose parents had repdrted family
income. Each sample contalns approximately equal’ numbersg of: students
from each state.’ They further divided each .sample by student test
scores into four ability groups. Then they used estlmated family in-

come in all Sample I anailyses, but performed Sample II analyses separ-

ately using parent reported 1ncome (IIA) and estimated income (IIB). : *
RM ‘estimate the parameters of their model separately for each of
the 12 cases (four ability groups by Samples I, IIA, and IIB). They
v‘calculate the probablllty that each studeat will choose each option 1n
his ch01ce set.21 The probabllltlas are summed by’ option to obtain the
predicted distribution of students among options.
To facilitate comparisons with our results, we eliminated predicted
and actqalﬁnongoers, and reséaled the predicted’aﬁd actual distributions

of college goers to sum to one.. RM's rescaled results are displayed in

Tables 5 and 6. ) » . - o -

BAYESIAN SIMULATIONS

Our model can be used to-predict'the distribution of students over:

all cBlleges it the couﬁtry. However, the predicted probab111ty that a

student will attend any partlcular college rapidly declinés with distance. -

e
K

20
‘model.

21Recall, in RM's formulation, that a student' s choice set consists
of not going on to college or attending one of nine "representative"
institutions, each of which offers the’ mean attrlbutes of the institu-
“tions in a cost by quality category. o . .

32

KMM did not piovide'a test of the predictive accuraéy of their

o o
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‘We felt that a simulation of students choices among the institutions
"near" his home- would- lead to. reasonably accurate predlctlons and would
be much less expens1ve; arbitrarlly, we chose a 50 mile boundary. _
_We use Eqs. (5) through (7) to calculate the probability that each
student wéuld attend each institutlon located w1th1n 50 mlles of his

high school the 155 students with no 1nst1tut10n within 50 miles were

. deleted. We then strat1fied the institutions 1nto RM's nine quality/

cost categories, and summed the estimated probabllltles -over 1nst1tu—

tions in each category. F1nally,‘we counted the actual number of

~students in each cageéory, regardless of whether they attended an in-

»

stitution within® 50 miles.

Table 7 shows the predicted and actual number of‘students in each
.state who attended institutions in each of the nine categories. ' We
then stratlfied the students by the RM ab1l1ty criteria and summed over
states to obtain the predicted and actual number of studentswin each
Eablllty group by institutignal category, _Table 8 presents these data
ﬁn the format of Tables 5 and 6, .facilitating a comparison of our re-
:sults with those of R¥M. ' '

“COMPARISON OF RESULTS

‘We'used the Gini coefficient [10] to measure the: accuracy of tHe

¥ predlcted frequency distributions.: It is the sum of the absolute d1f—

" ferences between the predicted and actual frequenc1es, higher values

thus imply greater d1screpanc1es between these d1str1but10ns. Table 9 .
provides G1n1 coefficients for each .af the s1mulatlons discussed above.
It is clear tHat our predlcted d1str1but10ns are substantially closer
than RM's to the actual d1str1but10ns 1n every case, ‘
We recognlzea however,. that accordlng to tge law of"large numbers,
this comparison favored,the,Bayes approach: “1t utilized more than 14,000
observations'whereas RM used fewer thanA400.L So, we randomly assigned
each of the 14,696 students in our sample to one of 40 subsamples, and

replicated the simulation in each case.22 We computed the Gini coef-

ficients for the predicted and corresponding actual distributions of

22Subsample sizes ranged from 335 to 405, averaging>367.




PREDICTED AND ACTUAL NUMBER OF STUDENTS ATTENDING

'Tab}e

7

INSTIIUIIONS, BY COST/QUALITY CATEGORIES AND BY STATE

[

“Cost Categor

5 Low _ Medium High
- (Less than $600 -:]  ($600-$2250 ($2250+ S
Institution . . per year) per year) '__per year) All
. Category State Predictq?' Actual Predicted | Actual Predicted | Actwal | ® Predicted | Actdal -
T = - - ] ‘
“Low ° Calif, 2174 2425 320 154 23 12 2517 2591
(%ezgoghan . - 1581 1309 582 732 17 46" 2180. 2087 "
Mass. 238 457 . 562 321 90 78 © 889 856
- N.C. 905 - 642 1965 1736 .57 29 2927 2407
W | Total. 4898 4833 3429 2943, 187 ' 165 8516 | 7941
L - 17
Medium . | Calif. 535 318 380 477" 25 30 940 825
(480-540) : v _
111, . 170 93 957 946 39 . 96 1166 - 1135,
- Mass.. 37 52 549 730 55 ¢ 112 642 ° 894
- N.C. 54 192 397 436 16 | 20 467 648
[ L ‘ ’
Total | 796 655 2283 2589 135 258 32147 | 3502,
High Calif. 243 247 241 265 76 .90 561 602
(5404 1. 13 12 524 520 © 136 265 ° 673 797
Mass. © 13 13 998 766 413 426 1424 1205
N.C. 0 "0 s 294 © 539 17 110 311 649
Total ' 269 272 2057 2090 . 642 891 _ 2968 3253
ALl Calif. 2952 | 2990 941 896 125 132 | o+ 4018 | 4018
11, 1764 1414 2063 2198 191 407 4019 4019
. Mass. 288 522 2109 1817 558 616 2955 2955
N.C. - 959 - | 834 2656 2711 90 159 3705 | 3704
, Total ¥ 5963 5760 1 7769 | 7622 . 964 1312 | = 14696 14696

.lf.El{

Aruitoxt provided by Eic:
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“Measure of quality = average SAT écor;\qs‘all students attending the institution.
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, Table 9 S .

COMPARISON OF, STUDY RESULTS: ABSOLUTE VALUES OF DEVIATIONS
BETWEEN PREDICTED AND ACTUAL PERCENTAGE DISTRIBUTIONS, BY
STUDENTS' ABILITY GROUP } .

-Radner and Miller Study

' Sample IT -
Students' ' _ Parent Reported | Estimated |

Ability Group Sample T . Tncome 1 Income Rand Study

Lowf" . 29.0 241 o260 [T 1100
Medium low E 40.3' « 50,2 [ l18.7> 9.6
Medium high . 4.6 | 389 37.4 12.5
High Vi3 | s 50.2 | 18.3
TN A R T . 26.2 2605 9.7

) ‘ — =

-

ow = less than -400; mediund low = 400—475; mediumbhigh = 475-550;
high 550+. S

Fl

v .

v

- .
. . ' A

) N -

students at each ability level ‘and across ability levels.. Table 10
"shows the max1mum, méan, minimum, and standard deviatiOn of these Gini
coefficients by student ability level. :For reference purposes, it also ;
“shows smallest Gini coefficients for the three’ comparable RM predictions.‘

Our least accurate prediction, over 40 samples, is superior23 to

RM's most accurate prediction, over three ~samples, for’ stzdents in the
s ability

medium—low, medium-high, and high ability.groups and acro:
groups. In the case of low ability students, 34 of our 40 predicted

distributions were more accurate than RM's most accllhte prediction.

_23That is, it had 'a lower Gini coefficiént.
W
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" Table 10 . o
DISTRIBUTION OF ABSOLUTE VALUES OF DEVIATIONS BETWEEN
PREDICTED AND ACTUAL BERCENTAGE DISTRIBUTIONS FOR 40
INDEPENDENT SUBSAMPLES, BY STUDENTS'. ABILITY GROUP'

-

‘Students' | © Summary Statistics for 40 Subsamples )
Abilit% . T s - Standard - Lowest Coefficlent
Group Maximum | Mean [Minimum ‘| Deviatien | for 3 RM Samples

Low : 32.3 | 17.2 |* 7.8 . 6.5 . -24.0

Medium low | ~35.6 | 20.7 | 9.7 | 6.4 40.3 *

Medium high |. 37.2 | 23.5 lo.8 | R4 ' 37.4

High 47.8. | 28.9 | 10.7 7.6 . 48.7

All oW 136 Y 76 |34 | 26.2

Y

0w = less than 400, medium low = 400-475; medium high =- 475-550;
high = 550+, | S

»

' ] " Lt : oy
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I. CONCLUDING REMARKS ° :

We find that our predictions are considerably closer to the actual'

values, than those based on the conditlonal logit approach In addltion,
the Bayes1an methodology is ea81er to use, offers much greater fleX1—
b111ty, and is much less expens1veato apply. Thus, we fe31 that it -
~offers cons1derable advantage over -the condltlonal logit approach in

-

- the present context.

A number of .recent stud1es have employed the conditiOnal logit
&
approach to model choice behavior in various areas, includlng education,
‘transportation [6], and occupatlon {7,8]. Whlle the Bayes1an formula—

tion might not' bé supérior in all instances, our results suggest that

Lt is a v1able alternative. Fven in those case§, where the condltlonal

logit approach might be preferred on theoretical grounds, the- Bayesran

methodology would be & useful adjunct in the exploratory stages of .

. _ . . C
research. ‘
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