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Abstract. W e describ e an applicatio n of the TETRAD I I causal disco v ery pro-

gram to the problem of searc h for causes of lo w studen t reten tion in U.S. univ er-

sities. TETRAD I I disco v ers a class of p ossible causal structures of a system from

a data set con taining measuremen ts of the system v ariables. The signi�cance of

learning the causal structure of a system is that it allo ws for predicting the e�ect

of in terv en tions in to the system, crucial in p olicy making.

Our data sets con tained information on 204 U.S. national univ ersities, collected

b y the US News and World R ep ort magazine for the purp ose of college ranking

in 1992 and 1993. One apparen tly robust �nding of our study is that studen t re-

ten tion is directly related to the a v erage standardized test scores of the incoming

freshmen. When test scores of incoming studen ts are con trolled for, factors suc h

as studen t facult y ratio, facult y salary , and univ ersit y's educational exp enses p er

studen t are all indep enden t of graduation rates, and, therefore, do not seem to

directly in
uence studen t reten tion. As the test scores are indicators of the o v er-

all qualit y of the incoming studen ts, w e predict that one of the most e�ectiv e

w a ys of impro ving studen t reten tion in an individual univ ersit y is increasing the

univ ersit y's selectivit y .

Keyw ords: TETRAD I I, causal disco v ery , kno wledge disco v ery in databases
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1 In tro duction

TETRAD I I

1

[4 ] is a computer program em b edding recen tly dev elop ed metho ds for causal

disco v ery from observ ation. These metho ds, describ ed in [5 ], consist of searc h pro cedures

that ha v e as goal iden tifying the causal structure of a system under study , i.e., the class of

causal graphs that are compatible with the observ ed v alues of the system v ariables. The

signi�cance of learning the causal structure of a system is that it allo ws for predicting the

e�ect of in terv en tions in to the system, crucial in p olicy making. The metho ds emplo y ed

b y TETRAD are closely related to the metho ds of induction of probabilistic mo dels

from data (e.g., [1]). They come with theoretical pro ofs of correctness and reliabilit y and

w e b eliev e that they are a signi�can t impro v em en t on the metho ds suc h as regression

searc hes, used in standard practice.

The application of TETRAD that w e describ e in this pap er is a searc h for the causes

of lo w studen t reten tion in U.S. univ ersities. Lo w studen t reten tion is a ma jor source

of w orries for man y U.S. univ ersities. Ev en though some American univ ersities ac hiev e

a studen t reten tion rate of o v er 90%, the mean reten tion rate tends to b e close to 55%

and in some univ ersities few er than 20% of the incoming studen ts graduate (see Figure 1

for the distribution of graduation rates across a set of 200 U.S. national univ ersities). It

should b e noted here that the data include b oth academic and non-academic drop out

(e.g., studen ts who dropp ed out b ecause of �nancial reasons or those who transferred

to other sc ho ols). Lo w studen t reten tion usually means a w aste in e�ort, money , and

Fig. 1. Histogram of the 1993 graduation rates for 200 U.S. national univ ersitie s (Source: U.S.

News and World R ep ort, 1994 Col le ge Guide ).

h uman p oten tial. Reten tion rate is often though t to indicate studen t satisfaction with

their univ ersit y program and, hence, indirectly , the qualit y of the univ ersit y . Indeed, a

signi�can t correlation can b e observ ed b et w een univ ersit y ranking and reten tion rate

| univ ersities close to the top of ranking lists tend to ha v e high reten tion rates. Is a

univ ersit y's lo w studen t reten tion rate an indication of shortcomings in the qualit y of

1

W e will abbreviate the name of the program to TETRAD in the remainder of the pap er.
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education, facilities a v ailable to studen ts, tuition costs, univ ersit y's lo cation, or p erhaps

wrong admission p olicies? More imp ortan tly , what action can the univ ersit y tak e to

impro v e the studen t reten tion rate? Can suc h actions as higher sp ending on studen t

facilities, increasing the studen t/facult y ratio, increasing qualit y standards for teac hing

facult y , or mo di�cations to admission p olicies mak e a di�erence?

The signi�cance of learning the causes of lo w studen t reten tion, and the signi�cance of

learning the causal structure of a system in general, is that this allo ws for predicting the

e�ect of in terv en tions in to the system. While applying, for example, simple regressions

to the data w ould allo w to mak e predictions ab out the v alue of a v ariable of in terest

giv en the v alues of other v ariables, this w ould not b e su�cien t for the purp ose of p olicy

making. What the leadership of a univ ersit y w an ts is to predict the e�ects of external

manipulatio ns of the system b y means of new p olicies aimed at impro ving the reten tion

rate. F or this, w e need information ab out the underlying causal structure of the system.

W e therefore b eliev e that determining the in teractions among di�eren t relev an t v ariables,

including the direction of these in teractions, is the necessary �rst step in addressing the

problem. As large-scale exp erimen ts ma y b e to o exp ensiv e, ethically susp ect, or otherwise

impractical, researc h on this problem needs to rely mainly on observ ations. The analysis

has to b e practically limited to extracting patterns from large collections of measuremen ts

of relev an t v ariables.

This pap er describ es a preliminary e�ort to see what, if an ything, aggregate data

for man y U.S. univ ersities can tell us ab out the problem. Our analysis in v olv ed data

concerning 204 U.S. univ ersities, collected ann ually b y the U.S. News and World R ep ort

magazine for the purp ose of their college ranking.

2

While w e are far from giving clear

cut answ ers to the questions p osed ab o v e, w e b eliev e that our analysis pro vides some

in teresting insigh t in to the problem. The a v ailable data suggests that the main factor in

studen t reten tion among the studied v ariables is the a v erage test scores (or other mea-

sures of academic abilit y) of incoming studen ts. The test scores of matriculating studen ts

are a function of the qualit y of the applican ts and the univ ersit y's selectivit y . High selec-

tivit y leads to high a v erage test scores of the incoming studen ts and e�ectiv ely to higher

studen t reten tion rates. F actors suc h as studen t facult y ratio, facult y salary , and univ er-

sit y's educational exp enses p er studen t do not seem to b e directly causally related to

studen t reten tion. This h yp othesis should b e c hec k ed using data in ternal to an y particu-

lar univ ersit y , esp ecially since the national data are aggregated to include b oth academic

and non-academic drop out. If the national pattern is con�rmed lo cally , w e w ould suggest

that, wherev er p ossible, steps aimed at making the univ ersit y more selectiv e b e tak en.

Impro ving the comparativ e image of the sc ho ol, and therefore increasing the n um b er

of applican ts, increasing the selectivit y of the admission pro cess, increasing the c hance

that go o d applican ts will accept admission o�er rather than c ho osing another univ ersit y ,

should impro v e studen t reten tion in the long run.

The remainder of the pap er is structured as follo ws. W e describ e the analyzed data sets

in Section 2. Section 3 summarizes our assumptions ab out this data and prior information

ab out the problem. The results of our analysis are presen ted in Section 4. Section 4.1

2

The data a v ailable to us is for the y ears 1992 and 1993. W e rep ort our preliminary �ndings

from the 1992 data in [2].
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presen ts the results of TETRAD's searc h for p ossible causal structures that generated

the data and Section 4.2 rep orts the results of applying simple regression to selected

in teractions iden ti�ed b y TETRAD. Section 5 con tains a discussion of these results and

p olicy suggestions.

2 The Data

The data used in our study consists of a set of statistics concerning 204 U.S. national

univ ersities

3

collected b y the U.S. News and World R ep ort magazine for the purp ose of

college ranking. T o prepare the data for its ann ual ranking of colleges, U.S. News and

World R ep ort eac h y ear go es through a lab orious pro cess of data collection from o v er

a thousand U.S. colleges. The data is collected from v arious univ ersit y o�ces, suc h as

admissions or business o�ce, b y means of surv eys prepared b y outside companies. The

information obtained from eac h of the colleges is subsequen tly v eri�ed b y the sc ho ols

represen tativ es. The pro cess of collecting the data and com bining them in to the �nal

college ranking is describ ed in [3].

The data for national univ ersities pro vided b y U.S. News and World R ep ort , con tains

o v er 100 v ariables measured for eac h of the 204 univ ersities. There are comp elling reasons

for reducing the n um b er of v ariables studied. Firstly , the p o w er of statistical tests and the

reliabilit y of TETRAD's searc h dep end on the ratio of the n um b er of sample p oin ts to

the n um b er of v ariables: the higher the ratio, the b etter. Secondly , the complete data sets

con tained considerable redundancy , as man y of the v ariables are analytical deriv ativ es of

other v ariables (e.g., reten tion rate w as simply the ratio of graduating seniors to incoming

freshmen, b oth n um b ers included separately in the data).

A related issue is that of missing v alues. Including v ariables with missing v alues and

calculating co v ariances b y skipping a particular unit for a particular v ariable w ould un-

dermine the theoretical reliabilit y of statistical tests. T esting partial correlations in v olv es

m ultiple correlations from the correlation matrix and, since these w ould not b e based on

a �xed sample size, the sample size used in the tests w ould b e indeterminate.

W e selected the follo wing eigh t v ariables as the most, if not only , relev an t to our

analysis: a v erage p ercen tage of graduation ( ap gr a ), rejection rate ( r ejr ), a v erage test

scores of the incoming studen ts ( tstsc ),

4

class standing of the incoming freshmen ( top10 ),

whic h is p ercen tage of the incoming freshmen who w ere in top 10% of their high sc ho ol

graduating class, p ercen tage of admitted studen ts who accept univ ersit y's o�er ( p ac c ),

total educational and general exp enses p er studen t ( sp end ), whic h is the sum sp en t

on instruction, studen t services, academic supp ort, including libraries and computing

services, studen t teac her ratio ( str at ), and a v erage facult y salary ( salar ).

3

De�ned as ma jor researc h univ ersities and leading gran tors of do ctoral degrees.

4

W e o w e an explanation for readers who are not familiar with the admission pro cedure to

U.S. univ ersitie s. Practically ev ery U.S. univ ersit y requires a prosp ectiv e studen t to tak e a

nation wide test, administered b y a priv ate educational testing institution. The most p opular

test is SA T (Sc holastic Aptitude T est), but there are others required for sp ecialt y sc ho ols,

suc h as la w or managemen t sc ho ols. The score on suc h a standardized test giv es a reasonable

measure of the preparation of the applican t and is an imp ortan t factor in admissions.
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Describing eac h of o v er 100 remaining v ariables and discussing wh y w e ha v e not

considered them for our analysis w ould mak e this pap er unacceptably long. W e limit

ourselv es to a few remarks. The v alues of a large n um b er of the v ariables w ere included

indirectly in the eigh t c hosen v ariables. Av erage test scores of incoming studen ts ( tstsc ),

for example, is a normalized compilation of v alues of 14 v ariables, including a break-

do wn of a v erage results for v arious parts of SA T and A CT tests. Av erage p ercen tage of

graduation ( ap gr a ) express the essence of 14 v ariables concerning studen t reten tion, suc h

as breakdo wn of drop out rates across all semesters of the freshman y ear. Rejection rate

( r ejr ) and p ercen tage of admitted studen ts who accept univ ersit y's o�er ( p ac c ) express,

along with the a v erage test scores ( tstsc ) and class standing ( top10 ), selectivit y of the

sc ho ol. W e c hose the total educational and general exp enses p er studen t ( sp end ), studen t

teac her ratio ( str at ), and a v erage facult y salary ( salar ) as indicators of the qualit y of

sc ho ol's teac hing and its �nancial resources.

F rom the complete set of 204 univ ersities, w e remo v ed 26(31)

5

univ ersities that had

missing v alues for an y of the eigh t v ariables of in terest. This resulted in a set of 178(173)

data p oin ts.

3 The Assumptions

Although TETRAD's algorithms are indep enden t on the actual distribution of the v ari-

ables, they rely on the outcomes of a series of statistical tests. The necessary tests are

esp ecially p o w erful if w e can assume normally distributed, linearly related v ariables.

W e studied ho w reasonable this assumption w as for the a v ailable data set b y plotting

histograms of eac h of the eigh t v ariables. By visual insp ection of the histograms, w e

remo v ed 8(14) additional data p oin ts that app eared to b e outliers. The resulting data

set, consisting of 170(159) data p oin ts, reasonably satis�ed the normalit y assumptions.

All histograms w ere close to symmetric unimo dal distributions (see Figures 1 and 2 for

example), with the exception of t w o p ositiv ely sk ew ed v ariables, sp end and str at .

Fig. 2. Histogram of the test scores tstsc for the 170 data p oin ts (1993 data).

5

In the sequel, w e will rep ort the coun ts for the 1992 data follo w ed b y the coun ts for the 1993

data in paren theses.
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An imp ortan t assumption made b y TETRAD is that the causal structure that gener-

ated the data p oin ts is acyclic. This assumption w as not necessarily true in our data set.

F or example, most of the v ariables considered in
uence the image of the univ ersit y . The

image, in turn, can b e argued to in
uence all of the eigh t v ariables. W e still think that

the acyclicit y assumption is reasonable in our data set, as all feedbac k pro cesses that w e

can think of in this con text are extremely slo w acting (at least on the order of decades as

opp osed to the in teraction of our in terest b et w een the measured factors and graduation

rate), so that in the snapshot pro vided b y our data they can b e assumed negligible.

An assumption frequen tly made in causal mo deling is causal su�ciency , whic h is an

assumption that the analyzed v ariables form a self-con tained structure | there are no

laten t common causes. (An equiv alen t of this assumption is the assumption that all error

terms are indep enden t.) TETRAD allo ws for searc h with b oth the causal su�ciency as-

sumption and without it. As it is unlik ely that the selected v ariables form a self-con tained

structure, w e ha v e run TETRAD without making the causal su�ciency assumption. Sev-

eral con trol runs with causal su�ciency assumption did not rev eal an ything that w ould

put our main conclusions in question.

One w a y that TETRAD can b e aided in its searc h for the set of causal structures

that could ha v e generated the data is b y an explicit enco ding of prior kno wledge ab out

causal relations. TETRAD allo ws for sp ecifying temp oral precedence among v ariables,

information ab out presence or absence of direct causal connections b et w een pairs of

v ariables, and information ab out absence of common causes b et w een pairs of v ariables.

With resp ect to the a v ailable data set, w e b eliev e that the a v erage sp ending p er studen t

( sp end ), studen t teac her ratio ( str at ), and facult y salary ( salar ) are determined based

on budget considerations and are not in
uenced b y an y of the �v e remaining v ariables.

Rejection rate ( r ejr ) and p ercen tage of studen ts who are o�ered admission ( r ejr ) and

who accept the univ ersit y's o�er ( p ac c ) precede the a v erage test scores ( tstsc ) and class

standing ( top10 ) of incoming freshmen. Finally , our only assumption ab out graduation

rate, ap gr a , w as that it do es not cause an y of the other v ariables. These assumptions

are re
ected in the temp oral ordering in the follo wing table, whic h w as the only prior

kno wledge giv en to TETRAD.

fte , sp end , str at , salar

r ejr , p ac c , p do ct

tstsc , top10

ap gr a

4 The Results

4.1 TETRAD

When TETRAD is run on normally distributed data with the linearit y assumption, it

con v erts the ra w data in to a correlation matrix. The v alues of the elemen ts of this matrix

is all that matters in disco v ery and are all that is needed to repro duce our results whether

using TETRAD searc h or an y other approac h. The correlation matrix for the 159 data

p oin ts of the 1993 data set is repro duced in Figure 3.
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sp end apgra top10 rejr tstsc pacc strat salar

sp end 1.0000

apgra 0.5455 1.0000

top10 0.6381 0.5879 1.0000

rejr 0.4766 0.4720 0.5674 1.0000

tstsc 0.6732 0.7403 0.7655 0.5813 1.0000

pacc -0.3807 -0.4237 -0.2498 -0.0810 -0.2985 1.0000

strat -0.7713 -0.3867 -0.3099 -0.2721 -0.4688 0.1909 1.0000

salar 0.6954 0.6328 0.6025 0.4885 0.6515 -0.5159 -0.3737 1.0000

Fig. 3. Matrix of correlations among the analyzed v ariables (1993 data set, 159 data p oin ts).

When making decisions ab out indep endence of a pair of v ariables conditional on a

subset of the remaining v ariables, TETRAD uses statistical tests (in the normal{linear

case, standard z {test for conditional indep endence). The searc h b egins with a complete

undirected graph. Edges in this graph are remo v ed b y testing for appropriate conditional

indep endence relations. If t w o v ariables a and b b ecome indep enden t when conditioned on

a subset S of the remaining v ariables, there is no direct causal connection b et w een them

| all in teractions b et w een a and b tak e place through in termediate v ariables included in

S . This is a simple consequence of t w o assumptions kno wn as c ausal Markov c ondition and

the faithfulness c ondition [5 ]. Orien tation of the remaining edges is based on a theorem

pro v en in [5 ]. F or example, supp ose that t w o v ariables a and b are not directly connected

(i.e., there exists a subset of the remaining v ariables S that mak es a and b conditionally

indep enden t) and there is an edge b et w een a and c and an edge b et w een b and c . If

a and b are indep enden t conditional on S and dep enden t conditional on S [ c , then a

and b are b oth direct causal predecessors of c . In other w ords, the edges can b e orien ted

from a to c and from b to c . Both, the pro cess of remo ving edges and the pro cess of

orien ting edges, can b e aided b y prior information ab out the underlying graph. TETRAD

allo ws for sp ecifying presence or absence of direct connections b et w een pairs of v ariables

and also temp oral precedence among the v ariables. Kno wledge of temp oral precedence

allo ws for limiting the n um b er of tests for conditional indep endence and, under certain

circumstances, aids in orien ting the edges of the graph. The details of TETRAD's searc h

algorithm are giv en in [5 ].

Dep ending on the signi�cance lev el used in indep endence tests, TETRAD's individual

statistical decisions regarding indep endence ma y b e di�eren t and a di�eren t class of

causal structures ma y result. It is, therefore, a go o d practice to run the program at

sev eral signi�cance lev els. W e ran TETRAD with the follo wing four signi�cance lev els:

p = 0 : 2, 0 : 1, 0 : 05, and 0 : 01. Our earlier sim ulation studies ha v e indicated that this

range is appropriate for data sets of the size a v ailable for our problem. The danger of

making p to o small is that TETRAD will reject w eak dep endences as insigni�can t and,

in e�ect, delete arcs that represen t w eak but gen uine causal in
uences. Classes of the

graphs prop osed b y TETRAD for signi�cance lev els p = 0 : 05 and p = 0 : 01 are presen ted

in Figure 4. The edges of the graphs ha v e the follo wing meaning: A single arro w ( � ! )

denotes a direct causal in
uence. A double headed arro w (  ! ) b et w een t w o v ariables
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denotes presence of a laten t common cause of these t w o v ariables. An single arro w with

a circle at one end (o � ! ) expresses TETRAD's inabilit y to deduce whether there is

a direct in
uence b et w een the t w o v ariables ( � ! ) or a laten t common cause b et w een

them (  ! ). An edge with circles at b oth ends (o|o) expresses TETRAD's inabilit y

to deduce whether there is a direct in
uence b et w een the t w o v ariables and, if so, what

is its direction ( � ! or  � ) or a laten t common cause b et w een them (  ! ). The core

of the structure, i.e., ho w ap gr a is related to the remaining v ariables, w as insensitiv e to

c hanges in signi�cance. V ariations in the in teractions among the remaining v ariables can

b e attributed to the relativ ely small size of our data set.

Fig. 4. Causal graphs prop osed b y TETRAD (signi�cance lev els p=0.05 and p=0.01).

In the graphs in Figure 4, as w ell as in all other graphs suggested b y TETRAD,

an y connection b et w een ap gr a and v ariables lik e sp end , str at , or salar is through tstsc .

The \laten t common cause" connection b et w een salar and ap gr a , sho wn in Figure 4 for

p = 0 : 05, disapp ears at p < 0 : 01. Virtually all graphs con tained a direct causal connection

b et w een the a v erage test scores and studen t graduation rate.

TETRAD's algorithms are m uc h more reliable in determining existence of direct

causal links than in determining their orien tation. Therefore, prior kno wledge supplied

to TETRAD ma y b e critical for the orien tation of edges of the graph. W e used the

temp oral sequence describ ed in Section 3, but w e also c hec k ed the robustness of our

result to temp oral ordering b y running TETRAD with no assumptions ab out temp oral

precedence. Although TETRAD prop osed di�eren t orderings of v ariables, all direct links,

and the direct link b et w een test scores and graduation rate in particular, w ere the same

in b oth cases.

T o c hec k whether the causal structure is the same for the top researc h univ ersities

w e prepared additional data sets for TETRAD with univ ersities that w ere in the top 50

univ ersities with resp ect to their academic ranking. Our results w ere essen tially similar

to those of the complete data sets. An y di�erences b et w een graphs concerned in
uences

among v ariables di�eren t than ap gr a and can b e partially attributed to a small n um b er

of data p oin ts and, hence, susceptibilit y to c hance v ariations.
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4.2 Linear Regression

W e applied linear regression to the relation b et w een the main indicator of the qualit y of

incoming freshmen, tstsc (a v erage test scores), and ap gr a (graduation rate) to obtain a

quan titativ e measure of the strength of these in teractions. W e emphasize that w e used

regression only to estimate the co e�cien ts in a linear mo del obtained b y the TETRAD

searc h. If regression w ere used instead to searc h for the v ariables in
uencing reten tion

and graduation, it w ould include v ariables that TETRAD sa ys ha v e no direct in
uence

on the outcome, and that are conditionally indep enden t of the outcome v ariables.

6

In the full data set of 170(159) data p oin ts, linear regression applied to ap gr a on tstsc

resulted in the follo wing equations:

1992: apgra = -77.4 + 2.03 tstsc, R-sq(adj) = 60.9%

1993: apgra = -64.9 + 1.89 tstsc, R-sq(adj) = 54.5%

In the restricted set of 50 top rank ed researc h univ ersities, the regression equations w ere:

1992: apgra = -84.6 + 2.13 tstsc, R-sq(adj) = 70.0%

1993: apgra = -63.6 + 1.88 tstsc, R-sq(adj) = 64.5%

In the group of top ranking univ ersities, the a v erage test scores of incoming freshmen

explain as m uc h as 70%(64.5%) of the v ariance in graduation rates.

5 Discussion

It seems that none of the v ariables in the data set w ere directly causally related to

studen t reten tion except for standardized test scores. This result, follo wing directly from

the fact that graduation rate is, giv en a v erage test scores, conditionally indep enden t of all

remaining v ariables, seems to b e robust across v arying signi�cance lev els, a v ailabilit y of

prior kno wledge, and data set size. The a v erage test scores seem to ha v e a high predictiv e

p o w er for studen t graduation rate. F or the top 50 ranking researc h univ ersities, a v erage

test scores explain as m uc h as 70%(64.5%) of the v ariance in graduation rate.

Av erage test scores of incoming studen ts can b e view ed as indicators of the qualit y

of incoming studen ts. It seems that reten tion rate in an individual univ ersit y can b e im-

pro v ed b y increasing the qualit y of the incoming studen ts. This, in turn, can b e impro v ed

b y increasing the n um b er and the qualit y of applican ts. The b etter the p o ol of applican ts

from whic h an admission committee can select, the b etter the accepted studen ts and,

hop efully , the b etter the matriculating studen ts are lik ely to b e. Changing factors suc h

as facult y salary , studen t teac her ratio, or sp ending p er studen t should, according to our

result, ha v e no direct short-term e�ect on studen t reten tion.

One limitatio n in our study is that the a v ailable U.S. News data do not disaggregate

academic from non-academic drop out. W e predict that in ternal data will sho w a di�erence

b et w een a v erage test scores of drop out (academic and non-academic) and graduates.

6

W e regressed ap gr a on the remaining sev en v ariables purely as an academic exercise. F or the

1992 data set, regression indicated three predictors to b e signi�can t: tstsc ( p < 0 : 001), p ac c

( p < 0 : 003), and str at ( p < 0 : 023). F or the 1993 data set, four predictors w ere signi�can t: tstsc

( p < 0 : 001), p ac c ( p < 0 : 002), salar ( p < 0 : 012), and sp end ( p < 0 : 059).
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Another limitation is that our data do not disaggregate b et w een di�eren t departmen ts.

Some departmen ts ma y ha v e man y academic drop out, others few. Also, the a v ailable

data set did not include other v ariables that ma y ha v e b een relev an t, as geographical

lo cation (climate, urban/rural, etc.), a v ailable academic supp ort, �nancial situation of

the studen ts, prominence of athletics on campus, etc.

Finally , it is p ossible to apply alternativ e prior mo dels of in teraction of the v ariables

in our data set. One alternativ e, suggested to us b y Stev en Klepp er, migh t in v olv e one

laten t v ariable in
uencing all eigh t v ariables studied. This mo del, ho w ev er, w ould not

accoun t for the strong conditional indep endences observ ed in the data, and is in fact

rejected in the 1992 data set, for whic h w e c hec k ed it, b y the standard f ratio test (Chi

square of 356 with 27 degrees of freedom).
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Mellon Univ ersit y's O�ce of Planning and Budget for enabling us to access the data �les
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