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Abstract

We applied TETRAD II, a causal discovery program developed in Carnegie Mellon
University's Department of Philosophy, to a databasecontaining information on 204 U.S.
colleges,collected by the US News and World Report magazinefor the purposeof college
ranking. Our analysis focuseson possiblecausesof low freshmenretention in U.S. colleges.
TETRAD II ¯nds a set of causalstructures that are compatible with the data.

One apparently robust ¯nding is that student retention is directly related to the average
test scoresand high school class standing of the incoming freshmen. When test scores
and classstanding are controlled for, factors such as student faculty ratio, faculty salary,
and university's educational expensesper student are all independent of both retention
and graduation rates, and, therefore, do not seemto directly in° uencestudent retention.
Furthermore, simple linear regressionapplied to test scores,classstanding, and retention
data showedthat the test scoresand classstanding explain 52.6%of the variancein freshmen
retention rate and 62.5%of the variance in graduation rate (test scoresaloneexplain 50.5%
and 62.0%respectively). This result becomeseven stronger when computed for the group
of top ranking colleges| regressionapplied to a group of 41 top ranking collegesshowed
explanation of 68.3% of the variance in freshmen retention rate and 77.0% in graduation
rate (66.6% and 75% respectively for test scoresalone).

As the test scoresand classstanding are both indicators of the overall quality of the
incoming students, we predict that one of the most e®ective ways of improving student
retention in an individual collegeis increasingthe college'sselectivity. High selectivity will
lead to higher quality of the incoming students and, e®ectively, to higher retention rate.

1 In tro duction

Even though someAmerican collegesachieve a student retention rate of over 90%, the
mean retention rate tends to be closeto 55% and in somecollegesfewer than 20% of
the incoming students graduate (see Figure 1 for the distribution of graduation rates
acrossa set of 200 U.S. national universities). Low student retention usually meansa
waste in e®ort,money, and human potential. Retention rate is often thought to indicate
student satisfactionwith their university programand, hence,indirectly, the quality of the
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university. Indeed, a signi¯cant correlation can be observed betweenuniversity ranking
and retention rate | universities close to the top of ranking lists tend to have high
retention rates. Is a university's low student retention rate an indication of shortcomingsin
the quality of education,facilities available to students, tuition costs,university's location,
or perhapswrong admissionpolicies? More importantly, what action can the university
take to improve the student retention rate? Can such actions as higher spending on
student facilities, increasing the student/facult y ratio, increasingquality standards for
teaching faculty, or modi¯cations to admissionpoliciesmake a di®erence?

Figure 1: Histogram of the graduation rates for 200 U.S. national universities (Source:
U.S. Newsand World Report).

This paper describesa preliminary e®ort to seewhat, if anything, aggregatedata for
many U.S. universities can tell us about the problem. Policy decisionsdemandthat we
know the causalstructure of the system that we want to manipulate, and we therefore
believe that determining the interactionsamongdi®erent relevant variables,including the
direction of theseinteractions, is the necessarȳ rst step in addressingthe problem. As
university-scaleexperiments may be too expensive,ethically suspect, or otherwiseimprac-
tical, our research needsto rely mainly on observations. The analysishasto be practically
limited to extracting patterns from largecollectionsof measurements of relevant variables.
Our analysisinvolvesdata concerning204U.S. colleges,collectedannually by U.S. News
and World Report for the purposeof their collegeranking (the data available to us is for
1992). In our analysis,we apply TETRAD II [3], a program embedding recently devel-
oped methods for causaldiscovery from observations. Thesemethods, described in [4],
are closelyrelated to those employed in the induction of probabilistic models from data
(e.g., [1]). While weare far from giving clearcut answersto the questionsposedabove, we
believe that our analysisprovidessomeinteresting insight into the problem. The available
data suggeststhat the main factor in student retention amongthe studied variablesis the
averagetest scores(or other measuresof academicabilit y) of incomingstudents. The test
scoresof matriculating students are a function of the quality of the applicants and the
university's selectivity. High selectivity leadsto high averagetest scoresof the incoming
students and e®ectively to higher freshmenretention and graduation rates. Factors such
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asstudent faculty ratio, faculty salary, and university's educationalexpensesper student
do not seemto be directly causallyrelated to freshmenretention. This hypothesisshould
be checked using data internal to any particular university, especially sincethe national
data are aggregatedto include both academicand non-academicdropouts. If the na-
tional pattern is con¯rmed locally, we would suggestthat, wherever possible,stepsaimed
at making the university more selective be taken. Improving the comparative image of
the school, and thereforeincreasingthe number of applicants, increasingthe selectivity of
the admissionprocess,increasingthe chancethat good applicants will acceptadmission
o®er rather than choosing another university, should improve student retention in the
long run.

The remainder of the paper is structured as follows. We describe the analyzeddata
set (Section2) and our assumptionsabout this data (Section3). Then we summarizeour
view of the systemthat will provide us with prior information about the problem, useful
in causaldiscovery procedures(Section 4). The results of our analysisare presented in
Section 5. Section 5.1 presents the results of TETRAD II's search for possiblecausal
structures that generatedthe data and Section5.2 reports the results of applying simple
regressionto selectedinteractions identi¯ed by TETRAD II. We ¯nish with a discussion
of theseresults and policy suggestions(Section 6).

2 The Data

The data usedin our study consistsof a set of statistics concerning204U.S. national uni-
versitiesand national liberal arts colleges1 collectedby the U.S. Newsand World Report
magazinefor the purposeof collegeranking. To preparethe data for its annual ranking
of colleges,2 U.S. Newseach year goesthrough a laboriousprocessof data collection from
several hundred of U.S. colleges.The data is collectedfrom variousuniversity o±ces, such
as admissionsor businesso±ce, by meansof surveyspreparedby outside companies.It
is subsequently veri¯ed by the schools representativ es. The processof collecting the data
and combining them into the ¯nal collegeranking is described in [2].

We started with four spreadsheet̄ les for 204 national universities provided by U.S.
Newsand World Report: Instructional ResourcesRanking, Selectivity Ranking, Retention
Ranking, and Financial Resources Ranking. Each of the four spreadsheetscontained
the 204 universities ranked from the best to the worst in the respective category. To
bring together variousmeasurements and to relate the two variablesof interest, freshmen
retention rate and graduation rate to such indicators ascolleges'selectivity, ¯nancial and
instructional resources,we combined the four spreadsheetsinto one large spreadsheet
containing over 100 variables measuredfor each of the 204 universities. Many of these
variableswereanalytical derivativesof other variables(e.g., retention rate wassimply the
ratio of graduating seniorsto incoming freshmen,both numbers included separately in
the spreadsheet).

1De¯ned as major research universities and leading grantors of doctoral degrees.
2The data available to us are for the year 1992.
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The samplesize,redundancyof the variable set, and missingvaluesfor various quan-
tities, made it important to reduce the number of variables studied.3 We selectedthe
following nine variablesfor our analysis: averagepercentageof freshmenretention (apret),
averagepercentage of graduation (apgra), rejection rate (rejr), averagetest scoresof the
incoming students (tstsc), classstanding of the incoming freshmen(top10), which is per-
centage of the incoming freshmenwho were in top 10% of their high school graduating
class,percentage of admitted students who accept university's o®er(pacc), total educa-
tional and generalexpensesper student (spend), which is the sum spent on instruction,
student services,academicsupport, including libraries and computing services,student
teacher ratio (strat), and averagefaculty salary (salar). Describing each of over 100 re-
maining variablesand discussingwhy we have not consideredthem for our analysiswould
make this paper unacceptably long. We limit ourselves to a few remarks. The values
of a large number of the variableswere included indirectly in the nine chosenvariables.
Averagetest scoresof incoming students (tstsc), for example,is a normalizedcompilation
of valuesof 14variables,including a breakdown of averageresultsfor variousparts of SAT
and ACT tests. Averagepercentageof freshmenretention (apret) and averagepercentage
of graduation (apgra) expressthe essenceof all 14 variables in the Retention Ranking
¯le. Rejection rate (rejr) and percentage of admitted students who accept university's
o®er(pacc) express,along with the averagetest scores(tstsc) and classstanding (top10),
selectivity of the school. We chosethe total educationaland generalexpensesper student
(spend), student teacher ratio (strat) and averagefaculty salary (salar) as indicators of
the quality of school's teaching and ¯nancial resources.

From the completeset of 204universities,we removed23universitiesthat had missing
valuesfor any of the nine variablesof interest. This resulted in a set of 181data points.

3 The Assumptions

Although TETRAD II's algorithms are independent on the actual distribution of the
variables,they rely on the outcomesof a seriesof statistical tests. The necessarytestsare
especially powerful if we can assumenormally distributed, linearly related variables. We
studiedhow reasonablethis assumptionis for the availabledata setby plotting histograms
of each of the nine variablesand scatter plots of each pair of the nine variables. By visual
inspection of the histogramsand scatter plots, we removed six data points from the set
of 181 data points that appeared to be outliers. The resulting data set, consisting of
175 data points, reasonablysatis¯es the normality and the linearity assumptions. All
histogramswerecloseto symmetric unimodal distributions (seeFigure 2 for an example),
with the exceptionof two positively skewed variables,spend and strat. The interactions

3A reviewer asked why any variables were omitted at all, and why covarianceswere not computed by
simply skipping missing data points. The power of statistical tests and the reliabilit y of search depend
on the ratio of the number of samplepoints to the number of variables: The higher the ratio, the better.
Including variables with missing values and calculating covariancesby skipping a particular unit for a
particular variable, as the reviewer suggested,would undermine the theoretical reliabilit y of statistical
tests. Testing partial correlations involves multiple correlations from the correlation matrix and, since
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Figure 2: Histogram of the test scoreststsc for the 175data points.

betweendi®erent pairs of variablescould be viewed asapproximately linear (seeFigure 3
for an example).

Figure 3: Interaction betweentstsc and apgra for the 175data points.

An important assumption made by TETRAD II is that the causal structure that
generatedthe data points is acyclic. This assumptionis not necessarilytrue in our data
set. For example,most of the variablesconsideredin° uencethe imageof the university.
The image, in turn, can be argued to in° uenceall of the nine variables. We still think
that the acyclicity assumptionis reasonablein our data set, asall feedback processesthat
we can think of in this context are extremely slow acting (at least on the order of decades
as opposedto the interaction of our interest betweenthe measuredfactors and retention

thesewould not be basedon a ¯xed samplesize,the samplesizeusedin the tests would be indeterminate.
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rate), so that in the snapshotprovided by the 1992 data points they can be assumed
negligible.

An assumptionfrequently made in causalmodeling is causalsu±ciency, which is an
assumption that the analyzedvariables form a self-contained structure | there are no
latent commoncauses.An equivalent of this assumptionis the assumptionthat all error
terms are independent. TETRAD II allows for search with both the causalsu±ciency as-
sumption and without it. As it is unlikely that the selectedvariablesform a self-contained
structure, we have run TETRAD II without making the causalsu±ciency assumption.
Several control runs with causalsu±ciency assumptiondid not revealanything that would
put our main conclusionsin question.

4 Prior Kno wledge

Interactions between someof the consideredvariables are reasonablywell known. For
example,weknow the formula for computing the rejectionrate, acceptancerate, retention,
and graduation rates. We know what determines the tuition amount, the number of
acceptedstudents, the averagefaculty salary, etc. In several discussionsbetweenus and
our colleagues,we developed a reasonableconsensuson the causalgraph that involves
the analyzedvariables (seeFigure 4). We believe that a variable that we named image

Figure 4: Initial assumptionsabout causal interactions in the system. Variables inside
rectanglesare analyzedin our study.

of the school directly in° uencesthe number of applicants, their quality, and the number
of them that will accept the university's admissiono®er. It also in° uencesthe quality of
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the faculty and the ¯nancial situation of the college(consider, for example,endowment
funds and higher likelihood of external funding). Financial status of the school in° uences
indirectly the tuition rate, the number of admitted students, student teacher ratio, average
faculty salary, and quality of the faculty. Rejection rate and admissionacceptancerate
are determined by the number of applicants, the number of admitted students, and the
number of them accepting the university's o®er. The averagetest scoresof incoming
freshmenare determinedby the overall quality of the applicants, the rejection rate, and
the admissionacceptancerate. Finally, our only assumptionabout how freshmenretention
and graduation rates ¯t into this structure is that they do not causeany other variables
considered.

The only purposefor showing Figure 4 is to make explicit the time order amongthe
studiedvariables. In particular, the averagespendingper student (spend), student teacher
ratio (strat), and faculty salary (salar) are determined basedon budget considerations
and are not in° uencedby any of the ¯v e remaining variables. Rejection rate (rejr) and
percentage of students who are o®eredadmission(rejr) and who accept the university's
o®er(pacc) precedethe averagetest scores(tstsc) and classstanding (top10) of incoming
freshmen. The averagefreshmenretention rate (apret) precedesaveragegraduation rate
(apgra) becausegraduation rate dependson freshmendropouts but also on dropouts in
later years. Weusedonly the temporal orderingof variablescapturedbelow asinformation
to restrict the model search for TETRAD II.

spend, strat, salar
rejr, pacc
tstsc, top10
apret
apgra

5 The Results

While applying, for example, simple regressionsto the data would allow us to make
predictions about the value of a variable of interest given the valuesof other variables,
this would not be su±cient for our purpose. What we want is to predict the e®ectsof
external manipulations of the systemby meansof new policies aimed at improving the
retention rate. For this, we needinformation about the underlying causalstructure of the
system. We describe the results of the search for a classof causalstructures that could
possibly have generatedthe analyzeddata set by meansof a causaldiscovery program,
TETRAD II, in Section5.1.

In Section5.2 we describe the resultsof measuringthe strength of the most important
causalconnectionssuggestedby the data: from the averagetest scoresand classstanding
to retention rate and from test scoresand classstanding to the graduation rate. We apply
simple linear regressionto obtain a quantitativ e estimateof the interaction betweenthese
variables. We emphasizethat we used regressiononly to estimate the coe±cients in a
linear model obtained by the TETRAD II search. If regressionwere used instead to
search for the variables in° uencing retention and graduation, it would include variables
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that TETRAD II says have no direct influence on the outcome, and that are conditionally
independent of the outcome variables.

5.1 TETRAD I I

When TETRAD II is run on normally distributed data with the linearity assumption,
it converts the raw data into a correlation matrix. The values of the elements of this
matrix is all that matters in discovery. The correlation matrix for all 175 data points is
reproduced in Figure 5.

apret apgra rejr tstsc pacc spend strat salar top10
apret 1.00000
apgra 0.78122 1.00000

rejr 0.53434 0.54303 1.00000
tstsc 0.70576 0.79334 0.67515 1.00000
pacc -0.28385 -0.26149 -0.00739 -0.11191 1.00000

spend 0.52424 0.56882 0.61999 0.73886 -0.11454 1.00000
strat 0.40727 0.47905 0.39634 0.55430 -0.17285 0.72463 1.00000
salar 0.66202 0.65033 0.65577 0.75969 -0.29412 0.71291 0.44534 1.00000

top10 0.68521 0.66603 0.68243 0.82430 -0.15524 0.67249 0.43016 0.68265 1.00000

Figure 5: Matrix of correlations among the analyzed variables (175 data points).

When making decisions about independence of a pair of variables conditional on a
subset of the remaining variables, TETRAD II uses statistical tests (in the normal–linear
case, standard z–test for conditional independence). The search begins with a complete
undirected graph. Edges in this graph are removed by testing for appropriate conditional
independence relations. If two variables a and bbecome independent when conditioned on
a subset S of the remaining variables, there is no direct causal connection between them
— all interactions between a and b take place through intermediate variables included
in S. This is a simple consequence of two assumptions known as Markov condition and
the faithfulnesscondition [4]. Orientation of the remaining edges is based on a theorem
proven in [4]. For example, suppose that two variables a and b are not directly connected
(i.e., there exists a subset of the remaining variables S that makes a and b conditionally
independent) and there is an edge between a and c and an edge between band c. If a and b
are independent conditional on S and dependent conditional on S∪c, then a and bare both
direct causal predecessors of c. In other words, the edges can be oriented from a to c and
from b to c. Both, the process of removing edges and the process of orienting edges, can be
aided by prior information about the underlying graph. TETRAD II allows for specifying
presence or absence of direct connections between pairs of variables and also temporal
precedence among the variables. Knowledge of temporal precedence allows for limiting
the number of tests for conditional independence and, under certain circumstances, aids in
orienting the edges of the graph. If, for example, variables a and b are directly connected,
there is no latent common cause of a and b, and a precedes b in time, then the edge can
be oriented from a to b. The details of TETRAD II’s search algorithm are given in [4].
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Depending on the significance level used in independence tests, TETRAD II’s individ-
ual statistical decisions regarding independence may be different and a different class of
causal structures may result. It is, therefore, a good practice to run the program at several
significance levels. We ran TETRAD II with the following significance levels: p = 0:2,
0.15, 0.1, 0.05, 0.01, and 0.001. The core of the structure, i.e., how freshmen retention
rate and graduation rate are related to the remaining variables, was insensitive to changes
in significance. This suggests that the structure proposed by TETRAD II is robust. The
graphs proposed by TETRAD II for significance levels p = 0:05 and p = 0:001 are pre-
sented in Figure 6. The edges of the graph have the following meaning: A single arrow
(−→) denotes a direct causal influence. A double headed arrow (←→) between two vari-
ables denotes presence of a latent common cause of these two variables. An single arrow
with a circle at one end (o−→) expresses TETRAD II’s inability to deduce whether there
is a direct influence between the two variables (−→) or a latent common cause between
them (←→). An edge with circles at both ends (o—o) expresses TETRAD II’s inability
to deduce whether there is a direct influence between the two variables and, if so, what
is its direction (−→ or ←−) or a latent common cause between them (←→).

Figure 6: Two relevant parts of causal graphs proposed by TETRAD II for the complete
data set of 175 universities (significance levels p=0.05 and p=0.001).

In both of the graphs in Figure 6 as well as in most of the graphs suggested by
TETRAD II any connection between apret and apgra and variables like spend, strat, or
salar is through tstscor top10. The “latent common cause” connection between salar and
apret, shown in Figure 6 for p = 0:05, disappears at p < 0:04. Most graphs contained a
direct causal connection between the average test scores and freshmen retention. Also,
the graphs contain a direct (or through a common cause) connection between freshmen
retention and graduation rate.

TETRAD II’s algorithms are much more reliable in determining existence of direct
causal links than in determining their orientation. Therefore, prior knowledge supplied
to TETRAD II may be critical for the orientation of edges of the graph. We used the
temporal sequence described in Section 4, but we also checked the robustness of our
result to temporal ordering by running TETRAD II with no assumptions about temporal
precedence. Although TETRAD II proposed different orderings of variables, all direct
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links, and the direct link between test scores and retention and graduation in particular,
were the same in both cases.

To check whether the causal structure is the same for the top-ranked universities we
prepared two additional data sets for TETRAD II: one with universities that were in the
top 50 universities on at least one of the four lists, and one with universities that were in
the top 30 on at least one of the four lists. The two data sets contained 74 and 41 data
points respectively. The results are similar for each of the three data sets. Any differences
can be partially attributed to a significantly smaller number of data points and, hence,
higher susceptibility to chance variations. Figure 7 shows two graphs obtained for the set
of 41 top ranking universities.

Figure 7: Two relevant parts of causal graphs proposed by TETRAD II for a subset of
41 top ranking universities (significance levels p=0.05 and p=0.001).

5.2 Linear Regression

We applied linear regression to the relation between the indicators of the quality of in-
coming freshmen: tstsc (average test scores) and top10 (class rating) and apret (freshmen
retention rate) and apgra (graduation rate) to obtain a quantitative measure of these in-
teractions. In the full data set of 175 data points, linear regression applied to apret on
tstsc results in the following equations:
apret = 33.4 + 0.142 top10 + 0.634 tstsc, R-sq(adj) = 52.6%

apgra = -68.4 + 0.0283 top10 + 1.87 tstsc, R-sq(adj) = 62.5%

In the restricted set of 74 top universities, the regression equations are:
apret = 49.8 + 0.0702 top10 + 0.490 tstsc, R-sq(adj) = 57.5%

apgra = -69.0 - 0.116 top10 + 2.04 tstsc, R-sq(adj) = 61.7%

In the restricted set of 41 top universities, the regression equations are:
apret = 53.7 + 0.0494 top10 + 0.468 tstsc, R-sq(adj) = 68.3%

apgra = -73.0 - 0.150 top10 + 2.15 tstsc, R-sq(adj) = 77.0%

As the coefficient of tstsc in all three equations is significantly larger than the coefficient of
top10(note that it is in the groups of top ranking colleges actually negative), we repeated
the procedure for tstsc as the only indicator, obtaining:

10



    

apret = 13.2 + 1.02 tstsc, R-sq(adj) = 50.5%

apgra = -78.7 + 2.04 tstsc, R-sq(adj) = 62.0%

In the restricted set of 74 top universities, the same regression equations are:
apret = 37.7 + 0.713 tstsc, R-sq(adj) = 57.0%

apgra = -61.5 + 1.84 tstsc, R-sq(adj) = 63.2%

In the restricted set of 41 top universities, the regression equations are:
apret = 49.2 + 0.574 tstsc, R-sq(adj) = 66.6%

apgra = -59.4 + 1.82 tstsc, R-sq(adj) = 75.0%

Although the impact of test scores on the average freshmen retention rate and graduation
rate is smaller for top ranking colleges (note a smaller value of the coefficient), these test
scores explain more of the variance. In the group of top ranking colleges, the average test
scores of incoming freshmen explain as much as 75% of the variance in graduation rates.
Average test scores along with class standing explain as much as 77% of the variance in
graduation rates.

6 Discussion

It seems that none of the variables in the data set are directly causally related to freshmen
retention except for test scores and class standing. This result, following directly from
the fact that freshmen retention rate and graduation rate are, given average test scores
and class standing, conditionally independent of all remaining variables, seems to be
robust across varying significance levels, availability of prior knowledge, and data set size.
The average test scores seem to have a high predictive power for student retention and
graduation rates. For the top 41 ranking colleges, average test scores in combination with
class standing explain as much as 68.3% of the variance in freshmen retention rate and
77% of the variance in graduation rate.

Average test scores and class standing of incoming students can be viewed as indicators
of the quality of incoming students. It seems that retention rate in an individual college
can be improved by increasing the quality of the incoming students. This, in turn, can be
improved by increasing the number and the quality of applicants. The better the pool of
applicants from which an admission committee can select, the better the accepted students
and, hopefully, the better the matriculating students are likely to be. Changing factors
such as faculty salary, student/teacher ratio, or spending per student should, according
to our result, have no direct effect on freshmen retention and graduation rates.

Theoretically, it is possible to use the regression coefficients between average test
scores and retention rate obtained in this study to predict the impact of improvement
in the average test scores of incoming students on freshmen retention and graduation.
There are, however, potential problems with making predictions of an intervention at one
institution, as the coefficients of the regression equations do not need to be identical for
each institution.

One limitation in our study is that the available U.S. Newsdata do not disaggregate
academic from non-academic dropouts. We predict that internal data will show a differ-
ence between average test scores of dropouts (academic and non-academic) and graduates.
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Another limitation is that our data do not disaggregate between different departments.
Some departments may have many academic dropouts, others few. Also, the available
data set did not include other variables that may have been relevant, as geographical
location (climate, urban/rural, etc.), tuition costs, available academic support, financial
situation of the students, prominence of athletics on campus, etc.

Finally, it is possible to apply alternative prior models of interaction of the variables in
our data set. One alternative, suggested to us by Steven Klepper, might involve one latent
variable influencing all nine variables studied. This model, however, would not account
for the strong conditional independences observed in the data, and is in fact rejected by
the standard f ratio test (Chi square of 356 with 27 degrees of freedom).
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