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ABSTRACT The purpose of this paper is to assess the state of the art in

nmodel -based enrol I nent prediction for US. higher education. W review
avai | abl e studies, consider methodological and data-availability issues raised
by the approaches reflected in the literature, and report on a study conparing
the forecast performance of several alternative nodels. W conclude that
combining the results from disaggregated forecasting nodels and trying
alternative approaches is a much better option for predicting higher education
enrol Il ments than searching for a universal nodel that works for all groups at

all tinmes.
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While there is a sizable literature on college enrollment, far nore of
the work has been concerned with hypothesis testing than with forecasting.
That is, the literature has tended to concentrate nore on determning
variables that are statistically significantly related to college enrollnent
than in constructing nodels that forecast enrollment well. It is conmonly
t hought that the mobdel that best fits the sanple data is the best forecasting
model .  This, however, is often not the case (see Pant and Starbuck (1990)).
R-squared and t-statistics are not necessarily criteria that one should use to
choose a forecasting nodel. Forecast performance is a nore appropriate
criterion. Thus, our analysis of the enrollnent literature differs
significantly in enphasis from many other reviews (such as MPherson (1978)
and Leslie and Brinkman (1988)) because of our central concern wth
forecasting.

The purpose of this paper is to assess the state of the art in nodel-
based enrol I ment prediction for U S. higher education. Section (1) discusses
structural econonetric nodels of enrollment while section (2) deals with
econonetric forecasting nodels. Raving surveyed the specific findings in
these literatures, in section (3) we consider the basic nethodol ogica
di fferences between these approaches and the different types of data demands
these approaches inpose. In section (4) we conpare the forecasting
performance of several different enrollment nodels. Conclusions are reported

in section (5).

(1) STRUCTURAL ECONOMETRIC MODELS OF ENROLLMENT DETERM NATI ON

As we have noted, the hypothesis testing approach to analyzing
enrol | ment behavior is not generally the best for forecasting purposes, but
the literature based on this approach is a fruitful source of information
about which variables influence the probability of people deciding to attend
college. W therefore begin our discussion of enrollnent determ nants by
reviewing evidence fromthis literature. Following this, we examne the
forecasting literature for evidence on the significance of these factors in

forecasting future enrollment |evels.



Findings from the literature on structural determinants of enrollnment
are based on three types of studies:

(1) Studies of Aggregate Enrollment Data for the United States
Several studies enploy time series data, nmpst at a high | evel of aggregation
across both student and institutional types (see, for exanple, Canpbell and
Si egel (1967) and H ght (1975). H ght's study distinguishes public and
private enrollnent). McPherson and Schapiro (1991) use a nore di saggregated
approach, analyzing tine series data for subsets of the population classified
by race, gender and incone, and for public and private institutions
separately. Anot her group of aggregate studies use cross-section data for
st at es. These include Peltzman (1972) MPherson (1974) and Hopkins (1974).
Mbst studies using these nethodologies are fairly old, although recent studies
suggest that the main findings from earlier work probably hold up over tine.
Al t hough the studies just nmentioned are not oriented to forecasting, they are
simlar in approach to the tinme series forecasting nodels discussed in nore
detail bel ow.

(2) Studies of Enrollnment Demand at Individual Institutions
Several large state systens and sonme private institutions have undertaken
studies of demand for their enrollnment. Anmong the nobst promnent of these
studi es have been Hoenack (1967) for the University of California, Hoenack and
Weiler (1975, 1979) for the University of Mnnesota, and Ehrenberg and Shernan
(1984) for Cornell University. Qbviously estimates of enrollnment behavior for
particular wuniversities do not necessarily translate directly into
inplications for aggregate enrollnent behavior, but they may provide useful
gui dance on identifying variables that influence enrollnent.

(3) Studies of the Enrollnent and College Choices of |Individual Students
These studies, relying on large longitudinal survey data bases of individual
hi gh school graduates, have become the nost prominent and influential types of
study in recent years. An early exanple of the genre is Radner and MIler

(1975), undertaken for the Carnegie Conmission on H gher Education. Another



very influential study, relying on the National Longitudinal Survey of the
H gh School Cass of 1972, is Mnski and Wse (1983). Oher studies of the
col l ege enrol | ment decision using this data set include Bl akenore and Low
(1983) and Behrnman, Kletzer, MPherson, and Schapiro (1994). Relatively
little work on enrollnment demand has so far been undertaken with the Hi gh
School and Beyond survey of the H gh School O asses of 1980 and 1982

Each of these types of analysis has strengths and weaknesses, and the
bal ance of advantages depends on the purpose to which the data are put. Mbst
anal ysts woul d agree that for the purpose of studying the underlying
determ nants of the enrollnment choices of students, the individual choice
model s relying on large longitudinal data bases are probably best. However,
because these nodel s are al most invariably confined to studying the choices of
a group of individuals froma given cohort, they are severely limted in
studying certain kinds of effects that may operate over tine. These include
systematic effects that may be related to the size of the cohort (see further
di scussion below) as well as changes in the overall institutional setting that
may systematically affect behavioral responses. It night be, for exanple
that the introduction of generally available federal student aid would have
i mportant effects on the whole college choice process, affecting students
course-taking patterns in high school and their orientation to whether they
woul d consider college in the first place. |If people behave differently in
these two kinds of environments, a study of the behavior of a single cohort,
either before or after the change, would fail to detect these inportant
effects.

Time series nodels may have nore ability to capture such effects, as
wel | as cohort size effects, and other systematic variations over time (for
exanple in rates of return). At the same time, it tends to be difficult in
time series work to sort out the influence of different variables whose
nmovements are correlated over tine, and tine series data are not available for

| ong periods and tend to be thin on sone of the variables of interest.



Finally, for obvious reasons, it is generally not possible to aggregate
up from behavioral coefficients observed for a particular school to nake
generalizations at the national |evel.

Despite these differences and limtations, there is in fact a fairly
hi gh degree of agreenent in the literature on which variables are reliably
observed to influence enrollment behavior. (For a nore detailed conparative
anal ysis of studies see MPherson (1978), Leslie and Brinkman (1988) and
Becker (1990)). Across a wide range of studies, the follow ng variables
consistently turn up as having statistically significant effects on enroll ment
(sign of effect shown in parentheses): fanily income (positive), parents'
educational attainnent (positive), tuition levels (negative), student aid
| evel s (positive), and student's academ c aptitude (positive). It has also
been found in several studies that the size of the tuition effect declines as
famly incone rises. Various attenpts have been made to include rate of
return measures in enrollnment studies; while there are serious neasurenent
problens, the effect of rate of return (as neasured generally by the
relationship between the wages of high school graduates and expected wages of
coll ege graduates) is generally found to be positive. Finally, there has been
a scattering of investigations of the influence of variation in unenploynent
rates on enrollnent behavior. One would expect some positive and sone
negative influence of unenploynent on enrollnent rates: higher unenploynent
reduces the opportunity cost of attending college but increases the
difficulties of financing. The nost reliable studies seemto indicate that
community college enrollnents, but not other enrollnments, increase when the
unenpl oynent rate rises (see Betts and MFarland (1992)).

Unfortunately, there are several reasons why it is not easy to translate
even the nore reliable of these findings into forms that are useful for
improving short run enrollment forecasts. First, some of the nobst reliably
estimated effects pertain to variables that are inherently long run in their

inpact. This is npbst obviously true of student's acadenmic ability and



parental educational background. Neither of these variables is subject to
sharp short run fluctuations. Famly inconme variables may be nore variable in
the short run, but the best evidence is that it is the famly's longer-run
expected income (their permanent inconme) which is inportant in influencing
decisions to enroll, although short-term fluctuations in income my wel
influence the tining of enrollnment. Second, sone variables which may be
subject to shorter run fluctuations are thenselves difficult to forecast.
This is true of short run variations in tuition. It may also be true of
expected earnings of college educated workers. Expectations formations
processes for college wages are not well understood (see Mnski (1993)), and
concei vably may fluctuate significantly in response to varying perceptions of
the economic future. Yet our ability to forecast such rapid shifts in
expectations is quite limted

Even though one cannot go directly from these structural nodels to
i mproved forecasts, these nodels have guided the choice of variables and
nodel i ng strategies in devel oping the forecasting nodels to which we turn

next .

(2) EOONOMETRIC FORECASTING MODELS

Forecasting nodels naturally highlight variables that have significant
variation over the forecasting period and can thenselves be forecast well.
Certain of these variables, like costs of college and unenpl oyment rates, are
simlar to those enployed in the studies just surveyed. COhers, |ike cohort
size and marriage rates, are enployed because they may influence the
underlying structural forces affecting enrollnent determination and because
they are thenselves relatively easy to observe and forecast

The nodels surveyed in this section are tine-series enrollment nodels
for the United States. Although nore suitable for forecasting purposes than a
nunber of the nodels discussed in the preceding section, it is inportant to

note that nost of these nodels too have been developed nmore with an eye to



shedding light on enrollment determ nants than on producing accurate
forecasts. Sone key variables treated in these nmodels, and summries of what
is known about their inpact, follow

Cohort Size

QO her things equal, it seens reasonable to anticipate that the nunber of
persons enrolling from a given population group will be proportional to the
size of that group. The Department of Education's methodology for estimating
the cost of federal aid, for exanple, takes such population size variation
into account by applying fixed enrollment rates to data on expected changes in
the size of populations

However, work in econom cs and denography has enphasized the further
notion that changes in the size of population groups may influence the rate at
whi ch nenbers engage in various activities, including enrolling in college
Easterlin (1968, 1980) puts forth a cohort size nodel in which birth rates
have inmportant econom ¢ and behavioral effects. Ahlburg, Cimmns and
Easterlin (1981) applied a cohort size analysis to college enrollment, arguing
that swings in cohort size affect enrollnment rates. Specifically, they argue
that large cohorts depress the returns from college (relative to the return to
high school), and that |ower returns inply |ower enrollnent. In addition
they argue that |arge cohorts raise the proportion of famlies with two or
more children of college age and that this increase in financial stress |eads
to lower enrollment rates. Thus, large cohorts have lower enrollment rates
while small cohorts have higher rates. Note that this suggests less variation
over time in the nunber of college going students than is usually supposed
when there is a large base, the enrollnment rate falls; when there is a snall
base, the enrollment rate rises.

A good nunber of studies include a cohort size variable (the ratio of
the number of people in a particular birth cohort to the nunber of people in
another birth cohort) or a relative income variable (the ratio of the earnings

of people in a particular birth cohort to the earnings of people in another



birth cohort).1 The advantage of using a relative cohort size variable
(whether using lagged birth rates or the ratio of the size of a cohort
relative to the size of the previous cohort) are, first, that you do not have
to specify the exact nechanism by which cohort size affects relative income
(as does Macunovich (1993)) and second, that the values of this variable
(relative cohort size) are known with a fair degree of accuracy for 10 to 20
years into the future

Recent devel opnents in nodeling college enrollnent from the cohort
perspective have |ooked at nore conplicated conceptions of the role of cohort
size, namely that the size of the cohort may be less inportant to individual
decisions than the position of the individual relative to the peaks and
troughs of the denographic cycle. This approach was first used by Wachter and
Wascher (1984) and has subsequently been investigated both enpirically and
theoretically by Falaris and Peters (1992), Connelly (1986), and Stapleton and
Young (1988). Wachter and Wascher's basic claimis that individuals born
earlier in the baby boom will have a higher enrollnent rate while those born
later have a lower enrollment rate. Individuals early in the baby boom will
speed up their education (be more likely to enroll) to nove away from the peak
of the cohort where wages are depressed the nost. Individuals late in the
baby boom will delay college, attenpting to nove away from the peak of the
baby boom Wile Wachter and \Wascher argue that this "differential tracking"
effect results from the depressing inmpact of cohort size on wages, it is also
possible that it reflects parents' ability to help with the costs of financing
education. The first child (nore likely to be born early in the boom) may

have an advantage over following children in terms of parents' incone.

1 In cohort size studies, it is assumed that the major effect of a change
in relative cohort size is a change in relative incone. A relatively large
cohort, for exanple, leads to relatively low earnings for that group of people,
primarily due to crowding in the |abor market.



Children born later may have to delay college for funding r easons. 2

Wachter and Wascher (1984) operationalize their relative cohort
conception through two measures. The first, which they call the relative
younger cohort variable, is the ratio of the size of neighboring younger
cohorts to the size of own cohort. They use the ten years after own cohort to
define the nunmerator. Sinilarly, they use the ten years prior to own cohort
as the nurerator in defining their relative older cohort variable. Their
bands, then, are twenty years, centered on own cohort.3

The other variables in their nobdel are those used by Ahlburg, Crinmns,
and Easterlin (1981). They find enpirical support for their cohort-lead and
cohort-lag effects and find that the differential tracking nobdel fits the
enrol | ment data better than a nodel with relative cohort size. Unfortunately,
they did not conpare the accuracy of forecasts fromthe differential tracking
model versus the conventional relative cohort nodel

Wachter and Wascher make a further point that is of relevance to
modeling the college enrollment decision. They argue that structural nodels
-- those that use income or relative income neasures instead of the underlying
denographic neasures -- are using biased measures of the expected return to
education since they only capture the |ead-cohort effect, that is, the effect
of somewhat ol der workers on an individual's rate of return to education.
These neasures ignore the inpact of lagging cohorts' sizes on expected rates
of return. Thus it may be better to use the denographically measured cohort

variables than the nonetary returns that they affect.

2The differential tracking effect depends upon there being vintage effects
in the |abor narket. That 1s, age groups (or, nmore relevantly, college
graduation cohorts) are inperfect substitutes for each other. Connel ly (1986)
and Al sal am (1985) investigate the effects of cohort size at a nmobre theoretica
| evel . Cbnnelly shows how the inpact of cohort size is affected by the degree
of substitutability one assunes anong |abor market groups and whether the group
one belongs to is fixed or whether one can change it by changing one's schooling
and | abor narket entry dates.

3 Wereas the cohort variable neasures the height of the population density
function, the two lead and | ag cohort variables neasure the slope of the density
function at a particular cohort point.



A series of papers followed Wachter and Wascher and attenpted to refine
the inpact of cohort size and position. Mst of these were theoretical and
basically refined the notions of Wachter and Wascher. For exanple, Stapleton
and Young (1988) present a nmpdel that supports Wachter and Wascher's
prediction that those early in the baby boom will increase their enroll nment
but disagree that those after the boom will decrease their enrollnent. They
show that the predicted inpact of cohort size is affected by the way the
researcher assumes that expectations are nade. |If individuals are nyopic,
baby booners are nore likely to go to college, for they nistakenly think that
the high returns of the preceding cohort will persist. If they are sem-
rational, they may predict that their size will affect returns and enroll nent
falls. If they are fully rational, and assume that their colleagues are, then
Stapl eton and young argue that cohort size would have little effect on
enrol | ment, because they would expect people's reactions to changing expected
circunstances to largely offset these effects in equilibrium The enpirical
evidence does not support full rationality.

Falaris and Peters (1992) differ from Wachter and Wascher in the cohort
definition, but keep the lag-lead cohort design. The difference between the
two definitions lies in the band width and wei ghting schene of younger and
ol der cohorts. Falaris and Peters's "past" and "future" cohort variables are
defined as follows: past cohort size is the ratio of own cohort size to the
precedi ng cohorts averaged over five years; future cohort size is defined
simlarly with subsequent cohorts as the denom nator. Hence, Falaris and
Peters utilize a ten-year band centered on the own cohort. The ten years
prior and subsequent to own cohort are then weighted in a declining manner.
That is, the single-age group closest to own cohort is given a value of 1.0
Each subsequent single-age is given a weight of |/n, where n is the nunber of
years renoved from own cohort.

The neasures of alternative cohort size variables found in these studies

do not vary dramatically from one another given the fairly regular course of
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fertility novenents, although they do differ sonmewhat in the width of the band
over which the cohort is defined. Ahlburg, Crimmins and Easterlin (1981), for
exanmpl e, define cohort size as a five-year noving average. They use genera
fertility rates lagged 18 and 19 years for the 18 to 19 year old age group

and 20 to 24 year lags for the 20 to 24 year old age groups. Vachter and
Wascher define their cohort variables as the ratios of the population ten
years ahead or behind own cohort to own cohort popul ation.

It seems clear that cohort size should be in a nodel designed to explain
college enrollnment. However, it is not clear what form the variable shoul d
take. Should it be sinply the size of the cohort relative to that of its
parents, as argued by Easterlin and used by Ahlburg, Crimmins, and Easterlin,
or should it be a cohort variable split into |eading-edge and trailing-edge
vari abl es as done by Wachter and Wascher, Stapleton and Young, and Falaris and
Peters? The predictions of these nodels depend upon the elasticities of
substitution anong age and education cohorts. This is an enpirical question
over which there is sone disagreenment. From a forecasting perspective, the
more inportant question is whether a mpdel with cohort-lead, cohort-Iag
vari abl es predicts better than a nodel with a standard relative cohort size
vari abl e.

Cost of College

Mattila (1982) develops a forecasting model which divides the cost of
attending college into two conponents. First is tuition cost, which measures
the actual cash disbursenent paid to a university or college in order to
attend classes. Second is the opportunity cost of attending college. In
order to conplete the usual four years of undergraduate work, students nust
forgo four years of labor market earnings. Mattila operationalizes these two
definitions in constructing his rate-of-return to college variable. He
measures opportunity cost (w) as the smothed real income of nales aged 18 to
24 who had conpleted only four years of high school. To neasure tuition (Tu),

he uses average tuition net of student aid. He further assunes that, due to
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part time and summer work, students incur only 75% of the opportunity cost
Hence, annual cost of college is C = 0.75w + Tu. This cost variable is then
used in a calculation of rate of return

Wachter and Kim (1982) use a measure of wages relative to the mninmm
wage to capture the opportunity cost of school in their enrollnent equation.
Specifically, they find that a measure of average wages relative to the
m ni num wage is negatively related to their schooling variable. This suggests
that a higher opportunity cost may be negatively and significantly related to
enrol | nents.

Macunovi ch (1993) includes a wage differential variable in her fenale
enrol | ment equation. This variable neasures the difference between the wages
of wormen col | ege graduates and wonen high school graduates. She finds the
variable positive and significant, indicating that a positive wage
differential for college graduates leads to higher enrollments. Secondly, she
uses an unenpl oynent rate neasure as an inverse opportunity cost neasure
Again, she finds this variable positive and significant

Fi nanci ng Col | ege

The costs of college in ternms of tuition and opportunity cost are
di scussed above. The conpanion to costs in determining enrollment is the
ability to finance those costs. Mttila (1982) notes that the financing of
schooling has traditionally been done through the student's famly. A higher
fam |y income, then, suggests a greater ability to finance college education.
Mattila, following the practice in many of the structural nodels discussed
earlier, operationalizes this by including a fanily incone variable in his
enrol | ment rate equations. Defining famly incone as nean real after-tax
famly incone, he finds that it is positive and significant in three of five
estimated nodels for nales 18-19 and 20-24. For males 16-17, he finds incone
to be insignificant in all cases

Ahlburg, Crimmins, and Easterlin (1981) include a variable neasuring the

medi an inconme of nales aged 45-54 in their four age-sex nodels. They find it
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positive and significant across the four groups. Wachter and \Wascher (1984)
use the sane neasure as Ahlburg, Crinmins, and Easterlin in their college
enrol I nent nodel and find it positive and significant in all cases. Although
Macunovi ch (1993) does not include a family incone variable in her nodels, we
found in replicating her study that including a fanmily incone variable in her
model s yielded an insignificant effect on fenmale enrollnents.

The Mlitary

MIlitary service is expected to have offsetting effects on nale college
enrol | nent. On the one hand, those who enlist or are drafted into the
mlitary include individuals who otherwi se would have enrolled in college
Therefore, nilitary service can be expected to decrease college enrollnents
Alternatively, the availability of student deferments, for exanmple during the
Vietnam era, may have increased the enrollment rates of college-aged males as
a safe haven fromthe war was sought. In both cases, effects on sone
individuals may be pernmanent, while for others what is at issue is the timng
of college attendance

Several of the nodels reviewed exanmined the effect of nilitary service
on postsecondary school enrollment. WAchter and Kim (1982), for exanple,
noted that in their nodel specifications an increased nilitary-to-popul ation
ratio was associated with increased schooling.

Ahl burg, Crimmins, and Easterlin (1981) include a military draft
variable in their male enrollnment nmodels. They define the draft variable as
equal to zero from 1948 to 1959, equal to the nunmber of inductees per thousand
nmal es sixteen and over at t+ for the period 1960 to 1972, and equal to zero
from 1973 to 1976. The lead relationship of the draft variable to the
enrol I ment variable results from the proposition that young nales may enrol
in college in anticipation of a large draft call in the year following their
enrol lment. They find, as expected, that the draft variable is positive and
significant in explaining enrollnment rates

Mattila (1982) includes military-related variables in his male 18-19 and
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mal e 20-24 school enrollnment nodels. He defines his draft variable as the
ratio of annual draft inductions to the male civilian population aged 18 to
24.  He also includes a variable, AF, neasuring the proportion of each age
cohort that is in the armed forces. This variable is hypothesized to have a
negative sign. He finds the AF variable negative and significant in
explaining enrollment in nine of the eleven nodels estinmated. The draft
variable is |less robust, being positive and significant in only four of the
el even nodels. However, it was significant and positive in 3 of the 4 male
20-21 year old nodels.

Wachter and Wascher (1984) follow Mattila by including two variables to
measure mlitary service. As in Mittila's studies, these two variables
measure the percentage of males inducted for service between 1960 and 1972 and
the percentage of each cohort enlisted. Sinmilar to Mittila, they find that
the enlistnment variable is nore robust, being negative and significant in al
model s specified. The draft variable is positive and significant in only two
of their six specifications

Marri age

Macunovich (1993) notes that "prinmary responsibility for household
activities has remained with fenales." She concludes, concurring wth
Easterlin (1980), that when male relative incone is high, marriage and famly
formation are favored and there is less pressure to nove toward two-incone
famlies. It is expected, then, that the college enrollment rate for females
will be inversely related to the percentage of women narried. That is, a nore
favorable market for marriage will lead to fewer wormen attending college

Ahlburg, Crimmins, and Easterlin (1981) include a marriage variable in
their female enrollment equations. In both the 18-19 and 20-24 year old
cases, they find the marriage variable to be negatively signed and
significant. Similarly, Wachter and Wascher (1982), using the same measure as
Ahlburg, Crinmns, and Easterlin, find negative and significant coefficients

on the marriage variable in their female enrollment equations.
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One aside is interesting to note. [If, as Korenman and Ckun (1993)
suggest, "nmarriage is losing its relevance as a determinant of fertility," it
is conceivable that the strong association between marital rates and college
enrol lment rates may weaken. If fanmilies choose to remain childless after
marriage, it is nore likely that wonen may choose to continue their education
beyond the secondary |evel

Unenpl oynment Rat es

Several rationales exist for including unenployment rates in enroll ment
models. Mattila (1982) notes the offsetting effects of unenployment on
enrol lment. On the one hand, there may be a "discouraged worker" effect,
where those unable to find work return to school. Alternatively, he posits an
"added worker" effect where, when a parent is unenployed, children may not be
able to afford to remain in school. The net inpact of unenployment on college
enrol I ment, then, is unclear. Including the unenployment rate for adult males
35-54 years old in his enrollnent nodel, Mttila finds it generally
insignificant in determning enrollnent rates. He does, however, find a
positive and significant effect for 2 of 3 nodels estimated for 18 to 19 year
ol ds.

Wachter and Kim (1982) note that having a job may not be as desirable
for sonme youth groups as being in school. This suggests the possibility that
causality runs both ways between enrollnment and unenploynent. The opportunity
cost of working, in this case, would be the benefits of attending school
They find that a cyclical unenploynent variable is positively related to
schooling in 8 of 9 cases.

Macunovi ch (1993) includes an unenployment variable in her female
enrol l ment equations as an inverse neasure of changes in the opportunity cost
of obtaining a higher education. She finds the variable to be significant and
positive, indicating that increased unenploynment indicates a decreased

opportunity cost, leading to higher fenale enrollnent rates.
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(3) METHODOLOGY AND DATA

There are two basic methodol ogies used in enrollnent forecasting. The
first is econonetric nodeling, either structural or quasi-reduced form The
second is trend nodeling. In addition, some of the papers discussed build a
simul ati on nmodel using paraneters directly estimated from a structural node
of college enrollnment. It is also possible to specify a sinulation node
using paraneters obtained from a nunber of sources. Sinulation nodels are not
specifically designed for forecasting, although they can give insights that
assist forecasting

Econonetric Forecasting Mdels

The econonetric nmodels attenpt to identify the determinants of
enrol I ment rates. Once these have been identified, forecast values of the
i ndependent variables can be entered into the regression equation to produce
predicted values of the enrollment rates. Predicted values of the enroll nent
rates are then nultiplied by the age-specific population projections of the
U S Bureau of the Census to arrive at total enrollnent projections. The
econonetric nodels can al so produce prediction intervals that give the user a
sense of the uncertainty of the enrollment rate forecast. But since we do not
have information on the uncertainty of population projections, we cannot
calculate the uncertainty of total enrollnment forecasts.

As we noted earlier, most of the nodels surveyed in this study were
primarily concerned with identifying the determinants of enrollment rather
than in forecasting enrollment. Consequently, they did not give numerica
enrol | ment forecasts or prediction intervals. At nost, they discussed in
qualitative terns whether enrollment or enrollment rates would rise or fall
For exanple, Wachter and Wascher (1984) predicted that the post-boom cohorts
woul d attenpt to distance thenselves from the peak of the boom and thus
expected the enrollment rate to fall "for several nore years. Thereafter the
effect should be positive." It turns out that enrollnent rates rose, rather

than fell as predicted by Wachter and Wascher. This does not necessarily
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invalidate their mpdel because factors other than their cohort-position
variables may explain the upturn in enrollnents. This is possible for

femal es, where marriage rates for females fell. However, there are no
variables in the nodel that explain the rise in nale enrollment rates. \at
is more damaging to their nodel is the finding of Falaris and Peters (1992)
that in the upswing of the denpbgraphic cycle individuals tend to spend nore
time in school and increase the time to conpletion nore than proportionately.
The opposite is true for individuals in the down swing of the cycle. This is
the reverse of the prediction of Wachter and \Wascher and casts doubt on their
hypot hesi s.

Ahlburg, Crimmns, and Easterlin (1981) provided point forecasts of
enrol lment rates and total enrollnments, but not prediction intervals. They
predicted enrol I nent rates to rise over the 1980s and 1990s under nost
scenarios. Wiile the general trend in the four age-sex categories analyzed
has been upward, there have been fluctuations. They predicted enrollnent to
rise for men and wonen aged 18 to 19. Enrollments did rise for both age
groups through 1987, when nale enrollnent rates plunged. Fermales 18 to 19
increased enrollnment rates through 1988, with rates declining in 1989. They
al so predicted steady increased enrollment for females 20 to 24 through 1995
Except for an enrollnent decline in 1983, that pattern has occurred for this
group. Finally, they posit a decline in male 20 to 24 year old enrollnents
from 1985 to 1995. In fact, enrollment rates declined from 1985 to 1986, but
increased from 1986 through 1988, declining again in 1989

Trend Model s

The methodol ogy of the trend nodels is straightforward. The forecasts
are "based on extrapolations of recent trends for different groups, plus sone
educated guesses about future conditions** (Centra (1980)). Again, these
model s can be based on predicting the path of the college enrollnent rate or
total enrollment. The nodels can be statistical trend fitting nodels or can

be based on "expert" judgnent as to future rates of change
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Statistical trend fitting nodels have not been widely studied in the
context of enrollnment forecasting, particularly their forecast accuracy. More
ad hoc trend nodels have a |onger history in enrollment forecasting. In
general, it is thought that trend nodels do not performwell. Wy this is so
is not clear. Even a cursory exanmnation of the nodels in Centra (1980) shows
that sone of the trend nodels outperformed structural econometric models. In
applications other than enrollnent, trend nodels sonetimes performwell. The
forecast performance of the various trend nodels should be fornally analyzed
and a broader class of statistical trend nodels should be exami ned (see
Arnstrong (1985) for such nodels).

Sinulation Mbdels

Anot her nethodology that is widely used el sewhere but is not well
represented in the nodels discussed here is sinulation. Stapl eton and Young
(1988) build a simulation nodel to investigate the inpact of a baby boom
St apl eton and Young disagree with Wachter and Wascher and predict that those
following after the baby boom will increase enrollment. This led themto
predict rising enrollnent rates. The Stapleton and Young nodel introduces a
correlation between career choice and education that explains the difference
in prediction.

Sinulation nmodels are very useful for carrying out "what-if"
experiments, that is, evaluating the inpact of alternative scenarios such as
changes in funding on enrollment decisions. In general, sinulation nodels do
not forecast as well as nore sinplified structural forecasting nodels. This
is not surprising, since forecasting nodels are specifically built to provide
accurate forecasts rather than conplete nodels of the behavior underlying the
enrol Il ment decision. In contrast, simulation nodels have a different function
and this may inhibit their forecast ability.

Dat a

Most aggregate |evel studies use data on enrollment fromthe U S. Bureau
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of the Census, Current Popul ation Reports, Series P-20, School Enrol | ment 4.
The independent variables tend to be aggregate |evel data on income by age and
percentage marrying, all from Census data. Some studies, such as Stapleton
and Young (1988) and Macunovi ch (1993), use data constructed from the CPS.

The CPS suffers from certain well-known limtations. First, being based
on a sanple of persons of all ages, the subset of individuals of the relevant
ages is fairly small, and neking further divisions by, for exanple, race,
gender, and inconme status, can produce unacceptably small sanple sizes. CPS
al so does not pernit distinctions anong institutional types finer than public
versus private, and its handling of postsecondary vocational enrollment is
hi ghly uneven.

The time series of enrollnent data maintained by the Departnent of
Education provides a potential alternative in tinme series nodeling. This data
series provides nore detail on institutional type and control, but
unfortunately does not pernmit subsetting by student age or income status.

Also, except for the nost recent years, its coverage of for-profit trade
schools is highly uneven. It would be interesting to conpare forecasting
exercises using these data as a substitute for the CPS enrol |l ment series.

The model of Falaris and Peters (1992) uses data on individuals fromthe
National Longitudinal Survey and from the Panel Study of Income Dynanics. The
data difference between this study and the others results from their focus on

model i ng individual decisions on education and tinme to conpletion.

(4) AN ASSESSMENT OF COVPARATIVE PERFORVMANCE OF THE FORECASTING MODELS
The nodels of Ahlburg, Crimmns, and Easterlin (1981) and Macunovich
(1993) were chosen for a systematic evaluation of forecast accuracy. The
Ahl burg-Crinmns-Easterlin nmodel (referred to below as ACE) was chosen on the

basis of its good past forecast record and the Macunovi ch nodel because it

4For exanple, Ahlburg, Crimmins, and Easterlin (1981) and Wachter and
VWascher (1984).
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represents a refinenent of this nodel. Tests of the efficiency of trend
model s conpared to these nodels are also reported

The ACE mopdel was estimated separately for males and fenal es and
separately for ages 18-19 and 20-24. The estinmation period was 1948-1986 and
1971-1986 (the latter for a direct conparison wth Micunovich). The
Macunovi ch nodel was estinmated for females 20-24 for 1971-1986. The starting
point of 1971 is dictated by the availability of the income data. W al so
estimated the Macunovich rodel for males 20-24. The construction of variables
follows that of Macunovich (1993). So, for each age-sex group there are three
basic nodels: the ACE nodel estimated 1948-1986 (ACE-long); the ACE node
estimated 1971-1986 (ACE-short); and Macunovich estimated 1971-1986.

We also experinented with several different unenployment variables for
each of these nodels. Two different unenploynent variables were tested for
both the male and female npdels. For males, a civilian unenploynent rate for
males 16 and over, and, followi ng Macunovich (1993), a three-year noving
average of the unenployment rate of nale high-school graduates in the first
five years of work experience were used. For females, we used a civilian
unenpl oynent rate for fenmales 16 and over, and, again after Macunovich (1993),
a one year lag of the unenploynent rate of fenale high school graduates in the
first year of work experience

The fundamental task was to see which nodel predicted enrollment rates
most accurately over the 1987-89 period, that is, how well the nodels did in
forecasting beyond the period from which they were estimated. Since simlar
model s had been used for females and nmales in the past literature, it was
expected that a single nodel would donminate in this forecasting conpetition.
This was not the case. For each different age-sex group a different node
predicted enrollment rates over the period 1987-89 nost accurately. The
results of estimating the nodels are shown in the appendix. The mean absolute
percentage forecast errors are presented in Table 1.

For femal es aged 18-19 years the nost accurate nodel was ACE-short
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(assunming 0.5 percent annual inconme growth) with an average percentage error
over the three year forecast of 2.2 percent (these are not enrollnent
percentage points, but percentage differences between actual and predicted
enrol | ment rates). Estimating the nodel over the |onger period alnost doubled
the forecast error. The nost accurate nodel for females 20-24 is the
Macunovi ch nodel. The percentage error of the forecast is 1.3 percent per
year. The forecast error of the ACE nodels was at |east four times as |arge
Various experinents adding a fam |y income variable and a marriage variable to
t he Macunovi ch nodel produced |ess accurate forecasts.

For males 18-19 years the nmpst accurate model was the ACE-l1ong node
(assumi ng once again 0.5 percent annual incone growh). The forecast error
was 6.2 percent per year.5 The forecast error for the ACE-short nodels was
one-third higher. The npost accurate forecast nodel for males 20-24 years was
ACE-1ong with income assumed to grow at 1.5 percent per annum  The forecast
error was 1.2 percent.6 The Macunovi ch nodel had a forecast error nore than
ten tines |arger

To test the efficacy of trend nodels, models of the form

Enrollment; = a3 + @, -t and

Enrollment; = a, + 8, . t + a,t?;t is a time trend variable
were estimated for each age-sex group and the results are presented in Table
2. Wile the trend nodels performed better than some variations of the ACE
and Macunovich nodels, in general they performed worse. In no case did the
trend nodels outperform the best nodels.

Finally, to test whether the cohort |ag-cohort |ead franework of
Wachter and Wascher (1984) and Falaris and Peters (1993) provides better
forecast results, lead and lag cohort variables simlar to Falaris and Peters

were constructed. Specifically, we estimated the ACE nodel, replacing the

5 Including the male unenployment rate as an explanatory variable |owers the
forecast error to 5.1 percent per year.
6 The model with male unenployment rate had the sane forecast error.
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relative cohort size variable with past and future cohort size variables.

The | ag-lead schene did not inprove the overall forecast perfornance
Wiile it was an inprovenent in sone nodel conbinations, it hanpered
performance in others. In no age-sex groups did the |ag-lead cohort variable
model s perform better than the previous best-forecast nodels. \Wen tested in
the best-forecast equations, inclusion of the lag-lead variables did not
improve the forecasts and substantially reduced accuracy in nost cases.

Returning to the results in Table 1, for males, the longer estination
period was associated with a nore accurate forecast period while, for fenales,
the shorter estimation period yielded a nore accurate nodel for those in the
18-19 age range and the longer period worked better for the ol der group. This
inmplies that the process determining nale enrollnent rates has been nore
stabke over time than the process determning female enrollment rates -- a
result which is intuitively plausible in light of the inportant changes in
wonen's roles in education and the | abor force in recent decades. In
addition, this exercise showed that models that fit the data better (that is,
model s with variables having statistically significant coefficients with the
expected signs along with higher R-squared values) did not always predict nost
accurately. For exanple, as shown in the Appendix, the only significant
coefficient (other than the constant term for the ACE- Short nodel for females
18-19 was for the marriage variable and this equation had a R2 value of 0.81
The ACE-Long nodel, on the other hand, had several correctly signed and
significant coefficients and a R? value of 0.96. It is clear that the ACE-
Long nodel is the "better" nodel of the two in a traditional statistica
sense. However, when forecasts fromthe two were conpared it was found that
Mean Absolute Percentage Error of the ACE-Long nodel was roughly double that
of the ACE-Short nodel

Thus, the enrollment rate for each age-sex was nobst accurately predicted
by a different nodel or a simlar nodel but estinated over a different tine

period. No single nodel perfornmed well for all groups.
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(5) CONCLUSI ON

The literature includes a substantial amunt of interesting work on
enrol lment determination and on enrollment forecasting. W have assessed that
literature and have performed our own enpirical investigation of the quality
of several of the nobst promi sing nodels as instrunents for out-of-sanple
forecasting.

I t is clear that progress in understanding the structural determ nants
of college enrollment is not easily translated into an enhanced ability to
forecast changes in college enrollment. To the contrary, the greatest
predicti ve power nmay cone from equations that appear to do a relatively poor
job in accounting for past novenment in enrollnent rates.

Enrol | ment forecasting has tended to concentrate on the search for a
“universal ** nodel that is best for all groups at all times. Thi s has been
found to be a rather fruitless guest in the general forecasting literature and
in the limted forecasting conpetition reported here. However, there are
alternative ways to produce nore accurate enrollnment forecasts. In a large
forecasting conpetition (with 1,000 series) Makridis et al. (1992) found that
overall forecast accuracy can be inproved by conbining forecasts from nodels
employing different nethods. Arnstrong and Collopy (1993) and Collopy and
Arnmstrong (1992) found that integrating expert judgenent and statistica
nodel s inproved forecast accuracy. Conbining the results from di saggregated
forecasting nodels and trying alternative approaches is likely to be our best

option for producing better predictions of higher education enrollnments.



Table 1
Mean Absolute Percentage

18- 19

ACE- Long 0.5%* 6. 2%
1.5% 7.8
ACE- Short 0.5% 8.2
1.5% 8.0

Macunovi ch

. Mean Absol ute Percentage Error calcul ated as

89

(2 _(Forecast; - Actual;)/Actual;)/3

i=87

* The nodel s assume either a 0.5% annual

annual growth rate.

Errors--Basic

growth rate for

20- 24
6. 3%
6.3

14.5
14.1

1.3

income or a 1.5%
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Table 2

Mean Absol ute Percentage Errors (MAPE)
Trend Model s

MAPE
Mal es 18-19 t 8. 7%
t, t° 21. 4

Femal es 18-19 t 2.4
t, t2 6.9

Mal es 20-24 t 5.2
t, t2 24.2

Femal es 20-24 t 2.8
t, t2 11.5
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Basic Coll eue Enroll ment

nodel - - Ahl burg
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Crinm ns

Easterlin

Long

Dependent variable is enrollment rate for each age group
Model is Males 18-19 Males 20-24 Females 18-19 | Females 20-
ACE-Long 24
Constant 8.38 (2.73) -1.36 (0.52) | 28.14 (5.04) 16.37

(3.83)

Cohort Size -0.13 (2.57) -0.09 (2.49)
18-19
Cohort Size 0.00 (0.03) -0.01 (0.55)
20-24
Real Income 0.50 (10.61) 0.38 (12.38) 0.38 (10.03) 0.24 (18.07)
Draft 1.87 (6.63) 1.62 (6.60)
Marriage -0.66 (7.43) -0.31 (9.01)
R-squared 0.90 0.91 0.96 0.98
N 39 39 39 39

Basic Collese Enrollnment nodel--Ahlburg, Cinmins, Easterlin Short

Dependent variable is enrollment rate for each age group
Model TS Mal'es 18-T19 Valres 20- 2&%F Females 18-19 | Fenal'e8 Z0-
ACE- Shor t 24**
Const ant 74,13 (6.89) 0.65 (/7.19) bl. 80 (4.15) 0.11 (3.83)
Cohort SIze -0.29 (4.72) -0.11 (1. 40)
18- 19
Cohort Size -0.00 (4.68) 0.001 (1.30)
20- 24
Real T ncone ~0.08 (U.77) | -0.00 (3.32) [ -0.0Z (U.1I8) U0.00 (U.61)
Draft o0.12 (2.19) 0.02 (1.01)
Marriage -0.58 [4.85) -0.00 (Z2.69)
R-squared 0.75 0.85 0.5l 0. 82
N 16 16 16 16

*Nofe: The male Z20-Z24 and Temale Z20-Z24 year old dependent varrables are

Macunovi ch's enrol |l ment rates.

They are not

as are the ACE neasures of enroll nent

Basi c_Col | ege Enrol | ment

nodel - - Macunovi ch

multiplied by 100 to get

a percentage,

Dependent variable is enrollment rate for each age group
Model 1s Macunovi ch Females 20 to 24 veles 20 to 74
Constant 0.20 (6.811 0.23  (5.14)
Vage Differentral 0.14 (4.7, -0.0Z2 7(0.54)
Unenpl oynent Rate 0.34 (4.827) -0.30 (0.83)
Val'e Relat1ve Tncone -0.45 (13.13) 0.15  (1.50)
N 16 16
R-squar ed 0.94 0.28

- statistics are 1In

par ent heses



