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Enrollment Projections: 
A Practitioner’s Guide
By Kelly Perez-Vergara

Enrollment Projection Theories
This paper communicates technical instructions for 

generating and evaluating the accuracy of enrollment 

projections, regardless of analytical methods selected. 

The context was the need for a small, private, non-proĲt 
business college to improve the accuracy of enrollment 

projections aȪer almost a decade of decreasing enroll-
ment. Given the institution’s identity as an upper-di-

vision undergraduate institution, the undergraduate 

enrollment was primarily ȩom community colleges; 
those institutions, too, had been experiencing enroll-

ment decreases since the recession had ended. Graduate 

program enrollments were also waning in certain ĳag-

ship areas such as the M.B.A. program. Yet the projec-

tions were overly optimistic; more accurate projections 
were needed for the annual budget cycle.

Enrollment projections are needed to plan for insti-

tutional budgets, including revenue and spending. Yet 

interpreting enrollment projections across an institu-

tion presents many challenges. The variables are the 

only factors accounted for in the model. If the projec-

tions show a decrease, they are called “pessimistic;” if 
they suggest ĳat enrollment, they are called “neutral;” 
and if the projections show increases in enrollment, 

they are called “optimistic.” For example, if unemploy-

ment is a predictor in an enrollment model, then that 

factor is neutral because the rates in each year drive the 

estimates up or down. In this way, statistical models 

tend to be neutral unless the researcher selects a factor 

that only pushes enrollment estimates in a single direc-

tion that does not follow trends.

Similarly, once the actual term enrollment is known 

and compared to the projection, the model is perceived 

as a failure if enrollment is lower than the projection. If 

the enrollment matches projections, the model is per-

ceived a success, and if the enrollment exceeds projec-

tions, then staȬ are credited for their eȬective initiatives. 
Of course, none of these is a fair interpretation of en-

rollment projections or their success. Rather, enrollment 

projections take speciĲc factors and generate an estimate, 
but unaccounted factors—positive and negative—also 

impact enrollments. Evaluating enrollment projection 

Institutional staƬ such as enrollment managers, business oƱcers, and institutional 
researchers are often asked to predict enrollments. Developing any predictive 
model can be intimidating, particularly when there is no textbook to follow. This 
paper provides a practical framework for generating enrollment projection options 
and for evaluating the accuracy of projections.
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accuracy by comparing it to actual enrollment in the 

projected years is not the best approach. Therefore, se-

lecting the factors in enrollment and properly evaluat-

ing projections are critical to advancing an institution’s 

perception and use of enrollment projections.

The best way to select factors is to start with a guid-

ing theory. Bronfenbrenner’s (1986) ecological systems 
theory is a useful ȩamework for thinking about en-

rollment in higher education (Perez-Vergara 2019). Ac-

cording to this theory, a potential student is surrounded 

by inĳuences ranging ȩom the immediate network of 
family and close ȩiends (microsystem) to the extended 
network (mesosystem), society (exosystem), cultural 
ideology (macrosystem), and generational impacts 
(chronosystem). Practically speaking, ecological systems 
theory considers realities such as how high school se-

niors are oȪen told that college is the best pathway to 
future success.

Ecological systems theory also invites consideration 

of current generations of students and how they matric-

ulate and suggests that how Generation Z experiences 

the world relates to information about and resources 

for college, which come ȩom all parts of the ecological 
system. Nationally representative studies describe Gen-

eration Z in terms of its members’ appetite for higher 

education, how they like to learn, what they feel about 

debt and cost, and more.

While it is important for researchers to review stud-

ies of Generation Z students, it is not practical for in-

stitutions to create enrollment projection models based 

on consumer sentiments. Moreover, ample research, 

regardless of the generation being studied, shows that 

labor market trends have an impact on college enroll-

ments (see Perez-Vergara 2019). And while the magni-
tude of impact will change over time, it is unlikely that 

the use of labor market data in enrollment projections 

for Generation Z needs to be completely reconsidered.

As Perez-Vergara (2019) mentions, both human cap-

ital and generational trend theories fall within ecolog-

ical systems theory. In other words, potential students’ 

knowledge about college derives ȩom the various 
systems outlined by Bronfenbrenner’s theory. In this 

way, so long as no major societal, cultural, or gener-

ational changes occur, it is not unreasonable to look 

to enrollment pipeline data such as local high school 

enrollments (for incoming ȩeshmen) or feeder school 
enrollments or completions (for transfer or graduate 

populations). Similarly, pipeline data make logical sense 
for predicting continuing student enrollments, even 

though the pipeline in this case is internal.

Enrollment Projection Methods

There is robust literature that reviews methods for 

projecting enrollment, and several recent articles have 

compared methods. Because the focus of this paper 

is on a ȩamework to use for comparing enrollment 
projections and not for producing speciĲc projections, 
various methods are reviewed only brieĳy. Allen (2013) 
compared Markov models, cohort ĳow models, grade 
progression ratio models, and trend analysis. Langston, 

Wyant, and Scheid (2016) described logistic and linear 
regression, big data analytics, curve Ĳtting, and trend 
analysis approaches. Wiorkowski, Valcik, and Perry 

(2017) looked at the signiĲcance of enrollment changes 
(t-tests) with time series regressions and log linear re-

gressions. Nakhkob and Khademi (2016) utilized neu-

ral networks and data mining approaches. Maldonado, 

Armelini, and Guevara (2017) as well as Saini and Jain 
(2013) used classiĲcation techniques. Tang and Yin 
(2012) used grey prediction. Wang, Wang, Guo, and Feng 
(2014) and Zang, Wang, and Wang (2015) used fuzzy 
time series. Zan, Yoon, Khasawneh, and Srihari (2013) 
used a ratio-based approach. The variety of techniques 
is staggering, so how do researchers approach enroll-

ment projection modeling?

Framework for  
Enrollment Projections

While the literature describes diȬerent theories of en-

rollment as well as diȬerent methods for analyzing en-

rollment data to project enrollment, there was a lack in 

ȩameworks for how to approach this project. Therefore, 
this paper provides a step-by-step guide for staȬ who 
need to create accurate enrollment projections for their 

institutions. Whatever theories or methods are used, 

this ȩamework facilitates comparison and presentation 
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of the models and describes a way to select an accurate 

model ȩom available options.

Step 1. DeĲne Populations
The Ĳrst step is to select the groups for which enroll-
ment will be projected. Students among new and con-

tinuing categories are desirable at minimum because 

members of these groups respond to oȬers of enroll-
ment diȬerently. Mixing student segments would result 
in a less accurate projection. Undergraduate and grad-

uate levels are also important categories given that un-

dergraduate and graduate students respond diȬerently 
to oȬers of enrollment. The reasons for the diȬerences 
are clariĲed in the next step as theories of enrollment 
are speciĲed.

Other populations that may need stand-alone pro-

jections include new and/or specialty programs that are 

aȬected diȬerently by internal and external factors.
Example populations:

	˺ New undergraduate

	˺ Transfer undergraduate

	˺ Continuing undergraduate

	˺ New graduate

	˺ Continuing graduate

Step 2. DeĲne Output Data
The second step in projecting enrollment is to deĲne 
the outputs the models will predict. Based on popula-

tions identiĲed in step one, deĲne what feature of the 
population will be predicted. Typically, models attempt 

to predict headcounts or credit hours. Recognize that 

while credit hour predictions are necessary for budget 

planning, headcount predictions are easier to align with 

theory. (In other words, the reasons students enroll dif-

fer ȩom the reasons they take one or two classes.) In the 
example given, headcount projections would be used in 

a trend analysis to generate credit hour estimates.

AȪer deciding upon headcounts or credit hours as 
an output, the timeȩame needs to be selected. In the 
current example, the focus is on fall term projections, 

Ĳlling in the other term (e.g., winter, summer) head-

counts with a basic trend analysis once a model is se-

lected for the projection group.

In addition to using headcount or credit hours as an 

output, it may be relevant (depending on the approach 

taken) to use the output of enrolled/not enrolled. In 
this scenario, the input data are not in summary form 

by timeȩame but instead are student-level data for a 
speciĲed timeȩame.

Following is a list of possible outputs. It is recom-

mended that researchers select either term-based or 

annual-based outputs. It is also recommended that re-

searchers select an output that aligns with the funding 

of the institution. For example, if students pay ĳat-rate 
tuition, headcount might be the most relevant out-

put whereas another institution may receive funding 

based on full-time equivalent students (FTEs). Models 
attempting to project retention could consider the last 

item below, using logistic regression.

Example outputs:

	˺ Fall headcount

	˺ Winter headcount

	˺ Summer headcount

	˺ Academic year headcount

	˺ Fall credit hours

	˺ Winter credit hours

	˺ Summer credit hours

	˺ Academic year credit hours

	˺ Fall enrolled/not enrolled

Step 3. DeĲne Theory
The third step in projecting enrollment is to deter-

mine an overarching list of major issues that aȬect 
the majority of students in each population selected 

for the particular outcome selected. For example, new 
undergraduate students may be more sensitive to en-

try-level wages regionally, a factor motivating them to 

seek higher education, compared to graduate students 

who have completed a bachelor’s degree and may be 

more likely to be employed and earning a living wage. 

A review of the literature, as well as institutional con-

text, should result in selection of a few key factors that 

inĳuence enrollment (i.e. working theories). While it 
is ideal for individuals to carefully chart the majority 

of factors that impact enrollment, it is not practical to 

chart or collect data on all factors with the accuracy 



Winter 2020Volume 7(4) 20

 Strategic Enrollment Management Quarterly 

needed to add them to a model. Therefore, to practically 

create a model, enrollment theories thought to impact 

the majority of students provide the most reasonable 

avenue for investigation.

Example working theories:

	˺ New undergraduate: K–12 pipelines 
drive new undergraduate enrollments

	˺ Transfer undergraduate: community college 

enrollments drive transfer enrollments

	˺ Continuing undergraduate: likely to 

remain consistent with prior year trends

	˺ New graduate: feeder school bachelor’s 

degree completions and labor market 

trends drive new graduate enrollments

	˺ Continuing graduate: likely to remain 

consistent with prior year trends

Step 4. DeĲne Input Data
The populations, working theories, and output data that 

are selected drive the input data used in the models. 

Ideally, each model will utilize one input variable to test 

the eȬect of that variable alone.
Example inputs:

	˺ New undergraduate: K–12 pipelines

	˺ Transfer undergraduate: commu-

nity college enrollments

	˺ Continuing undergraduate: prior year trends

	˺ New graduate: feeder school bachelor’s degree 

completions and unemployment rate

	˺ Continuing graduate: prior year trends

Step 5. Select 
Projection Analyses
The following list of exam-

ples shows how each set of 

populations with its unique 
inputs and outputs could 

be studied using multiple 

approaches. For example, 
community college enroll-

ments in a trend analysis 

are weighted by market 

share and then multiplied 

by an average capture rate to generate an estimate for 

the upcoming year, but these same data can also be used 

in a linear regression to generate an estimate. It would 

be ideal to test both versions to determine which set of 

estimates is most accurate over time.

Example analyses:

	˺ Trend analysis

	ɬ Prior three-year average of subgroups 

(new, continuing, drop outs)

	ɬ Prior three-year average percent change in 

enrollment times prior year enrollment

	ɬ Community college enrollments 

times capture rate trend

	˺ Linear regressions

	ɬ Unemployment rate

	ɬ Community college enrollments 

weighted by market share of feeder

	ɬ Number of recent bachelor’s degree grad-

uates weighted by market share of feeder

Step 5. Create Datasets
The ĲȪh step in the process is to create datasets for 
each population that will be tested. The example dataset 

shown in Table 1 is for transfer students, fall headcount, 
using the community college pipeline input data. In 

this step, alternative data sources, cleaning, weighting, 

and lagging can occur. Be sure to keep notes about how 

data timeȩames align when lagging is used (that is, the 
upcoming term may be predicted by a prior-year pipe-

line). If the input variables are not available in projected 
form, prior year values should be reviewed to see if they 

	TABLE 1 ➤	Transfer Undergraduate, Fall Headcount

Term
Transfer 

Headcount

Community College, Prior Year

Enrollments Completions
Completions 

(Weighted)

Fall 2014 80 5,000 1,000 400

Fall 2015 90 5,500 550 450

Fall 2016 100 5,000 500 500

Fall 2017 110 5,500 550 550

Fall 2018 120 5,000 1,000 600

Fall 2018 Prediction 5,500 700 650
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provide logical predictors of next year enrollments 

(that is, a trend analysis estimate within the larger 

projection).

Step 6. Run Models
Step six involves running the models using the selected 

data. For trend analyses, write the physical formulas 
used to compute the trends, and apply the formula to 

the dataset to generate the estimates for the upcoming 

as well as for the previous terms. In other words, cre-

ate an estimate for the upcoming terms, and determine 

what the estimate would have been using this model in 

the previous years. Correlations may also be computed 

between the output variable and the trend rates that 

are applied to the input variable, and the signiĲcance 
of this relationship may be tested.

For linear regressions, run the data in the statistical 
soȪware package, and write out the formula generated 
by the model. Note any correlations or signiĲcance. 
Then, compute the upcoming term estimate as well 

as prior year estimates using the regression formula.

Example formulas:

	˺ Trend Analysis—Three-Year Average Fall Percent 

Change: The three-year average percent change 

ȩom the same term in the prior year (fall 2018 
uses fall 2017, fall 2016, and fall 2015 changes)
(see Equation 1).

	˺ Linear Regression—Weighted Feeder School Enroll-

ment, Lagged Two Years: The line of best Ĳt between 
(a) primary community college feeder school 
headcounts weighted by market share and (b) 
transfer headcount (see Equation 2).

Example estimates using trend analysis and linear 

regression are shown in Tables 2 and 3.

Step 7. Evaluate Accuracy
Evaluating the accuracy of the model involves several 

steps. First, review correlations to ensure that there is 
a relationship between the variables used in the models. 

It is generally accepted that correlations greater than 0.5 
are considered large (Aron, Coups and Aron 2013), but 
other thresholds could be selected by the researcher 

based on the practical meaning of the relationship of 

the variables. In this study, a correlation of 0.8 or higher 

	EQUATION 1.

Fall 18 Transfer Head Count = ( A17 × ( Σ( ( A17−A16 )+( A16−A15 )+( A15−A14 ) ) ) ) + A17A17 A16 A15
3

Where An = Cont FAn HC

EQUATION 2.

Fall 18 Transfer Head Count =  (� × �) + Intercept

Where � = parameter estimate and � = Value associated with upcoming year

	TABLE 2 ➤	Calculating Estimates From 
Models, Trend Analysis Example

Fall Term

Input 

(fall head 

count)

Trend Analysis 

(3-year average 
change [%])

Output 

(estimated fall 

head count)

2016 102 -0.5 103

2017 108 0.1 102

2018 104 0.1 108

2019 104

	TABLE 3 ➤	Calculating Estimates 
From Models, Linear 
Regression Example

Fall Term

Input 

(prior year fall 

headcount)

Calculation1
Output 

(estimated fall 

headcount)

2016 104 (0.03×104)+98 101

2017 102 (0.03×102)+98 102

2018 108 (0.03×108)+98 101

2019 104 101

1	 (parameter estimate × input from prior year) + intercept
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was considered large. It is also generally accepted that 

regression analyses with p-values of less than 0.05 are 
considered statistically signiĲcant (Aron, Coups, and 
Aron 2013).

Even if a model shows high correlations and statis-

tical signiĲcance, the estimates the model produces and 
the error of those estimates year over year need to be 

considered ȩom a budgetary standpoint. In particular, 
attention should be paid to debt covenant requirements 
as well as requirements ȩom accrediting bodies, such as 
the Higher Learning Commission’s Composite Financial 
Index. Ultimately, oȯcers should determine a total dol-
lar amount of error in the budget to guide enrollment 

projection evaluations. Because each population may 

diȬer in size, it is important to determine how the dol-
lar amount relates to credit hour and student headcount 

error thresholds for each group.

Example error thresholds:

	˺ $250,000 (or less) total annual error goal

	˺ Total divided by percent of enrollment attributed 

to each population (e.g., 20 percent of students 
are new undergraduates = $50,000 maximum 
error for new undergraduate annual credit hour 

estimates)

	˺ Divided by percent of enrollment attributed to 

each timeȩame (e.g., 29 percent of enrollments 
occur in the fall term = $14,500)

	˺ Divided by cost per credit hour (e.g., $475/credit 
for new undergraduates = 30.5 credit hour error)

	˺ Divided by average credit hour load of new un-

dergraduate students (e.g., 6.42 average load in 
fall = 5 student error)

Step 8. Present Results
In Table 4, the actual enrollment for the timeȩame is 
presented. Compare each model for the population. The 

current approach should be included to ensure that the 

new models outperform the current models.

For each column in Table 4, Ĳll in the model details, 
including population, timeȩame, and adjustments made 
(such as lagging or weighting). Then, Ĳll in the estimate 
generated by the model as well as the error (diȬerence 
between estimate and actual). The correlations and p-val-
ues, as available, can also be added in the Ĳnal summary 
rows. In the last summary row, when the absolute value 

of the diȬerence (i.e., ignoring whether the result is 

positive or negative) is less than the error threshold, the 
estimate is considered practically signiĲcant. The Ĳnal 
row summarizes the number of times the estimate was 

practically signiĲcant during the years attempted. At our 
institution, for the model to be considered to have practi-

cal signiĲcance for projecting enrollment, we looked for 
models where the majority of estimates were successful.

Step 9. Compute Additional Estimates
This example describes a method to compute fall head-

counts for each population (new/continuing, graduate/

undergraduate). Yet enrollment projections are likely 

	TABLE 4 ➤	Comparison of Model Estimates to Actual Enrollment With Accuracy Results

Term Actual

Population, 

Timeframe, 

Adjustments

Population, 

Timeframe, 

Adjustments

Population, 

Timeframe, 

Adjustments

Population, 

Timeframe, 

Adjustments

Population, 

Timeframe, 

Adjustments

Est. Error Est. Error Est. Error Est. Error Est. Error

Fall 2016

Fall 2017

Fall 2018

Fall 2019a

Correlation

p-value

$X Error /3 /3 /3 /3 /3

a	 Upcoming term
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needed for credit hours as well as for all terms. Two 

approaches could be used: First, repeat the ȩamework 
approach presented above for each term for headcount 

and again for each term for credit hours. Because four 

groups were tested each using four models, the 32 total 
groups at this institution needing four models each re-

sults in just over 100 models that needed to be tested. 
Given time constraints, it was desirable to use trend 

analysis to Ĳll in the estimates for the remaining terms 
and outputs (i.e. credit hours). Table 5 shows an X in 
the cells in which steps one through eight (above) were 
used to generate estimates. Then, additional trend anal-

yses were used to Ĳll in the remaining blanks. The accu-

racy of this approach was then tested and summarized, 

as described in step seven.

Conclusions

Enrollment projections are complex. As Perez-Vergara 

(2019) shows in the review of some 200 articles, a few 
dozen theories are used to predict enrollments. Under 

these theories, numerous methods are used, ȩom trend 
analysis to regressions to data mining approaches. The 

input variables also vary, ȩom institutional factors like 
cost and ranking to regional factors like unemploy-

ment and entry-level wages, to personal factors about 

students, such as their test scores and parent income. 

That said, institutions need a practical way to create and 

compare enrollment projections each year. This paper 

provides a ȩamework for comparing enrollment pro-

jections in light of theory and alternative methods using 

available data and simple approaches.

The ȩamework outlined in this paper was utilized 
by a small, private non-proĲt business college to com-

pare enrollment projection approaches and accuracy. 

Using the best performing model for each population, 

a projection for the upcoming year was selected. Finally, 
as teams met to review estimates with marketing and 

other units, it was relevant to discuss qualitative fac-

tors and other important trends; oȯcers responsible 
for budgeting accept or adjust the oȬered projections.

Limitations

More advanced data and methods can be used to project 

enrollment. Ideally, researchers use the best data and 

methods to calculate broader higher education enroll-

ment projections. For individual institutions, it is more 
likely that many staȬ will need to use available data and 
methods to generate reasonable enrollment estimates.

While cleaning output data, student enrollments re-

lated to deactivated programs may need to be removed 

ȩom datasets. New program enrollments may also need 
to be reconsidered as unnatural shiȪs in enrollment 
may skew results. In other words, data may need to be 

smoothed to make models more accurate.

Finally, testing models can be accomplished using 
more sophisticated techniques than those outlined here. 
For example, when building a model, it is typically pref-
erable to use more rather than fewer data points. But 

because of diȬerent impacts over time, this paper fo-

cuses on using only the most recent few years of data to 

predict enrollments. The ideal way to test model perfor-

mance is to save the most recent data to use as test data 

but not to use them in building the model. Ultimately, 

the practical signiĲcance of these models lies in their 
meeting error thresholds for the budget, regardless of 

correlations or p-values.

	TABLE 5 ➤	Summary of Selected Estimates for Enrollment Projections

Term

Headcounts Credit Hours

Undergraduate Graduate Undergraduate Graduate

New Continuing New Continuing New Continuing New Continuing

20xx/Fall X X X X

20xx/Winter

20xx/Summer
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Oddly, a test of a model’s accuracy is not necessarily 

how close the projection was to actual enrollment. For 
example, a projection model may have been accurate in 

accounting for several forces shaping enrollment, but an 

internal recruitment strategy added the last two weeks 

of the enrollment period may have performed better 

than expected, causing enrollment to increase markedly 

such that enrollment projections based on all other un-

accounted factors are still aȬecting enrollments.
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