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Evaluating the Impact of 
Entrance Awards on Yield Rates 
Using Machine Learning
By Alexander A. Ondrus and Ashmita De

NAIT Context
The Northern Alberta Institute of Technology (NAIT) is 

a publicly funded polytechnic institute located in Ed-

monton, Alberta, Canada which oȬers a combination of 

apprenticeship, degree, diploma, certiĲcate, and non-
credit programs to approximately 35,000 students per 
year. NAIT oȬers a wide variety of programming focused 
on the trades, applied sciences, health, and business.

THE RESE ARCH AGENDA

Entrance awards are Ʈnancial incentives oƬered to admitted students at or near 
the time of admission. These awards are a frequently used tool to enhance yield 

rates among post-secondary institutions, sometimes among speciƮcally-targeted 
populations. The impacts of these awards have been studied in many diƬerent 
contexts, using a variety of methods (Bartik, Hershbein and Lachowska 2021, 
Cornwell, Mustard and Sridhar 2006, Crowne 2022, Gurantz and Odle 2022). The 
most eƬective way to quantify the eƬect of entrance awards is to assign them 
randomly among qualiƮed applicants, and then compare the outcomes with the 
outcome of the group that was not assigned any awards. This method was used in 

(Firoozi 2022) but is not advisable in the authors’ regulatory environment. Therefore, 
this research compared the observed yield rate among students to the yield rate 
that was predicted using a machine learning model that was trained on data 

collected before the introduction of entrance awards. The predicted yield rates can 
be thought of as the behaviour of a “synthetic control group” that behaves as 
would be expected if no entrance awards were oƬered, allowing the researchers to 
measure the impact of the awards.
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The province of Alberta has 26 publicly funded post-
secondary institutions (Government of Alberta 2024), 
six of which are in the Edmonton area. Several of these 

institutes oȬer business programming, resulting in 
competition for the same pool of applicants. NAIT in-

troduced the JR Shaw School of Business (JRSSB) En-

trance Award for the Winter 2024 term to encourage 
more new domestic student enrollments. This award is 

available to all domestic applicants to the Bachelor of 

Business Administration (BBA, a 4-year degree) or Busi-
ness Administration (BUS, a 2-year diploma) programs 
who have a high school entrance average of 70 percent 
or greater. The award is $1000 (CAD), and eligible stu-

dents are oȬered the award shortly aȪer their admission 
oȬer letter.

Separate ȩom concerns about the ability to compete 
for new students, NAIT recognizes its role in overcom-

ing the legacy of colonialism and its impact on Indig-

enous populations in Canada. One of those impacts is 

lower postsecondary participation rates among Indige-

nous people. According to Colleges & Institutes Canada, 

Indigenous youth are just over half as likely (37 percent) 
to have completed or recently attended a postsecondary 

program as non-Indigenous youth (72 percent) (Colleges 
& Institutes Canada 2024). The Truth and Reconciliation 
Commission of Canada (2012) recognized this issue in 
its Calls to Action, speciĲcally call #11:

We call upon the federal government to provide adequate 

funding to end the backlog of First Nations students seek-

ing a post-secondary education.

In alignment with this call, NAIT introduced the 

Four Directions Entrance Award in Winter 2024. This 
$1000 award is for Aboriginal (First Nation [Status and 
Non-Status], Metis, and Inuit) students. Like the JRSSB 

Entrance Award, the Four Directions Entrance Award is 

oȬered shortly aȪer the admissions oȬer letter.

Related Work

Postsecondary institutes expect Ĳnancial aid to have a 
positive impact on enrollment. The eȬect of Ĳnancial 
aid on enrollment has been of interest to institutions 

for some time. A study of the HOPE program in the 

state of Georgia, which included a merit-based schol-

arship for students attending in-state colleges and a 

grant for those entering technical schools (Cornwell, 

Mustard and Sridhar 2006), showed an increase in total 
ȩeshmen enrollment in four-year public and private 
institutions across Georgia colleges. Similarly, a study 

(Bartik, Hershbein and Lachowska 2021) on the eȬect of 
Kalamazoo Promise, the Ĳrst major “place-based” schol-
arship program in the United States, also showed in-

crease in college enrollment and credential attainment 

with stronger eȬects in women. Another case study of 
a merit-based scholarship program of a U.S. univer-

sity’s Japan-based branch showed a higher yield rate 

for scholarship recipients compared to non-recipients. 

In this study, it was also concluded that scholarships 

were a likely factor in an increased yield for the most 

academically talented students (Crowne 2022). A study 
has also investigated the impact of post-admission mer-

it-based scholarships oȬered by selective colleges to at-
tract academically talented students before enrollment 

deadlines. It examines the eȬect on enrollment and 
graduation outcomes across students with varying so-

cioeconomic backgrounds. The Ĳnding showed that the 
scholarships increase enrollment among disadvantaged 

students but have minor negative impacts on the enroll-

ment decisions and degree attainment of advantaged 

students. The study thus suggested limiting eligibility 

for such scholarships by socioeconomic status (Firoozi 

2022). The eȬects of Florida’s Bright Futures (BF) merit 

aid program on college enrollment and degree com-

pletion have also been studied previously (Gurantz and 

Odle 2022). Even though this study did not Ĳnd any 
signiĲcant eȬect of Florida’s BF program on college 

enrollment, out-migration, or degree attainment, it 

suggested investments in need-based aid highlighting 

prior research that found that the need-based Florida 

Student Access Grant did indeed improve student out-

comes (Castleman and Long 2016).
Predicting enrollment using machine learning (ML) 

models is increasingly becoming a streamlined ap-

proach. There have been publications on using ML based 

methods for predicting enrollment (Shao, et al. 2022; 
Soltys, et al. 2021) and matriculation (Hansen 2020). 
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Similarly, NAIT uses a ML based method to predict the 

probability of enrollment for each individual student.

In literature, there have been several studies of 

the impact of Ĳnancial aid on enrollment, investigat-
ing causal relationships and the diȬerential eȬects on 
speciĲc demographic groups. As enrollment prediction 
with ML models is becoming more ȩequent among post-
secondary institutions, this paper compares the observed 

yield rate among admitted applicants to the predicted 

yield rate ȩom a ML model that had no entrance award 

information. Thus, the diȬerence between the predic-

tion and the actual observation highlights the impact 

of the entrance awards on NAIT’s enrollment yield rate.

Data

NAIT’s JR Shaw School of Business (JRSSB) oȬers two 
business programs, the Bachelor of Business Adminis-

tration (BBA, a 4-year degree) and the Business Adminis-
tration (BUS, a 2-year diploma). Each of these programs 
take new students in the fall, winter, and spring terms 

(in decreasing order of size). Both programs began of-

fering both the JRSSB Entrance Award and the Four 

Directions Entrance Award in the Winter 2024 term. 
To understand the beneĲts of these new Entrance 
Awards, the researchers compared the observed yield 

rate among students to the yield rate that was predicted 

using a machine learning model. To make comparisons 

between the predicted probabilities of enrollment and 

the observed yield rate, students who were admitted 

aȪer the machine learning probabilities were generated 
were excluded. To account for potential bias in the ma-

chine learning algorithm (details in the Analysis section 

below), the study also included students admitted to the 

Winter 2023 term (again, only those for whom proba-

bilities had been generated). This gave the sample sizes 

shown in Table 1.
The researchers gathered 27 variables for each of 

these students to ensure that the analysis was not inĳu-

enced by factors outside of the entrance awards. These 

variables consisted of demographic information (gender, 

age at term start, immigration status, minority status, 

etc.), admissions information (whether applicants had 

previously enrolled in NAIT programming, their high 

school entrance average, etc.), enrollment information 

(enrolled or not, full-time vs. part-time status, etc.), and 

the estimated probability of enrollment (the predicted 

yield rate).

Analysis

This section discusses how the researchers estimated 

the probability of applicants yielding using a machine 

learning model, identiĲed and compensated for bias 
in that model, and used the adjusted probabilities to 

estimate the impact of entrance awards on yield rates.

Machine Learning Model

Since the Fall 2023 admissions term, NAIT has imple-

mented machine-learning-based predictions for the 

number of new students each fall and winter term. This 

is done by using a machine-learning model to predict 

the probability that each applicant will enroll in any of 

the programs for which they have applied that term. 

Much of the motivation and ideas are similar (Han-

sen 2020), while the algorithms employed are diȬerent. 
The researchers trained models on 27 predictors, which 
consisted of demographic information (gender, citizen-

ship status, residency location, minority status, etc.) as 

well as information about the student’s application(s) 

(number of applications submitted, timing of applica-

tion, number of interactions with admissions, number 

of programs applied for, etc.).

When selecting an algorithm for modelling the data, 

the researchers had three primary considerations. First, 

as a publicly funded institution the researchers work in 

an environment with a strong focus on accountability. 

This increases the importance of model interpretability 

if they are going to be using these predictions to direct 

	TABLE 1 ➤	Sample Sizes

Term Entrance Award Received Sample Size

Winter 2024

Four Directions 15

JRSSB 119

No Award 135

Winter 2023 N/A 243
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activities. Second, the data structure is complex, and 

there are a wide variety of variable types. There are 

some (but few) numeric variables, but most of the data 

is qualitative with several variables having many levels. 
These considerations make tree or rule-based models a 

good Ĳt (Kuhn and Johnson 2013, 369). To combat the 
concern of instability in these models the researchers 

selected three diȬerent tree-based models, trained and 
tested each on historical data, and selected the one that 

performed best on the most recent past term. The three 

models considered were random forest as implemented 

in the randomForest package (Liaw and Wiener 2002), 
C5.0 as implemented in the C50 package (Kuhn and 

Quinlan 2023), and extreme gradient boosting as imple-

mented in the xgboost package (Chen and Guestrin 2016).
When generating the new student enrollment pre-

dictions for the Winter 2024 term, the researchers Ĳrst 
created a test/train split using data ȩom all winter 
terms 2014–2022, performed cross-validation param-

eter selection, and generated predictions for all Winter 

2023 applicants, which were validated against the actual 
results ȩom the Winter 2023 term. The most accurate 
model was C5.0, with a prediction accuracy of 87 per-
cent. Another C5.0 model was then trained using a 

test/train split on all 2014–2023 winter terms and used 
to generate probabilities of enrollment for all Winter 

2024 applicants.

Bias Adjustment

Individual classiĲcation trees are known to suȬer ȩom 
high variance (Hastie, Tibshirani and Friedman 2017, 
312), making them prone to over-Ĳtting. All the algo-

rithms listed above used some form of averaging (as in 

the case of the random forest) or boosting (as in the case 

of C5.0 and extreme gradient boosting). For a detailed 

treatment of these methods see (Kuhn and Johnson, Ap-

plied Predictive Modeling 2013, Ch. 13). The trade-oȬ 
of these methods to reduce the variance is that they 

increase the bias. For an excellent introduction to bias, 

variance, and model complexity see (Hastie, Tibshirani 

and Friedman 2017, 219).
The bias of this model means that probability pre-

dictions for a sample that is not representative of the 

population will have a consistent error. The sample that 

researchers were interested in was:

	˺ Students admitted to the BUS or 

BBA programs in Winter 2024

	ɬ These are only two of the nearly 

80 programs that NAIT oȬers

	˺ Domestic students

	ɬ The model was trained for both domes-

tic and international students

	˺ Students who were oȬered entrance awards

	ɬ For the JRSSB Entrance Awardees ȩom 
high school, these students will have 

high school grades higher than aver-

age (see Figure 1, on page 13)

The researchers also tested to see whether the stu-

dents in the data diȬered ȩom the general population 
in any of the following ways:

	˺ Age at term start

	˺ Concentrations (specializations) applied for

	˺ Portion of local applicants (i.e. applied 

ȩom within the City of Edmonton)

	˺ Portion of in-province applicants (i.e. applied 

ȩom within the Province of Alberta)

	˺ Gender

The researchers did not Ĳnd any statistically signiĲ-

cant diȬerences between the sample they chose and the 
general population for any of these variables. There-

fore, when estimating bias for each of the three groups 

(Winter 2024 applicants with no entrance award, with 
the JRSSB Entrance Award, and with the Four Direc-

tions Entrance Award), the researchers needed only 

control for the program of application, the national 

status (i.e. domestic only), and the entering high school 

grade average.

The challenge was how to estimate the bias of the 

model for each group without contaminating the prob-

ability estimates for the Winter 2024 predictions, i.e. 

how to separate the error due to bias ȩom the impact 
of the entrance awards. To do this the researchers used 

a bootstrap procedure (Pruim 2018, 301) applied to the 
Winter 2023 applicant probabilities.
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	˺ For each group, draw a sample (with 

replacement) of domestic BUS and 

BBA applicants ȩom the Winter 2023 
data with the same sample size and 

distribution of high school grades.

	˺ Calculate the diȬerence between the 
average predicted probability and 

the yield rate for each group.

The researchers repeated this procedure 1,000 times 
and examined the mean and distribution of the errors 

ȩom step two. They saw that the distribution of es-
timates was normal for each group and calculated 95 
percent conĲdence intervals for the bias estimates.

When comparing the predicted yield rates to the 

observed yield rates for each group, the researchers 

added these bias estimates (with conĲdence intervals) 
and used the adjusted probability estimates to determine 

the impact of entrance awards.

Synthetic Control Group

Once researchers know the appropriate bias estimate 

to use to adjust yield probabilities, the predicted prob-

abilities function as a “synthetic control group.” Recall 
that the machine learning model was trained on his-

torical data that did not include entrance awards, so the 

adjusted probability predictions form the best estimate 

	TABLE 2 ➤	Summary Statistics 
for Bias Estimates by 
Entrance Award Status

Entrance Award
Bias Estimate 

(%)

95% CI  
(%)

No Award 13 7, 19

JRSSB 6 -1, 12

Four Directions 7 -10, 24

	 FIGURE 1 ➤ Distribution of High School Entrance Averages by Entrance Award Status
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for how those students would have yielded without the 

awards. Thus, to estimate the impact of the awards re-

searchers compared the adjusted predicted yield rate 

to the observed rate for the Winter 2024 term for each 
group. They did this by Ĳrst calculating the mean pre-

diction, then adding the bias estimate for that group (as 

well as the 95% CI), and then comparing. The results of 

this calculation are shown in Table 3.

Results

The students who were awarded a JRSSB Entrance 

Award yielded at a signiĲcantly higher rate than pre-

dicted, while those students who either did not receive 

an entrance award or received the Four Directions 

Entrance Award yielded at a rate within the predicted 

range. The impact of the JRSSB Entrance Award was 

dramatic, with the observed yield rate 14 percent higher 
than the upper bound of the prediction range.

To make the results more tangible, the researchers 

translated them into headcounts by applying the pre-

dicted yield rates to the number of admitted students in 

each category (those not oȬered awards, those oȬered 
the JRSSB Entrance Award, and those oȬered the Four 
Directions Award) (see Figure 3).

	TABLE 3 ➤	Predicted and Observed Yield Rates by Entrance Award Status

Entrance Award
Predicted Yield (%)

Observed Yield (%)
Unadjusted Adjusted 95% CI

No Award 46 59 53, 65 56

JRSSB 65 71 65, 78 92

Four Directions 63 70 54, 87 73

	 FIGURE 2 ➤ Distribution of Bias Estimates by Entrance Award Status
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This representation makes it clear that the Four Di-

rections Award did not have suȯcient sample size to 
make a conclusive statement about its impact. The num-

ber of students who did not receive an entrance award 

and yielded into the BUS or BBA programs was within 

the predicted range, which is as expected. Among stu-

dents who received a JRSSB Entrance Award, this anal-

ysis shows that the impact of the award was that an 

additional seventeen to 32 students enrolled who oth-

erwise would not have. For context, this means that the 

JRSSB Entrance Award increased the total domestic new 

intake for the Winter 2024 term by between 5 percent 
and 9 percent.

Conclusions and Discussion

This study aimed to examine the impact of entrance 

awards on yield rates in NAIT’s business programs in 

the Winter 2024 term. The researchers found that, aȪer 
adjusting for model bias, the observed yield among stu-

dents who were oȬered a merit-based JRSSB Entrance 
Award signiĲcantly exceeded predictions. They were 

further able to quantiȫ the impact the entrance awards 
had on yield rate by comparing observed and predicted 

headcount, estimating that the award induced an addi-

tional seventeen to 32 students to enroll in the business 
diploma and degree programs. The researchers were not 

able to observe a signiĲcant increase in the yield rates of 
applicants who were oȬered a Four Directions Entrance 
Award (awarded to all Indigenous applicants), due to a 

small sample size. They also saw that the yield rate for 

students who did not receive an entrance award fell 

within the predicted range. These results are of great 

interest to the institution as it considers the future use 

of entrance awards.

One historical limitation of such studies is the lack 

of a control group to make comparisons against. For 

example, Crowne (2022, 455) states that:

The analysis of yield of merit-based scholarship recip-

ients and non-recipients alone does not account for a 

student’s likelihood, or propensity, to enrol at a partic-

ular university. This can bias the results of the impact of 

	 FIGURE 3 ➤ Predicted and Observed Head Counts by Entrance Award Status

Note: Error bars indicate predicted headcount for each status
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