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Abstract: 

This paper examines the early admissions process for undergraduate enrollment.  As it stands, 

many elite colleges and universities offer early admission opportunities.  Financial circumstances 

and social privilege may substantially impact a student’s decision to take advantage (or 

disadvantage) of a university’s early admission offering.  Using econometric methods, I explore 

which characteristics of students are most significant in determining whether they apply through 

an early admissions process.  In addition, early admissions programs may significantly alter the 

composition of a college’s incoming class from what it would otherwise be.  Ultimately, my 

empirical results provide evidence that financial concerns significantly impact a student’s 

probability of utilizing an early admissions mechanism.  Additionally, I find results indicating 

that students accepted through early admissions do not face significantly different financial aid 

outcomes.  In this sense, there is a discrepancy between the actual and perceived costs of early 

admissions programs. 

 

I. Introduction 

 As undergraduate institutions continue to compete for superior applicant pools, early 

admissions programs have emerged as an important and widely used mechanism.  As it stands, 

higher education institutions may utilize either a binding early decision application, a non-

binding early action program, or both (Avery, Fairbanks, and Zeckhauser, 2003).  During the 

2015-16 application process, 80% of U.S. News’ top 50 universities and 96% of top 50 liberal 

arts colleges made use of an early admissions procedure (this figure changes to 91% for 

universities when excluding the University of California system and 100% for liberal arts 

colleges when excluding US Military and Air Force Academies) (U.S. News 2016).  In recent 

years, institutions have also began increasing the proportions of their classes accepted through 

early admissions, causing regular decision pools to become more competitive (Common Data 

Set).  In a study of 64 prominent institutions offering early decision in 2015-16 admissions cycle, 

it was found that, on average, 39% of enrollment share was via early decision (Washington Post, 

2015). 

 Over the last decade, opinions have been split among institutions concerning the value of 

early admission programs and their fairness, with prestigious universities like Harvard and 

Princeton deciding to terminate their early action programs in 2006 (Finder and Arenson).  
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However, both universities revived their early action programs for the 2015-16 admissions cycle, 

introducing “restrictive” early action, in which students who take advantage of the program may 

not apply early to other institutions (Harvard Admissions, Princeton Admissions 2016). 

 Up to this point, relevant research has explored the competitiveness of early admissions 

applicant pools (Avery, et al.), and the types of factors that affects a student’s decision to utilize 

early admission (Park and Eagan, 2008).  In addition, much investigation into the workings of 

high school placement systems has been done, resulting in the creation of application algorithms 

which optimize placement of students to preferred schools (Roth et al 2005).  However, to my 

best knowledge, there is a lack of research exploring the financial implications of the early 

admissions process for students using directly observed financial data.  Specifically, I study 

whether students perceive an opportunity cost to applying early decision, as they forego 

potentially better financial aid packages during the regular decision application round.  In 

addition, I compare actual financial outcomes between students who did or did not apply early to 

their attended university. 

This paper details my studies of the above questions and is structured as follows:  Section 

II offers a summary of relevant research on early admissions programs and student to school 

matching theory, Section III presents my raw data and outlines the different models, Section IV 

presents and analyzes the regression results, and Section V discusses implications and limitations 

of the research while offering possibilities for future research. 

 

II. Literature Review 

 Policy researchers have studied the types of students who utilize early admissions.  

during the last decade.  Additionally, economists and other researches have studied university 

admissions as a search and matching process, considering how early admissions offerings impact 

the application decisions of students.  However, there is an absence of research with regards to 

the financial implications of early admissions programs.  From the perspective of students, there 

is a potential advantage to foregoing early applications, as foregoing a binding commitment to a 

school may allow a student to “shop” for a better financial aid package during regular decision.  

On the other hand, universities may have incentive to offer better financial aid packages to 

regular decision admits to increase yield rates, or “poach” higher quality applicants from 

competing colleges.  Garnering as thorough an understanding of the early admissions market is 
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of growing importance, as many elite colleges and universities continue to expand early 

admissions options and decrease shares of total enrollment through regular decision (US News). 

 Historically, several ivy institutions first introduced early action and early decision 

programs in the 1950’s to attract the best students over competing universities (Avery et al., 

2003).  While on the surface, the programs add another option for prospective students, 

controversy has surrounded these programs under allegations that, in effect, they simply assist 

students with greater financial and educational resources.  This reasoning stems from the fact 

that because students who enroll through early decision are compelled to attend the school 

regardless of the financial aid package offered, then students who are concerned with their ability 

to afford their undergraduate studies will be deterred from applying early decision (Lucido, 

2002).  This effect may be intensified for minorities.  The Journal of Blacks in Higher Education 

finds that Black students often avoid early decision, citing inability to compare financial aid. 

Many institutions have responded to this by offering early action programs, in which 

students may submit a non-binding application in an early application round to indicate interest 

in the college.  However, there are still concerns that early action programs are utilized 

disproportionately by students from more well-resourced schools.  Specifically, students who 

have access to both public and private college counselors are significantly more likely to utilize 

either an early action or early decision program, indicating that the student has greater social 

capital than the average high school senior (Park and Eagan).  In 2006, Harvard and Princeton 

ended its early action programs, citing a commitment to a fair playing field for students in the 

admission process (Finder and Arenson).  Recently, both institutions have rescinded this pledge, 

offering restrictive early action in 2015-2016, in which students may not apply early to any other 

school should they apply to the program (Harvard Admissions, Princeton Admissions).  This 

leaves us to question how the value of early admission has evolved for institutions in the 

previous decade, especially with the increased ease of application to many colleges in recent 

years.  Application numbers are increasing at a faster rate then applicant numbers, which has 

resulted in lower regular admission rates, and yield concerns for institutions.  Amidst these 

increasing application figures, early admissions programs can offer an opportunity for students 

and colleges to reveal less noisy preferences (Avery and Levin 2009). 

There has been some research into how students decide between which colleges to apply 

to.  Chao Fu (2012) finds evidence that prospective students perceive the college application 
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process as a portfolio problem, and seek to diversify the types of colleges they apply to, while 

they generally avoid applying to multiple institutions with similar attributes.  This may help 

explain why many students apply to a single “safety school,” or a school they are very likely to 

be admitted into, as well as a “reach school,” or a school they are usually underqualified for. 

 Avery et. Al (2001) characterize several of the advantages conveyed to a student who 

applies early.  On a more qualitative note, students can gain earlier knowledge of acceptance, 

allaying much of the stress involved with regular decision applications.  However, there are more 

direct admissions advantages.  Early applicants are significantly more likely to be accepted than 

regular applicants of similar caliber.  Also, on average, early applicants come from wealthier 

backgrounds and are more informed on the college admissions process.  At 14 of the most elite 

institutions in the U.S., Avery et al. contend that applying through early action or early decisions 

programs carries an advantage in admissions equivalent to an approximately 100-point increase 

in SAT score. 

While the study presents evidence that the economically and socially advantaged 

disproportionately utilize early admissions programs, it does not investigate potential advantages 

of an early admissions mechanism for universities as well as prospective students in aggregate.  

In theory, early admissions programs offer an opportunity for a student to credibly signal interest 

to an institution, allowing for prospective students and colleges to more optimally match with 

one another.  (Avery and Levin).  However, Avery and Levin find an equilibrium under an early 

decision environment in which the final matching of schools to students is less optimal than the 

equilibrium under no early admissions.  In their research, it is assumed that any application path 

is costless.  Adding financial burdens to this model could potentially change the equilibria.  

Search and match theory as well as controlled school choice has provided the foundation 

to study how early admissions programs may improve the student-to-school matching process 

through such signaling of interest.  Controlled school choice is a relatively recent field of 

economics that hopes to study the mechanisms that match students to schools.  Much of the 

literature to this point has explored either the fairness and consequences of affirmative action 

policies (Hafir et al, 2013) or the effectiveness of matching programs in local high school 

systems.  To my best knowledge, there is yet to be research into how early admissions programs 

may affect the search and match process for prospective students and universities.  Creating the 
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structure of such a model is outside of the scope of this paper, though I find this to be a very 

intriguing potential topic of research. 

III. Data, Methodology 

CFS Data:  

To execute on the econometric portion of my study, I make use of The Freshman Survey 

(TFS) compiled by the Cooperative Institutional Research Program (CIRP), which collects data 

from over 300,000 college freshmen on a year-by-year basis.  The survey asks the freshmen a 

wide array of questions regarding their habits, opinions, high school involvement and 

socioeconomic background.  For this study, I restrict my analysis to the 2006 survey.  Summary 

statistics for this dataset are provided in Appendix 1. 

CFS Main Response and Independent Variables 

The dependent variable originates from The Freshman Survey, in which students respond 

whether admission to an early admissions program was “not important,” “somewhat important,” 

or “very important” (coded as 0,1, and 2, respectively) to their college decision.  I maintain this 

variable as is, but I also code a binary early decision variable with value 1 if the early importance 

variable is equal to 2 and value 0 otherwise.  While this early decision variable certainly has 

inaccuracies, it still can serve as a proxy to students who heavily consider early decision versus 

those who don’t, and allows for binary regression analysis. 

I create four independent variables that relate to a student’s financial situation.  I code a 

binary variable (Financial Concern) indicating if a student has major concerns with their ability 

to finance college, another binary variable (Good Financial Aid) indicating if a good financial 

aid package was a very important factor in their college decision process.  The other two 

financial independent variables (Job to Pay for College, Job Hours Per Week) are coded as 

follows:  Job to Pay for College is an ordinal variable (values 1-4) representing how likely a 

student is to find a job to help pay for college, with 4 indicating “very good chance”, and 1 

indicating “no chance”.  Job Hours Per Week simply reports the hours per week a student spends 

at their current job, if any.  Perhaps surprisingly, these two variables have a relatively low 

correlation ( = 0.1904).  I hypothesize that many of the students who currently work may have 

different reasons for their jobs, such as helping to support their family, and that many students 

who do not currently work plan to find a job to help fund their education. For the scope of my 

research, I simply dismiss multicollinearity concerns and admit both covariates into the models. 
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Alongside the independent variables, I include five variables that may be associated with 

a student being forward-looking with regards to their undergraduate education.  The first of these 

variables, Talk to Teachers Outside of Class HPW, tallies the hours a student reports talking with 

teachers outside of class.  The following four variables are binary.  Graduate School Plans 

indicates if a student is planning on pursuing a graduate level degree or higher.  Attending 

College to Learn is equal to 1 if a student sees gaining a strong education and general 

appreciation of ideas as a very important reason to attend college.  Similarly, College for Career 

is equal to 1 if a student believes getting training for a specific career is a very important reason 

to attend college.  Finally, Counselor Assistance takes value 1 if a student received significant 

assistance from a high school counselor during the college admissions process.  None of these 

five covariates have correlation greater than 10%.  I anticipate these variables will have a strong 

positive relationship with importance of early admissions to the student, as a forward-looking 

student may likely be more involved in their college applications from an early stage and might 

place heavy consideration on early admission opportunities. 

CFS Control Variables 

 I first create two variables to control for whether the college attended is very selective 

and/or public.  Next, I estimate household income by taking the simple midpoint of each income 

range given, and top-coding those who make more than $250,000 a year.  For this reason, I keep 

household income as a control instead of a financial variable of interest.  I also control for if the 

student is first-generation, as this may adversely affect their knowledge of early admissions 

opportunities.  To control for student ability, I include SAT scores and High School GPA.  To 

allow for different attitudes between majors, I add dummies for each area of general study 

(STEM, Social Sciences, Humanities, Pre-Professional, Undecided is excluded).  Finally, I 

include simple controls for demographic characteristics (gender, race, national region).  The data 

indicates a large sample of each major national region, although I caution generalizing these 

results to the entire nation, as the sample still may be restricted to high schools that are not 

properly representative of the entire country.  Each of these groups of controls were found to be 

jointly significant at the 5% level upon employment of F-Tests. 

CFS Model Overview 

In my first regression, I model importance of early admission to a random prospective 

student as a function of financial concerns, forward-looking behaviors, and student-specific 
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controls.  In my initial regression, I leave this dependent variable as an ordinal variable to utilize 

an ordered probit regression.  Suppose importance of early admission to student i is determined 

as follows: 

(i) 
∗ = + + + +  

In (i), ∗ is a continuous dependent variable that represents the importance of early 

admissions to student i as a function of student financial characteristics/concerns ( ), forward-

looking behaviors ( ), student-specific controls ( ), and homoscedastic error ( ).  However, 

we do not observe  ∗, but instead observe , which has values 0, 1 and 2. Then, given our 

independent predictors, the ordered probit model generates coefficient estimates, as well as cut 

points, a and b, for which: 

=
0,            ∗ ≤
1,    < ∗ ≤
2,            < ∗

 

Ordered probit is a popular model for outcomes involving an ordinal dependent variable, 

which is the case for our importance of early decision dependent variable. 

In the model, I choose to incorporate several student-level controls, including gender, 

race, family income, and geographic location.  Additionally, I consider several items included in 

the College Freshmen Survey which may be indicative of a student’s knowledge of and ability to 

navigate the college admissions process, as well as variables that further indicate financial 

leverage of a student.  This includes whether the student is first generation, if they plan to seek 

graduate school education, hours they spent working while in high school, importance of advice 

from a college counselor, intended major category, and personal importance attributed to 

academic success. 

Due to the structure of this regression, our interpretation of coefficients changes as well.  

For this study, I will subtract the value for Cut 2 ( ) from Cut 1 ( ), where Cut 1 ( ) represents 

the threshold between the early importance variable having value 0 and 1, whereas Cut 2 ( ) 

represents the threshold between the early importance variable having value 1 and 2.  For each 

explanatory variable, I divide the range between the two cuts an explanatory variable’s 

coefficient to determine what value the explanatory variable would have to change to “jump” the 

threshold between Cut 1 and Cut 2.  This reported value may exceed the range of possible values 
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for the independent variable in question, but it still provides an interpretation of the degree of 

influence that the explanatory variable has. 

I also consider a logit model involving the same independent variables as in regression 

(i).  However, I use the binary variable that proxies for whether a student applied early decision. 

I then model random student i’s probability of attending a school through an early decision 

application as follows: 

(ii) 

ln 








i

i

1
= + + + +  

 In regression (ii), i  represents the probability that student i attends a school through an early 

decision application, as a function of the same covariates as described in regression (i).  Again, we should 

be careful with interpreting model coefficients, as the data generating process is not linear.  In analyzing 

the regression, I choose to set a baseline probability of 0.5 of attending a school through early decision, 

and evaluate the effect of a change in variables of interest, denoted , using the following formula: 

∆ i = ∆ ∗ ∗ 0.5  

NLSY Data:  

I also analyze data from the 1997 National Longitudinal Survey of Youth (NLSY 97), a 

longitudinal survey of 8,984 youths who were 12 to 16 years old at the beginning of 1997.  I 

specifically look at the college choice series of the survey, administered between 2003 and 2005 

to respondents born in 1983 or 1984 who had completed 12th grade at the time of interview.  The 

survey collects much information of interest, including date and result of each college 

application, financial aid received, loans taken out, and amount student is expected to pay out of 

pocket for school.  Additionally, the survey collected relevant information on family background 

(income, poverty-ratio, race, parental education level), as well as student characteristics 

(weighted HS GPA, SAT/ACT score).  While names of colleges and student areas of residence 

are kept confidential, this survey contains a rich degree of detail concerning the financial 

outcomes of a student’s college application process.  Summary statistics for this dataset are 

provided in Appendix 1. 

 The NLSY data allows us to more directly compare financial outcomes for students who 

apply for early admissions versus those who apply to the regular decision cycle.  In my models, I 

seek to determine if students who apply early are expected to pay more money out of pocket for 
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their education expenses.  Also, I analyze whether applying early or being accepted to more 

colleges affects the quality of financial aid package the student ultimately receives.   

NLSY Main Response and Independent Variables 

 My first dependent variable represents the total cost of education per term for a specific 

student and is comprised of two survey items.  The first component it derived from the following 

survey item: “How much did you pay out of your own pocket from earnings or your own savings 

to attend this school/institution?”  The survey also includes a dummy variable indicating if 

students had to pay anything out of pocket from their own earnings, and I input those who 

responded “No” as “0” into missing observations from the previous item.  The second item asks, 

“Other than assistance you received from relatives and friends, how much did you borrow in 

government-subsidized loans or other types of loans while you attended this school/institution 

this term?”  I add together the amount of a student’s loans with their out of pocket expenses to 

arrive at the student’s estimated “Total Cost” for the term.  Using this variable, I gain insight into 

the financial burden of college that is specific to the student. 

 To generate my next dependent variable, I pulled data from a question requesting how 

much financial aid the respondent received from their institution during the specific term in 

question.  Student responses to this item are represented by my “Total Aid” variable.  

Unfortunately, the data does not provide the college attended, so I am unable to gather specific 

tuition data.  However, I subtract the loan variable from the financial aid variable to create an aid 

differential variable, providing a measure of the net financial burden upon a student attending the 

institution.  In assessing the distribution of this differential, I find that it is heavily skewed 

towards zero, as many students report neither receiving financial aid nor incurring any personal 

cost.  I decide to restrict my comparison of aid-to-cost differentials to students who either 

received some form of financial aid or who had to take out a loan to investigate the share of 

education cost a random student can be expected to bear when such a cost exists. 

 For primary independent variables of interest, I sought to identify early decision students 

as accurately as possible and to measure the number of schools to which a student was accepted.  

NLSY 97 provides data on the application dates and application outcomes of prospective 

students.  I identify an “early application” as one sent after August 30th and before November 

30th.  If a student was only accepted to one institution, and did not submit any applications after 

November 30th, I consider this to be an early decision student.  Note this definition is far from 
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perfect.  An area for future exploration would be to gain access to names of the institutions 

applied to, and to record if the college had an early admissions program in place during the year 

of the student’s application.  However, for exploratory research, my definition serves as a decent 

proxy for students who attended their college through early decision.  To create my “number of 

acceptances” variable, I simply count each acceptance per student. 

 One initial concern with using an early decision dummy variable and number of 

acceptances in the same regression is that, from my definition, an early decision student is 

guaranteed to also have one acceptance implying collinearity between the early decision variable 

and the number of acceptances variable.  While I do not directly address this concern, I find that 

many regular decision students are only accepted to one institution, resulting in a relatively mild 

correlation between early decision students and students accepted to one school ( = 0.2154).  

For my analysis, I have interest in evaluating both the effects of binding commitment as well as 

number of offers on expected financial outcome in the college education market, so I choose to 

leave both variables in the regressions despite collinearity concerns. 

NLSY Control Variables 

 To control for quality of applicant, I include the student’s weighted high school GPA, as 

well as SAT or ACT scores converted to percentiles.  If a student reports scores for both tests, I 

keep their highest percentile, assuming this is what was reported in applications.  While the 

weighted GPA and test scores are quite correlated ( = 0.5314), they both provide core 

components of a student’s application and vary enough to keep as controls.  These variables 

should have a positive relationship with financial aid received, as a higher quality student can be 

expected to receive better financial aid packages from the same institution than a lower quality 

student would.  For analogous reasons, I expect the variables should have a negative relationship 

with total cost of education. 

 Moreover, I include several demographic, socioeconomic, and college-level controls.  

This includes gender, race, household income, poverty ratio, whether the student is attending 

school full time, and if the attended school is public.  I note that poverty ratio is partially 

determined by household income, but include both variables to control for as much variation as 

possible, since I do not seek to interpret their coefficients.  Despite having significantly different 

education expenses than full time students, I include part time students in the regression to keep 

my sample more representative of all income brackets who engage in the college application 
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process.  Figure 1 displays the differences in average socioeconomic status between full time and 

part time students as well as private and public school students. 

 

Figure 1: Poverty Ratio and Household Income Averages 

NLSY Missing Observations, Outliers 

 Unfortunately, the college choice NLSY survey rounds contain a large amount of missing 

data, manifested as either item nonresponse or unit nonresponse.  Item nonresponse arises when 

a subject is involved in a particular round of the longitudinal survey but leaves a question 

unanswered, whereas unit nonresponse occurs when an individual does not participate in an 

entire round of the survey (De Leeuw, 2001).  As argued by De Leeuw, if observations or items 

are missing in a systematic fashion, then my random sampling assumptions no longer hold and 

regression results will be biased.  Within the realm of my study, such bias might occur if, for 

example, students who had less success in the college search process were more likely than 

others to leave items unanswered. 

 To correct for missing observations, I employ two techniques.  For demographic 

variables, such as race, gender, and parental education status, I pull data from the last year 

forward, if available.  For each variable mentioned, I assume there is no change in value for these 

variables from year to year.  However, after this imputation, there are still many missing 

observations for the poverty ratio of a student’s family and a student’s test score/s.  To 

significantly reduce missing observations in my regressions, I impute student test percentiles and 

poverty ratios using predictive mean matching (pmm) imputation, which properly imputes semi-

continuous variables (both test percentiles and poverty ratios are bounded) while preserving 

original data distributions (Vink et al., 2014).  Predictive mean matching utilizes linear 

regression of non-imputed explanatory variables to impute a value drawn from a set of n 

observations whose corresponding predicted values are closest to the initial predicted value 

generated.  Using this method, I reduce concerns of bias due to missing data. 

 There are also missing observations for my response variables (student financial aid and 

education cost outcomes).  However, since I seek to use my independent variables to predict 
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student financial aid and education cost outcomes, it is counterintuitive to predict several of these 

data points using imputation methods and many of the same independent variables as are present 

in the regressions.  As such, I choose to only include observations with complete responses to 

either financial aid outcomes or cost outcomes. 

 I remove several outliers and/or problematic observations from the data.  The process for 

this is relatively straightforward:  if a student reports having weighted GPA above 5 or below 1, I 

remove their observation.  If a student reports financial aid or education costs totaling over 

$25,000, I remove the observation under the assumption that the student is not reporting the 

proper value for a single term.  Last, I drop students who were not accepted to any schools. 

NLSY Model Overview 

 Using the variables generated from the NLSY 97 data, I perform two sets of regressions.  

The first set of regressions model the impacts of an early decision acceptance and the number of 

total college acceptances on a student’s financial aid outcomes.  Initially, I model random student 

i’s total financial aid as follows: 

(iii) 

= + + + +  

In (iii),  is a semi-continuous response variable indicating the nonnegative amount of aid 

student i is expected to receive as a function of being an early decision applicant ( ), their 

number of acceptances ( ), controls for student ability, demographics, socioeconomic status, 

and education-type ( ), as well as a term for homoscedastic error ( ).  This regression follows 

a typical OLS format.  After employing a Breusch-Pagan test, I decide to compute robust 

standard-errors, as non-robust errors fail the non-heteroscedasticity assumption. 

 As the distribution of errors in (iii) is not normal, I run the Box-Cox transformation test 

and determine that a log-linear model likely offers a better fit to the data.  Due to the large 

number of 0 values for Total Aid, I cannot simply take the natural log of the left-hand side.  

Instead, I utilize an alternative, the inverse hyperbolic sine (IHS) transformation, which behaves 

like a natural log transformation while mapping 0 values to 0 (Johnson, 1949).  This yields the 

following model: 

(iv) 

ln ( + + 1  ) = + + + +    
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In regression (iv), I use the same variables as in (iii), but transform the LHS to normalize 

the distribution of errors.  It is important to note that this regression changes our interpretation of 

the coefficients of interest.  One downfall of this approach is that the interpretation of 

coefficients is relatively convoluted, though I can still assess the significance of each explanatory 

variable. 

 The second set of NLSY 97 regressions are analogous to the regressions (iii) and (iv), but 

now I replace the Total Aid variable with Total Cost ( ): 

(v) 

= + + + +  

 

(vi) 

ln ( + + 1  ) = + + + +    

 Like regression (iii), regression (v) is computed with robust standard errors, as was 

determined to be prudent after running the Breusch-Pagan test.  It is also apparent that (vi) is the 

IHS transformation of (v), first because the Box-Cox transformation test again determined that a 

log-linear model was most appropriate, and because Total Cost is inundated with many 0 values, 

necessitating the IHS transformation. 

 Along with each set of regressions, I predict the Aid Differential variable as a function of 

the same explanatory variables: 

(vii) 

= + + + +  

 Once again, a quick application of the Breusch-Pagan test reveals that simple OLS 

estimation of (vii) produces heteroscedastic errors, so I also compute robust standard errors here.  

This regression is indicative of the share of education cost that the school covers for a random 

student.  Higher predicted values of Aid Differential indicate the school is willing to shoulder 

more of a student’s anticipated education cost.  An aid-to-loan ratio was considered, but 

ultimately abandoned due to the large proportion of 0 values for financial aid, loans, and out-of-

pocket expenses. 
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IV. Hypotheses and Results 

CFS Regression Hypotheses 

 With regards to the CFS regressions, the coefficients on my financial concern variables 

and my forward-looking variables are of interest to my study.  I predict that the coefficients on 

the financial concern variables should be significant and negative, because if students perceive 

early admissions programs as being more costly than the regular decision circuit, then financial 

concerns should be associated with lower importance attributed to early admission (and 

subsequently, lower probability of attending school through early decision).  On the other hand, I 

expect the forward-looking variables to be positive with mixed significance, as students who are 

more thoroughly planning their education will be more knowledgeable of the early decision 

process.  While I anticipate that this knowledge will lead to increased importance of early 

admissions in a forward-looking student’s application decision, I hypothesize that the increase in 

knowledge could potentially lead a student to be more averse to early admissions opportunities 

depending on how they perceive its advantages and disadvantages, leading to mixed results. 

NLSY 97 Regression Hypotheses 

 The coefficients on Early Decision and Number of Applications are what I am interested 

in analyzing from the regressions on the NLSY 97 data.  I anticipate early decision to have a 

significant negative impact on a random student’s financial outcome.  In this sense, the 

coefficient would be negative when predicting Total Financial Aid and Aid Differential but 

positively related to a student’s Total Cost.  This could be attributed to institutions intentionally 

offering early decision students lackluster financial aid packages due to the students’ binding 

commitment to the school.  However, such results could also be due to students simply missing 

out on the ability to compare multiple financial aid packages during the regular decision cycle. 

 I expect coefficient signs on Number of Applications to be the opposite of those on Early 

Decision, although I do not anticipate the results being significant.  If a student has the privilege 

to compare more financial aid packages, it is reasonable to predict that, on average, their ultimate 

college choice will include a financial aid package preferable to what they would select if they 

could not choose from as many financial aid packages. 

CFS Regression Results 

 To test my hypotheses on the effects of financial concerns and forward-looking habits on 

a student’s application decisions, I conduct an ordered probit regression and logit regression as 
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detailed in the methodology.  Once I have controlled for student quality, socioeconomic status, 

major category, demographics, and geographic location, I explore the significance of my main 

dependent variables.  Results for my coefficients of interest are presented with standard errors in 

Figure 1 below.  Full results including controls are in Appendix 2. 

 

Figure 2: Ordered Probit and Logit Regression Estimates for CFS Data 

 Upon inspection of the ordered probit results, we see that all explanatory variables are 

found to be significant at the 1% level except for Financial Concern, which is found to be 

insignificant.  However, the logit regression finds every explanatory variable to be significant at 

the 1% level, including Financial Concern.  Additionally, both data generating processes produce 

the same coefficient directions for each independent variable of interest. 

 For the most part, the results are aligned with my hypotheses.  Each variable intended to 

represent a student’s emphasis on financial considerations is negative, except for Job Hours Per 

Week, whereas every variable associated with forward-looking behavior has a positive 

coefficient.  In this sense, there is strong evidence that a student who has larger financial 

concerns is less likely to place emphasis on early admissions applications, while a student who 
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exhibits behaviors associated with planning for the future is significantly more likely to attribute 

importance to early admissions in their college application process. 

 I seek to explain why, contrary to my hypothesis, a student who works more hours per 

week is significantly more likely to find early admissions important for their college decision.  

While there is still a possibility that a student who works more hours per week is likely to be 

more concerned with their finances, it is also possible that longer work hours from a student are 

indicative of concern for their future. 

Ordered Probit models provide an opportunity to evaluate how a student who is on the 

threshold between finding early admissions opportunities unimportant and somewhat important 

may differ from a student who is on the threshold of finding early admissions somewhat 

important and very important.  In a similar vein, logit coefficients can be interpreted to see how a 

change in the magnitude of an explanatory variable changes a student’s probability of attending 

their school from an early decision commitment from a baseline probability of 0.5.  Figure 3 

demonstrates how one should interpret the different regression coefficients in both the logit and 

ordered probit interpretations in this way. 

 

Figure 3: Interpretation of Coefficients for CFS Regressions 

 Ultimately, the results of both CFS regression specifications indicate that both students 

who exhibit more forward-looking habits and students under more financial duress may have 

significantly different likelihoods for utilizing early admissions mechanisms than baseline 

students.  The financial concern results thus provide evidence that students perceive early 

admissions programs to be costly compared with regular decision, perhaps because students can 



18 
 

choose between financial aid packages among colleges they are accepted to in the regular 

decision round.  As I proceed to analyze the NLSY regressions, I seek to evaluate if students 

who apply early should actually expect their education to be more costly overall. 

NLSY Regression Results: 

 To explore whether the hypotheses surrounding the NLSY college financing data may 

hold true, I compute the OLS regressions and IHS transformed regressions on Total Aid, Total 

Cost and Aid Differential as described in section III, controlling for student ability, 

demographics, socioeconomic status and education type.  The results of the regressions on 

coefficients of interest are depicted in Figures 4 and 5 below, with full regression results 

available in Appendix 2.  The Aid Differential regression is placed next to both the financial aid 

and the education cost regressions, as it is derived from both aid and cost components. 

 

Figure 4: OLS and IHS (“log” transformed) Regression Estimates for Financial Aid 

 

Figure 5: OLS and IHS (“log” transformed) Regression Estimates for Student Costs 
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 The results of these regressions are more mixed than those from the CFS data.    Among 

the financial aid regressions, only the coefficient on Number of Acceptances in the IHS 

transformed regression is significant at the 10% level.  It is also of note that the sign on number 

of acceptances is positive, indicating that students who received more college acceptances ended 

up getting more financial aid at their selected university.  This result is in tune with my 

hypotheses, as I expect that a student with more financial aid packages to choose from will likely 

accept an offer with more available financial aid than a student with less options.  I avoid 

interpreting the signs on the other coefficients due to their reported insignificance. 

 The total cost regressions report significant coefficients for number of acceptances in 

both the OLS and IHS transformed specifications, with the IHS coefficient being significant at 

the 1% level.  However, contrary to what I hypothesize, these coefficients are both positive, 

indicating that on average, a student with more acceptances ends up paying more for their 

education.  This result is of interest, particularly because the regression controls for student 

ability.  It is possible that a student with a greater amount of acceptances is more likely to accept 

an offer from an elite school, which could result in higher total education expenses than for a 

similar student who was accepted to fewer schools.  Thus, even if this student receives a more 

compelling financial aid package on average, they will still have to shoulder a higher education 

cost as well. 

 It is of interest that every coefficient on Early Decision is insignificant.  As indicated in 

Figures 4 and 5, each early decision coefficient is within one standard error of 0.  This provides 

evidence that a student who was accepted early decision was not likely to face a different 

financial outcome than a similar student who attended school through a regular admissions 

decision.  In this sense, there is an intriguing disparity between these results and those of the CFS 

regressions:  students may perceive early admissions programs to be costly, yet I do not find 

evidence suggesting that being accepted through early decision results in a more expensive 

college education.  Thus, while institutions may not be offering worse financial aid packages to 

students who are accepted early, students may still be avoiding the admissions advantages 

associated with an early application due to financial concerns. 

V. Further Considerations and Conclusion 

There are several limitations to keep in mind while assessing the results of these studies.  

Of primary consideration is the imperfect nature of the response variables.  As described in 
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section III, I do not actually observe whether a student was accepted through an early decision 

program, but instead proxy for this variable based on different survey items.  In this sense, the 

regressions may not actually be capturing the true effects of early admissions programs. 

Additionally, I was not able to perfectly observe the exact degree of a student’s financial 

concerns in the CFS data or the level of education expenses for students in the NLSY data.  

Through an application process, tuition data and identification of specific universities to which 

students applied in the NLSY data can be released to researchers.  With this data, I could 

potentially gain a much clearer picture of student financial burdens due to their college 

education, and I could also evaluate the differences in financial outcomes between more 

specified groups of universities.  With a similar application process, I can gain access to student 

residences (on a zip-code level).  Once given access to this data, I would could add several more 

important controls to the regression, including local high school characteristics.  Given the low 

pseudo-R2 values in the CFS regressions, these controls could increase the predictive power of 

my regressions. 

As a final limitation, there are potential endogeneity concerns.  This could be the case if 

unobserved factors that impact a student applying early or receiving more acceptances may also 

be correlated with financial outcomes in the NLSY data, or if similar unobserved influences 

impact a student’s degree of financial concern in the CFS data.  Such issues would necessitate an 

IV regression to help ensure nonbiased regression estimates.  This analysis is outside the scope 

of my thesis, because potential instrumental variables would most likely require more specific 

student level data. 

There are some other avenues for future research in relation to the results of this study.  

While the study attempts to isolate the effects of early decision admissions, the current college 

search and match market is more complicated.  As mentioned in the literature review, different 

institutions can offer either non-restrictive early action, restrictive early action or early decision, 

and the majority of top colleges provide at least one early admissions mechanism.  It would be of 

importance to distinguish the financial impacts of each of these three admission designs rather 

than review the entire system on aggregate. 

This study also avoids construction of a theoretical model of an early admission market 

with costs.  While Avery (2009) creates a game theoretic model of early action and early 

decision, he assumes a costless application process.  This study indicates that students potentially 
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receive a noisy signal of cost to applying early, which could impact market equilibriums.  While 

I do not have a thorough enough understanding of search and match theory to implement such a 

study, this is an area of great interest to me that I hope to explore later. 

 Ultimately, I find that students who practice forward-looking behaviors are more likely to 

indicate early admission being important to their college search process, whereas students who 

have greater financial concerns are less likely to utilize early admissions.  This suggests that 

students perceive a non-negligible cost associated with committing to an early application.  

Perhaps this is because a student believes they will receive a superior financial aid offering 

during the regular decision process.  However, I uncover evidence suggesting that students who 

are accepted through early decision are not likely to face significantly different financial 

outcomes with regards to their education.  This is indicative of a concerning mismatch between 

prospective student perception and reality.  Previous research finds that there are significant 

acceptance rate advantages associated with early applications.  Therefore, if financially burdened 

students are less likely to apply early, then wealthier students may disproportionately share the 

advantages of early applications, regardless of how financial aid outcomes differ between the 

early and regular decision cycles. 
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Appendix 1: Summary of Data 

CFS Data: 

 (1) (2) (3) 
VARIABLES N Mean Stdev 
    
Importance of Early 319,238 0.387 0.708 
Early Decision 319,238 0.132 0.338 
Financial Concern 349,151 0.642 0.479 
Good Financial Aid 323,233 0.366 0.482 
Job to Pay for College 315,687 3.115 0.949 
Job Hours Per Week (HPW) 325,969 8.003 7.843 
Talk to Teachers Outside of 
Class HPW 

326,854 1.664 2.422 

Grad School Plans 349,151 0.803 0.398 
Attending College to Learn 336,939 0.663 0.473 
Attending College for Career 336,240 0.665 0.472 
Received HS Counselor 
Assistance 

322,477 0.365 0.482 

High Selectivity College 349,151 0.506 0.500 
Public 349,151 0.424 0.494 
Estimated Income 306,910 101,263 70,550 
First Generation Student 338,303 0.179 0.384 
SAT/ACT Percentile 252,351 0.767 0.209 
HS GPA 343,783 3.473 0.478 
STEM Major 316,054 0.232 0.422 
Social Science Major 316,054 0.135 0.342 
Humanities Major 275,358 0.0725 0.259 
Professional Major 316,054 0.371 0.483 
Female 349,151 0.561 0.496 
Asian 349,151 0.0838 0.277 
Black 349,151 0.0731 0.260 
Hispanic 349,151 0.0536 0.225 
Northeast 349,151 0.116 0.320 
Middle States 349,151 0.255 0.436 
Midwest 349,151 0.222 0.416 
South 349,151 0.267 0.442 
    

 

NLSY 97 Data: 

 (1) (2) (3) 
VARIABLES N Mean Stdev 
    
Total Financial Aid 1,519 2,040 3,192 
Total Cost 1,529 1,516 2,359 
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Aid Differential 1,056 941.5 4,090 
Early Decision 1,785 0.158 0.365 
Number of Acceptances 1,924 1.384 1.043 
Test Percentile (imputed) 1,362 0.469 0.293 
Household Income 1,885 65,376 62,214 
Poverty Ratio (imputed) 1,775 337.9 323.5 
Hispanic 1,924 0.173 0.378 
Black 1,924 0.244 0.430 
Female 1,924 0.527 0.499 
Public College 1,661 0.834 0.372 
Full Time Student 1,554 0.862 0.345 
HS GPA Weighted 1,371 3.035 0.533 
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Appendix 2: Full Regression Results 

CFS Regressions: 
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NLSY 97 Student Financial Aid Regressions: 
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NLSY 97 Student Education Cost Regressions: 
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