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In recent decades, the number of students using federal loans 
to finance their undergraduate careers has increased, though 
the average amount of federal debt per student has been rela-
tively stable in constant dollars (Avery & Turner, 2012; 
College Board, 2015). Still, the variation in the amount of 
debt per student has increased over time (College Board, 
2014), signaling the potential for financial inequities among 
college student subgroups if the variation is not evenly dis-
tributed. In response to a growing concern about these finan-
cial inequities and what they mean for student attainment 
and later-life outcomes, a small but rapidly growing number 
of states and institutions have begun implementing policies 
aimed at containing or capping the amount of student debt 
that students accumulate (Urban Institute, 2017).

The federal government has a number of ways it can hold 
institutions accountable for the debt burden of students (see 
Kelchen, 2018b, for an overview). However, states have 
generally focused on: (a) tying an amount of an institution’s 
state appropriations to the institution’s success at attaining 
certain outcomes, such as reaching a set number of certifi-
cates and degrees conferred (performance- or outcomes-
based funding; Kelchen, 2018b), or (b) capping or freezing 
the increase in an institution’s tuition or fees (Kelchen & 
Pingel, 2018). The primary focus of these performance-
based funding models is rarely the debt burden of graduates. 
To my knowledge, two  states include some direct measure 
of college affordability or debt in their performance-based 
funding model (National Conference of State Legislatures 
[NCSL], 2015; University of Wisconsin System, 2017). 
These are relatively new changes. Vermont is transitioning 

to this funding formula (NCSL, 2015),1 and Wisconsin 
approved the change in December of 2017 (University of 
Wisconsin System, 2017). Both states propose to assess the 
average student loan debt upon conferral of a credential. 
Neither state has any measure of the income or earnings of 
students after receipt of their credential. Further, in academic 
year 2016–2017, 27 of 44 states responding to a survey 
reported either freezing tuition or limiting the amount an 
institution could increase the tuition (Kelchen, 2017). 
Tuition freezes or caps can be controversial, particularly as 
research finds that these policy tools rarely curb student loan 
debt or the overall price for students (Kim & Ko, 2015).

To focus on increasing college affordability, the state of 
Texas created a new measure of student debt burden and 
included that measure in its 2030 strategic plan, 60x30TX 
(Texas Higher Education Coordinating Board [THECB], 
2015). The strategic plan has a primary motivation to 
increase state postsecondary attainment levels, but one of its 
four key goals includes a specific focus on the affordability 
of higher education for students once they have completed 
their credential (THECB, 2015).2 In the strategic plan, Texas 
calls for cumulative undergraduate debt to be 60% or less of 
public institution graduates’ first-year earnings by 2030 
(referred to as the Texas debt burden cap goal, or DBCG, for 
the rest of the article; THECB, 2015). For example, if a stu-
dent borrowed $30,000 in undergraduate student loans and 
had a salary of $50,000 the year after graduating from col-
lege, the student would have a 60% debt-to-income ratio. 
This is the state of Texas’s indicator of repayment concerns. 
Research shows that students who default or struggle with 
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repayment of their student loans often are not the students 
with the highest student loan balances (e.g., Woo, Bentz, 
Lew, Smith, & Velez, 2017). If students with higher loan bal-
ances also obtain occupations with higher salaries, the loan 
repayment process could be manageable.

Prior research (see Hillman, 2015, for an overview) has 
focused on the ways individual and institutional characteris-
tics are associated with the average amount of debt students 
accumulated. This is only one part of the picture. The char-
acteristics that influence a student to borrow an average 
amount of undergraduate debt may be different than those 
that influence the student borrowing a small or large amount 
of debt. Also, the Texas threshold of 60% is determined by 
the historical data on the median undergraduate student debt 
relative to earnings. Texas and other states considering this 
type of policy or strategic goal prefer to use the median 
instead of the mean to mitigate the effect of extremely small 
or large debt-to-income ratios.

With these trends in college borrowing in mind, I use 
unconditional quantile regression to investigate:

Research Question 1: To what extent are student-level 
characteristics associated with the distribution of 
cumulative undergraduate debt more generally?

Research Question 2: To what extent are student-level 
characteristics associated with the distribution of the 
ratio of cumulative undergraduate debt to first-year 
income more generally?

There is not enough data on years since the introduction 
of the DBCG to investigate the effect of the actual goal.3 
However, it is critical when hypothesizing the potential 
effects of the DBCG to better understand Texas undergradu-
ate students’ trends in borrowing and earning behaviors. 
Evidence from these research questions is useful for policy-
makers and researchers across the United States. For policy 
stakeholders, the current study provides evidence on the 
potential unintended consequences of an accountability goal 
like the DBCG, which are critical to understand when 
designing and implementing a statewide goal for college 
affordability. For example, if institutions with more under-
served students have consistently high debt-to-income 
ratios, policy stakeholders may need to be wary of tying 
sanctions to institutions or individuals without taking that 
into consideration. For researchers, the current study pro-
vides additional evidence on the relationship between col-
lege affordability and student-level characteristics 
(particularly by modeling this relationship with a focus 
beyond the average student).

As an example of the usefulness in studying the entire 
distribution of debt-to-income, I posit a relationship between 
race and debt-to-income ratios. When including an indicator 
of whether students are Latinx in an ordinary least square 
(OLS) regression, the students are compared to their White 

peers (or another reference group) in the average amount of 
debt-to-income ratio. While this would be informative, it 
could be that the relationship between race (more specifi-
cally, structures and experiences associated with race since 
race is socially constructed) and debt-to-income ratio differs 
based on where in the distribution of the ratio one is inter-
ested. For example, at the average debt-to-income ratio, 
Latinx students may be predicted to have a smaller debt-to-
income ratio than their White peers (whether due to earning 
more or borrowing less). However, when investigating this 
relationship across the distribution of debt-to-income ratios, 
at larger ratios (e.g., 80th percentile of debt-to-ratio), quan-
tile regression could show that Latinx students actually are 
predicted to have higher debt-to-income ratios than their 
White peers.

Using OLS, one would assume that Latinx students have 
smaller predicted debt-to-income ratios than their White 
peers and may not need to be the target of any policies to 
create structures to help these students manage their debt 
burden. But, if state policymakers are concerned about stu-
dents with larger debt-to-income ratios, then Latinx students 
are actually one of the key groups of students the policymak-
ers would need to be concerned about for debt burden man-
agement. These types of nuances in relationships can be 
discovered using unconditional quantile regression.

While the state of Texas has one of the most robust state 
administrative databases, there are constraints to policies or 
strategic goals crafted to use this type of data. For example, 
due to the state’s inability to access repayment information 
for residents, the DBCG does not take into account the stu-
dent loan repayment plan that individuals select. Therefore, 
a student with an income-based repayment plan would be 
treated the same as a student with a standard repayment plan 
in Texas’s strategic plan (even though the two students likely 
have different monthly payments).4 Also, since Texas and 
any other state with this type of administrative database can 
only track the salary of individuals who reside within the 
state, any students who move outside of Texas cannot be 
included in the DBCG ratio measure. These constraints have 
implications for the utility of this type of institutional 
accountability measure (discussed in the discussion 
section).

The Texas DBCG also focuses solely on students who 
earn a credential. As will be discussed throughout the article, 
this creates a significant limitation in what the metric can 
and cannot tell state policymakers about college affordabil-
ity and ability to repay. However, in general, without 
increased access to existing federal databases to track col-
lege students’ experience in the labor market, any state that 
wishes to create a similar higher education accountability 
tool will need to negotiate similar constraints. For this rea-
son, the current study presents evidence on a potential new 
higher education accountability tool, debt-to-income ratios, 
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while highlighting the potential constraints other states 
would face if creating a similar policy.

Literature Review

To better understand the characteristics associated with 
student debt-to-income ratio and the Texas DBCG, it 
becomes essential to outline (a) the evidence on student loan 
repayment and default and (b) the policy background of the 
DBCG in Texas.

Student Loan Repayment

Prior research shows that a student’s age, dependency sta-
tus, income background, parental education, ability to com-
plete a degree in a shorter time, race/ethnicity, and 
institutional price are all associated with how much they will 
borrow (Avery & Turner, 2012; Baum & O’Malley, 2003; 
College Board, 2015; Houle, 2013; Malcom & Dowd, 2012). 
Typically, the student loan debt burden of undergraduates at 
U.S. institutions is measured as the ratio of the students’ 
income to the students’ repayment amount (e.g., Chapman & 
Dearden, 2017). Generally, this is either calculated on a 
monthly or yearly basis. For example, federal gainful 
employment regulations calculate a debt-to-earnings ratio 
(different from the Texas debt-to-income ratio), which com-
pares students’ annual student loan payment amount to either 
their discretionary or total annual income (Office of 
Postsecondary Education, 2014). However, when the amount 
students are expected to repay is unclear, scholars have used 
the total amount of student loans borrowed as a proxy for the 
repayment amount (THECB, 2015). For example, the goal 
of the DBCG is to maintain a sustainable undergraduate debt 
burden for graduates of Texas public institutions by compar-
ing the graduates’ cumulative amount of undergraduate stu-
dent loans to the first year of earnings, as further discussed 
in the Texas policy context section. The goal of finding the 
optimal amount of student loan debt burden for students is 
often to decrease the likelihood of loan default (failing to 
make a payment for over 270 days).

Some of the predictors of student loan default are: earn-
ings after leaving higher education being low or nonexistent 
(due to unemployment), not earning a credential, identifying 
with an underrepresented racial/ethnic group, coming from a 
lower-income family, being older, or attending a for-profit 
institution (Belfield, 2013; Gross, Cekic, Hossler, & 
Hillman, 2009; Hillman, 2014; Looney & Yannelis, 2015; 
Price, 2004). For example, Looney and Yannelis (2015) ana-
lyzed data representing a random sample of all federal stu-
dent borrowers in the National Student Loan Data System 
(approximately 4%) from 1970 to 2014; they merged these 
data with earnings and income data from tax information 
from 1999 to 2014. The general national trends in higher 
default rates in recent decades appeared to be driven by the 

larger numbers of nontraditional students entering higher 
education, who are more vulnerable to default. The authors 
also found that labor market characteristics, earnings, and 
income significantly contribute to the rise in student default 
from 2000 to 2011. This would mean that while defaulting 
on educational debt has been on the rise primarily for nontra-
ditional students, the occupational earnings of students 
influenced the likelihood of students defaulting. This is one 
of the primary reasons it is essential when crafting account-
ability measures to not focus solely on students’ cumulative 
amount of student loans.

There is no clear consensus on the exact amount of debt 
burden that predicts a borrower’s difficulty with repayment. 
Some scholars and policy intermediary organizations have 
advocated for student loan payments to be 8% to 10% of 
students’ income (e.g., Price, 2004; Tandberg, Laderman, & 
Carlson, 2017). However, other research argues that when 
students’ repayment amount becomes 18% or more of the 
students’ income, it is likely that the students will have sig-
nificant hardships with repaying their student loans (e.g., 
Baum & Schwartz, 2006; Chapman & Dearden, 2017). This 
range in the threshold for maximum debt-to-income ratios 
that are manageable (8%–18%) is the closest estimate avail-
able to compare for the DBCG measure of debt burden (a 
ratio of total undergraduate debt to the earnings of students). 
As Texas does not collect repayment information on student 
debt, the standard debt-to-income ratio (a ratio of student 
loan payment amount to income) cannot be calculated. 
However, a student in the analytical sample for the current 
study who was compliant with the DBCG, with an average 
amount of undergraduate debt, would have standard monthly 
payments that were approximately 7% of their monthly 
income.5 Therefore, the state of Texas’s threshold for DBCG 
actually creates a more conservative cutoff for the student 
with average debt than the scholarly and national policy 
community suggest for standard debt-to-income ratios.

Texas Policy Context

The state of Texas, with support from the THECB, esti-
mates a debt-to-income ratio each year for every student 
graduating from a public institution. The ratio includes stu-
dents’ undergraduate debt for the 15 years preceding earning 
either a certificate, associate’s degree, or bachelor’s degree 
and their earnings for 1 year after graduation (THECB, 
2017). For the income portion of the ratio, the state includes 
any students who have earned a wage in at least three of four 
quarters in the year after earning a credential.6 This ratio 
does not include students who do not earn a credential. The 
THECB then calculates the median debt-to-income ratio of 
all the student debt-to-income ratios. This median estimate 
is the target of 60x30TX and the focus of the 60% maximum 
cutoff for public institutions. The Texas DBCG does not 
apply to private not-for-profit or for-profit institutions in 
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Texas. The state proposes to maintain, at most, a 60% debt-
to-income ratio by focusing on cutting the number of excess 
credit hours earned and keeping the percentage of students 
who borrow at 50% (THECB, 2015).7

The explicit focus on affordability, specifically, a debt-to-
income ratio threshold, in Texas’s strategic plan is in part 
due to the potential negative consequences of overly large 
debt burdens both to the individual and society at large 
(Baker & Doyle, 2017; Malcom & Dowd, 2012; Rothstein & 
Rouse, 2011; THECB, 2015). National and state research 
shows that historically disadvantaged students, particularly 
those who identify as women, Black, or low income, borrow 
at the highest rates, borrow the largest amounts, and struggle 
the most with repayment (e.g., American Association of 
University Women, 2017; Hillman, 2015). While the aver-
age Texas student loan amount is below the national average 
(Fernandez, Fletcher, & Klepfer, 2016), 49% of borrowers 
had a subprime credit score, below 620, indicating repay-
ment of student loans likely would be challenging (Di & 
Perlmeter, 2014). These concerns about the ability to repay 
undergraduate debt drove state higher education policymak-
ers to create the DBCG. Currently, Texas does not attach any 
penalties to failing to meet the 60% threshold, nor does it 
estimate separate debt-to-income ratios for different institu-
tions (Fernandez et  al., 2016). This lack of penalty could 
shift depending on desires of the leadership of the state leg-
islature and the THECB.

This case study of debt-to-income ratio in Texas improves 
both the scholarly understanding of debt and provides evi-
dence for the creation and implementation of better targeted 
accountability tools in Texas and other states. Also, this case 
study broadens the national research evidence base on 
undergraduate debt and postcollege debt burden, which 
increases its usefulness beyond the state of Texas. In terms 
of applicability to other states, Texas is a relevant state for a 
case study for many reasons. Texas is near the national aver-
age of residents with at least a bachelor’s degree (THECB, 
2016). Texas is also near the national average for tuition and 
fees, ranking 20th for public 4-year institutions and 30th for 
private 4-year institutions (THECB, 2016). Median house-
hold income was approximately $53,000 in 2014, ranking 
Texas number 23 nationally (THECB, 2016). This makes it 
likely that other states’ policymakers would find the results 
from research conducted on Texas data useful for their own 
contexts. Further, Texas has one of the most robust state 
administrative databases in the country (Kelchen, 2018b). 
The same data limitations that affect Texas state policymak-
ers’ choices in creating debt-to-income policies for students 
will also affect other states with administrative databases.

Also, across the United States, concerns about college 
affordability and students’ ability to manage repayment have 
led other state policymakers to consider creating an account-
ability goal similar to Texas’s DBCG (J. Marsh, personal 
communication). Therefore, learning about the structures 

and implications of the Texas DBCG can help other states in 
crafting higher education accountability tools that focus on 
college affordability. It also provides more evidence on the 
types of students or institutions who would be disproportion-
ately affected by similar accountability measures, which is 
critical as the other primary state accountability tool, perfor-
mance-based funding, has been shown to potentially harm 
enrollments of students from historically disadvantaged 
populations (Gándara & Rutherford, 2018, McKinney & 
Hagedorn, 2017).

Another example of potential unintended harm is for so-
called education triage (coined by Gillborn & Youdell, 
2000), which was a hypothesized response from k–12 school 
systems after they introduced accountability testing and pro-
ficiency counts (Ballou & Springer, 2017; Neal & 
Schanzenbach, 2010). Neal and Schanzenbach (2010) found 
that Chicago Public School students in the middle of the 
achievement distribution, below but near the cutoff for a rat-
ing of proficiency, saw gains in academic achievement not 
replicated for students at the lower ends of the distribution. 
The authors and the popular press argued that certain schools 
may face “a strong incentive to shift attention away from 
their lowest-achieving students and toward students near 
proficiency” (Neal & Schanzenbach, 2010, p. 280). While 
other scholars (e.g., Ballou & Springer, 2017) were not able 
to replicate this finding, there are still concerns that creating 
arbitrary thresholds with sanctions, as attaching conse-
quences to the Texas DBCG would do, shifts institutional 
energies to students nearest the threshold.

Method

Data

I use Texas state administrative data from the THECB to 
analyze the relationship between individual and institutional 
characteristics and the amount of undergraduate debt stu-
dents accumulate as well as those students’ debt-to-income 
ratios.8 To investigate students’ debt-to-income ratio, I 
merge quarterly earnings data from the Texas Workforce 
Commission (TWC) with the THECB’s data on enrollment, 
graduation, and financial aid. Prior research primarily 
focuses on smaller samples or national, longitudinal data 
sets that irregularly follow students and do not include infor-
mation on the earnings of students. To fully investigate bor-
rowing and earning behaviors, the repository of linked 
financial aid records, postsecondary transcripts, and labor 
market information is critical.

The outcome measures are cumulative undergraduate debt 
of bachelor’s degree recipients (Research Question 1) and the 
debt-to-income ratios of those same students (Research 
Question 2). Undergraduate debt includes the following types 
of loans: Perkins loans, College Access Loan, Primary Care 
student loans, subsidized federal direct loans, unsubsidized 
federal direct loans, Be on Time loan, HB3015 loans, and 
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other loans. When measuring total undergraduate debt includ-
ing parent contributions, I also include federal Direct PLUS 
loans (often referred to as parent PLUS loans). Texas defines 
debt-to-income ratio as the ratio of the total cumulative debt 
(including parent PLUS loans) to annual earnings of gradu-
ates in their first year after earning either a certificate or asso-
ciate’s or bachelor’s degree (THECB, 2015). Earnings data 
come from unemployment insurance information collected 
by the TWC; therefore, certain workers’ wages are not col-
lected (e.g., self-employed). Following THECB practice, I 
only include earnings for students who had reported wages or 
salary income in at least three of the four quarters in the year. 
I include debt-to-income ratio as a percentage.

I define the analytical sample as student borrowers who 
earned a bachelor’s degree from a public institution and have 
both financial aid data from the THECB and earnings data 
from the TWC. I only include students who have borrowed 
since the state cannot calculate a debt-to-income ratio for 
nonborrowers. I focus on first-time bachelor’s degree earn-
ers to restrict the outcomes in the sample for students who 
earn both an associate’s degree and a bachelor’s degree.9 
Due to availability of financial aid data (THECB did not 
begin consistently collecting this information until 2004), I 
focus on students who started college between AY 2004–
2005 and AY 2008–2009. This timeframe allows for the cal-
culation of a 6-year graduation rate and inclusion of a 
subsequent year of earnings with the existing data. These 
restrictions produce an analytical sample of approximately 
40,000 students. The time-to-degree restriction is necessary 
to create comparable cohorts over the analytic time period. 
Restricting to a 6-year time to degree, in addition to solely 
focusing on bachelor’s degree earners and requiring a file in 
the financial aid data, results in slightly higher aggregates 
when compared to official data releases from the THECB 
(e.g., THECB, 2017). Figures calculated in this study may 
differ slightly from official THECB calculations as the ana-
lytical sample is a specific portion of the overall sample of 
institutions included in 60x30TX strategy.

Analytic Method

I investigate Research Questions (RQ) 1 and 2 using 
unconditional quantile regression (QR).10 Unconditional 
quantile regression allows me to examine how the relation-
ship between key outcome variables and covariates differs 
across the distribution of undergraduate debt or debt-to-
income ratio (Firpo, Fortin, & Lemieux, 2009; Porter, 
2014).11 This is useful for two reasons. One, when the distri-
bution of a variable is heavily skewed (e.g., cumulative 
undergraduate debt), it is likely that the average is not an 
appropriate measure. Two, if there is concern that along the 
distribution of the outcome variable, covariates would have 
a different relationship with the outcome, it can be useful to 
employ QR to examine the varying trends in the relation-
ship. As has recently been shown by Chapman and Dearden 

(2017), the variance in incomes of different students neces-
sitates an investigation of the entire distribution of debt-to-
income ratios.

In the results section, I discuss Appendix figures that pro-
vide evidence supporting the need for exploration along the 
distribution. For Research Question 1, I model the relation-
ship between student-level characteristics and cumulative 
undergraduate debt. For Research Question 2, I model the 
relationship between student-level characteristics and debt-
to-income ratio.

Each model contains the following covariates: age at col-
lege entry, race/ethnicity (Black, Latinx, Asian, and other 
race, with White as the reference group), gender (=1 if 
female), parental education (=1 if bachelor’s degree or 
higher), prior income (parents’ for dependents and student’s 
for independents, log), control of entry institution (=1 if pri-
vate), entering cost of attendance (COA; log), dependency 
status (=1 if independent), number of years student received 
a Pell grant, major (humanities and arts, social sciences, 
business, and other major, with STEM as the reference 
group), and time to degree (measured in years). I estimate 
both unconditional quantile regression models at the 10th, 
25th, 50th, 75th, and 90th percentiles and estimate het-
eroscedasticity-robust standard errors.12 I include institution 
and graduation year fixed effects in these models to control 
for temporal and institution-level time-invariant factors 
associated with borrowing or earnings.

I also estimate additional sensitivity analyses using dif-
ferent sample populations. First, I estimate the previously 
mentioned models for students who have ever had an 
expected family contribution (EFC) of zero (at any time-
point in their undergraduate education) and students who 
have never had an EFC of zero. Second, I estimate the previ-
ously mentioned models for women and men. Third, stu-
dents who struggle the most with repayment of student loans 
are also often students with relatively smaller cumulative 
debt burdens (Woo et al., 2017). Most scholars suggest that 
the relationship between struggling with repayment and 
smaller cumulative debt burdens is due to the share of stu-
dents who borrow but do not earn a credential. To investigate 
this further, I estimate the primary models and increase the 
sample to include a set of students who did not earn a cre-
dential to see how the relationships differ.

Limitations

The primary estimates shown in this article are only for 
students who earn a bachelor’s degree in no more than 6 
years and work full-time in the year immediately following 
graduating (measured as working at least three quarters of 
the year). These students are likely different than other stu-
dents who choose to enter postbaccalaureate educational 
programs (e.g., medical school, master’s degree programs) 
and those who leave Texas to work. The only graduates who 
can be included in any analysis are those who work in Texas 
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after graduating (to have earnings information for the stu-
dents). However, these graduates are still critical for policy-
making since they are the group of graduates that can be 
used to calculate the 60x30TX debt-to-income ratio thresh-
old. Also, metropolitan areas in Texas retain graduates at 
high rates, which suggests that the state of Texas likely 
retains a significant portion of its graduates (Florida, 2016; 
Rothwell, 2015).

Further, students who do not earn a credential are the 
ones most often at risk for student loan repayment hardship 
and default (Hillman, 2015). These students are not included 
as part of the Texas DBCG. Since this is a critical subpopula-
tion of students, I have estimated additional models to 
attempt to ascertain how these students’ characteristics 
might be associated with the DBCG version of a debt-to-
income ratio.

Results

I report: (a) summary statistics of key student-level char-
acteristics along with the outcome variables of interest, (b) 
results from Research Question 1, and (c) results from 
Research Question 2.

Summary Statistics

Descriptively, bachelor’s degree recipients who borrowed 
at some point in their undergraduate career have significant 
variation in experiences (see Table 1 for summary statistics 
of selected student-level characteristics). Focusing on the 
borrowing behaviors of the graduates, these students have an 
average of $25,794 of cumulative debt at graduation 
($33,255 when loans held by the parents is included). 
Shifting to the income, students earn approximately $34,132 
their first year after earning their degree. For the entire sam-
ple, the median debt-to-income ratio is 74% (92% if includ-
ing parental debt).

A majority of the students in the analytical sample iden-
tify as women (60%) and report at least one parent earning at 
least a bachelor’s degree (63%). The students primarily 
identify as White (51% of the sample), followed by Latinx 
(27%), Black (14%), Asian (8%), and other race (1%). The 
students have an average starting age of 18, a prior income 
of $44,812 (parents’ income for financially dependent and 
students’ income for financially independent), and only 3% 
are classified as financially independent.

On average, these students start college with a cost of 
attendance around $18,952, which grows by $2,508 by the 
time the students graduate. Only 4% of the sample started at 
a private institution (all students graduate from a public 
Texas institution). The average student who graduates in no 
more than 6 years takes approximately 5 years to complete 
their bachelor’s degree. Most students graduate with a bach-
elor’s degree in a STEM field (22%), followed by business 

(19%), the humanities and arts (13%), and the social sci-
ences (12%). The rest of the students received degrees in 
other majors, a category including architecture, communica-
tions, personal skills, military sciences, library sciences, and 
more (aligns with extant literature and National Center for 
Education Statistics definitions).

A significant number of the students have ever received an 
EFC of zero, indicating that the family would be unable to 
contribute to the costs of education for the student (34%). In 
addition, a little over half (53%) of students ever receive a 
Pell grant, though, on average, students only received a Pell 

Table 1
Summary Statistics of Individual and Institutional Characteristics

M SD

Outcome measures
  Cumulative student debt 25,794 17,461
  Cumulative student and parent debt 33,255 24,847
  Earnings 34,132 29,957
  Debt-to-income ratio (student debt)a 74  
  Debt-to-income ratio  

(student and parent debt)a
92  

Individual characteristics
  Age at entry 18.07 1.17
  Female 0.60  
  Parental education of at least a bachelor’s 0.63  
  Prior income 44,812 61,797
  Financially independent 0.03  
Race/ethnicity
  Asian 0.08  
  Black 0.14  
  Latinx 0.27  
  White 0.51  
  Other race 0.01  
Institutional characteristics
  Entering institution private 0.04  
  Entering cost of attendance 18,952 6,556
  EFC 14,585 56,960
  Number of times student has a Pell grant 1.84 2.07
  Time to degree 4.71 0.76
Major
  STEM 0.22  
  Humanities and arts 0.13  
  Social sciences 0.13  
  Business 0.19  
  Other major 0.34  

Note. The sample for this data is students who earned a BA at a public 
institution within 6 years of entry, were employed in the year after gradua-
tion, and ever borrowed a student loan. Standard deviations not shown for 
dichotomous indicators (means represent proportions for these variables). 
EFC = expected family contribution.
aVariable where the median is included instead of the mean. Standard devi-
ations not included for these variables.
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grant twice during their undergraduate career. The sample of 
students used in the current work relies more on need-based 
financial aid than the overall averages for Texas (i.e., in 2015, 
approximately 40% of undergraduate students received a Pell 
grant). This is due to the requirement of a financial aid file for 
students to be included in the analytical sample.

The summary statistics describe a sample that is primar-
ily White, female, and from families with previous experi-
ence with higher education. To better understand the 
student-level characteristics for this sample associated with 
high debt-to-income ratios, I first discuss the results for 
Research Question 1.

Characteristics Associated With Total Undergraduate 
Borrowing (RQ 1)

Exploring the relationship between student-level charac-
teristics and the outcomes across the distribution allows for a 
deeper understanding of the heterogeneity of associations. 
This is not just an academic concern; better estimation of the 
results provides information that might have a direct influence 
on how institutions could fare if ever held accountable for 
debt-to-income ratio metrics like the one Texas has created.

To show the differences between OLS and QR, I discuss 
the traditional OLS estimates first (see Table 2, Column 1). 
The patterns of association mirror national trends (e.g., 
College Board, 2015). On average, every additional year of 
age at the start of entry to postsecondary education is associ-
ated with an additional $790 in cumulative undergraduate 
debt. Black and Latinx students, on average, borrow $7,124 
and $453 more than their White peers, while Asian students 
borrow $3,155 less. When controlling for the other student 
characteristics, women borrow $323 less than men while 
students who had at least one parent with a bachelor’s degree 
borrowed $692 less (compared to peers who had no parents 
with a bachelor’s degree). Students who first enrolled in pri-
vate institutions before graduating from a public school are 
predicted to borrow $1,567 more than students who began at 
a public school. Students from higher income backgrounds 
borrow larger amounts than their lower income peers.

Independent students, compared to dependent peers, bor-
row on average $7,660 more, and the number of times stu-
dents have a Pell grant during their undergraduate career is 
associated with a decrease in cumulative undergraduate debt 
(an additional year of Pell is associated with $381 less in 
cumulative undergraduate debt). All majors are associated 
with students borrowing more when compared to their peers 
who major in STEM. Longer time to degree is also associ-
ated with larger amounts of cumulative debt. Therefore, 
holding all else constant, students who: (a) are Black or 
Latinx (compared to White peers), older, and financially 
independent; (b) select certain majors;  (c) start at a private 
or more expensive institution; and (d) take longer to com-
plete a degree are predicted to borrow larger amounts for 
their undergraduate education.

These OLS estimates are useful to a point. As previously 
mentioned, there are concerns that OLS estimates may mask 
additional variation in student-level characteristics’ relation-
ship with students’ borrowing behavior. To demonstrate the 
usefulness of the QR estimates, I return to the example intro-
duced earlier (potential for race to have a different relation-
ship along the distribution).

Figure 1 presents the quantile regression estimates with 
95% confidence intervals for the indicator for Latinx stu-
dents in the data for all quantiles (100 estimates from 1st to 
100th percentile). The OLS estimate for this relationship is 
included as a dashed horizontal line. The figure makes clear 
that while the OLS estimate is approximately a positive 
$400, the positive predicted relationship between being a 
Latinx student and cumulative undergraduate debt does not 
truly differentiate from zero until roughly the 50th percen-
tile. In fact, at the lower end of the cumulative debt distribu-
tion (e.g., for light borrowers), the predicted relationship 
between being a Latinx student and cumulative debt is nega-
tive (and statistically significantly different from 0).

Columns 2 through 6 of Table 2 provide support for this 
visual assessment. The columns include estimates at the 
10th, 25th, 50th, 75th, and 90th percentiles of cumulative 
undergraduate debt, respectively. At the 10th percentile of 
cumulative debt, being a Latinx student is associated with 
$294 less in student loans (compared to a White student), 
which changes to a $1,338 predicted increase at the 90th 
percentile. Thus, the majority of the OLS estimate is being 
driven by the upper end of the distribution. If a state is 
interested in focusing a policy that targets students at the 
lower end of the cumulative debt distribution (students 
with small amounts of undergraduate student loan debt), 
these results indicate that Latinx students are predicted to 
borrow less than their White peers (and may not need to be 
the target of specific policies or programs). In the reverse, 
if a state is interested in the factors that predict borrowing 
more at the upper end of the cumulative debt distribution 
(students with larger amounts of student loan debt), these 
results indicate that being a Latinx student, compared to a 
White student, predicts an increase in the accumulation of 
debt (and may need to be the target of special policies or 
programs).13

Returning to the estimates presented in Table 2, the QR 
estimates are generally similar to the OLS estimates for age, 
being Black or Asian, one’s prior income, entry COA, being 
financially independent, and all majors except the arts. All of 
these student-level characteristics, except for being Asian, 
are positively associated with cumulative undergraduate debt 
in all quantiles. However, there is some variation in estimates 
for other student characteristics. At the upper end of the 
cumulative debt distribution (e.g., heavy borrowers), the fol-
lowing student characteristics are predictors of student debt: 
age at entry; being Black, Latinx, or Asian; parental educa-
tion; prior income; entering higher education at a private 
institution; COA during the entry year; being classified 
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financially independent; the number of times a student 
received the Pell grant; majoring in anything that is not a 
STEM field; and a longer time to degree.

At the other end of the distribution, predictors of cumula-
tive debt amount also include being a woman and do not 
include parental education. Therefore, the OLS estimate for 
women and parental education are being driven by the 

bottom and upper ends of the cumulative debt distribution, 
respectively. In addition, while being Latinx and entering 
higher education at a private institution are predictors at both 
ends of the distribution, the direction of the relationship 
changes depending on the quantile. As previously men-
tioned, being Latinx is negatively associated with cumula-
tive debt at the lower end of the distribution and positively 

Table 2
Relationship Between Student-Level Characteristics and Undergraduate Cumulative Debt (Student Only)

OLS 10th Percentile 25th Percentile 50th Percentile 75th Percentile 90th Percentile

Age at entry 790.277***
(70.284)

170.904***
(42.164)

550.974***
(77.414)

657.016***
(70.973)

1,044.645***
(112.479)

1,885.060***
(256.788)

Race (reference: White)
  Black 7,123.661***

(249.285)
1,975.437***
(157.652)

6,252.830***
(307.099)

7,499.971***
(279.553)

10,037.040***
(398.822)

11,690.884***
(734.455)

  Latinx 453.748*
(200.788)

−293.758*
(144.739)

34.610
(270.786)

563.959*
(228.256)

748.972*
(292.093)

1,338.065**
(512.714)

  Asian −3,155.681***
(262.733)

−1,230.715***
(233.161)

−3,771.049***
(424.334)

−3,478.915***
(321.941)

−3,333.395***
(366.377)

−3,122.643***
(597.530)

  Other −287.157
(956.233)

−816.684
(759.107)

−1,341.698
(1,397.992)

−279.148
(1,098.133)

894.996
(1,362.112)

2,883.141
(2,536.569)

Female −323.455*
(151.695)

−185.334
(114.235)

−597.748**
(212.597)

−154.010
(173.772)

−29.757
(220.135)

−461.362
(390.885)

Parental education 
(college or higher)

−692.282***
(160.689)

120.336
(119.700)

−221.911
(217.585)

−390.035*
(181.863)

−1,100.899***
(237.281)

−1,193.086**
(423.633)

Prior income (log) 1,348.994***
(107.653)

972.917***
(95.633)

1,293.651***
(171.058)

1,239.018***
(131.004)

1,241.547***
(160.130)

2,272.552***
(270.192)

Entry institution 
private

1,567.695**
(480.966)

−595.014*
(292.492)

−743.444
(559.317)

−333.878
(477.400)

2,701.634***
(642.342)

6,920.034***
(1,269.333)

COA entry year 
(log)

4,495.575***
(299.147)

1,923.673***
(259.589)

3,317.090***
(437.119)

3,680.943***
(347.357)

4,247.006***
(429.611)

7,692.234***
(738.926)

Independent 7,660.008***
(610.914)

2,475.799***
(482.636)

5,271.296***
(814.601)

6,083.920***
(688.334)

11,421.161***
(972.839)

18,310.500***
(1,944.931)

N times student had 
Pell grant

−380.577***
(52.315)

−151.245***
(40.685)

−99.047
(73.786)

−246.609***
(60.963)

119.245
(79.658)

−895.620***
(140.789)

Major (reference: STEM)
  Humanities and 

arts
977.603***

(252.601)
941.849***

(194.072)
2,072.697***
(361.593)

1,545.802***
(291.877)

1,080.399**
(363.548)

229.854
(631.477)

  Social sciences 1,960.446***
(256.827)

1,287.509***
(193.598)

2,882.107***
(361.609)

2,412.587***
(293.433)

2,070.310***
(365.813)

2,056.732**
(643.417)

  Business 1,075.060***
(234.105)

764.684***
(182.466)

1,735.591***
(336.830)

1,442.786***
(266.200)

1,251.717***
(326.331)

1,156.884*
(576.416)

  Other 1,627.557***
(207.217)

848.551***
(161.985)

2,379.808***
(293.401)

2,113.328***
(234.132)

1,769.838***
(291.351)

1,681.429**
(514.683)

Time to degree 4,319.677***
(126.792)

1,296.792***
(93.933)

3,355.735***
(171.910)

4,149.725***
(140.169)

5,515.570***
(182.295)

7,021.020***
(331.742)

Constant −77,348.709***
(5,518.751)

−34,537.413***
(6,123.347)

−62,170.248***
(9,817.233)

−68,625.351***
(8,335.414)

−78,354.595***
(8,131.337)

−13,7566.688***
(9,449.084)

Observations 55,858 55,858 55,858 55,858 55,858 55,858

Note. Column 1 presents the results from OLS regression. Columns 2 through 6 present the results from unconditional quantile regressions at the correspond-
ing percentile. The models include institution and graduation year fixed effects and heteroskedasticity robust standard errors (in parentheses). OLS = ordinary 
least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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associated at the upper end. The evidence is the same for 
starting at a private institution.

These findings provide evidence that there is variation in 
the relationship between cumulative undergraduate debt and 
being Latinx and a woman, parental education, and the insti-
tutional control of first institution enrolled. Next, I review 
the findings for debt-to-income ratio.

Characteristics Associated With Debt-to-Income  
Ratio (RQ 2)

The OLS results for debt-to-income ratio are presented in 
Table 3, Column 1. An additional year of age at entry to col-
lege, on average, is associated with a 5-percentage point (pp) 
larger debt-to-income ratio. On average, Black students have 
a 47-pp larger debt-to-income ratio than their White peers. 
Women have a 13-pp larger debt-to-income ratio than men. 
Students from families with at least one parent who earned a 
bachelor’s degree have a predicted debt-to-income ratio 10 
pp larger than students without a college-educated parent. 
Students who enroll at a private institution first and then earn 
a degree from a public institution have a predicted 21-pp 
larger debt-to-income ratio. Independent students and those 
who take longer to complete the degree also have higher 
debt-to-income ratios. Finally, students who major in the 
social sciences, humanities and arts, and other major cate-
gory have higher debt-to-income ratios than their peers who 
major in STEM fields.

I present the estimates of the QR with debt-to-income 
ratio as the outcome in Table 3, Columns 2 through 6. In gen-
eral, consistent positive predictors of debt-to-income ratio 
include: age at entry, being Black, being a woman, prior 
income, entry year COA, being independent, majoring in any 

field that is not business, and time to degree. Similar to the 
quantile regression estimates for cumulative debt, the OLS 
estimates do mask variation in the relationship between some 
of the student-level characteristics and debt-to-income ratio. 
Beyond those previously mentioned characteristics, predic-
tors at the upper end of the debt-to-income distribution (con-
sidered to have relatively large debt burdens) include: being 
Latinx, being Asian, parental education, enrolling at a private 
institution, and majoring in business. However, parental edu-
cation and entering higher education at a private institution 
are not predictors of debt-to-income ratio at the lower end of 
the distribution (therefore, the OLS estimates for these char-
acteristics are driven by the upper end of the distribution).

In addition, being Latinx or Asian and majoring in business 
have different relationships with debt-to-income ratio depend-
ing on the quantile. At the lower end of the distribution, being 
Latinx or Asian, compared to being White, predicts a smaller 
debt-to-income ratio (not statistically significant for Latinx 
students at conventional levels). However, at the upper end of 
the distribution (and from the 25th percentile for Latinx stu-
dents), students are predicted to have debt-to-income ratios 
larger than their White peers (even though the OLS estimates 
provide no evidence of a relationship between being Latinx or 
Asian and larger debt-to-income ratios). For majoring in busi-
ness, at the lower end of the debt-to-income distribution, the 
students are predicted to have a smaller debt-to-income ratio 
than STEM majors. This relationship reverses at the upper 
end of the distribution.

Therefore, when investigating debt-to-income ratios, I 
find that being Latinx or Asian, parental education, first 
enrolling in a private institution, and majoring in business 
vary in their relationship with debt-to-income ratios.

Sensitivity Analysis

To gauge the practical significance of these results, it is 
necessary to investigate the sensitivity of the variations in the 
relationship between student-level characteristics and debt-
to-income ratios. First, I estimate the debt-to-income ratio 
quantile regressions separately for students who have ever 
had an EFC of zero and students who have never had an EFC 
of zero (Tables A1 and A2, respectively). I focus on students 
who have ever or never had an EFC of zero to investigate 
how the relationship shifts for students based on students’ 
ability to finance their education. While the majority of the 
estimates were similar to Table 3, there were some differ-
ences. The estimated relationships for students who had ever 
had an EFC of zero appear to drive the overall results dis-
cussed in the prior section for parental education, prior 
income, and time to degree. Students who had ever had an 
EFC of zero are consistently predicted to have a higher debt-
to-income ratio when their parents have earned a bachelor’s 
degree. For students who have never had an EFC of zero, this 
relationship was generally negative (though primarily in the 

Figure 1.  Quantile regression estimates of the relationship 
between cumulative undergraduate debt and Latinx students.
Note. The solid black line represents the beta estimate for the indicator for 
being a Latinx student (compared to being a White student) from separate 
models estimated at each quantile from 1 to 100. The gray shaded area is 
the 95% confidence interval around the quantile estimates. The dashed line 
represents the ordinary least squares beta estimate.
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lower distribution of debt-to-income ratios). Also, students 
with an EFC of zero drive the prior income (which makes 
sense as the marginal dollar will likely matter more for stu-
dent financial need estimates of these students and debt accu-
mulation) and time-to-degree results previously reported.

Second, I investigate gender differences, in part, due to 
persistent research highlighting gender labor market differ-
ences (Tables A3 for women and A4 for men). The consis-
tent age results discussed in the prior section are 
overwhelmingly driven by the female students in the sample. 

Table 3
Relationship Between Student-Level Characteristics and Debt-to-Income Ratio (Student Only)

OLS
10th 

Percentile
25th 

Percentile
50th 

Percentile
75th 

Percentile
90th 

Percentile

Age at entry 4.966**
(1.588)

0.532**
(0.194)

1.658***
(0.237)

2.473***
(0.432)

3.689***
(1.034)

6.884*
(2.753)

Race (reference: White)
  Black 46.812***

(5.689)
8.872***

(0.663)
19.572***
(0.890)

37.659***
(1.441)

64.836***
(3.347)

107.128***
(8.923)

  Latinx −0.306
(4.076)

−0.025
(0.626)

2.174**
(0.815)

6.608***
(1.190)

12.275***
(2.511)

22.309***
(6.452)

  Asian 0.751
(5.687)

−4.885***
(1.140)

−7.031***
(1.390)

−2.222
(1.814)

9.385**
(3.638)

40.102***
(9.553)

  Other −4.588
(15.363)

−2.816
(3.435)

−3.959
(4.346)

3.444
(5.959)

0.238
(12.047)

17.758
(31.248)

Female 12.696***
(3.281)

3.158***
(0.507)

6.516***
(0.648)

9.779***
(0.924)

10.737***
(1.963)

20.358***
(5.061)

Parental education 
(college or 
higher)

10.188**
(3.310)

0.347
(0.501)

0.405
(0.649)

0.318
(0.946)

6.164**
(2.018)

20.849***
(5.134)

Prior income (log) 4.100
(3.151)

1.892***
(0.410)

3.121***
(0.511)

3.715***
(0.698)

7.482***
(1.435)

14.332***
(3.708)

Entry institution 
private

21.214*
(9.699)

−1.551
(1.282)

0.932
(1.640)

7.121**
(2.404)

19.315***
(5.391)

48.019**
(14.647)

COA entry year 
(log)

9.472
(4.882)

4.416***
(1.109)

4.443**
(1.354)

9.874***
(1.861)

12.132**
(3.895)

22.973*
(9.787)

Independent 29.648*
(11.710)

5.903**
(1.984)

6.590**
(2.518)

11.752**
(3.666)

33.303***
(8.212)

58.818**
(21.571)

N times student had 
Pell grant

−0.696
(1.119)

−0.124
(0.172)

−0.119
(0.220)

0.108
(0.318)

0.076
(0.682)

0.064
(1.765)

Major (reference: STEM)
  Humanities  

and arts
50.072***
(5.214)

10.088***
(0.860)

18.993***
(1.100)

29.212***
(1.590)

50.174***
(3.455)

94.239***
(9.182)

  Social sciences 49.549***
(5.728)

13.293***
(0.813)

23.367***
(1.076)

36.705***
(1.579)

56.211***
(3.519)

82.647***
(9.273)

  Business −7.839
(4.373)

1.429
(0.881)

2.939**
(1.069)

−0.218
(1.385)

−14.496***
(2.682)

−37.739***
(6.536)

  Other 24.945***
(3.986)

6.608***
(0.734)

12.303***
(0.918)

14.164***
(1.264)

20.384***
(2.625)

31.326***
(6.724)

Time to degree 8.695**
(3.029)

2.060***
(0.412)

5.080***
(0.519)

7.127***
(0.740)

10.061***
(1.590)

9.322*
(4.123)

Constant −237.439***
(68.202)

−99.214***
(29.787)

−130.193***
(30.039)

−157.806***
(38.323)

−158.828
(93.483)

−527.180***
(130.547)

Observations 40,769 40,769 40,769 40,769 40,769 40,769

Note: The outcome debt-to-income ratio is measured as a percentage. Column 1 presents the results from OLS regression. Columns 2 through 6 present the 
results from unconditional quantile regressions at the corresponding percentile. The models include institution and graduation year fixed effects and hetero-
skedasticity robust standard errors (in parentheses). OLS = ordinary least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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For the relationship between being Asian and debt-to-income 
ratio, women in the lower portion of the distribution of debt-
to-income ratios are consistently predicted to have a lower 
debt-to-income ratio compared to White women. In con-
trast, Asian men in the upper portion are consistently pre-
dicted to have a higher debt-to-income ratio compared to 
White men. Turning to major, women who major in busi-
ness have a consistent, negative predicted association with 
debt-to-income ratio (compared to majoring in STEM). 
However, men who major in business are predicted to have 
a higher debt-to-income ratio (particularly in the lower end 
of the distribution).

Third, I investigate how the estimates shift if I include 
students who did not earn a credential (Table A5).14 The rela-
tionships are qualitatively similar to Table 3 (which was esti-
mated only for students who earned a bachelor’s degree). 
The primary difference is that the age estimates are no lon-
ger statistically significant and parental education is now 
consistently positive and statistically significant across the 
distribution of debt-to-income ratio. Also, being Latinx is 
now a negative predictor of debt-to-income ratio at the lower 
end of the distribution (compared to White students).

Discussion

I find evidence that while some student-level characteris-
tics are consistently associated with cumulative debt or debt-
to-income ratios, there are a number of characteristics that 
differ. I find variation in cumulative debt’s relationship with 
Latinx students, women, parental education, and institutional 
control of first institution enrolled. I also find evidence of 
variation in debt-to-income ratio’s relationship with Latinx 
students, Asian students, parental education, institutional 
control of first institution enrolled, and majoring in business. 
In several cases, the predicted relationship between these 
student-level characteristics is different than standard analy-
ses (OLS regression) would suggest. This variation suggests 
that solely focusing on the relationship between the “aver-
age” student and debt-to-income ratios may not be enough to 
control the debt burden of bachelor’s degree earners.

Standard analysis would predict that the student character-
istics associated with a higher debt-to-income ratio (and 
therefore more likely to increase the state’s debt-to-income 
ratio) are older students, Black students, women, and stu-
dents with at least one parent with a bachelor’s degree. This 
type of analysis would also indicate that students who first 
enrolled at a private institution, are classified as financially 
independent, take longer to graduate, or major in non-STEM 
and non-business fields are associated with larger debt-to-
income ratios. However, when I inspect the distribution of 
debt-to-income ratios, I also find that Latinx and Asian stu-
dents at the upper end of the debt-to-income ratio distribution 
(larger debt burdens) are predicted to have a larger debt-to-
income ratio than White students. I also find evidence that a 
higher COA in the first year predicts a larger debt-to-income 

ratio at higher percentiles of debt-to-income ratio. Relying 
solely on standard analysis might mask the ways that these 
other student-level characteristics are associated with debt 
burden (operationalized as debt-to-income ratio).

With these variations in mind, a higher education strate-
gic maintenance goal or policy like the DBCG generally 
would require a focus on the student-level characteristics 
associated with the upper end of the debt-to-income distribu-
tion (since the threshold is 60%). Institutional sanctions 
attached to this type of threshold could have unintended con-
sequences. Based on the quantile regressions, institutions 
that serve a significant number of students with the charac-
teristics most associated with the upper end of the debt-to-
income distribution likely would be disproportionately 
affected by an accountability tool like the Texas DBCG (if 
calculated at the institution level).

I investigated which Texas public institutions are above 
the debt-to-income threshold of 60%. When I do this, I find 
that 18 institutions have a median debt-to-income of at least 
60% (including only student debt). In the institutions with 
the top 5 median debt-to-income ratios, 2 are the only public 
four-year Historically Black Colleges or Universities in 
Texas (Prairie View A&M University and Texas Southern 
University), and the others are regional institutions across 
the state of Texas (Stephen F. Austin State University, Texas 
A&M University-Commerce, and University of North Texas 
at Dallas). These regional institutions also happen to have 
significant numbers of Black and Latinx students enrolled. 
Even when using both student and parent loans in the mea-
sure of undergraduate debt, the list is virtually unchanged 
(the University of North Texas replaces Texas A&M 
University-Commerce, though Commerce is still in the top 
10 institutions). This would imply that certain types of insti-
tutions, by educating different student populations, would 
have a larger median debt-to-income ratio. Scholars have 
cautioned that accountability measures for higher education 
institutions must take into consideration the demographic 
composition of students because this can and likely does 
influence the outcomes of interest to the state or federal gov-
ernment (Flores, Park, & Baker, 2017, 2018). This same cau-
tion should be applied when evaluating institutions on the 
debt-to-income ratios of their students.

Further, returning to the education triage example from 
NCLB, if the focus at institutions and the state became the 
60% threshold, then less attention could be paid to students 
with at least one parent with a bachelor’s degree or Asian 
students, who are only predicted to have a higher debt-to-
income ratio starting around the 75th percentile of debt-to-
income ratio (which is supported by the Appendix Figures 
A2h and A2d). This is true whether I measure debt-to-
income ratios with just student debt or student and parent 
debt.15 Also, students who started at private institutions and 
transitioned to public institutions, who would be counted in 
a debt burden metric like the one in Texas, have a stronger 
relationship with debt-to-income ratios at the upper end of 
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the distribution. This could create an unintended policy con-
sequence of institutions making selective transfer admission 
decisions based on the potential effect to their debt-to-
income ratio.

Overall, states other than Texas potentially could use 
debt-to-income ratios as an accountability tool for either the 
entire state or individual higher education institutions (e.g., 
via inclusion in a performance-based funding model). This 
work highlights some of the possible challenges to using this 
type of measure for accountability. This is not an exhaustive 
list. For example, women are predicted to have higher debt-
to-income ratios and smaller cumulative debt amounts 
(though there is variation in the subpopulation estimates 
focused only on women). This is due, in part, to differences 
in the income of women.16 It is difficult to know what insti-
tutions are supposed to do about labor market discrimination 
against women.

If a state were interested in adopting a similar measure, it 
would be important to either construct a statewide threshold 
without sanctions or, if focused on individual institutions, 
adjust for the demographics of those institutions. For exam-
ple, scholars have found evidence that performance-based 
funding can differentially affect institutions that enroll large 
numbers of racial/ethnic minority students (e.g., Jones, 2014; 
Umbricht, Fernandez, & Ortagus, 2017). Due to this, several 
states have added premiums that adjust the calculation of 
how well an institution is performing based on the number of 
underserved students enrolled (Gandara & Rutherford, 2017; 
Kelchen, 2018a). Researchers have found that these premi-
ums have mixed results, helping some underserved student 
groups enroll more and hurting others (e.g., Gandara & 
Rutherford, 2017), but the need for adjustment is clear.

The state of Texas has emphasized that debt-to-income 
ratios of certain institutions or sectors will not be held to the 
60% threshold (THECB, 2016). Even without sanctions, it is 
not clear how feasible the DBCG is. For example, how will 
the state balance the structural barriers to financing higher 
education and within the labor market with its strategic goals 
in light of the demographic changes over the coming 
decades, which include a continued increase in the number 
of Latinx and Black students in the Texas higher education 
system (Fernandez et  al, 2016)? It is not clear how other 
states should balance the same demographic realities with 
desires for increased accountability on college affordability.

Conclusion

Texas is the first state to create a strategic goal for the debt-
to-income ratio of its graduates. This is an admirable goal and 
demonstrates the state’s commitment to ensuring that attaining 
a college degree is affordable and graduates can attain jobs with 
salaries that would allow them to repay their debt in a reason-
able manner. Still, more research is needed to evaluate the 
potential effect of either publishing institutional debt-to-income 
ratios (as a low-stakes accountability measure) or assigning 

penalties to institutions with debt-to-income ratios above the 
threshold. This last point is particularly critical for other states 
that are investigating the potential to create their own version of 
this goal. Demographic composition of institutions could 
unduly influence their median debt-to-income ratios.

Texas’s DBCG does not take into consideration the repay-
ment plan that students select for their student loans. This 
choice is due to the reality that the state does not have access 
to data on the repayment behaviors of any of their students 
on federal student loans. There is little research on when the 
ratio of total undergraduate debt to income becomes indica-
tive of financial hardship. This is likely due, in part, to the 
variability in students’ repayment plan selection, which can 
potentially ameliorate some of the concerns of higher total 
debt-to-income ratios when compared with actual repay-
ment amount–to–income ratios. Additional research needs 
to be conducted to investigate the relationship between these 
two different measures of debt burden to find the scenarios 
or contexts that are appropriate for the use of the total debt-
to-income ratio. Texas, and other states in general, does not 
have access to another measure of debt burden and therefore 
will be unlikely to use another. It is therefore essential that 
policymakers are provided with a better understanding of 
when and how this measure can be used appropriately.

Furthermore, it would be useful to investigate how vola-
tile the earnings estimates are when both graduates and stu-
dents who do not earn credentials are included in the 
debt-to-income ratio. As highlighted in the sensitivity analy-
sis, when I estimated the relationship between student-level 
characteristics and debt-to-income ratios including nongrad-
uates, I found qualitatively similar estimates to the ones pre-
sented in the current work (particularly in the upper end of 
the debt-to-income distribution). This gives some support to 
the THECB only using students who earned a credential in 
the ratio, though it also would be useful to analyze the 
robustness of these estimates for students earning other 
types of credentials and for including a ratio that includes 
more than a single year of earnings. It could be that there is 
something different about students who begin higher educa-
tion at a 4-year institution. It also could be that the salaries of 
bachelor’s degree earners are compressed in the first year 
after earning a credential due the composition of students 
who immediately enter the workforce after graduating.

This work highlights many areas that evidence suggests 
could be the focus of state policymakers to create better tar-
geted policies to decrease the amount of debt burden facing 
students. While not causal, the current research provides 
support for the importance of long-term policy planning 
based on current and projected demographics. The types of 
goals like the ones found in 60x30TX demonstrate the real 
interest and concern policymakers have for college gradu-
ates with significant debt burdens. The difficulty ahead lies 
in determining the best incentives or interventions to create 
the structures necessary to help students navigate their life 
after college successfully.
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Appendix

(a) Age (b) Black student

(c) Asian student (d) Other race student

(e) Women (f) Parental education
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Figure A1.  Quantile regression estimates of the relationship between undergraduate debt and student demographic characteristics.
Note. The solid black line represents the beta estimate for variable identified in the label and on the y-axis from separate models estimated at each quantile 
from 1 to 100. The gray shaded area is the 95% confidence interval around the quantile estimates. The dashed line represents the ordinary least squares beta 
estimate.
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Figure A2.  Quantile regression estimates of the relationship between debt-to-income and student demographic characteristics.
Note. The solid black line represents the beta estimate for variable identified in the label and on the y-axis from separate models estimated at each quantile 
from 1 to 100. The gray shaded area is the 95% confidence interval around the quantile estimates. The dashed line represents the ordinary least squares beta 
estimate.
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Table A1
Relationship Between Student-Level Characteristics and Debt-to-Income Ratio for Students Who Have Ever Had an EFC of Zero

OLS
10th 

Percentile
25th 

Percentile
50th 

Percentile
75th 

Percentile
90th 

Percentile

Age at entry 7.695***
(2.010)

0.820***
(0.185)

2.205***
(0.273)

3.218***
(0.522)

5.757***
(1.260)

11.016**
(3.523)

Race (reference: White)
  Black 33.671***

(9.316)
6.815***

(1.073)
15.330***
(1.534)

34.059***
(2.403)

52.216***
(5.038)

87.467***
(13.604)

  Latinx −27.317***
(7.312)

−2.358*
(1.108)

−6.014***
(1.527)

−4.460*
(2.189)

−8.314*
(4.188)

−17.877
(10.906)

  Asian −8.706
(10.257)

−4.876**
(1.835)

−12.101***
(2.446)

−11.706***
(3.207)

1.429
(5.982)

22.810
(15.596)

  Other 32.521
(54.572)

−11.394
(7.740)

−5.703
(8.839)

−11.769
(11.763)

−9.773
(22.252)

31.678
(65.064)

Female 11.892*
(4.784)

2.938***
(0.841)

4.971***
(1.131)

10.218***
(1.595)

8.958**
(3.162)

26.186**
(8.320)

Parental education 
(college or higher)

16.468***
(4.504)

1.554
(0.801)

3.491**
(1.089)

5.231***
(1.568)

12.457***
(3.138)

24.417**
(8.273)

Prior income (log) 3.000
(4.549)

1.932***
(0.479)

3.277***
(0.668)

4.726***
(0.964)

7.361***
(1.856)

11.134*
(4.957)

Entry institution 
private

46.101*
(18.655)

5.807***
(1.620)

12.454***
(2.449)

20.303***
(4.108)

37.862***
(9.308)

59.759*
(25.833)

COA entry year 
(log)

10.442
(7.932)

4.140*
(1.636)

8.864***
(2.185)

14.527***
(2.909)

10.064
(5.624)

13.653
(14.811)

Independent 19.588
(13.343)

3.050
(2.142)

4.125
(2.845)

10.149*
(4.104)

24.062**
(8.688)

40.200
(23.410)

N times student had 
Pell grant

−1.942
(2.208)

0.622
(0.326)

0.917*
(0.444)

0.726
(0.638)

−0.275
(1.284)

−6.266
(3.494)

Major (reference: STEM)
  Humanities  

and arts
53.455***
(9.096)

8.882***
(1.459)

17.564***
(1.990)

27.828***
(2.838)

47.110***
(5.635)

82.370***
(15.394)

  Social sciences 47.730***
(9.093)

11.825***
(1.375)

22.688***
(1.917)

36.319***
(2.753)

53.834***
(5.533)

63.927***
(14.736)

  Business −0.253
(8.170)

0.288
(1.497)

5.486**
(1.912)

1.885
(2.479)

−4.493
(4.482)

−35.173**
(11.276)

  Other 19.314***
(5.679)

4.082**
(1.265)

9.050***
(1.677)

10.237***
(2.259)

23.003***
(4.289)

22.088*
(11.242)

Time to degree 24.976***
(4.788)

5.719***
(0.654)

10.997***
(0.870)

15.565***
(1.239)

23.279***
(2.496)

44.045***
(6.619)

Constant −313.987***
(92.325)

−105.789**
(32.519)

−207.491***
(37.823)

−240.123***
(47.371)

−202.365
(108.535)

−601.808***
(173.765)

Observations 14,131 14,131 14,131 14,131 14,131 14,131

Note. Column 1 presents the results from OLS regression. Columns 2 through 6 present the results from unconditional quantile regressions at the cor-
responding percentile. The models include institution and graduation year fixed effects and heteroskedasticity robust standard errors (in parentheses).  
EFC = expected family contribution; OLS = ordinary least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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Table A2
Relationship Between Student-Level Characteristics and Debt-to-Income Ratio for Students Who Have Never Had an EFC of Zero

OLS
10th 

Percentile
25th 

Percentile
50th 

Percentile
75th 

Percentile
90th 

Percentile

Age at entry −1.478
(2.830)

−0.277
(0.453)

0.122
(0.473)

0.662
(0.802)

−2.023
(1.784)

−2.351
(4.298)

Race (reference: White)
  Black 50.574***

(7.343)
9.409***

(0.869)
20.281***
(1.094)

37.611***
(1.852)

67.836***
(4.577)

110.375***
(12.164)

  Latinx 13.481**
(5.095)

1.468
(0.786)

5.497***
(0.961)

11.658***
(1.430)

22.765***
(3.179)

44.600***
(8.147)

  Asian 1.415
(6.799)

−4.702**
(1.476)

−6.218***
(1.682)

0.590
(2.216)

10.211*
(4.625)

42.154***
(12.170)

  Other −17.949
(10.246)

−0.444
(4.020)

−1.863
(4.854)

7.248
(6.764)

−6.194
(13.628)

10.236
(35.419)

Female 11.668**
(4.348)

2.891***
(0.650)

6.342***
(0.781)

8.838***
(1.126)

10.673***
(2.482)

14.800*
(6.340)

Parental education 
(college or higher)

3.485
(4.572)

−1.585*
(0.655)

−2.716***
(0.805)

−4.143***
(1.191)

−0.467
(2.620)

12.527
(6.545)

Prior income (log) −1.164
(3.612)

−1.090
(0.766)

−1.004
(0.869)

−1.931
(1.175)

−0.219
(2.358)

5.528
(5.765)

Entry institution private 8.114
(11.221)

−5.045**
(1.803)

−4.380*
(2.075)

1.099
(2.943)

9.008
(6.607)

41.110*
(17.721)

COA entry year (log) 12.804*
(6.063)

3.934**
(1.465)

3.189
(1.697)

8.924***
(2.424)

17.616***
(5.240)

32.085*
(12.711)

Independent 50.392
(26.354)

5.439
(5.575)

8.519
(6.495)

12.501
(9.791)

52.640*
(22.870)

63.777
(55.558)

N times student had Pell 
grant

−0.771
(1.360)

−0.360
(0.257)

−0.220
(0.303)

−0.261
(0.437)

−0.101
(0.961)

0.588
(2.451)

Major (reference: STEM)
  Humanities and arts 48.311***

(6.331)
9.982***

(1.089)
19.390***
(1.303)

29.968***
(1.906)

52.789***
(4.333)

101.249***
(11.397)

  Social sciences 51.251***
(7.341)

14.046***
(1.021)

23.606***
(1.280)

37.230***
(1.921)

58.271***
(4.504)

92.425***
(11.835)

  Business −11.065*
(5.176)

0.908
(1.120)

1.644
(1.276)

−0.956
(1.663)

−18.645***
(3.329)

−39.267***
(7.978)

  Other 28.936***
(5.295)

7.693***
(0.916)

13.827***
(1.083)

16.208***
(1.518)

19.881***
(3.294)

36.759***
(8.352)

Time to degree −1.342
(3.968)

−0.665
(0.548)

1.463*
(0.648)

2.045*
(0.936)

1.460
(2.069)

−12.650*
(5.279)

Constant −31.379
(99.744)

−66.862
(57.797)

−35.341
(47.654)

−33.850
(65.007)

76.123
(167.782)

−278.702
(162.794)

Observations 26,638 26,638 26,638 26,638 26,638 26,638

Note. Column 1 presents the results from OLS regression. Columns 2 through 6 present the results from unconditional quantile regressions at the corre-
sponding percentile. The models include institution and graduation year fixed effects and heteroskedasticity-robust standard errors (in parentheses). EFC = 
expected family contribution; OLS = ordinary least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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Table A3
Relationship Between Student-Level Characteristics and Debt-to-Income Ratio for Women

OLS
10th 

Percentile
25th 

Percentile
50th 

Percentile
75th 

Percentile
90th 

Percentile

Age at entry 6.696**
(2.190)

0.813***
(0.219)

1.890***
(0.272)

3.179***
(0.509)

4.190**
(1.309)

9.268**
(3.535)

Race (reference: White)
  Black 40.463***

(6.992)
10.461***
(0.908)

21.846***
(1.203)

40.456***
(1.851)

61.601***
(4.279)

99.839***
(11.027)

  Latinx −4.618
(5.681)

−1.431
(0.880)

0.719
(1.123)

4.673**
(1.589)

5.385
(3.368)

11.536
(8.404)

  Asian −8.587
(7.898)

−9.593***
(1.710)

−12.309***
(1.999)

−6.268*
(2.499)

−0.752
(4.979)

24.081
(12.857)

  Other 6.821
(23.955)

−1.551
(4.490)

0.151
(5.612)

3.393
(7.893)

0.326
(16.419)

30.846
(43.618)

Parental education 
(college or higher)

9.845*
(4.209)

0.511
(0.695)

1.475
(0.881)

0.187
(1.241)

4.149
(2.670)

14.627*
(6.625)

Prior income (log) 3.509
(4.801)

1.642**
(0.546)

2.364***
(0.683)

3.785***
(0.928)

9.471***
(1.894)

17.046***
(4.828)

Entry institution 
private

13.572
(8.871)

0.008
(1.812)

2.996
(2.291)

9.722**
(3.211)

24.696***
(7.298)

65.278***
(19.347)

COA entry year (log) 11.802
(6.393)

2.763
(1.551)

2.644
(1.831)

7.135**
(2.485)

13.005*
(5.165)

14.442
(12.686)

Independent 32.912*
(15.873)

5.612*
(2.649)

8.085*
(3.258)

13.466**
(4.566)

40.553***
(10.263)

69.613**
(25.996)

N times student had 
Pell grant

−1.097
(1.682)

−0.545*
(0.237)

−0.504
(0.301)

−0.044
(0.428)

0.712
(0.925)

1.062
(2.335)

Major (reference: STEM)
  Humanities and arts 17.196*

(6.815)
3.673**

(1.285)
9.586***

(1.629)
13.149***
(2.263)

22.679***
(4.944)

39.172**
(12.780)

  Social sciences 21.484**
(6.619)

8.367***
(1.200)

15.612***
(1.570)

22.499***
(2.220)

29.768***
(4.953)

27.454*
(12.729)

  Business −29.831***
(7.621)

−6.128***
(1.343)

−7.172***
(1.615)

−13.876***
(2.085)

−38.216***
(4.237)

−81.837***
(10.446)

  Other −5.223
(5.930)

−0.418
(1.093)

1.722
(1.366)

−3.936*
(1.825)

−11.898**
(3.857)

−25.335**
(9.793)

Time to degree 12.330**
(3.764)

2.847***
(0.577)

5.505***
(0.715)

7.626***
(0.996)

10.389***
(2.165)

5.459
(5.481)

Constant −260.549**
(90.718)

−63.319
(35.946)

−89.291*
(38.421)

−118.009*
(47.432)

−167.074
(118.821)

−409.461*
(167.152)

Observations 25,007 25,007 25,007 25,007 25,007 25,007

Note: Column 1 presents the results from OLS regression. Columns 2-6 present the results from unconditional quantile regressions at the corresponding 
percentile. The models include institution and graduation year fixed effects and heteroskedasticity-robust standard errors (in parentheses). OLS = ordinary 
least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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Table A4
Relationship Between Student-Level Characteristics and Debt-to-Income Ratio for Men

OLS 10th Percentile 25th Percentile 50th Percentile 75th Percentile 90th Percentile

Age at entry 1.357
(2.076)

0.388
(0.408)

1.387**
(0.466)

1.676*
(0.777)

2.623
(1.715)

2.627
(4.311)

Race (reference: White)
  Black 55.297***

(10.145)
7.760***

(1.034)
15.886***
(1.344)

33.805***
(2.240)

62.740***
(5.578)

101.952***
(13.721)

  Latinx 4.162
(5.494)

1.401
(0.920)

4.190***
(1.155)

10.630***
(1.731)

20.860***
(3.850)

37.172***
(9.153)

  Asian 10.942
(7.934)

−0.721
(1.516)

−3.114
(1.857)

1.671
(2.522)

14.807**
(5.342)

53.785***
(12.919)

  Other −35.410***
(9.645)

−2.321
(5.161)

−9.709
(6.589)

3.807
(8.850)

−15.580
(17.372)

−35.791
(34.866)

Parental education 
(college or higher)

11.557*
(5.381)

0.515
(0.762)

−0.865
(0.946)

0.818
(1.411)

11.045***
(3.138)

28.412***
(7.289)

Prior income (log) 5.471*
(2.590)

2.253***
(0.655)

2.904***
(0.758)

3.639***
(1.037)

5.674*
(2.231)

10.595*
(5.159)

Entry institution 
private

31.533
(20.184)

−4.430*
(1.936)

−0.782
(2.270)

4.511
(3.461)

11.392
(8.249)

11.392
(19.983)

COA entry year 
(log)

7.027
(7.601)

5.813***
(1.645)

6.125**
(1.915)

9.858***
(2.694)

10.613
(6.099)

36.162**
(13.446)

Independent 27.870
(15.633)

4.430
(3.529)

3.005
(4.263)

7.795
(6.216)

22.926
(14.245)

55.702
(36.081)

N times student had 
Pell grant

−0.130
(1.183)

0.302
(0.258)

0.241
(0.317)

0.188
(0.461)

−0.793
(1.028)

−1.784
(2.428)

Major (reference: STEM)
  Humanities and 

arts
82.007***
(9.064)

12.313***
(1.144)

23.761***
(1.424)

41.139***
(2.201)

72.921***
(5.198)

135.913***
(12.869)

  Social sciences 74.730***
(11.662)

14.296***
(1.109)

25.437***
(1.448)

44.888***
(2.264)

76.617***
(5.442)

119.411***
(13.221)

  Business 5.101
(4.120)

4.849***
(1.131)

8.576***
(1.349)

9.531***
(1.804)

2.038
(3.560)

−9.642
(7.505)

  Other 56.918***
(5.148)

10.432***
(0.990)

18.654***
(1.214)

32.784***
(1.773)

57.672***
(3.952)

94.790***
(9.261)

Time to degree 4.729
(5.140)

1.841**
(0.597)

4.602***
(0.738)

6.926***
(1.070)

10.448***
(2.400)

9.808
(5.635)

Constant −148.254
(96.827)

−76.400**
(23.479)

−156.085***
(44.830)

−167.520**
(57.790)

−52.619
(148.145)

−501.564*
(203.221)

Observations 15,762 15,762 15,762 15,762 15,762 15,762

Note. Column 1 presents the results from OLS regression. Columns 2 through 6 present the results from unconditional quantile regressions at the correspond-
ing percentile. The models include institution and graduation year fixed effects and heteroskedasticity robust standard errors (in parentheses). OLS = ordinary 
least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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Table A5
Relationship Between Student-Level Characteristics and Debt-to-Income Ratio for Graduates and Nongraduates

OLS
10th 

Percentile
25th 

Percentile
50th 

Percentile
75th 

Percentile
90th 

Percentile

Age at entry 2.663*
(1.277)

−0.091
(0.139)

0.074
(0.177)

0.308
(0.267)

0.587
(0.590)

2.252
(1.595)

Race (reference: White)
  Black 26.935***

(4.065)
6.476***

(0.492)
13.595***
(0.715)

27.253***
(1.176)

45.555***
(2.664)

74.217***
(7.034)

  Latinx −10.275**
(3.446)

−1.410**
(0.477)

−1.421*
(0.660)

1.092
(1.015)

0.919
(2.123)

−0.200
(5.386)

  Asian 7.299
(9.420)

−2.642**
(0.822)

−5.918***
(1.151)

−8.068***
(1.686)

−3.357
(3.433)

15.088
(9.023)

  Other 10.097
(15.441)

1.276
(2.313)

−0.138
(3.320)

0.570
(5.044)

2.723
(10.207)

23.357
(26.952)

Female 16.081***
(2.796)

5.265***
(0.360)

8.641***
(0.494)

13.455***
(0.745)

16.859***
(1.561)

18.865***
(3.997)

Parental education 
(college or higher)

17.286***
(2.922)

2.601***
(0.369)

4.429***
(0.508)

7.223***
(0.783)

15.757***
(1.669)

34.737***
(4.280)

Prior income (log) 21.840***
(2.296)

4.471***
(0.284)

8.384***
(0.383)

13.370***
(0.563)

24.004***
(1.150)

46.629***
(2.959)

Entry institution 
private

31.533
(20.184)

−4.430*
(1.936)

−0.782
(2.270)

4.511
(3.461)

11.392
(8.249)

11.392
(19.983)

COA entry year 
(log)

30.591***
(5.197)

9.063***
(0.829)

13.916***
(1.092)

18.406***
(1.559)

27.057***
(3.198)

47.019***
(7.903)

Independent 28.079***
(7.854)

5.471***
(1.300)

9.149***
(1.730)

13.082***
(2.573)

34.422***
(5.531)

70.369***
(14.745)

N times student had 
Pell grant

13.866***
(0.903)

2.177***
(0.112)

4.466***
(0.153)

7.838***
(0.236)

14.321***
(0.524)

27.957***
(1.431)

Constant −519.421***
(54.840)

−130.135***
(9.359)

−218.135***
(12.115)

−294.156***
(17.226)

−467.350***
(35.427)

−869.913***
(88.977)

Observations 57,430 57,430 57,430 57,430 57,430 57,430

Note: Column 1 presents the results from OLS regression. Columns 2 through 6 present the results from unconditional quantile regressions at the correspond-
ing percentile. The models include institution and graduation year fixed effects and heteroskedasticity robust standard errors (in parentheses). OLS = ordinary 
least squares; COA = cost of attendance.
*p < .05. **p < .01. ***p < .001.
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Notes

1. The latest information comes from the National Conference 
of State Legislatures, which points to Vermont being in transition. 
I could not discover any information about whether Vermont actu-
ally implemented the new performance-based funding formula.

2. I include detailed discussion of the Texas context in the 
“Texas Policy Context” section.

3. Since the debt burden cap goal (DBCG) was introduced 
in 2015, there has not been enough time for students who first 
enrolled after 2015 to earn a 4-year credential and have 1 year of 
postgraduation earnings.

4. This likely difference means that the state of Texas could 
view a student’s debt-to-income ratio as too high when in reality 
the student has opted into an income-based repayment plan and 
finds the monthly payments manageable.

5. To calculate this comparison debt-to-income ratio, I used the 
U.S. Department of Education’s Federal Student Aid Repayment 
Estimator. I estimated repayment for a student with the average 
amount of undergraduate student loans, including parent PLUS in 
the analytical sample ($33,255), at an interest rate of 3.8% (per 
2016–2017 rates for direct unsubsidized loans), for a single tax 
filer, with an income of $55,425 (which would result in a 60% debt-
to-income ratio based on the Texas DBCG).

6. The state mean imputes the missing fourth quarter for stu-
dents who only earned in three of the four quarters. Due to concerns 
that this may bias the earnings upward, in the current study, I only 
focus on the nonmissing wage information for students.

7. Note that neither of these two intermediate goals focus on the 
earnings of graduates.

8. Texas state administrative data are the population of not-for-
profit higher education students in the state of Texas.

9. I verified first-time status as an undergraduate through both 
the enrollment files and the financial aid files from the Texas 
Higher Education Coordinating Board (THECB). Students had to 
be classified as a either (a) a freshman in the enrollment data and 
either first time or undergraduate in the financial aid data or (b) a 
sophomore in the enrollment data and first time in the financial 
aid data to be included in the sample. Approximately 20% of the 
students are missing financial aid files, and approximately 30% of 
the students do not have earnings data.

10. I chose unconditional instead of conditional quantile regres-
sion as the latter requires an interpretation of estimates based on the 
average of each covariate included in the model. These estimates 
shift when covariates are added or removed, which makes it harder 
to compare estimates across different studies (MacLean, Webber, 
& Marti, 2014).

11. Scholars have used quantile regression either to investigate 
standard continuous outcomes (e.g., Webber & Ehrenberg, 2010) or 
ratio continuous outcomes (e.g., Martins & Pereira, 2004).

12. I use Stata user-written command rifreg to estimate the 
unconditional quantile regressions. The command can be accessed 
at: https://faculty.arts.ubc.ca/nfortin/datahead.html.

13. I include figures for all other covariates in Appendix Figures 
A1 (cumulative undergraduate debt) and A2 (debt-to-income ratio).

14. This investigation is exploratory as I cannot be certain that 
these students did not earn a credential from an institution that 
does not report to THECB (e.g., for-profit institution, institution 
in another state).

15. Estimates available on request.
16. I also estimated quantile regressions using salary as the out-

come. Estimates available on request.
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