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Abstract
Using a sample of over 3,500 colleges from the College Scorecard Dataset 1, we investigate the
association of average federal student loan repayment rates with institutional, regional, and student
demographic characteristics of colleges. We consider educational cohorts from 2010 to 2016 at public,
private for-profit, and private non-profit institutions. Our data do not allow us to see individual student
characteristics, hence we control for traits of the average student in each college and focus on
institutional traits that impact repayment rates. Our controls for demographics are consistent with prior
research on student loan repayment rates (Lochner and Monge-Naranjo, 2014; Kelchen and Li, 2017).
We ran a Random Effects panel regression to determine how institutional, regional, and student
demographic characteristics impact repayment rates. We see an important influence of the institution
attended. Institution selectivity (lower admission and withdrawal rates) is associated with higher average
repayment. Furthermore, the highest degree awarded is a more significant variable when it comes to
describing the variation in repayment rates for public schools; private for-profit schools exhibit lower
repayment rates and private nonprofit schools exhibit higher repayment rates regardless of the highest
degree awarded. This could be due to a combination of signaling and screening effects. Local income
and unemployment impact repayment for the average student in public and for-profit schools, but not in
private non-profit schools.
A noticeable institutional finding is that, even after controlling for average school demographics,
for-profit schools exhibit lower repayment rates across all types of degree-granting programs. Attending
a for-profit school may be a negative signal of ability or value to potential employers. Median family
income positively affects repayment twice as much for for-profit schools compared to other school
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types. These finding on for-profit institutions help explain Obama’s “crack down on for-profit career
training colleges” (Simon & Emma, 2014).

JEL classification: I2; I22; I26
Keywords: Education, Federal Loans
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1. Introduction
Using institutional-level data from 2010 to 2016, we identify how college traits influence student
loan repayment rates. This paper seeks to understand how institutional characteristics (admission rate,
cost of attendance, highest degree granted and withdrawal rate), student demographics (family income,
race, gender, major choice, part-time status, Pell-grant status), as well as regional attributes (city
population, city income and state unemployment rate) of each institution impact repayment rates for
public schools, private for-profit, and private nonprofit schools.
Ignoring moral hazard issues, student loan repayments are impacted by earnings after graduation.
As such, they are influenced by many factors, including but not limited to personal ability, professional
field, signaling perceived by employers based on the institution attended, value of the education received
(and/or perceived by employers), and macroeconomic conditions. In times of financial hardship, the
ability to rely on family for additional help is likely to be more significant.
1.1 U.S. Student Loan Market
Although it is widely accepted that higher education increases the productivity of the labor force
(Moretti, 2004), there is increasing concern that students are taking on too much debt to finance their
higher education (Lochner and Monge-Naranjo, 2016). In 2004, there were 23 million student loan
borrowers in total (including both private and federal loans), whereas in 2012, there were 39 million

Figure 1: Tuition Costs over Time (inflation adjusted 2017 USD)
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(Brown Haughwot & Lee, 2014). This 70% increase in borrowers is coupled with an increase in average
debt per borrower. Individual borrowings have also increased 67% between 2004 and 2012, from
approximately $15,000 to $25,000 (Brown, Haughwot & Lee, 2014).
Data from the CollegeBoard (figure 1) shows us that over the period 1997-98 to 2007-08, tuition
and fees for full time in-state students at private non-profit four-year colleges and universities grew by
around 31%. For full time students at public four-year colleges and universities, published tuition and
fees rose approximately 54%. These rising educational costs are forcing more students to borrow (and
borrow higher sums of money) in order to finance their education.
As of March 2019, about 92% of all student loans were federal –– not private –– loans
(MeasureOne, 2019). Student loans are extended under Federal Student Loan programs administered by
the Department of Education. These federal programs have historically offered loans at rates lower than
those offered by most private lenders, on terms that are more attractive to student borrowers, and
without adjusting the pricing on loans according to the risks inherent in different courses of study or
lending to different types of borrowers (Simkovic, 2013). This highlights that individuals are neither
screened for their ability nor the type of institution that they are attending or the degree that they will be
pursuing. This imperfect knowledge in the market suggests that some students are borrowing more than
they will be able to pay back.
There are rising delinquency rates (90 or more days late) on student loan payments (both federal
and private loans) over the past ten years: among borrowers under the age of 30 still in repayment, the
fraction of delinquent borrowers on student loans increased sharply from 20% in 2004 to 35% in 2012
(Brown, Haughwot & Lee, 2014). The delinquency rate of student loans has risen relative to rates on
other types of consumer debt including credit card debt, auto debt, and mortgages. In late 2008, student
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loan debt surpassed credit card debt to have the highest rate of consumer loan delinquency, suggesting
that the number of borrowers struggling with their student loan payments is increasing (Li, 2013).
1.2 Institution Type
According to the Brookings Institute, 52% of for-profit undergraduate borrowers defaulted on
their student loan within 12 years of entering the school. This was followed by public 2-year colleges
where 26% of borrowers defaulted on their loan. In a study that looked at New York schools, although
just 6% of all undergraduate students in New York attended for-profit schools, these schools accounted
for 41% of all student loan defaults after five years (Dvorkin, Bowles, & Shaviro, 2018). Furthermore,
on average, for-profit schools are more expensive for every degree relative to other school types.
According to Lee (2020), a certificate program (the most commonly offered program at private forprofit institutions) at a for-profit college costs $19,806 compared to $4,250 at a public college.
Additionally, there is evidence that certificate-seeking students enrolled at for-profit schools are 1.5%
less likely to be employed and, conditional on that employment, exhibit 11% lower earnings after
graduation relative to those who attended public institutions (Cellini, 2016).
Despite information suggesting that for-profit schools are a larger and riskier investment,
according to a summary of a senate hearing in 2012, for-profit colleges are rapidly increasing their
reliance on taxpayer dollars. In 2009-10, the sector received $32 billion, 25 percent of the total
Department of Education student aid program funds (U.S. Senate, 2012). More recently, senators and
consumer advocacy groups have sought to use legislation to end funding for-profit schools. In October
2019, democrats Rep. Pramila Jayapal and Sen. Sherrod Brown introduced the “Students Not Profit
Act”, which would ban the Department of Education from sending federal loans and other funding to
for-profit colleges. Approximately one-third of for-profit institutions acquire almost all of their revenue
from taxpayer money via government-backed student loans (Nova, 2019).
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1.3 Institutional Characteristics
Previous studies (Lochner and Monge-Naranjo, 2014; Kelchen and Li, 2017) look at
characteristics traditionally connected to economic drawbacks and their effect on loan default while
controlling for certain institutional level characteristics, such as cost of attendance and university type.
Traditional economically disadvantaged characteristics include being from an underrepresented minority
group or from a lower income bracket. In this paper, we not only control for the aforementioned
institutional level characteristics, but we also control for selectivity and withdrawal rate as well as
regional characteristics, such as median city income and the local state unemployment rate.
Additionally, we categorize the student bodies at the schools by race, family income, gender, part-time
status, and major choice.
Lochner and Monge-Naranjo (2014) found that Black individuals have much higher nonpayment
rates on debt relative to White individuals; interestingly this is a phenomenon not wholly explained by
differences in post-school earnings, choice of major, type of institution, or student debt levels.
Controlling for all other variables, including median family income and school type, we found that
schools with greater relative Black and Hispanic borrowers populations had lower repayment rates.
Regarding major choice, Lochner and Monge-Naranjo (2014) suggest variation exists in
repayment/nonpayment depending on the student’s degree. Unsurprisingly, engineering majors owe a
much smaller portion of their debt relative to other majors after 10 years, whereas social science and
humanities majors represent the greatest share of debt in nonpayment. In our paper, we find that having
a larger portion of STEM degrees raises the repayment rates for both public schools and private nonprofits.
Although existing literature and statistics do highlight that private for-profit institutions result in
higher default rates, there is little explanation as to why this phenomenon exists and how for-profit
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institutions differ from public schools and private nonprofit schools. This paper aims to highlight some
of the key institutional differences between the school types and repayment rates.

2. Literature Review
Although existing research has considered the ways that student demographics and institutional
characteristics are related to student loan repayment and default rates, the combination of examining
institutional factors by school type while controlling for average student demographics is something that
has not been previously studied. The majority of the existing research is concerned with examining the
impact of student demographics through the use of individual-level data. There is also little research on
the regional effects of an institution on repayment rates, and this has not been studied in conjunction
with the student demographics and institutional factors. Finally, using the multiple years of data
provided in our College Scorecard dataset, we are also able to consider how institutional, student
demographic and regional effects relate to student loan repayment rates over time.
2.1 Student Demographic Factors
The literature is consistent in finding that Black students have the highest rate of student loan
default among other racial student groups (Hillman, 2015; Jackson and Reynolds, 2013; Lochner and
Monge-Naranjo, 2014) even after controlling for post-graduation earnings (Lochner and MongeNaranjo, 2004). Hillman (2015) also found that Hispanic students default on their loans at higher rates
than White students. Lochner and Monge-Naranjo (2015) also found that the higher nonpayment rates
by Black and Hispanic students are not wholly explained by differences in post-school earnings, choice
of major, type of institution, or student debt levels. The reasons behind these discrepancies in repayment
rates are not fully explained in the literature, although Volkwein et al. (1998) highlight that students of
color are more likely to be unemployed. Additionally, Lochner and Monge-Naranjo (2004) point out that
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the post-college earnings of African Americans ar lower than that of all other racial groups, both of
which could hinder their ability to repay their loans. With regard to gender, Chen and Wiederspan
(2014) concluded that bachelor’s degree recipients who are female graduated with more debt than males.
Despite this finding, there is little information in the literature that can lead to a consistent conclusion
regarding gender and student loan repayment.
Students from lower family incomes incur more debt than students from higher family incomes
(Herr and Burt, 2005; Steiner and Teszler, 2005). There is also evidence that students from higher
family incomes are less likely to default on their loans (Chen and Wiederspan 2014; Hillman 2015;
Looney and Yannelis 2015). According to Gross, Cekic, Hossler & Hillman (2009), students who have
higher family incomes benefit from having a financial safety net that can be particularly helpful when
they are going through fluctuations in personal income. The same is not true for students with lower
family incomes.
The literature highlights that STEM majors owe a much smaller portion of their debt relative to
other majors after 10 years, whereas social science and humanities majors represent the greatest share of
debt in nonpayment (Lochner and Monge-Naranjo, 2016). Moreover , Wiswall and Gemici (2011)
highlight that there is an increasing importance of college major as a determinant of earnings.
2.2 Institutional Factors
Looney & Yannelis (2015) highlight that there have been increases in the number of borrowers
at for-profit and public two-year community colleges. They find that these borrowers have led to a surge
in student loan defaults as many of them had withdrawn from the institution, been unable to obtain a job
post-graduation or were from economically disadvantaged backgrounds. This finding that for-profit
colleges and two-year colleges have higher default rates than nonprofit or public four-year colleges is
consistent across the literature (Hillman 2014; Lochner and Monge-Naranjo 2014). Ishitani and
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McKitrick (2016) found that default rates at four-year colleges tend to be lower at more selective
colleges and those with higher graduation rates. Kelchen and Li (2017) found that institutional
characteristics exhibit a stronger association with repayment rates than with cohort default rates. This
influenced our decision to use repayment rates as our dependent variables in our regressions.
2.3 Regional Factors
Webber and Rogers (2014) found that recovery from economic recessions varies across states, which
can lead to differences in funding for public institutions and resources for student services programs.
This can also affect local employment opportunities. Both factors may suggest that loan repayments
would be dependent on the state’s ability to recover from an economic recession. Ishitani and McKitrick
(2016) found that institutions located in rural areas and areas with higher unemployment rates tend to
have higher default rates: they found that a 1% increase in the state unemployment rate led to an
increase in the institutional default rate by 0.36%.

3. Theoretical Framework
Our framework functions in two parts. First, we examine the relationship between schools
recruiting students versus the value that the institution is providing through the degree, as well as
employers’ selection of workers. Next, we seek to identify how institution types influence the incentive
compatibility of repaying loans.
3.1 Sorting Model
In order to examine the relationship between schools self-selecting students versus the value that
an institution provides, we use the “sorting model” (Weiss, 1995). The sorting model combines both the
signaling and screening models. In the labor market, in the signaling model the informed (students)
move first whereas in the screening models the uninformed (firms) move first. Through the sorting
model, both signaling and screening are taking place in order to sort workers according to their
11

unobserved abilities. In the context of our paper, signaling would refer to the students signaling their
productive capabilities by choosing to attend college and the screening refers to employers deciding the
productive value of a certain degree when looking to hire a new graduate.
According to Weiss (2005), “in sorting models, schooling is correlated with differences among
workers that were present before the schooling choices were made; firms make inferences about these
productivity differences from schooling choices, and students respond to this inference process by going
to school longer”. Individuals can pursue more education as a way of signaling their ability. Stiglitz
(1975) highlights that “an indirect effect of sorting may be to improve the match between workers and
jobs”.
This theory provides the background for understanding that a student’s choice to attend a forprofit school may be driven in part by their ability as well as the aggressive recruiting strategies from the
for-profit institutions (screening). However, the value of their degree may not be seen favorably by
employers (signaling). An alternative choice to attend a similarly competitive public or private nonprofit
school would “sort” the student as having a higher ability as well as a higher-valued degree. In this way,
we add to the “sorting model” by considering not just the choice of pursuing further education, but also
once the choice to pursue more education is made, there is the choice of what type of institution to
attend.
The mission of public institutions is to provide higher education opportunities at relatively low
cost. As such, these institutions may be geared towards lower-income students. However, the for-profit
structure of private, for-profit schools leads them to pursue enrollment in a rather aggressive and
predatory manner. According to a senate hearing about for-profit schools, “in 2010, the for-profit
colleges examined employed 35,202 recruiters compared with 3,512 career services staff and 12,452
support services staff, more than two and a half recruiters for each support services employee” (US
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Senate, 2012). These schools put more resources into recruiting than into teaching and academic
counseling. For-profit schools often offer the same types of degrees and certificates as public schools,
acting as a substitute. Recruiters may convince students that the private for-profit school is a beneficial
investment that will result in higher net earnings. Therefore, the recruiters “select” lower-income
students who have already decided to “signal” to employers that they invested in education. Students
from these backgrounds may have fewer resources to search and check that the recruiters are providing
them with correct information. Eventually, as students attend private for-profit schools, the quality of
education is sub-par and there are few academic supports to keep students engaged. Students end up
withdrawing and maintaining lower earnings than if they had finished, resulting in likelihood to default
on loans (Weiss, 1995).
Even if students finish their studies at a for-profit school, employers may “screen” based on the
type of institution attended. Employers may believe that those who attend a private for-profit university
are not receiving a quality education or that the students are not as productive. In this way, even if a
student has high ability, the signal concerning their ability may be “distorted” due to the type of
institution they attended. This would again lead to lower earnings and ability to repay loans. Moreover,
by using the sorting model, we can see how the choice of what type of school to attend may give the
wrong signal about ability, essentially sorting students by low-income status and resulting in lower
earnings and repayment than if they had gone to public colleges.
3.2 Incentive Compatibility
An agreement can be called incentive compatible when all parties achieve the best outcome for
them by simply acting according to the terms of the agreement. In any loan market, the rational lender
should foresee temptations a borrower may have to default and determine the conditions under which
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default will take place. The lender should not lend more than the borrower would have the incentive to
repay.
Based on Lochner and Monge-Naranjo (2016), we assume that once a borrower leaves school, he
or she can always opt to default on a repayment D(z). For simplicity, in order to quantify the cost of
borrowing, we assume that a defaulting borrower loses a fraction κ ∈ (0, 1) of the individual’s labor
earnings, so the individual’s post-school consumption is cD1 (z) = (1 − κ) zaf (h), where zaf (h)
represents labor earnings. These losses could reflect punishments imposed by lenders themselves (e.g.
wage garnishments) or by others (e.g. landlords refusing to rent or employers refusing to hire).
Alternatively, the borrower could repay D (z) yielding post- school consumption cR1 (z) = zaf (h) − D
(z). The borrower’s decision is straightforward: repay if the cost of defaulting exceeds the cost of
repaying: D(z) ≤ κzaf (h). We will examine the relevance of incentive compatibility with regard to
institution types.
We argue that due to the issues discussed above, the lowest repayment rates are likely to be at
private for-profit institutions relative compared to other types. This is because κzaf (h) for the for-profit
institutions is likely to be lower than at other schools, such that students end up defaulting. This suggests
that many variables that affect repayment rates may be stronger (larger value/size) for the private forprofit schools.

4. Data
4.1 The Dataset
The College Scorecard Dataset from the Department of Education provides cohort data for the
years 1996 through 2017. For this project, we examine cohort datasets between 2010 and 2016, paying
attention to the differences in repayment rates over time and the effects of different variables in
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predicting the repayment rates. This data is collected at an institutional level with colleges self-reporting
their statistics on measures, such as their highest degree awarded, percentage of students from a
particular race, etc. We split our data up by three institution types: public, private for-profit, and private
non-profit.
Repayment rates refer to whether a borrower makes a payment towards their loan during the
period of time during which that borrower is required to make payments on a loan. A borrower can
lengthen the repayment period by making smaller payments or shorten it by making additional
payments. Additionally, a borrower can postpone a payment without defaulting and will still be counted
as someone who is repaying their loan. Borrowers whose repayment periods have not yet begun (one
reason for this could be that they are continuing their higher education) are not accounted for in this
measure. A borrower would drop out of the repayment measure if they were to default on their loan.
We downloaded all the institutional data for all the available years: 1996 to 2017. We went
through each file and checked if the dependent variable had observations in each year. If there were
more than 50% missing values, we then discarded observations from that year. We found that repayment
rates were not recorded up until 2009, although they had 2-year cohort default rates, which could have
been another possibility to examine instead of repayment rates. However, the problem with the cohort
default rate variable was only available as a 2-year cohort default rate until 2012, and only as a 3-year
cohort default rate after that. This discrepancy would have made it hard to observe patterns over several
years and when looking at total missing values, there were significantly more missing values with the 2or 3-year cohort default rate than with the corresponding 3-year repayment rate. This is how we chose to
focus on the 3-year repayment rate. We also removed any observations that did not have a unique ID for
the institution that it represented. This is important as when we are doing the panel regression, and by
doing so, iterating over the institutions and the years.
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4.2 Variable Construction
We created a share of STEM degrees awarded by institutions each year. We took the sum of the
majors listed in the original dataset (figure 2) to create this variable. We predict that schools with a
higher percentage of students graduating with a STEM degree will have higher repayment rates.

STEM
Natural Resources and Conservation
Computer and Information Sciences and
Support Services
Engineering
Engineering Technologies and EngineeringRelated Fields
Biological and Biomedical Sciences
Mathematics and Statistics
Military Technologies and Applied Sciences
Physical Sciences
Science Technologies/Technicians
Psychology
Figure 2: STEM majors

We also wanted to incorporate information about the city and state in which an institution is
located, such as income, unemployment, and population. We interpreted the city population estimates as
a proxy for urbanization. We suspect that this variable is related to repayment rates since we hypothesize
that more urban cities would tend to have greater employment opportunities. However, the relationship
would only be significant if students are likely to seek employment in the same area as their school. This
is not always the case. It might be more relevant to assume this when considering public and private forprofit schools as these schools have historically filled their student body with local students. Through the
United States Census Bureau (2018), we got the median population estimates for every city in the
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United States from 2010-20172. For each observation in our dataset, we had to match the observation’s
city and state with the city and state in the United States Census Bureau’s dataset in order to obtain the
population estimates. We also looked at the corresponding median household incomes in the United
States from 2011 to 2016 (Census Bureau, 2020) for the cities that were nearest to each university’s
location3. This dataset provided the median income of each county, so we took the median value of all
the county incomes in a city in order to get an estimate of the median income for a city.
For many of the observations in our dataset, there were missing values in several columns.
Although we removed observations that were missing values for the dependent variable (3-year
repayment rate), it would not be possible to do the same for the explanatory variables, since many of
these variables were missing at least 20% of their values. Additionally, the observations that were
missing values for a certain column often did not overlap with the observations that were missing values
for a different column. Because of the lack of overlap, simply removing observations that were missing
values would result in a much smaller dataset, and the parameters that we would estimate via a
regression model would not be as accurate since the model was not exposed to enough variation in
repayment rates. Instead of simply replacing missing values of a variable with the mean of that variable,
which would significantly increase the bias of our model we implemented a data imputation method
called Multiple Imputation by Chained Equations (MICE)4. The MICE algorithm works by running
multiple regression models and pooling the results. Each missing value, which the models are trying to
predict, are modeled conditionally on the observed (non-missing) values. We implemented this on the
data or each year and transformed the dataset using the MICE package. We then got our transformed
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City And Town Population Totals. United States Census Bureau. 2010-2018.
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Historical Income Tables: Households. United States Census Bureau. 2020.
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dataset for each of the years and kept track of the year for each observation. Finally, we merged the
datasets to create the panel dataset.
We wanted to check for correlations between the continuous variables in our dataset. We created a
correlation matrix, which is visualized in figure 3. Utilizing this matrix, we were able to determine if our
predictors were redundant and describing the same information. We observed that the percentage of

Figure 3: Correlation matrix for continuous variables

first-generation students was strongly negatively correlated to the median family income. The
correlation coefficient was -0.82. Because of the high correlation, we decided to remove the percentage
of first-generation students from our dataset before running the regression, since the regression model
18

assumes the absence of multi-collinearity. Median family income was also correlated with the
percentage of Pell-grant students and the cost of attendance, but we decided that the correlations (-0.64
and 0.62 respectively) were reasonable.
We then calculated the correlations for the dummy variables using Thiel’s U index (the uncertainty
coefficient)5. We took all the pair permutations of the categorical variables. We then applied the Thiel’s
U index on each of the pairs and created a correlation matrix for these variables. Through this
correlation matrix, we were able to observe that there were no strong correlations between the dummy
variables. This is an asymmetric method, and we accounted for this when we took permutations instead
of combinations.
4.3 Summary Statistics
According to the summary statistics, which can be found in the Appendix (images C-E), the
mean repayment rate is lower for private for-profit schools (35%). The standard deviation of the
repayment rates is also the smallest for the private for-profit schools (14.2%). On the other hand, private
nonprofit schools have the greatest mean repayment rate (61.1%) but also the highest standard deviation
(19.3%).
The mean cost of attendance is lowest for public schools ($16,043) and highest for private
nonprofit schools ($34,666). Withdrawal rates are lowest for public schools and private for-profit
schools: 24.8% and 25.1% respectively. The mean withdrawal rate is 19.2% for private nonprofit
schools. There is also a significant difference between the percentage of STEM degrees awarded by
institution type: private for-profit schools award 7%, public schools award 14% and private non-profit
schools award 16%. There are also almost double the mean number of black students at private forprofit institutions (24%) compared to private nonprofit and public schools. The mean number of
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Hispanic students is also higher for private for-profit schools (17.5%). The private for-profit schools also
appear to be situated in the most populated cities.
For the categorical variables, we can observe that the mode of the highest degree awarded for
private for-profit schools is a certificate degree, whereas it is an associate degree for public schools and
a graduate degree for private nonprofit schools. We can also observe that the most common region for
all types of schools is in the Southeast.
4.4 Limitations
Limitations of our dataset include the fact that we only have data on institutions and not
individuals. We can see the average demographics of the students at a school, but we do not have
individual information on demographics, loan size and repayment. This means that we cannot draw
conclusions on an individual level and we cannot see variations in the student-body demographics.

5. Empirical Specification
5.1 Regression Equation

where yit is the average 3-year repayment rate for institution i in year t (2010-2016).
The explanatory variables include
University Characteristics:
Institution Type, Cost of attendance, Withdrawal rate, Admission rate, Highest degree awarded
Student Demographic Characteristics:
Percentage of women, Percentage of part-time students, Percentage of students receiving a Pell
grant, Percentage of STEM degrees awarded, Median family income, Percentage of Black
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students, Percentage of Hispanic students, Percentage of Asian students, Percentage of AIAN
students, Percentage of NHPI students,
Regional Characteristics:
Median city income estimates, State unemployment rate, City population estimates
5.2 Dependent Variable
We are using three-year loan repayment rates for our dependent variable which the data
dictionary for the Scorecard dataset defines as, “the share of borrowers paying off at least one dollar of
their loan principal within three years of entering repayment”6.
The repayment rate improves upon the cohort default rate as a metric for ability to pay back
student loans by including students who are struggling to make payments. Cohort default rates
significantly understate the proportion of students who have been unable to reduce their student loan
amounts relative to the repayment rate, as the cohort default rate does not account for students who have
not defaulted but also not started their repayment plan.
5.3 Independent Variables
There are three main categories for our independent variables; those include student
demographic, institutional, and regional characteristics. Albeit all of the data available in our dataset is
at the institutional level, we have labeled specific data groups “demographic”, because they are more
descriptive of the student profile attending these institutions. The practice of using institutional level
data to gain insights on individual student borrowers has been employed by other literature (Kelchen and
Li, 2017; Lochner and Monge-Niranjo, 2015) in the academic field of student loan markets.
5.3.1 Student Demographics
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In our student category, we control for the percentage of students who are first-generation,
percentage of female undergraduates at an institution, percent of undergraduates by race. Students from
economically disadvantaged backgrounds, which include first-generation, and Black and Hispanic
students, tend to be associated with lower repayment rates (Kelchen and Li, 2017). Regarding gender,
we expect the female indicator to have a positive relationship with repayment rate. On average, women
take about two years longer than men do to repay student debt (AAUW, 2020).
With regards to major choice, we expect percentage of STEM degrees awarded to have a strong
positive association with our dependent variable, as STEM majors owe a much smaller portion of their
debt relative to other majors after 10 years (Lochner and Monge-Naranjo, 2016).
We also chose to control for family income level, looking at median family income by institution
as a continuous variable. We expect that higher family income positively correlates to lower repayment
rates (Kelchen and Li, 2017).
5.3.2 Institutional Traits
There is evidence to suggest for-profit colleges yield the lowest repayment rates amongst all
institution types (Hillman, 2015; Lochner and Monge-Naranjo, 2014). We also control for the highest
degree awarded by an institution. Graduates coming out of four-year universities are 18% more likely to
begin paying off their loan principal relative to graduates of two-year programs at least one year after
completion (Kreighbaum, 2020). We predict schools that offer bachelor’s and graduate degrees for
“Highest Degree Awarded” will have the highest loan repayment rate.
We also control the cost of attendance across institutions. Institutions that have higher costs of
attendance average lower non-repayment rates (Kelchen and Li, 2017). We expect as the tuition of a
school increases, the quality of education likely increases as well, thereby having a positive relationship
with repayment rates. According to Ishitani and McKitrick (2016), more selective schools have lower
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default rates. We use admission rates as a proxy for selectivity, and expect admission rate to have a
negative relationship with repayment rate.
5.3.3 Regional Characteristics
Given that this paper uses data from 2010 through 2016, we included regional variables to
control for economic differences over time. Our regional variables include state unemployment, median
household income of the nearest city to the university, and population estimates of the nearest city.
Ishitani and McKitrick (2016) found state unemployment rate and urban location to have a positive
relationship with repayment rate. Based on their findings, we predict that schools in states with lower
unemployment rates, in cities with higher populations and in cities with higher incomes would lead to
higher repayment rates.

6. Results
Since we had time-series data, we utilized a panel regression to better understand which variables
contributed to the variation in repayment rates while accounting for time. We ran three separate panel
data regressions for each of the school groups: Pooled OLS, Fixed Effects (FE) and Random Effects
(RE). In order to compare the FE and RE models, we conducted a Hausman test. This test detects
endogenous regressors in a regression model. Endogenous variables have values that are determined by
other variables in the system. Having endogenous regressors in a model will cause ordinary least squares
estimators to fail, as one of the assumptions of OLS is that there is no correlation between a predictor
variable and the error term. The null hypothesis of the test supports the claim that a RE model provides a
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better estimation of the parameters and is the preferred model, whereas the alternate hypothesis is that
the preferred model is the Fixed Effects model. From the Hausman test, we derived the following pvalues when comparing the FE and RE models for public, private nonprofit and private for-profit
schools respectively: 0.99928, 0.99999 and 1.0. None of these p-values were significant, so we do not
need to reject any of the null hypotheses. This shows us that we should use the RE models since there
are no systematic differences in the coefficients between the FE and the RE models. Because of this, all

Figure 4: Random effects panel regression’s coefficients and
p-values (in parentheses). P-values that are not significant at
a 95% confidence level are colored in red. R-squared values
for public, private nonprofit and private for-profit schools
respectively: 59.65%, 52.34%, and 52.95%.
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of the conclusions that we present in this section are taken from the RE models. The estimator
coefficients and p-values across school groups from this model are pictured in figure 4.
Using the RE models, we got the following R-squared values for public, private nonprofit and
private for-profit schools respectively: 59.65%, 52.34%, and 52.95%. This means that model was the
best at describing the variation in repayment rates for public schools and worst for private nonprofit
schools. Our first observation from the RE models is that the constant value was the smallest for private
for-profit schools. We mean-centered all of the continuous variables, so the constants provide more
information. This observation shows us that if we assume averages for the explanatory variables, private
for-profit schools have lower repayment rates.
6.1 Repayment Rates Across School Groups
We mean-centered all of the continuous variables, so the constants in the regression highlight
that if we assume averages for the explanatory variables, private for-profit schools have lower
repayment rates. Visualizing the repayment rates for each school group in a histogram (figure 5) allows
us to observe that the repayment rate distributions for each school group are varied. With respect to
private nonprofit schools, they have the highest mean repayment rate and their repayment rates vary
widely. The distribution is also negatively skewed. Below a repayment rate of 40%, there seems to be a
significant increase in frequency, suggesting that the distribution could be bimodal. On the other hand,
the distribution of repayment rates for public schools more likely resembles a symmetrical curve. This
result suggests that educational institutions belonging to this group fall below or above the mean in
equal proportions. The distribution of repayment rates for private for-profit schools is centered at the
smallest repayment rate among the distributions. The curve is thinner than the other two curves and has
a large frequency at its mean. It appears that the student bodies belonging to private for-profit schools
have a harder time on average paying back their loans.
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Figure 5: Histograms of repayment rates across school
groups

6.2 Student Demographics
According to the RE models, the coefficient for median family income is positive and significant
for each school group at a 95% confidence level. The coefficient is twice as large for private for-profit
schools as it is for private non-profit schools. This suggests that students from private for-profit schools
are more dependent on family income when it comes to paying back their student debt. This may
suggest that the value added from their degree is less valuably received by employers in the job market.
Figure 6 visualizes the relationship between median family income and repayment rates by school type.
The results from the RE models and the figure suggest that schools with student bodies that come from
wealthier backgrounds have historically been better at repaying their loans, and this is especially true for
students from private for-profit schools.

26

Figure 6: Scatter plot of median family income
and repayment rate

Independently of the median family income for the average student, race also proves to be
important in describing the variation in repayment rates for each school group. The proportion of
students who were black is negatively associated with repayment rates and is statistically significant for
all school types. In other words, schools with larger black student population ratios are found to have
lower repayment rates. It was the most negative for private nonprofit schools (-0.31) and the least
negative for private for-profit schools (-0.14). Although not as significant, we find similar results for the
variable representing the proportion of students who were Hispanic. This variable was negative for each
school group, but it was not statistically significant for public schools. It was the most negative for
private nonprofit schools (-0.17) and the least negative for private for-profit schools (-0.04). These
findings may reflect lower earnings after graduation, although the data used here do not give information
about future earnings.
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6.3 Institutional Characteristics
Changing the highest degree that an institution can award their students does appear to have a
significant effect on the expected repayment rate for that institution according to the RE models.
However, not all of the variable levels were significant for each school group. For instance, when using
bachelor’s degree as the reference value, changing to a certificate degree did not have a clear effect on
repayment rates for public schools. The coefficients for the different variable levels for public and
private nonprofit schools had equivalent signs. On the other hand, the coefficients for the different
variable levels for private for-profit were always positive.
To analyze these relationships further, we created three separate boxplots for each of the school
groups with repayment rate as the dependent variable (figure 7). Public schools that offered graduate
degrees appeared to have the highest repayment rates on average with less variation than some of the
other highest degrees. The average repayment rates seemed to increase as the highest degree increased
from non-degree awarding to graduate degree with the exception of associate degrees which fared worse
than certificate degrees. The mean repayment rate for public schools with an associate degree as the
highest degree awarded was very similar to the mean repayment rates for institutions that do not offer
degrees. Perhaps, those schools have similar student populations.
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Figure 7: Box plots of highest degree awarded and
repayment rate across school groups

When looking at private nonprofit schools, we did not have diverging conclusions. However, one
thing to note was the variation in repayment rates for schools with the certificate degree as the highest
degree awarded was higher than the variation of all other degrees. Finally, when looking at private forprofit schools, we had much more diverging conclusions than we had for public and private for-profit
schools. When changing the highest degree awarded (our reference layer was bachelor’s degree for all
institutions), the repayment rates did not seem to change. The only change occurred when switching to
the certificate degree, which had an average higher repayment rate than the other degrees. Interestingly,
private for-profit schools that offered bachelor’s or graduate degrees did not have higher repayment rates
than those that did not offer those programs. This is the first time that we are observing this phenomenon
since this was not consistent with public and private nonprofit schools.
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Next, we wanted to observe if the highest degree awarded by an institution would help us
understand why the distribution for private nonprofit schools appeared to be bimodal and why students
at for-profit schools might be at a disadvantage when it comes to paying back their student loans (figure
5). We suspected that the cause was the same for both of these observations, particularly that the highest
degree awarded for these institutions might play a large role in determining repayment rates. Looking at
the frequency plot of the highest degree awarded for each school group in figure 8, it is clear that private
for-profit schools consist primarily of schools offering up to associate and certificate degrees, whereas
private nonprofit schools consist primarily of schools offering up to bachelor’s and graduate degrees.
We suspected that in nonprofit school groups, the presence of institutions that offer only up to certificate
and associate degree programs might be bringing the average repayment rate lower and causing that
bimodal appearance. Similarly, the lack of bachelor’s and graduate degree offerings for private for-profit
schools could be the reason why this school group had the smallest average repayment rate among the
three groups.

Figure 8: Bar charts of highest degree awarded
across school groups
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Building off of these hypotheses, we filtered our observations for the highest degree awarded to
be associate degree, certificate degree, and non-degree awarding. As we had done previously, we split
the institutions into their school groups and visualized the repayment rate distributions, as pictured in
figure 9. Doing so, further exaggerated the bimodal appearance of the distribution of repayment rates for
private nonprofit schools, which explains why we noticed the bimodal appearance of the original
distribution in the first place. Additionally, as expected, the mean of the repayment rates for private forprofit schools does not increase with respect to the mean of the original distribution, but it does not
decrease much either which is surprising but could be validated by what we observed previously via the
boxplots. Something important to note is that the distribution for public schools seems to more closely
resemble the distribution for private for-profit schools. Although public schools on average have higher

Figure 9: Histograms of repayment rates across school
groups where highest degree awarded is associate
degree or below
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repayment rates, the repayment rates do not appear that different after excluding bachelor’s and graduate
degree offerings, which seem to place public schools at an advantage when it comes to students paying
back their loans.

We proceeded to filter the data again, but this time for institutions that offer bachelor’s and
graduate programs (figure 10). We found that the distribution of repayment rates for public schools more
closely resembles the distribution of repayment rates for private nonprofit schools in this case. In fact,
they are nearly overlapping. This could suggest that when removing public schools that do not offer
bachelor’s and graduate degrees, public school students have an equivalent likelihood of paying back
their loans as private nonprofit school students. Additionally, filtering in this way removes the bimodal
appearance of the distribution for private nonprofit schools, which we hypothesized would happen.
Figure 8: Histograms of repayment rates across school
groups where highest degree awarded is associate
degree or below

Figure 10: Histograms of repayment rates across school
groups where highest degree awarded is bachelor’s or
graduate
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An additional insight that can be taken away from this visualization is that the distribution of
repayment rates for private for-profit schools does not change that significantly. The only observable
change is that the frequencies of lower repayment rates is higher with respect to the frequencies of
higher repayment rates. This is a surprising result, since we suspected that private for-profit schools
have worse repayment rates on average than the other school groups because they did not offer a similar
proportion of bachelor’s and graduate degrees. Moreover, it is reasonable to conclude then that the
highest degree awarded is a much more significant variable when it comes to describing the variation in
repayment rates for public schools than the repayment rates for the other two school groups.
There were two other interesting observations that we wanted to analyze further. Firstly,
returning to figure 9, we wanted to understand the bimodal appearance of the distribution of repayment
rates for private nonprofit schools. We decided to split the distribution into the two separate populations
that the distribution suggested. Furthermore, any observations with a repayment rate below 45% we put
in one dataset and any observations with a repayment rate above or equal to 45% we put in another
dataset. We then ran t-tests to compare the continuous variables for each of the datasets in order to see
how they differed. Although this analysis would not tell us which variables were more significant, it
would give us a more comprehensive understanding of how the sub-populations of private nonprofit
schools differed. At a 95% confidence level, we observed that the average Black and Hispanic
populations were higher in the lower repayment group: 29.7% versus 9.94% and 24.9% versus 9.64%.
The average admission rate was higher for the lower repayment group: 75.5% versus 65.6%. The
average median family income was also higher for the higher repayment group: $35,518 versus $17,464.
These factors suggest that the private nonprofit schools with lower repayment rates may be screening for
students with more marginalized identities/ backgrounds and lower abilities. Interestingly, the average
cost of attendance is higher for the higher repayment group: $27,108 versus $21,564, suggesting that the
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cost of attendance is important in determining the value of a private nonprofit associate degree,
certificate degree or non-degree granting education. This highlights the interplay between signaling and
screening.
The other observation that we wanted to further explore was the distinct difference in repayment
rates between private for-profit and private nonprofit schools. Similarly, we ran t-tests to compare the
continuous variables for each of the datasets. At a 95% confidence level, we observed that the average
Black and Hispanic populations were higher in private for-profit schools: 24.2% versus 14.4% and
17.5% versus 11.8%. The average admission rate was higher for the private for-profit schools: 75.6%
versus 65.1%. The average median family income was higher for the private nonprofit schools: $44,938
versus $16,766. The cost of attendance is also higher for the private nonprofit schools: $34,666 versus
$21,705. The same variables that were significant when analyzing the sub-groups of private nonprofit
schools continue to be significant for understanding the differences between private for-profit and
private nonprofit schools.
Returning to the RE models, there is an interesting relationship between an institution’s
admissions rate and its repayment rate. The coefficient for the admissions rate variable was negative and
significant across all school groups. This implies that more selective (smaller admissions rate)
institutions had higher repayment rates. Perhaps, more selective schools offer more value to their
students, and this value-add helps students pay back their loans once they receive their degrees. An
alternate explanation is that a selective school does not actually increase a student’s ability to pay off
their loan, but the students entering selective schools are more likely to not default than the students
entering non-selective schools.
As expected, the coefficient for the withdrawal rate variable was negative and significant across
all school groups as the value that they would receive upon completion of the degree, namely the
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diploma and skills, would have helped them secure job prospects that would aid them in paying off their
student debt. Nonetheless, the magnitude of the coefficients did differ significantly, and the coefficient
of the variable for private for-profit schools was more than double the coefficients for both public and
private nonprofit schools (26%, 13% and 12% respectively). This could suggest that private for-profit
schools have lower ability students that cannot finish their degrees and because of this, they cannot pay
their student debt. Similarly, the coefficient for the cost of attendance variable was positive and
significant for all groups. The coefficient of the variable for private for-profit schools was smaller than
the coefficients for both public and private nonprofit schools by a nearly a factor of five (4.16 ∗ 10−7,
2.17 ∗ 10−6and 1.87 ∗ 10−6 respectively).
6.3 Regional Attributes
None of the regional attributes, such as the city population estimates, median city income
estimates, and state unemployment rates, were significant for all school groups. The city population
estimate variable was positive and significant for all private schools. The median city income estimate
variable was positive and significant for public and private for-profit schools. Both of these schools
largely attract local students, who probably have similar family incomes to the median city income
estimate. Therefore, it makes intuitive sense that the repayment rates for these schools are dependent on
the median city income in the same way that they are dependent on the median family income.
Similarly, the state unemployment rate variable was negative and significant for public and private forprofit schools.
6.4 Time
Since we are utilizing panel regressions, we can observe how repayment is expected to change
over time with respect to an institution. From the results, it appears as the year increases, the coefficients
become more negative. This means that as time has increased, repayment rates on average have

35

decreased. However, this relationship is only clear across all student groups from 2011 to 2013. The
decrease in repayment rates could be attributed to the global economic recession that occurred in 2008.
According to Long (2014), the 2008 recession is distinctive from other recessions as, despite the fact
that college costs and student debt levels were at historic highs, college attendance actually increased
during the recession. This was especially true for colleges in the states most affected by the recession.
Long (2014) also states that due to easy educational financing available through loans, the gains in
attendance were concentrated among unconventional students (such as part-time students) and students
of color. Students enrolling around the time of the recession would be reflected in the cohort data up to 4
years after their enrollment (depending on their degree type). This decrease in repayment rates could be
attributed to a higher number of underprepared and/ or disadvantaged students taking on high levels of
debt for schools that might not provide them with a degree that adds enough substantial value. For both
public and private for-profit schools, the coefficient values plateau or even slightly decrease in
magnitude after 2013. On the other hand, for private nonprofit schools, the coefficient values increase in
magnitude. In other words, the repayment rate decreases over time. This could be attributed to the
increase in the cost of attendance that we have observed over time. Even though the cost of attendance
has increased for all school groups, the rate at which it has increased for private nonprofit schools is
greater.

7. Conclusion
Our findings confirm that the average student in private for-profit schools has the worst repayment
rate among school groups whereas the average student in private nonprofit schools has the highest
repayment rate. For an average student in public schools, the repayment rate oscillates between the two
extremes, conforming more closely to the repayment rate of private for-profit schools or private
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nonprofit schools depending on the highest degree that the institution awarded. If a public school offers
a bachelor’s or graduate degree as their highest degree, the repayment rate of the average student
increases resembling the upper bound; for all other degrees, their repayment rate decreases resembling
the lower bound. Regional attributes (state unemployment rate, city population, and city income) were
significant in describing the variation in repayment rates for both public and private for-profit schools,
but regional attributes were largely not significant for private nonprofit schools. This may be driven by
the fact that more of the student body from both public and private for-profit schools lives locally.
Therefore, the student body is more likely to pursue local work opportunities after graduation.
Student attributes regarding race were particularly significant in influencing the repayment rates for
private nonprofit institutions. Schools with a larger percentage of Black students are seen to have lower
repayment rates. It was the most negative for private nonprofit schools (-0.31) and the least negative for
private for-profit schools (-0.14). In accordance with the findings from Lochner and Monge-Naranjo
(2014), this is a phenomenon not wholly explained by differences in post-school earnings, choice of
major, type of institution. This may suggest that there is racial discrimination in the workplace when
employers are hiring. Black students may find it harder to have the means of repaying their loans.
Institutional attributes such as acceptance rates and withdrawal rates were significant. More selective
(smaller admissions rate) institutions had higher repayment rates. As expected, the coefficient for the
withdrawal rate variable was negative and significant across all school groups. However, the coefficient
of the variable for private for-profit schools was more than double the coefficients for both public and
private nonprofit schools (26%, 13% and 12% respectively). This could suggest that private for-profit
schools have lower ability students that cannot finish their degrees and because of this, they are not able
to repay their student debt. Students from more selective schools could also signal to employers that
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they have been screened for having high abilities, on top of signaling that their degree has given them
valuable skills.
Overall, our findings will be valuable for students, allowing them to make more informed decisions
about the types of schools that they apply to or choose to attend if they are to take out a loan. Although
the highest R-squared value of a school group from our RE models was approximately 60%, we were
still able to understand a significant portion of the variation in repayment rates. Our analysis has shown
that loan repayments rates for for-profit institutions with large percentages of minority students can be
particularly low. We also observe that students from private for-profit schools are more dependent on
family income when it comes to paying back their student debt. Making an informed decision about
higher education can be difficult, especially given that for-profit institutions convince prospective
students to attend through predatory tactics such as using sales representatives (Daly, 2020). For
students from minority groups and/or disadvantaged backgrounds, this research can be a helpful
resource for understanding which schools will help them signal greater skills to employers and ensure
that they repay their loans. Additionally, education policymakers who desire to reduce student debt
default rates can utilize this research to develop policies that aid particular institutions where there are
student populations that are particularly vulnerable.
Furthermore, our findings show that selectivity impacts repayment rate at for-profit schools
significantly more than it does private non-profit and public schools in the regression. This implies that
there may be subgroups within for-profit schools that could be categorized by selectivity. Given more
institutional and individual-level data, one could explore how more successful for-profit schools (those
with higher repayment rates) operate differently from less selective for-profit schools with lower
repayment rates. This could help us examine what characteristics makes for-profit schools successful at
attracting students of a higher ability and signaling the value of their education to potential employers.
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Appendix
Appendix A: Pooled OLS’s coefficients and p-values (in parentheses). P-values that are not significant
at a 95% confidence level are colored in red. R-squared values for public, private nonprofit and private
for-profit schools respectively: 74.41%, 82.32%, and 61.40%.
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Appendix B: Fixed Effects Panel Regression’s coefficients and p-values (in parentheses). P-values that
are not significant at a 95% confidence level are colored in red. R-squared values for public, private
nonprofit and private for-profit schools respectively: 57.14%, 43.86%, and 53.40%.
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Appendix C: Continuous variables for public schools
Number of
observations

Mean

Standard
Deviation

3-year repayment rate

11,682

0.510

0.155

0.088

0.928

Cost of attendance

11,682

16,043

5,605

3,368

62,551

Withdrawal rate

11,682

0.248

0.111

0.013

0.722

Percentage of first-generation
students

11,682

0.443

0.105

0.085

0.787

Percentage of women

11,682

0.587

0.117

0.000

1.000

Percentage of part-time
students

11,682

0.343

0.227

0.000

1.000

Percentage of STEM majors

11,682

0.141

0.131

0.000

1.259

Percentage of students with
Pell grants

11,682

0.406

0.153

0.000

1.000

Admission rate

11,682

0.730

0.129

0.071

1.000

Median family income

11,682

30,098

15,975

3,256

108,367

City population estimates

11,682

342,357

650,372

142

8,475,976

Percentage of Black students

11,682

0.14

0.17

0.00

0.97

Percentage of Hispanic
students

11,682

0.13

0.16

0.00

1.00

Percentage of Asian students

11,682

0.04

0.06

0.00

0.51

Percentage of AIAN students

11,682

0.01

0.04

0.00

0.88

Percentage of NHPI students

11,682

0.00

0.02

0.00

0.51

Median city income estimates

11,682

79,133

47,565

9,618

300,000

State unemployment rates

11,682

7.066

2.089

2.600

17.000

Minimum Maximum

41

Appendix D: Continuous variables for private nonprofit schools
Number of
Observations

Mean

Standard
Deviation

3-year repayment rate

10,199

0.611

0.193

0.067

0.952

Cost of attendance

10,199

34,666

12,608

2,200

83,703

Withdrawal rate

10,199

0.192

0.106

0.001

0.651

Percentage of first-generation
students

10,199

0.355

0.129

0.006

0.818

Percentage of women

10,199

0.599

0.165

0.000

1.000

Percentage of part-time
students

10,199

0.155

0.195

0.000

1.000

Percentage of STEM majors

10,199

0.163

0.164

0.000

1.554

Percentage of students with
Pell grants

10,199

0.415

0.196

0.000

1.000

Admission rate

10,199

0.651

0.180

0.027

1.000

Median family income

10,199

44,939

22,955

0

123,136

City population estimates

10,199

797,333

1,198,967

61

8,475,976

Percentage of Black students

10,199

0.145

0.191

0.000

1.000

Percentage of Hispanic
students

10,199

0.118

0.181

0.000

1.000

Percentage of Asian students

10,199

0.036

0.056

0.000

0.889

Percentage of AIAN students

10,199

0.007

0.031

0.000

0.897

Percentage of NHPI students

10,199

0.003

0.013

0.000

0.456

Median city income estimates

10,199

85,782

46,638

9,618

300,000

State unemployment rates

10,199

7.228

2.322

2.600

17.000

Minimum Maximum
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Appendix E: Continuous variables for private for-profit schools
Number of
Observations

Mean

Standard
Deviation

3-year repayment rate

20,419

0.350

0.142

0.042

0.915

Cost of attendance

20,419

21,705

5,723

6,157

91,532

Withdrawal rate

20,419

0.251

0.111

0.005

0.735

Percentage of first-generation
students

20,419

0.531

0.078

0.144

0.970

Percentage of women

20,419

0.724

0.254

0.000

1.000

Percentage of part-time
students

20,419

0.194

0.230

0.000

1.000

Percentage of STEM majors

20,419

0.075

0.183

0.000

1.051

Percentage of students with
Pell grants

20,419

0.648

0.172

0.000

1.000

Admission rate

20,419

0.757

0.104

0.087

1.000

Median family income

20,419

16,766

6,880

0.000

70,452

City population estimates

20,419

602,091

911,220

1,314

8,475,976

Percentage of Black students

20,419

0.242

0.222

0.000

1.000

Percentage of Hispanic
students

20,419

0.175

0.209

0.000

1.000

Percentage of Asian students

20,419

0.025

0.051

0.000

1.000

Percentage of AIAN students

20,419

0.008

0.020

0.000

0.694

Percentage of NHPI students

20,419

0.004

0.020

0.000

0.692

Median city income estimates

20,419

88,323

43,992

9,618

300,000

State unemployment rates

20,419

7.295

2.159

2.600

17.000

Minimum Maximum
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