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ABSTRACT

This dissertation seeks to examine the prevalence and extent of the
phenomenon of “under-borrowing:” postsecondary undergraduate students who
choose to fund their education through working 20+ hours a week at low-wage
employment rather than taking out federal student loans. A theory of under-borrowing
was developed, followed by development and administration of a survey at two
institutes of higher education. It was found that current under-borrowing behavior was
exhibited by between 12% and 20% of participants.

Financial literacy of survey participants was assessed through the use of Item
Response Theory modeling, and was found to not have a statistically significant
relationship with high school financial education mandates or under-borrowing
behavior. Additional analysis of the FINRA Investor Education Foundation’s National
Financial Capability Study suggested that required financial education may improve

financial literacy and postsecondary funding decision-making.
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Chapter 1

INTRODUCTION

Research has long shown that access to financial aid is a key determinant of
American postsecondary attendance and success, particularly among low-income and
student of color populations (Dynarski, 2003; Henry, Rubenstein, & Bugler, 2004;
Long & Riley, 2007). However, as higher education shifted from a public to private
good at the end of the 20" century, aid packages have increasingly featured federal
student loans (Slaughter & Rhoades, 2004). This funding source places a
disproportionate debt burden on already vulnerable student populations (Callender &
Jackson, 2005; R. Chen & DesJardins, 2010; Jackson & Reynolds, 2013), causing
some students to forgo the loans in favor of employment at the expense of their
academic performance, physical and mental health, and ultimate degree attainment
(Cho, Xu, & Kiss, 2015; Drentea, 2000; Dwyer, McCloud, & Hodson, 2012). With
funding disparities serving as a known barrier to equitable college attainment
(Cabrera, Nora, & Castaneda, 1992), it is necessary to identify interventions that can
be feasibly implemented and scaled to increase graduation rates and holistically
protect students’ well-being.

Grounded in the transtheoretical model of behavior change and utilizing

student survey and demographic data from a postsecondary institution, this research



will identify the extent to which a subpopulation of “under-borrowers” exists (those
who eschew federal student loans in favor of working 20+ hours at low-wage jobs), as
well as the impact of students’ biases against student loan debt and their prior
exposure to high school financial education on loan uptake behavior. Comparison of
student decision-making related to educational debt and employment trade-offs against
the proposed theoretical model will be made to not only document potential links
between financial education state mandates, biases against student loans, and under-
borrowing behavior, but to deepen understanding of the relationship between
knowledge exposure and behaviors believed to be related to college equity and
attainment. Such knowledge may ultimately provide insights into how to financial aid
professionals can successfully educate students on how to responsibly utilize student

loans to subsidize labor hours for maximum impact among disadvantaged populations.

1.1 Full Theoretical Framework

This research is informed by The Transtheoretical Model (TTM) of behavior
change (J. O. Prochaska, Redding, & Evers, 1996), a theory previously applied to
financial education and outcomes (Lown, 2007; Shockey & Seiling, 2004; Xiao et al.,
2004). First developed within health behavior literature, Prochaska, Johnson, & Lee
posit that change occurs in six distinct stages before behavior modification is
ultimately reached: precontemplation, contemplation, preparation, action,

maintenance, and termination. An individual in precontemplation, or the first stage,



has no expectation of taking action towards changing their behavior within the next six
months. Contemplation is entered when an individual decides to change in the next six
months, while preparation represents an intention to take action within the next 30
days combined with a plan to execute the behavior modification. Action occurs when
the behavior is changed, and maintenance requires the change to have been enacted
for more than six months. Termination represents a complete and sustained
modification of the behavior, with no desire to relapse. Prochaska and colleagues also
believe people may variate between the stages throughout their lifetime, making it
vital to match any intervention to their current stage as an improper match increases
the risks of the individual failing to advance past the beginning stages due to a lack of
motivation (1998).

Grounded in this theory, a full theoretical framework of the relationship
between financial education and funding source decision-making is presented in
Figure 1.1 below. The left-hand side variables, outside of the red shaded space, are
viewed as external to TTM. They represent external effects—the systemic confines in
which the student is forced to navigate. The high school an individual attends in the
US is largely determined by student characteristics such as area and family
socioeconomic status (Saporito & Sohoni, 2007), factors outside of the student’s
control. A school’s characteristics, such as public/private status and geographic
location, subsequently determine the financial education policies it is subjected to at
the state and district levels. No national financial education regulations for any grades

in K-12 exists in the US.
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The strength of a given state’s financial education policy requirements are
believed to directly affect how well a school will implement the course curriculum and
students’ resultant financial literacy. In this framework, requiring that a financial
education course be offered is better than no policy at all, but is thought to be less
effective than making such a course mandatory (M. Brown, Grigsby, Van Der
Klaauw, Wen, & Zafar, 2016; Tennyson & Nguyen, 2001). Mandatory course-end
standardized testing serves to incentivize teachers to cover all material anticipated to
be on the test (Smith & O’Day, 1990), making it a better indicator for students’
content exposure than simply attending a class. Combining mandatory standardized
testing with an offered course is stronger yet, with requiring both the course and
standardized testing representing the strongest mandate. Schools without externally
regulated financial education, such as private schools or those in states and districts
without mandates, can simply decide whether they will offer personal finance and/or
economics courses, and if so, whether such coursework is compulsory for students. It
is believed that a school’s advancement along this scale, with no course or testing
requirement being the lowest and requiring both being the highest, causes the quality
of the financial education to increase. The compulsory status of financial education
courses within a school serves to directly influence subsequent student course taking
behavior.

If a school does ultimately offer a financial education course, the resources
allocated to it can also play a role in course quality. School characteristics and whether

the content will be subjected to standardized testing can dictate factors such as



whether the instructor has received appropriate professional development or how
many hours of curriculum are delivered. For non-required courses, the perceived
quality of the school’s available class(es) can also affect whether a student chooses to
enroll, thereby influencing self-selection into financial education. Independent of the
compulsory status, the quality of the social network the student stands to gain from
course participation (e.g., the class is taught by the school’s guidance counselor,
college visits are a part of the curriculum, peers with high social capital will be in the
class, etc.) can also determine enrollment. Taken together, these student, school, and
state financial education regulation characteristics, as well as other unknown factors,
serve as the fixed effects determining student financial literacy attainment.

However, once within the red TTM section of Figure 1’s framework, student
decision-making becomes key. The decision on how to fund their education—be it
through student loans or paid employment—is viewed as the action stage, which
cannot be achieved without first deciding to pursue postsecondary education funding
sources via the Federal Application For Student Aid (FAFSA) (pre-contemplation,
contemplation, and preparation) ) and/or some attainment of financial literacy
(preparation). Student characteristics and the availability, compulsory nature, and
course characteristics influence whether the student takes a financial education course.
However, a student receiving information from their school, home life, or an external
source that 1) the FAFSA exists, 2) the FAFSA is used to determine financial aid for
postsecondary education, and 3) constructively choosing among postsecondary

education funding options requires financial knowledge may also affect their course-



taking behavior. This awareness and anticipated impending action represents the pre-
contemplation and contemplation steps, whereby a student who intends to attend
postsecondary education and/or complete the FAFSA takes a financial education
course to increase their financial literacy as well as tap into a network (course
instructor, peers, outside resources) to assist them with future FAFSA completion.
This network may also form as the result of a targeted FAFSA intervention. After
taking the course or being exposed to a FAFSA-specific intervention, students obtain a
level of financial literacy, allowing them to enter the preparation stage, where they
can competently complete the FAFSA. Conversely, the student may first learn of
FAFSA as a result of taking a financial education course and achieving financial
literacy, causing them to be in preparation without premeditation.

Regardless of the ultimate completion status of the FAFSA for the upcoming
academic year, the student must make decisions about their available postsecondary
funding options once they enter the action stage. There are two key funding decision
points: whether to accept any student loans, and whether to obtain paid employment.
These choices are independent of the FAFSA, as private student loans can be taken out
without FAFSA completion and, with the exception of federal work study programs
and contracted athletes, the FAFSA has no bearing on whether a student may seek
part- or full-time employment. However, completion of the FAFSA and subsequently
acquired scholarships and grants can heavily influence the amount of additional
funding sought. First, it must be determined how much, if any, student loan aid will be

taken out as the acceptance or rejection thereof will directly influence how much



employment is needed to supplement remaining funding needs. Some students may
reject all offered loans outright, while others may accept loan amounts on a spectrum
ranging from 5% or less of their calculated financial need to the full amount. This can
often represent the difference between hundreds and thousands of dollars. These loan
decisions are also influenced by the student’s level of debt aversion; those who are
entirely debt averse will avoid student loans all together, while those with higher debt
tolerance will take out at least some loan amount. It has been found that the more
financially literate an individual is, the lower their student loan debt aversion
(Boatman & Evans, 2017a).

Once a loan amount, if any, has been determined, any remaining financial
shortfall is addressed via a student’s decision of whether to seek paid employment. As
mentioned previously, except in a few rare cases, attendance at a postsecondary
institution does not preclude students from the workforce on or off campus assuming
the student is not on a restricted education visa. It should also be noted that a
distinction is being made between paid employment and unpaid work experiences—
this framework only takes into consideration the former, as a constellation of variables
external to this study influence a student’s decision to pursue the latter. Assuming no
legal or academic employment restrictions, students may choose to work at as many
jobs as they want for as many collective hours per week as they want, serving as
independent actors in the labor market. This allows for paid employment to fall on a
spectrum similar to student loans, ranging from no paid work hours to enough hours to

cover all financial need.



Individual decisions on how much student loan aid and how many work hours
to accept are intrinsically linked, with the former dictating the latter. Collectively, four
unique paths emerge: (a) accept some student loans and work, (b) accept some student
loans and forgo employment, (c) reject all student loans and work, (d) reject all
student loans and forgo employment. It should be noted that after the original decision
point at the beginning of the semester, some students may change course and move to
a different path (i.e., originally rejecting all loans only to seek private loans mid-
semester, choosing to quit work, or choosing to begin working). Given that for the
2018-19 academic year, 56% of bachelor degree graduates utilized at least some
student loans to fund their education (Ma, Pender, & Libassi, 2020), it is expected that
the majority of students will follow the first two paths. Students who receive full
scholarship offers or comprehensive family financial support will follow the last. They
may choose to work for extra spending money or to bolster their resume, but doing so
is not a financial necessity. Those who fall on the third path—no student loans and
work—are believed to be students with residual financial need who eschew available,
low-interest student loans in favor of independently sourcing funding through
employment. Within this category, it is theorized there are two broad categories: those
students who maintain a full-time, benefited position, and those who are being termed
“under-borrowers,” or students who hold multiple part-time, low-wage positions.

For those students who attend a postsecondary institution after successful
navigation of student loan and work decisions, the maintenance stage consists of

repeating the FAFSA, student loan, and work decision-making for each additional year



of schooling. Some decisions are made on an ongoing basis, such as whether to apply
for additional private student loans, apply for new employment, or how many hours to
work per week at existing employment. Others, such as completing the FAFSA
application, are made on an annual basis. Termination is reached when either the
student graduates or chooses to either leave school or never attend. Those who decide
to return to postsecondary education for a new degree program, or to resume their

original program, re-enter the action stage.

1.2 Dissertation Research

The full theoretical framework shown in Figure 1.1 includes many proposed
relationships, and as such cannot be fully explored within the scope of one
dissertation. Instead, at present I proposed to examine three subsections of the
framework, each presented in a following chapter.

The first two chapters use data from a survey administered to undergraduate
students at two large, public American universities to determine the extent to which
under-borrowing behavior exists in the sample and how demographic factors may
influence the behavior (Chapter 2); and if high school financial education mandates
may impact financial literacy and/or student postsecondary funding behavior (Chapter
3). Chapter 4 utilizes data from the FINRA Foundation National Financial Capability
Study (NFCS) 2018 State-by-State Survey to provide a national perspective on how

required financial education may influence financial literacy, and the mediating effect
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such literacy may have on students’ decisions to take out student loans or work during

their postsecondary enrollment.
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Chapter 2

UNDER-BORROWERS: WHAT ARE THEY, WHO ARE THEY, AND
WHERE ARE THEY?

Research has long shown that access to financial aid is a key determinant of
American postsecondary attendance and success, particularly among low-income and
student of color populations (Dynarski, 2003; Henry, Rubenstein, & Bugler, 2004;
Long & Riley, 2007). However, as higher education shifted from a public to private
good at the end of the 20™ century, aid packages have increasingly featured federal
student loans (Slaughter & Rhoades, 2004). This funding source places a
disproportionate debt burden on already vulnerable student populations (Callender &
Jackson, 2005; R. Chen & DeslJardins, 2010; Jackson & Reynolds, 2013), causing
some students to forgo the loans in favor of employment at the expense of their
academic performance, physical and mental health, and ultimate degree attainment
(Cho, Xu, & Kiss, 2015; Drentea, 2000; Dwyer, McCloud, & Hodson, 2012). With
funding disparities serving as a known barrier to equitable college attainment
(Cabrera, Nora, & Castafeda, 1992), it is necessary to identify the extent to which this
work-over-loan tradeoff behavior, termed here as “under-borrowing,” is actually

occurring within the US postsecondary student population.
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To date, the student loan literature has overlooked the potential existence of
under-borrowers, primarily analyzing instead the relationship between federal student
loan acceptance and hours worked. Mendoza (2012) found that undergraduate students
were more likely to either assume student loan debt above the 2007-08 national
median or work over 30 hours a week to graduate within six years. Under-borrowing
is also hinted at with recent findings that students from low-income households that
received personal finance education are more likely to take out federal student loans
and less likely to work than their peers (Stoddard & Urban, 2020).

However, prior work fails to take into account what I theorize to be the critical
defining factor of under-borrowers: the number of hours worked per week with respect
to weekly net, or “take home,” pay and whether they have maximized their federal
student loan borrowing potential. This is what separates under-borrowers from, say, a
student in a single, full-time position (that likely includes benefits) and is returning to
school on the side with no need for student loans to fund expenses. Under-borrowers
hold one or numerous low-wage positions, usually do not receive benefits such as
health care or tuition assistance, and choose to meet expenses by working long hours
rather than take out a small student loan that would essentially buy out tens of labor
hours per week during the semester. They do not take out their maximum offered loan
amount from their financial aid office, but rather make up the subsequent funding gap
through excessive work. It is the difference, for example, between working three
simultaneous part-time jobs at a coffee shop, a large retailer, and a fast food restaurant

to put oneself through college, versus working full-time as a well-paid Registered
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Nurse (RN) with an associate’s degree in nursing (ADN) and taking evening classes
towards a Bachelor of Science in Nursing (BSN).

To conceptualize under-borrowing behavior, consider this simple thought
experiment. Jane Doe holds three different retail service jobs and collectively works a
total of 30 hours per week during the semester. Her average net pay is $8 an hour,
resulting in weekly net earnings totaling $240. Assuming a standard 16 week
semester, she earns $3,840 per term. Watching her parents’ struggle for years with
constant financial strain pushed her to pursue higher education, but she describes
herself as highly debt adverse and feels that student loan debt is just as bad as credit
card debt. Jane is therefore striving to do everything in her power to graduate without
taking out what she feels are excess student loans. However, what Jane may not
realize is that borrowing a small federal student loan of $2,500 for the semester is
equivalent to approximately 313 labor hours at her current average pay rate. Accepting
the loan would allow her to drop from working 30 hours a week to 10, giving her
significantly more time for academic work and educational experiences.

The existence of under-borrowers is in large part theorized based on
postsecondary financial wellness professionals’ anecdotal observations paired with the
observable decline in annual federal student loan borrowing despite steady increases in
average student net price since 2010 (Ma, Pender, & Libassi, 2020). The under-
borrowing theory is also informed by my own lived experiences being a Jane Doe—
the example above was written based on mine and my lower Expected Family

Contribution (EFC) peers’ decision-making while attending a rural, majority minority
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4-year institution. In colloquial terms, my peers and I simply failed to connect the dots
as to how small student loans could be used to offset low-wage labor hours. I
subsequently believe that under-borrowers are more likely to be students of color
and/or first generation. Prior research also points to college men having more financial
knowledge than women (H. Chen & Volpe, 2002), meaning that women would be
more likely to be under-borrowers.

This paper therefore seeks to address the following questions:

1. To what extent does student under-borrowing exist? That is, is there a
significant subset of postsecondary students that fund their education by
rejecting low-interest federal student loans in favor of working 20 or more
hours a week at low-wage job(s)?

2. If so, do rates of under-borrowing differ according to students’
demographic characteristics (e.g., gender, race/ethnicity, first generation)?

To test the theory of under-borrowing and its uneven distribution across

population characteristics, I use a combination of demographic, financial aid, and
employment data gathered via an undergraduate student survey distributed at two
large, public institutions: one located in the American Midwest, and the other in the
American Southwest. It should be noted that this study is restricted in size, scope, and
sampling capabilities; thus, it is by nature an exploratory study. However, positive
findings of significant under-borrowing behavior in this subsample serve as a
foundation from which to launch future research involving large representative

samples of students.

19



2.1 Literature Review

Financial literacy has been defined as “a combination of awareness,
knowledge, skill, attitude and behavior necessary to make sound financial decisions
and ultimately achieve individual financial well-being” by the Organisation for
Economic Co-operation and Development (OECD, 2014, p. 34). How these traits are
obtained by individuals, however, has been the subject of ongoing debate. Several
scholar cite that there is a lack of substantial evidence indicating high school financial
education’s impact on financial knowledge (Fox, Bartholomae, & Lee, 2005; Gale,
Harris, & Levine, 2012; Hastings, Madrian, & Skimmyhorn, 2013; Mandell, 2008),
while case studies into individual high school education programs have found
statistically significant improvements to student financial knowledge and decision-
making directly after receiving the intervention (McCormick, 2009; Walstad, Tharayil,
& Wagner, 2016).

It should be noted that the term “financial education” here is inclusive of
personal finance and economics courses, a definition that is primarily utilized within
the US. In this context, partaking in economics coursework is viewed as a viable
conduit for increasing financial literacy, which has caused individual states to use K-
12 education policy mandates for economics and/or personal finance courses
interchangeably to meet financial literacy learning outcomes (OECD, 2014, p. 29). It
has been found that economics and personal finance education are highly
interdependent (Morton, 2005), and it is argued that applying economics logic to real-

life financial situations enables individuals to make rational decisions (Loerwald &
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Stemmann, 2016).

Calls for higher levels of financial education, particularly as it relates to
postsecondary financial aid, are becoming increasingly frequent in the literature
surrounding college access and retention concerns (Cunningham & Santiago, 2008;
Kienzl, Croft, & Moore, 2019; Taylor & Bicak, 2019; Zerquera, McGowan, &
Ferguson, 2016). An analysis of financial aid offer letters from 515 unique institutions
found wide inconsistencies in the level of price transparency put forth, including 132
different terms for unsubsidized federal student loans, the absence of overall cost
information, and the presentation of all aid types as one bulk aid number with no
differentiation between loans, grants, and work-study offerings (Burd, Keane,
Fishman, & Habbert, 2018). These findings, coupled with student and family’s lack of
understanding of “financial aid jargon” (Taylor & Bicak, 2019, 2020) and financial aid
in general (Boatman & Evans, 2017), raise serious concerns as to (a) how prepared the
average postsecondary consumer is to appropriately decipher the funding options
available for attendance, and (b) the resultant impact on an individual’s short- and
long-run financial health and wellness.

When discussing financial aid offers, it is important to contextualize the
increasingly large role federal student loans have come to play in the American
postsecondary system. In an attempt to increase market competition among institutes
of higher education to compete for students’ federal funding dollars, a 1972
amendment to the Higher Education Act of 1965 directed federal financial aid to the

individual rather institutions; thus began a gradual process of society’s
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reconceptualization of higher education as a private rather than public good, ultimately
resulting in what has been termed academic capitalism (Slaughter & Rhoades, 2004).
This shift in societal norms placed the responsibility of funding higher education
attainment on the individual, rather than the collective, and the use of personal federal
student loans became emphasized (Slaughter & Rhoades, 2004). When faced with
having to source the means of attendance themselves, students have become
increasingly willing to accept loan debt (Brown, Scholz, & Seshadri, 2012; Callender
& Jackson, 2005; Perna, 2008).

This shift in the academic marketplace has been shown to not affect all
students equally. It has been repeatedly found that low-income (Callender & Jackson,
2005; R. Chen & Wiederspan, 2014; Houle, 2014), first generation (R. Chen &
Wiederspan, 2014; Furquim, Glasener, Oster, McCall, & DesJardins, 2017), and
students of color (R. Chen & DesJardins, 2010; Jackson & Reynolds, 2013) are
disproportionately saddled with education debt. College choice for these groups is also
influenced by the potential of high debt loads (George-Jackson & Gast, 2015; Perna,
2006a).

Despite, or perhaps because of, the education debt they and/or their peers
carry, underrepresented students do not find student loans desirable, and many of them
exhibit debt aversion (Avery & Turner, 2012; Cunningham & Santiago, 2008;
McDonough & Calderone, 2006). Latinos exhibit greater levels of student loan debt
aversion than their non-Latino peers, primarily citing their family’s input and concerns

as the driving force behind their hesitancy (Elengold, Dorrance, & Agans, 2020).
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Little is known in the academic literature as to how Black women make sense of
student loan options presented as a tool within the traditional financial education
framework given their disproportionate wealth inequality trauma (McKenzie, 2019).
There is also some empirical evidence that first-generation immigrant students,
Southeast Asian students (particularly Hmong), and students from homes where
English is not spoken are less likely to borrow student loans than their peers
(Goldrick-Rab & Kelchen, 2015).

When looking at student loan aversion from a socioeconomic lens, over half of
11" and 12" grade students from low income households who reported they would be
paying for college themselves said they did not plan to take out any student loans
(Kienzl et al., 2019). Non-traditional and financially independent students have been
found to be less likely to borrow than their counterparts, even though this left them
with a minimum of $2,000 of unmet financial need (Cunningham & Santiago, 2008).
Pell Grant-receiving students at public institutions in Wisconsin who come from a
background of poverty or receive no familial monetary financial contribution towards
their postsecondary expenses also exhibited higher loan aversion (Goldrick-Rab &
Kelchen, 2015). These patterns persist despite findings on the positive impacts of
student loan uptake on retention and graduation rates (Baker, Andrews, & McDaniel,
2017; Card & Solis, 2020). However, it should be noted that much about students’
educational debt choices, regardless of background, remain unknown (Cho et al.,

2015; Goldrick-Rab & Kelchen, 2015).
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In addition to student loans, funding postsecondary education expenses via
employment is exceptionally common, with the National Center for Education
Statistics (NCES) finding that in 2018, 43% of full-time and 81% of part-time students
worked during the academic year (Hussar et al., 2020a, p. 1). From 1970 to 2005, the
percent of traditional undergraduate students with full-time enrollment working during
the academic year increased from 33% to just shy of 50%; in the same timeframe,
students in this population working 20 or more hours a week doubled (Perna, 2010).
This trend has held into 2018, with almost 63% of full-time students reporting
working 20 or more hours per week (Hussar et al., 2020a, p. 1). Given that the 2017-
18 national average net cost (the price remaining after the application of scholarship
and grant aid) of attending a four-year public institution that year was $13,700 (Hussar
et al., 2020b, p. 174) while the average annual loan amount by students at those
institutions in the same year was $7,000 (p. 183), it is reasonable to assume that
employment was used by many students as a means of covering some, if not all, unmet
educational and living expenses. As hourly wage amounts and reasons for working are
not collected by the NCES, it cannot be said definitively why the number of hours
worked per week has continued to increase over time, though the increasing costs of
higher education are the most obvious culprit.

There are several theories in the literature as to why students may choose to
work in general, regardless of financial need. Two studies utilizing the National
Longitudinal Study of Youth (NLSY) of 1997 found that students with parents who

hold only high school diplomas are more inclined to work than households holding
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graduate or professional degrees, with almost twice the number of the former reporting
working over 35 hours a week than the latter at both the community college and 4-year
university levels (Roksa, 2011), and a weekly hourly work gap between these two
groups of 3.6 hours (Weiss & Roksa, 2016). Similarly, parental work values and
experiences have been shown to be highly influential in the development of
adolescents’ work habits and labor force participation (Johnson & Mortimer, 2015).

A conceptual model was proposed by Perna (2006b) regarding a students’
acquisition and use of knowledge towards college prices and financial aid that allows
for students having an incomplete understanding of both. Subsequent qualitative work
has supported this model, finding that low-income and/or Black and Latino students
view financial aid and college affordability with trepidation, unsure as to whether
sufficient aid will be forthcoming or accessible each semester and therefore
prioritizing work as a stable source of funding (McDonough & Calderone, 2006;
Ziskin, Fischer, Torres, Pellicciotti, & Player-Sanders, 2014). This confusion may be
further exacerbated by need-based aid formulas applying a “tax” rate of 50% to all
student earnings above pre-determined yearly allowances where every $1,000 in
student earned income decreases aid by $500 (Goldrick-Rab, Harris, & Trostel, 2009),
though there is evidence suggesting that students do not change their work habits in
response to this implicit tax (Darolia, 2017). It has also been noted that financial aid
literature is particularly vulnerable to omitted variable bias, as confounding influences

such as work preferences and work centrality are often not included in quantitative
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frameworks, thereby making causal inferences difficult to establish (Goldrick-Rab et
al., 2009).

Regardless of how labor market participation decisions are made among
students, it has been shown that working more than 20 hours a week while enrolled
full-time has a negative impact on both student academic performance and retention.
Pike and colleagues (2011) used data from the National Survey of Student
Engagement and found from that students who work more than 20 hours a week on- or
off-campus have the lowest grade point averages (GPA) when compared to their peers
working less than 20 hours or not at all, even when controlling for background
characteristics and levels of academic engagement. Similarly, survey data collected
from students at a liberal arts institution found that students working more than 20
hours per week were twice as likely to have GPAs below a 3.0 when compared to
peers working between 10-19 hours (Dundes & Marx, 2006). Full-time students
working more than 20 hours have also been found to successfully complete fewer
academic credits per semester than their peers, leading to retention and on-time

graduation concerns (Darolia, 2014).

2.2 Conceptual Framework

The conceptual framework presented in Figure 2.1 is a subset of the full
theoretical framework discussed in the introductory section of this dissertation,
showing only the proposed relationships and variables applicable to the contents of

this chapter. Utilizing undergraduate student data from a multi-site survey, this
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framework seeks to explore how an individual’s characteristics impact postsecondary
funding decision-making and ascertain how many students follow the given funding
pathways.

The student characteristics presented serve as fixed effects, features that cannot be
changed yet influence postsecondary funding decision-making. After the application
of all available grants, scholarships, and family monetary contributions, a student must
decide to how meet any residual financial need from the remaining options: accept
some amount of student loans, and/or obtain some level of paid employment. These
options are contingent upon whether the student completed the Federal Application
For Student Aid (FAFSA), the bureaucratic vehicle through which student eligibility
for federally funded postsecondary aid each academic year; such aid includes federal
loans, grants such as the Federal Pell Grant, and work study programs (Office of
Federal Student Aid, 2021b). Without annual completion of the FAFSA, students
remain ineligible for federal student loans regardless of need. However, a student may
seek part- or full-time employment either on- or off-campus irrespective of their
FAFSA status, unless they are interested in accepting a work study award. That said,
successful completion of the FAFSA and any subsequent federal or institutional
scholarships and grants acquired can heavily influence the amount of additional

funding a student may seek in any given academic year.
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After accounting for how FAFSA may or may not affect the funding decision
space, the student must determine how they will meet remaining funding needs
through some combination of student loans and employment. Student loan funding is
available on a spectrum, ranging from rejection of all offered loans outright to the full
amount of calculated financial need. Where a student falls along this spectrum can
often represent the difference between hundreds and thousands of dollars. Several
factors are believed to factor in to how much a student decides to borrow in a given
semester, including what expenses the loan funding will cover, how much debt the
student has already accrued, and the expected level of educational debt upon
graduation. A student’s level of debt aversion may also influence these loan decisions
(Boatman & Evans, 2017), though that component is not measured within this
framework.

Once a student determines the amount of loans to take out for the given
semester, if any, paid employment is used to address any remaining financial shortfall.
Assuming the student is not on a restricted education visa, attendance at a
postsecondary institution does not preclude participation in the labor workforce on- or
off-campus except in a few cases—such as accepting a federal work study award,
accepting a contracted athlete scholarship, or accepting university-specific aid with
work stipulations. This framework only takes into consideration paid employment
rather than unpaid work experiences—a constellation of variables external to this
study influence a student’s decision to pursue the latter. Assuming no legal or

academic employment restrictions, students serve as independent actors within the
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labor market, and may choose to work at as many jobs for as many collective hours
per week as they desire. As such, decision-making surrounding paid employment falls
on a spectrum similar to student loans, allowing for the choice of no paid work hours
up to enough hours to cover all financial need.

Within this framework, student loan aid and employment hours are substitute
goods, where the decision of the former directly correlates with how much remaining
need is met by the latter. That is, the amount of student loan aid accepted subtracted
from the individual’s unmet need for the semester determines how many hours the
student must work. This results in four unique funding paths: 1) accept some level of
student loan funding and also work; 2) accept some level of student loan funding and
reject paid employment; 3) forgo all offered student loans and only work; 4) forgo all
offered student loans and forgo paid employment. Though these decisions are made at
the beginning of the semester, within an academic term some students may change
course and move to a different path (e.g., originally rejecting all loans then accepting
some amount mid-semester, choosing to quit employment, or choosing to begin
employment). As 56% of bachelor degree graduates utilized at least some student
loans to fund their education in the 2018-19 academic year (Ma et al., 2020), it is
expected that the majority of students will fall within first two paths. Students who
have all their needs met through scholarship and/or grant offers or comprehensive
family financial support will follow the last.

Those who fall on the third path—no student loans and only employment—are

believed to be students with residual financial need who eschew available, low-interest
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federal student loans in favor of independently sourcing funding exclusively through
their own employment. Within this path, it is theorized there are two broad categories:
those students who maintain a full-time, benefited position, and those who are being
termed “under-borrowers,” or students who work 20 hours or more a week at low-

wage positions.

2.3 Data

This study utilizes data collected from a survey administered to undergraduate
students enrolled in one or more credits at two large, public American universities.
The survey was first administered in Fall 202 1within the business school at the first
university, henceforth known as Campus 1, located in a large city in the upper
Midwest. Campus 1’s business school requires all students enrolled in any of the
school’s classes to complete a 2-hour “research credit” each semester, regardless of
major. Research affiliates may post research instruments they are interested in piloting
(e.g., surveys, tests of consumer behavior, marketing materials) on the school’s
centralized student research portal along with an estimation of the time required for
completion. Students may then self-select an amalgamation of available projects to
reach their semester research quota, with the appropriate time credit awarded upon
project completion. Student identity is masked through the use of an internal
identification number. This symbiotic system provides researchers with reliable access
to a subsample of university students while exposing students to a variety of research

topics and methodologies.
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The second university site, hereafter referred to as Campus 2, is quite different
from Campus 1 in terms of location and student body composition. Campus 2 is
centrally located in a relatively rural area in the American Southwest. In January 2022,
the survey was sent to the entirety of the campus’ roughly 7,000 undergraduate student
population. The Registrar’s Office at Campus 2 conducted the distribution, with the
virtual survey link sent to students via e-mail. Unlike Campus 1, students at Campus 2
have no incentive or explicit motivation to participate in the survey, leading to
concerns of self-selection bias among eventual completers. To help offset this
dynamic, students were informed in the distribution email that upon completion of the
survey, they would be entered into a raffle for one of 50 Amazon e-gift cards valued at
$10 each as a means of increasing response rates (Laguilles, Williams, & Saunders,
2011).

It should be noted that there are considerable differences in the socioeconomic
makeup of undergraduate populations between the universities, though the
demographics are similar. For example, Campus 1’°s undergraduate student body has
approximately 60% female enrollment, a young campus with 83% of students under
25 years old, roughly 65% White students, and 83% full-time students. In the last
academic year, around 35% of undergraduates received a Pell Grant, and 35% also
took out some amount of federal student loans. Comparatively, Campus 2’s
undergraduate enrollment is 58% female, an average student age of 26, 55% White
students, and 77% full-time students. However, last year approximately 42% of the

student body received a Pell Grant and 62% took out federal student loans.

32



Distributing the survey at both sites allowed for the collection of a cross-section of
data among a variety of demographic characteristics and income levels.

The survey was administered in Qualtrics at Campus 1, and in Campus Labs at
Campus 2. The link was sheltered behind the deep web SONA portal for Campus 1
students and students were only be able to access the survey once their university
credentials were verified. The Registrar’s Office at Campus 2 distributed the link to
university-affiliated student e-mail addresses only, and Campus Labs also required
university credential verification to participate. Additionally, students who wished to
be entered into the Amazon e-gift card raffle at the completion of the survey (in a
screen separate from the survey to preserve participant anonymity) were instructed to
input only university-affiliated e-mail addresses, as others would be ineligible.

The survey consisted of questions regarding the students’ demographic
background, present and expected future student loan borrowing behavior, and
employment status and information regarding their employment. The “Big Three”
financial literacy questions (Lusardi & Mitchell, 2011) were also included. A full
version of the survey text can be found in Appendix A, and the University of
Delaware Institutional Review Board’s classification of exemption is included in
Appendix B. The Fall 2021 administration of the survey at Campus 1 yielded 328
completions. At Campus 2, the Spring 2022 administration resulted in 454
undergraduate students—approximately 6% of the undergraduate population—fully
completing the survey. The full sample size therefore consisted of 782 viable

responses. Validation of all survey participants was completed via a descriptive
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analysis of the results, and entries with extreme values (e.g., gender listed as “Apache
Attack Helicopter,” individual reporting they had 23 children while being a 19-year-
old freshmen, etc.) were excluded

The definition of variables of interest from the survey and their descriptive
statistics can be found in Table 2.1. Basic frequency statistics for the same variables
can be found in Table 2.2. Explanations regarding the threshold values for UnderB and
LowWages are discussed in the Methods section below. Note that suppression of low-
cell values was not performed in tables reporting under-borrower survey data; due to
the anonymity of the campus locations and survey participants, it is not believed that
any one individual could be identified through the reporting of small cell values.
Suppression of values was also not required by the Institutional Research Board at

either study site.

Table 2.1:  Variable Descriptions and Descriptive Statistics by Campus from the
Under-Borrower Identification Survey

Variable Description Campus Mean SD

EMPLOYMENT QUESTIONS

PriorJobD  Derived from Question 5

Campus 1 0.878 0.328
=1 if student had job before

entering postsecondary

education Campus 2  0.852 0.355

D . .
CurrJob Derived from Question 6 Campus 1 0.640 0481

=1 if student currently has a
paying job Campus2  0.731 0.444

34



Table 2.1:

Continued

JobLoc Derived from Question 7
=1 if student has job on campus Campus 1~ 1.962 0.291
=2 if student has job off
campus
2 1.840 0.546
=3 if student has both Campus 8 >
Jobs Derived from Question 8
=1 if student had IJOb Campus 1 1.252 0.467
=2 if student has 2 jobs
=3 if student has 3 jobs Campus2  1.358 0.628
=4 if student has 4 or more jobs
WWages Derived from Question 9
Campus 1  364.19  281.98
Student self-reported weekly
net wages Campus2  479.89  489.94
Hours i i
Derived from Question 10 Campus 1 22.538 10.948
Student self-reported number of
hours worked weekly Campus 2 28.005 13.864
Benefits Derived from Question 11
=1 if student is receiving Campus 1 0.505 0.893
benefits from primary
employment
=0 if student is not receiving
benefits Campus2 0449  0.758

=value recorded as missing if
student answered “Unsure”
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Table 2.1:

Continued

FINANCIAL AID QUESTIONS

FAFSAEver

Derived from Question 21

=] if student has ever
completed the FAFSA

=0 if student has never
completed the FAFSA

=value recorded as missing if
student answered “Unsure”

Campus 1

0.957

0.454

Campus 2

0.945

0.324

FAFSA

Derived from Question 22

=1 if student completed the
FAFSA for academic year
2021-22

=0 if student did not completed
the FAFSA for 2021-22

=value recorded as missing if
student answered “Unsure”

Campus 1

0.894

0.667

Campus 2

0.914

0.539

SLOut

Derived from Question 23

=1 if student has ever accepted
federal student loans

=0 if student has never
accepted federal student loans

=value recorded as missing if
student answered “Unsure”

Campus 1

0.762

0.947

Campus 2

0.654

0.798

SLMax

Derived from Question 25

=1 if student accepted the full
amount of federal student loans
offered in survey semester

=0 if student did not accept the
full amount of federal student
loans offered in survey
semester

=value recorded as missing if
student answered “Unsure”

Campus 1

0.947

0.956

Campus 2

0.784

0.820
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Table 2.1:

Continued

CurrDebt

Derived from Question 38

=1 if student reports currently
having no student loan debt

=2 if student loan debt is $1-
$5,000

=3 if student loan debt is
$5,001-$10,000

=4 if student loan debt is
$10,001-$25,000

=5 if student loan debt is
$25,001-$50,000

=6 if student loan debt is
>$50,001

Campus 1

2.119

1.463

Campus 2

2.330

1.546

FamCont

Derived from Question 37

Student self-reported
percentage of family

contribution towards education
costs (0-100)

Campus 1

43.792

33.111

Campus 2

25.793

36.268

DEMOGRAPHIC QUESTIONS

Gender

Derived from Question 14
=] if student identifies as male

=2 if student identifies as
female

Campus 1

1.392

0.489

Campus 2

1.729

0.445

AgeCat

Derived from Question 13
=1 if age 18-19

=2 if age 20-23

=3 if age 24-29

=4 if age 30+

Campus 1

1.756

0.641

Campus 2

2.205

1.029

WhiteD

Derived from Question 16

=] if student identifies as White

Campus 1

0.570

0.496

Campus 2

0.577

0.495
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Table 2.1:

Continued

BlackD i i
Derived from Question 16 Campus 1 0119 0324
=1 if student identifies as Black
or African American Campus 2 0.040 0.195
HispanicD ' i
p Derived from Question 15 Campus 1 0.121 0.327
=1 if student identifies as of
Hispanic or Latino ethnicity Campus2  0.319 0.467
AsianD Derived from Question 16 Campus 1 0.113 0.317
=1 if student identifies as Asian Campus 2 0.040 0.195
NativeD Derived from Question 16
) ) ) Campus 1 0.003 0.055
=1 if student identifies as
American Indian or Alaskan
Native Campus 2 0.020 0.140
OtherD Derived from Questions 15 and
16 Campus 1 0.085 0.280
=1 if student identifies as a
different race or ethnicity than Campus 2 0.004 0.066
above
SingleD Derived from Question 17
Campus 1 0.872 0.335
=1 if students state their marital
status as single Campus2 0742  0.438
FirstGenD i i
Derived from Question 20 Campus 1 0.262 0.441
=1 if student reports being first
in family to go to college Campus 2 0.282 0.450
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Table 2.1:

Continued

Class

Derived from Question 28

=1 if student reports being a
freshman (<30 earned credits)

=2 if student reports being a
sophomore (=30 and <60
earned credits)

=3 if student reports being a
junior (>60 and <90 earned
credits)

=4 if student reports being a
senior (>90 and <120 earned
credits)

=5 if student reports being a
fifth+-year senior (=120 earned
credits)

Campus 1

2.529

1.174

Campus 2

3.108

1.153

FrSoD

Derived from Question 28

=1 if class standing is
Freshman or Sophomore

Campus 1

0.412

0.493

Campus 2

0.291

0.455

CGPA

Derived from Question 29

Student self-reported
cumulative GPA

Campus 1

3.267

0.424

Campus 2

3.416

0.511

FTStudentD

Derived from Question 30

=1 if student reports taking 12
or more credits in survey
semester

Campus 1

0.966

0.180

Campus 2

0.736

0.441

KidsD

Derived from Question 18

=1 if student reports having any
children

Campus 1

0.021

0.145

Campus 2

0.161

0.368
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Table 2.2: Observation Counts and Sample Percentages of Key Variables from
Under-Borrowing Behavior Survey by Campus

Full Sample Campus 1 Campus 2
N =782 n=2328 n=454
. Percent Percent Percent
k
Variable Obs of Sample Obs of Sample Obs of Sample

PriorJobD 675  86.32% 288  87.80% 387  85.24%
CurrJobD 542 69.31% 210 64.02% 332  73.13%
JobLoct

On Campus 93 17.16% 13 6.19% 80 24.10%

Off Campus 417 76.94% 192  91.43% 225 67.77%

Both 32 5.90% 5 2.38% 27 8.13%
Jobs¥t

One Job 395 72.88% 160  76.19% 235 70.78%

Two Jobs 127  23.43% 47 22.38% 80 24.10%

Three Jobs 15 2.77% 3 1.43% 12 3.61%

Four+ Jobs 5 0.92% 0 0.0% 5 1.51%
BenefitsT

Yes 144 26.57% 49 67.62% 95 28.61%

No 361 66.61% 142 2333% 219 65.96%

Unsure 37 6.83% 19 9.05% 18 5.42%
FAFSAEver

Yes 704 90.03% 287 87.50% 417  91.85%

No 65 8.31% 32 9.76% 33 7.27%

Unsure 13 1.66% 9 2.74% 4 0.88%
FAFSA

Yes 603 77.11% 236  71.95% 367 80.84%

No 144 18.41% 73 22.26% 71 15.64%

Unsure 35 4.48% 19 5.79% 16 3.52%
SLOut

Yes 337  43.09% 133 40.55% 204  44.93%

Never 375 4795% 156 47.56% 219  48.24%

Unsure 70 8.95% 39 11.89% 31 6.83%
SLMaxi

Yes 178 52.82% 69 51.88% 109  53.43%

No 123 36.50% 45 33.83% 78 38.24%

Unsure 36 10.68% 19 14.29% 17 8.33%
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Table 2.2: Continued

CurrDebt
$0 386 49.36% 170 51.83% 216 47.58%
$1-$5,000 100 12.79% 49 14.94% 51 11.23%

$5,001-$10,000 121 15.47% 48 14.63% 73 16.08%
$10,001-$25,000 109 13.94% 38 11.59% 71 15.64%
$25,001-$50,000 41 5.24% 13 3.96% 28 6.17%

>$50,001 25 3.20% 10 3.05% 15 3.30%
FamCont
0% 320 40.92% 71 21.65% 249 54.85%
1-50% 239 30.56% 128 39.02% 111 24.45%
51-100% 222 28.39% 128 39.02% 94 20.70%
Gender
Male 318  41.25% 197 60.80% 121 27.07%
Female 453  58.75% 127 39.20% 326 72.93%
AgeCat
Ages 18-19 237  30.31% 115 35.06% 122 26.87%
Ages 20-23 378  48.34% 180 54.88% 198 43.61%
Ages 24-29 84 10.74% 31 9.45% 53 11.67%
Ages 30+ 83 10.61% 2 0.61% 81 17.84%
Race/Ethnicity
WhiteD 449  57.42% 187 57.01% 262 57.71%
BlackD 57 7.29% 39 11.89% 18 3.96%
HispanicD 184 23.74% 39 11.89% 145 31.94%
AsianD 55 7.03% 37 11.28% 18 3.96%
NativeD 10 1.28% 1 0.30% 9 1.98%
OtherD 30 3.84% 28 8.54% 2 0.44%
SingleD 623  79.67% 286 87.20% 337 74.23%
FirstGenD 214 27.37% 86 26.22% 128 28.19%
Class
Freshman 142 18.18% 97 29.66% 45 9.91%
Sophomore 125 16.01% 38 11.62% 87 19.16%
Junior 276  35.34% 123 37.61% 153 33.70%
Senior 172 22.02% 60 18.35% 112 24.67%

5%+ Year Senior 66 8.45% 9 2.75% 57 12.56%
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Table 2.2: Continued

CGPA
<2.0 20 2.56% 6 1.83% 14 3.08%
>2.0and<2.5 28 3.58% 11 3.35% 17 3.74%
>2.5and <3.0 165 21.10% 92 28.05% 73 16.08%
>3.0and <3.5 266  34.02% 131  39.94% 135  29.74%
>3.5 303 38.75% 88 26.83% 215  47.36%
StudentType

Full-Time Student 651  83.25% 317  96.65% 334  73.57%
Part-Time Student 131  16.75% 11 3.35% 120 26.43%

KidsD 80  10.23% 7 2.13% 73 16.08%

Note: Percent values per sample do not add perfectly to 100% due to rounding
* All bivariate variables (signified by ending in “D”’) have values listed where the

variable is equal to 1
T Reported where CurrJobD =1 (“Yes”)
1 Reported where SLOut =1 (“Yes”)

2.4 Methods

To address this chapter’s two research questions, the methodology had to be
enacted in a series of sequential phases: after collection and cleaning of all survey
data, under-borrower criteria and identification was completed, followed by statistical
analysis of the final dataset. A description of these steps can be found in the

subsections below.

2.4.1 Under-Borrower Criteria

As this study is the first of its kind in attempting to identify under-borrowers, I
must first establish parameters as to who falls under the under-borrower umbrella and

why. Above I have defined an under-borrower as an undergraduate student who

42



forgoes federal student loans (either entirely or in part) in favor of working 20 or more
hours per week at low-wage employment. Another key component is whether their
individual and/or family contributions cover all expected postsecondary expenses.
Combining these aspects, four measurable data points emerge: 1) hours worked per
week during the academic year, 2) net hourly wage across all jobs, 3) federal student
loan usage, and 4) how much they or their family actually contributes to education
costs. Below is a discussion of how each of these were captured on the survey, the
threshold values I determined, and limitations faced. Table 2.3 at the end of this
section also summarizes each of the resultant thresholds.

It is important to identify the limitations of my data from the outset, as this
directly plays into my ability to identify under-borrowers. First and foremost, the
entirety of my data comes from surveys, which by definition means every value is
self-reported. As this was exclusively an exploratory study using a simple survey and
student data were collected anonymously, the study was exempt from IRB Human
Subjects review at one campus and received expedited review and approval at the
other, and neither campus’ Institutional Research office was involved. I therefore
cannot verify any of the demographic, student loan, or financial data students
provided. This is particularly relevant given prior research showing undergraduate
students’ lack of knowledge surrounding the FAFSA (Bettinger, Long, Oreopoulos, &
Sanbonmatsu, 2012; Darolia & Harper, 2018) and misreporting their student loan
acceptance and debt amount (Andruska, Hogarth, Fletcher, Forbes, & Wohlgemuth,

2014). It is unclear how accurate student responses are to variables such as FAFSA,
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SLOut, and FamCont. Additionally, as this survey was administered once at each
campus, [ am only able to identify under-borrowing behavior displayed at the cross-
sectional period of time in which the survey was given.

Despite these limitations, I can still work towards answering my research
questions with the data I have available to me. The most straightforward of the four
criteria, hours worked and federal student loan usage, are discussed first. The
calculations for determining low-wage work and reasonable individual and family
contributions follows.

Research has shown that working more than 20 hours a week while enrolled
full-time in postsecondary education is detrimental to academic progress (Dundes &
Marx, 2006; Miller, Danner, & Staten, 2008), and in conjunction with the “part-time
employment” language used in connection with the federal Work Study Program (US
Federal Student Aid, 2019, pp. 6—46), institutes of higher education have traditionally
implemented a 20 hour cap for on-campus student employment. I therefore also define
an excessive student employment load as 20 hours or more per week and is identified
at the student level with a value of 1 for Over20Hr. The 20-hour threshold applies
regardless of whether the student holds employment on- or off-campus.

As under-borrowing behavior is characterized by electing to work over taking
out student loans, rather than using work to supplement the full financial aid package
offered by the university, it is imperative that some (or all) federal student loan funds
be rejected by the student to qualify them as an under-borrower. This can be captured

via the student stating they have never accepted federal student loans offered to them
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(SLOut = 0), or if they do report they have accepted loans, by indicated that in the
survey semester, they did not take out the full amount of federal student loans offered
(SLMax = 0) or are unsure if they took the maximum (SLMax = 3). Student are also
considered if they state they are unsure if they have ever taken out student loans, but
also report their current student loan debt as $0 (CurrDebt = 1).

When it comes to determining a wage threshold, there is significant debate as
to the formal definition of “low-wage work,” and there is no universally accepted
American hourly wage ceiling to that allows researchers to definitively categorize an
individual as a low-wage worker (Fusaro & Shaefer, 2016). Utilizing the U.S. Census
Bureau’s Poverty Thresholds or the U.S. Health and Human Services Department
Poverty Guidelines are not feasible for this study, as 1) the survey I used captures only
the hours worked during the current semester, which cannot be extrapolated to the
number of work hours over breaks and summer, and 2) it cannot be accurately
determined how many individuals are financially dependent on the student and to what
extent, particularly as students from low socio-economic households might be
financially supporting family members (Goldrick-Rab, 2016, p. 44).

As such, I turned to College Navigator, a public-facing dashboard from the US
Department of Education that reports Integrated Postsecondary Education Data
System (IPEDS) data by institution, to retrieve each campus’ estimated cost of
attendance for 2021-22 (National Center for Education Statistics (NCES), 2021). The
“Living Arrangements” category provides the reported estimated costs for on- and off-

campus students’ “Room and Board” and “Other” for the nine-month academic year
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(NCES, 2021). This is a representation of the costs of living for students in the
campus’ respective area; even for non-student residents, this figure provides an
expectation of the expenses associated with basic necessities in the campus’ town.
However, it should be noted that this is likely a gross underestimation of actual costs,
as prior research has found that “at least one-fifth of all institutions provide living
allowances at least 20 percent below what we estimated was necessary for a very
modest standard of living” (Goldrick-Rab, 2016, p. 44). The nine-month living
arrangement cost for Campus 1 was $14,664 for off-campus students, and $13,076 for
on-campus; Campus 2’s figures were $13,436 and $13,804, respectively. Broken
down further, the daily cost when averaging across all categories is $50.08. This
estimate was then used to calculate the area-specific threshold for “low-wage work”
and subsequent values for reasonable student and family contributions.

The first consideration is an assumed combined federal and state tax
withholding rate of 16.12% on gross wages based on the states in which the campuses
are located. Due to the survey administrations spanning two calendar years, 2021 and
2022, tax rates for both were considered. The federal tax rate comprises of a Federal
Insurance Contributions Act (FICA) rate of 7.65% for both years (Internal Revenue
Service, 2021b, p. 26, 2022, p. 2), and an estimated effective federal tax rate of 6.55%
for 2021 and 6.38% for 2022 assuming 2,087 hours worked throughout the year (U.S.
Office of Personnel Management, 2022) with a single earner with no dependents
taking the standard deduction (Internal Revenue Service, 2020, 2021a). This results in

an average federal tax rate of 14.12%. The two campuses are located in different
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states, with the FAFSA 2021-22 EFC Formula Guide listing the state income taxes for
the academic year as a flat rate of 3% and 1%, respectively (Office of Federal Student
Aid, 2020, p. 25). The average state income tax rate is therefore 2%. It should be noted
that 16.12% 1s the highest applicable tax rate for under-borrowers, as it assumes
working full-time (2,087 hours), no dependent credits, and filing single rather than
married jointly or as a dependent under parental tax returns.

Given a 16.12% tax withholding—excluding any additional benefits
withholding—and a $50.08 daily “existence” cost for basic housing and food, I set a
$15 an hour gross wage threshold across the sample to qualify as low-wage work!.
This leads to a net hourly wage of $12.58. At this wage, and assuming all living costs
go to zero during the three summer months not included in the IPEDS academic year
calculations, a student would need to work an average of 4 hours a day, 274 days a
year (equivalent to nine months straight), just to cover what is likely a low estimate of
the basic costs necessary for survival. Again, this is not taking into consideration any
school-related expenses, transportation, health care, expenses over summer months,

etc. To put this into further perspective: the above work requirement leads to a total of

I Note that this gross wage does not take into account current labor market conditions
at the time of survey collection or this writing. It is likely an underestimation given
the increased wages from pandemic labor shortages, record inflation, housing

shortages, etc.
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1,096 hours a year; dividing the full-time employment annual hourly count of 2,087 in
half yields 1,043.5 hours. If a student is completely financing their academic year
living expense costs through work rather than loans, at a $15 an hour gross wage they
would need to work more hours than the US government’s definition of a part-time, 20
hour per week annual employee.

To avoid participant confusion and increase reporting reliability, the survey
asked students who have employment to report what their typical weekly take-home
pay was across all jobs. Requesting net pay avoids confusion over what hourly wage
students should notate if they have two or more jobs with different rates of pay. The
decision to implement a weekly time component allows for the standardization of the
unit of measure between students who receive biweekly, bimonthly, and monthly
paychecks, particularly as some students hold multiple jobs with different pay
schedules. Dividing the student’s overall weekly wages, WWages, by the aggregate
number of hours worked each week, Hours, resulted in the student’s average net
hourly wage HourlyRate. If this value was equal to or below $12.58, they were
assigned a value of 1 for LowWage; if above, LowWage was reported as 0.

This leads directly into a discussion of what IS reasonable for a student and/or
their family to contribute to total educational expenses within a framework for under-
borrowing. The above calculations did not consider a student living at home while
attending postsecondary education, and are based on the assumption that students are
completely responsible for any costs of living associated with their education. This is

in part due to limitations of my data: 1) I do not know if students are living at home,
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and if so, whether they contribute to rent, utilities, food, etc.; and 2) I do not have data
supplied from the campus’ Institutional Research office regarding participants’ annual
FAFSA filing and whether the student is classified as financially independent or is still
their parents’ dependent. However, these calculations are also informed by my
assumptions of under-borrowing behavior—I believe that if a rational individual
believed that they were able to attend university without working 20 or more hours a
week at low-wage employment, they would do so. To devote that amount of time
solely to working, while simultaneously also enrolled in postsecondary education,
indicates an underlying monetary need that is not being met from other sources.
Based on the above, I again turned to the FAFSA 2021-22 EFC Formula Guide
to establish: 1) criteria for a post-hoc determination of financially independent
students, 2) reasonable student contribution towards education costs, and 3) the
resultant reasonable family contribution thresholds. Page 3 of the document outlines
14 criteria for the identification of independent students for considerations related to
federal student aid, of which only one must be met for independence to be applied
(Office of Federal Student Aid, 2020). Demographic data collected from the survey
only allow me to determine whether a student satisfied the criteria for two of these:
whether “[t]he student was born before January 1, 1998, and if “[t]he student is
married or separated (but not divorced as of the date of the [FAFSA] application”
(Office of Federal Student Aid, 2020, p. 3). However, if students are older than 24 at
Campus 1 or 25 at Campus 2, or indicate they are married, I am able to classify them

as independent under financial aid standards. I fully recognize that I could be missing
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additional independent students in my sample especially considering approximately
half of undergraduates nationwide are classified as independent (Darolia, 2017), but as
this designator is being used solely to identify the maximum family contribution a
student could report receiving and still be an under-borrower, I argue that this
limitation does not hinder the entirety of my analysis.

The establishment of dependency status is then used to determine a student’s
reasonable contribution towards education costs, and from there, reasonable family
contributions. When calculating EFC, each academic year a flat value is assigned for
students’ Income Protection Allowance (IPA). The IPA is an estimate of “basic living
expenses” (Office of Federal Student Aid, 2021a, p. 51), and can viewed as the
amount of wage earnings the federal government holds harmless from being counted
towards deductions in a student’s financial aid package. Up to this amount, the EFC is
not affected, and will not count towards eligibility requirements for federal grants and
loans. However, 50% of every dollar the student earns over this amount will count
towards the EFC in the form of “student’s available income” and be deducted from the
financial aid package (Office of Federal Student Aid, 2021a, p. 52). It should be noted
this 50% implicit student work tax has previously been decried by postsecondary
scholars as excessive (Darolia, 2017; Goldrick-Rab, 2016).

For the 2021-22 academic year, the dependent student IPA was $6,970 (Office
of Federal Student Aid, 2021a, p. 53), and the independent student IPA was $10,840
(p. 54). Based on the federal government’s assertion that student earnings over these

values constitute available income, I also use the IPA values as my threshold for a
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reasonable student contribution towards their individual living expenses while
attending a postsecondary institution.

To calculate a family contribution threshold, I averaged each campus’ full
estimated cost of attendance for in-state students living on- and off-campus (NCES,
2021), then subtracted both IPA values. The remaining cost of attendance amount was
then divided by the full estimate, yielding a percent of how much a family could
contribute to a student to exactly meet their anticipated educational costs. For Campus
1, this amounted to 72% for dependent students, and 57% for independent students;
Campus 2 had values of 71% and 55%, respectively. I chose to include independent
students, regardless of the FAFSA defining them as students who will receive no
family financial contribution, for two main reasons. First, the only way I am able to
identify independency status in my sample is via application of age and marital
cutoffs; neither of these factors automatically hinder other family members from
extending monetary aid. Second, a student taking my survey who is older or has
already established their own family could interpret the question regarding “family
contribution” as applying to their adult nuclear family, not their family of origin. If,
for example, the survey participant lives in a household where their spouse is
contributing a significant amount of their earnings towards paying for the participant
to return to school, they may indicate their family contribution as 50% or something
similar.

In summary, the uppermost values for FamCont acceptable while still allowing

for identification of under-borrowing behavior were calculated by: 1) determining

51



student dependency status, 2) using the student IPA to establish a reasonable
contribution level for the student towards their own educational expenses, 3)
subtracting this value from an averaged estimated full cost of attendance for each
campus to generate a percent of family contribution that would exactly equal
educational costs.

All criteria used to evaluate survey participants for under-borrowing behavior
can be found in Table 2.3. In order to qualify as an under-borrower, the student must
satisfy each criterion; for example, a student reporting no family contribution, taking
out less than the minimum in available student loans, and working 35 hours a week
with an hourly net wage of $13 would not be considered an under-borrower.

Table 2.3 also shows the requirements for what I am terming an at-risk under-
borrower, which can be thought of as an “under-borrower lite.” This is a student who
exhibits all the hallmarks of an under-borrower, except that instead of working 20
hours or more a week, they currently work 10-19. These UnderBmin students are
included in a second round of analysis, namely to explore their characteristics for

consideration in future research.
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Table 2.3: Criteria for the Determination of Under-Borrowing Status

Threshold Values
UnderB UnderBmin
Variable (strictest) (loosest)
Hours > 20 > 10 and <20
HourlyRate <$12.58 <$12.58
SLOut = Never = Never
OR OR
= Unsure and CurrDebt = $0 = Unsure and CurrDebt = $0
OR OR
= Yes and SLMax = No = Yes and SLMax = No
OR OR
= Yes and SLMax = Unsure = Yes and SLMax = Unsure
FamCont
Campus 1
Dependent <72% <72%
Independent <57% <57%
Campus 2
Dependent <71% <71%
Independent <55% <55%

2.4.2 Under-Borrower Quantitative Identification

As discussed above, two separate under-borrower identification criteria were
used: one strict, one with more relaxed Hours values to allow for the identification of
students who are at risk of becoming strict under-borrowers if their hours worked per
week increase further. The formula used to determine under-borrower status under the

strictest criteria is:

1,if (Hours = 20) n (LowWage = 1) N (SLUnder = 1)
UnderB = N (ResFamContcgmpys = 1) (1)
0, Otherwise
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.- WWage
1,if /Hours < $12.58
0, Otherwise

Where: LowWage = { (2)

1,if SLOut =0V (SLOut =1 A SLMax = 0)
SLUnder = { V (SLOut = 2 A\ CurrDebt = 1) 3)
0, Otherwise

1,if (Independent = 0 A FamCont < 72)
ResFamContcompys1 = { V (Independent = 1 A FamCont <57) (4)
0, Otherwise

1,if (Independent = 0 A FamCont < 71)
ResFamContcampysz = { V (Independent = 1 A FamCont < 55) (5)
0, Otherwise

where UnderB is equal to 1 for a student record if all of the following are true:
Hours is equal to or greater than 20, LowWage is equal to 1, SLUnder is equal to 1,
ResFamCont is equal to 1 dependent upon the values calculated for the campus the
student attends. LowWage is defined in Equation 2 as equal to 1 only if WWage
divided by Hours is less than or equal to $12.58. Equation 3 shows SLUnder, which is
equal to 1 if SLOut is equal to 0, or SLOut is equal to 1 and SLMax is equal to 0, or
SLOut is equal to 2 and CurrDebt is equal to 1. If the student does not fall into one of
these three categories, then SLUnder is 0. ResFamCont is the reasonable family
contribution threshold for each campus. Equation 4 is for Campus 1, where
ResFamCont is equal to 1 if FamCont is less than or equal to 72 for dependent
students and less than or equal to 57 for independent students. Campus 2 is shown in
Equation 5, where ResFamCont is equal to 1 if FamCont is less than or equal to 71 for

dependent students and less than or equal to 55 for independent students. If FamCont
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is higher than these values for either student dependency type, then ResFamCont is

equal to 0.

The formula for the looser hour requirement for determination of UnderBmin

students is:

1,if (10 < Hours < 20) N (LowWage = 1) N (SLUnder = 1)
UnderBmin = N (ResFamContcampys = 1) (6)

0, Otherwise

.- WWage
Where: LowWage = {1’ if /Hours < $12.58 (7)
0, Otherwise
1,if SLOut =0V (SLOut =1 A SLMax = 0)
SLUnder = { V (SLOut = 2 A CurrDebt = 1) (8)
0, Otherwise
1,if (Independent = 0 A FamCont < 72)
ResFamContcampus1 = V (Independent = 1 A FamCont < 57)  (9)
0, Otherwise
1,if (Independent = 0 A FamCont < 71)
ResFamContcampus, = § V (Independent = 1 A FamCont < 55) (10)

0, Otherwise

Equations 6-10 are identical to equations 1-5 above, with the exception of

Equation 6 decreasing the value of Hours to greater than or equal to 10 but less than

20.

Once under-borrowing status is determined with the creation of the UnderB

and UnderBmin variables, the maximum likelihood estimation (MLE) method is used

to estimate the likelihood of any one individual in my observed sample displaying this

behavior. As UnderB and UnderBmin are both binary with discrete possible values of
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0 and 1, they follow a Bernoulli distribution. The MLE equation is shown in Equation
11 as follows:
Lyl p) = pri(1—p)@? (11)
Where: y; =0orlandi=1,2,3,...,n.
Given that the pi are independent, the joint likelihood for the full dataset (0) is

calculated as a simple product of the L(y;| p;) values.
n
L(6) = Hm”(l —p)0 (12)
i=1

However, multiplying hundreds of probabilities will produce values that are
incredibly small (e.g., .30'°=5.15 x 10-3) and problematic in mathematical
computations, so the raw likelihood is transformed using the natural logarithm to

simplify calculations and allow computerized computations.?2

In[£(@)] = Y In pi(1 = ) (13)
I[£(@)] = ) y: (n(p)) + (1 = ¥ In(1 = p) (14)

2 It should be noted that likelihood functions are not probability functions; the first
works backwards by estimating the model parameter, p, for individual i given the
observed sample and data, while the latter has already established p and works

forward to estimate the outcome.
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By selecting values of pi that maximize the computed likelihood for the
observed values of yi for all individuals i...n, the likelihood is said to be maximized.
This means that under maximum likelihood, I can say that my model’s estimated
values of parameter pi have been identified such that they maximize the likelihood of
observing the actual rate of under-borrowing behavior in my sample, given the

observed values of UnderB = 1 and UnderBmin = 1.

2.4.3 Logistic Regression Analysis

To answer Research Questions #1, a logistic regression was conducted in SAS
software, version 9.4 using the PROC NLMIXED built-in log-likelihood function for
a binary distribution (SAS Institute Inc., 2020c, pp. 7109-7110). This command
creates a maximized estimate of the likelihood of observing the under-borrowing
behavior captured within the sample. The strict under-borrowing model for RQ #1

using Peng and colleague’s (2002) notation is:
Logit(P(UnderB)) = In () = f, (15)

This model produces an estimate of the log-odds of under-borrowing ( /),
along with a corresponding standard error and 95% confidence interval for the overall

rate of strict under-borrowing in my sample. The same was done for UnderBmin:
. - Y
Logit(P(UnderBmin)) = In (=) = f, (16)

Due to the criteria for UnderBmin being almost as strict as UnderB, with the

small concession of decreasing the window of hours worked, not many individuals in
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my sample fall within this category (it is also reasonable to assume that a smaller
proportion of UnderBmin students would similarly be found in the overall
undergraduate population). As such, though they are identified separately with
UnderBmin = 1 with estimated values reported accordingly, a combined variable
UnderBcombo was also developed. This consists of both strict and loose criteria
under-borrowing students, and is a large enough sample size to report descriptive
statistics across campuses without excessive cell suppression. An overall estimate of

under-borrowing behavior in the sample is therefore created with:
Logit(P(UnderBcombo)) = In (=) = f, (17)

After analyzing the occurrence of under-borrowing behavior within the survey
sample, RQ #2 can be assessed with a logistic regression using PROC LOGISTIC
(SAS Institute Inc., 2020b) to better understand how under-borrowing behavior may
vary among different demographic groups. Based on prior literature, nine
demographic variables were identified for inclusion in the full model. This is

represented with Peng and colleague’s (2002) notation as:

Pj

1-P;

Logit(Prob(UnderBi)) = In () = f, + B, FemaleD; + B, WhiteD; +

BsFTStudentD; + B,FirstGenD; + BsFrSoD; +
PeCampusl; + f,AgeCat; + [gSingleD; +
PBoKidsD; (18)

This model seeks to determine the probability, Pi, of an individual exhibiting
strict under-borrowing behavior, UnderB, based on a variety of demographic factors,

with coefficients ;_o. FemaleD is a binary gender variable with male as the reference
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category, WhiteD is a binary race variable with non-white as the reference category,
FTStudentD is a binary enrollment variable with part-time as the reference category,
and FirstGenD is a binary social capital variable with non-first generation college
students as the reference category. FrSoD is a binary equal to 1 where the student
reported a class standing of either a freshmen or sophomore. This further explores
Fernandes and colleague’s (Fernandes, Lynch, & Netemeyer, 2014) findings that
financial literacy interventions only have an impact on behavior for 20 months after
they were received. Campusl is a binary variable controlling for what survey site the
participant is located at, with Campus 1 having a value of 1. AgeCat is the single
categorical variable, computed from Age, with categories 1-4 created based on the
median age and skewness of the sample. SingleD is a binary variable equal to 1 if the
student reported a marital status of “Single,” and KidsD is binary with a value of 1
where the participant indicated they had any number of children. Exponentiating the
coefficients [5;_o produces estimated odds-ratios, which reflect the difference in the
odds of under-borrowing associated with each predictor.

A similar model calculating the probability of a student falling within the

UnderBcombo category is included below:

Logit(Prob(UnderBcombon) = In (~25-) = g + f; FemaleD; + f,WhiteD; +

BsFTStudentD; + B,FirstGenD; + BsFrSoD; +
PsCampusl; + [;AgeCat; + PgSingleD; +
PoKidsD; (19)
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Due to the exploratory nature of this research, in addition to the full model, a
series of tests were performed to estimate the best model fit when using these nine
variables. Tests included the calculation of Mallows’ Cq to identify the most
significant demographic variables for each under-borrower type (Hosmer, Lemeshow,
& Sturdivant, 2013, p. 137), and implementing a variety of PROC LOGISTIC
selection functions for individual variables and all two-way interactions. These tests

and subsequent findings are discussed in further detail in Section 2.5.2.

2.5 Results

This section is broken into two components, with the first addressing the
results of under-borrower identification based on the criteria type, and the second

presenting the results of the logistic regression analysis.

2.5.1 Results for Research Question #1

To answer Research Question #1, the under-borrower criteria thresholds were
applied to the full sample. Table 2.4 shows the descriptive statistics for the criteria
variables of interests, with ranges given for each. Interestingly, for each sample type
(Full, Campus 1, and Campus 2), the largest proportion of observations fall within:
working 20 or more hours a week, report never taking out a federal student loan,
receiving family contribution costs towards education that do not meet the full cost of

attendance. HourlyRate is the only variable where the majority of students do not fall
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Table 2.4: Descriptive Statistics of Under-Borrower Criteria Variables by Campus

Full Sample Campus 1 Campus 2
N =782 n =328 n =454
. Percent Percent Percent
Variable Obs of Sample Obs of Sample Obs of Sample
Hours
<10 45 5.75% 15 87.80% 30 6.61%
10-19 122 15.60% 68 20.73% 54 11.89%
>20 375 4795% 127  38.72% 248  54.63%
No Job 240 30.69% 118  3598% 122 26.87%
HourlyRate
<$12.58 256  32.74% 83 2530% 173 38.11%
>$12.58 286  36.57% 127  38.72% 159  35.02%
No Job 240 30.69% 118  3598% 122 26.87%
SLMax
Never Borrowed 445 5691% 195 59.45% 250 55.07%
No/Unsure 159  20.33% 64 19.51% 95 20.93%
Max Borrowed 178  22.76% 69 21.04% 109  24.01%
FamCont
Dependent
< Full COA 446  57.03% 195 59.45% 251  55.29%
> Full COA 175 22.38% 98 29.88% 77 16.96%
Independent
< Full COA 147  18.80% 29 8.84% 118  25.99%
> Full COA 14 1.79% 6 1.83% 8 1.76%

Note: Percent values per sample do not add perfectly to 100% due to rounding

within the least desirable category (< $12.58 net hourly wage), though this is the
largest category for Campus 2 students. It is also of note that of students who took out
student loans in the survey semester, there was a roughly even split between those who
took out the maximum offered and those who took less than the offered amount or
were unsure. This was most apparent at Campus 2. Finally, for each sample type, the

largest proportion of students reported working 20 or more hours a week, followed by
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not having employment, with working anywhere from 1-19 hours occurring with the
lowest frequency.

Table 2.5 reports the number of under-borrowers identified in each sample
once the threshold values were applied, with Table 2.6 providing the subsequent
estimates calculated by maximum likelihood. Using raw percentages, about 13% of
the full sample fell within the strictest criteria for under-borrowing behavior, and
almost 4% more met the criteria when the lower work hour requirement was applied
(10-19 hours a week), leading to a combined sample percentage of 16.75%. The
highest prevalence of under-borrowing occurred at Campus 2, with rates of
approximately 17%, 4%, and 20%, respectively. This could be due to a number of
factors, with the most likely reason being that Campus 2 had a larger proportion of

their undergraduate student body sampled and therefore had a greater likelihood of

Table 2.5: Number of Students Exhibiting Under-Borrowing Behavior by Campus

Full Sample Campus 1 Campus 2
N =782 n=328 n=454
. Percent Percent Percent
Variable Ob of Sample Obs of Sample Obs of Sample
UnderB 102 13.04% 26 7.93% 76 16.74%
UnderBmin 29 3.71% 13 3.96% 16 3.52%
UnderBcombo 131 16.75% 39  11.89% 92  20.26%

Did not meet criteria 651  83.25% 289  88.11% 362  79.74%
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capturing under-borrowers. However, as discussed earlier, there are key demographic
differences between the two survey sites, with Campus 1 encompassing only business
school students in an urban location and Campus 2 distributing the survey to the entire

undergraduate population at their rural campus.

Table 2.6: Likelihood of Observing Under-Borrowing Behavior in Sample via
Maximum Likelihood Estimation

Parameter 95%
Variable ) Confidence DF
Estimate
Interval
FULL SAMPLE (N=782)
0.1304 %
UnderB (0.0120) 0.1068-0.1541 782
. 0.0371**
UnderBmin (0.0068) 0.0238-0.0504 782
0.1675%*
UnderBcombo (0.0134) 0.1413-0.1937 782
CAMPUS 1 (n=328)
0.0793 %
UnderB (0.0149) 0.0499-0.1086 328
. 0.0396%**
UnderBmin (0.0108) 0.0184-0.0608 328
0.1189**
UnderBcombo (0.0179) 0.0837-0.1541 328
CAMPUS 2 (n=454)
0.1674%*
UnderB (0.0175) 0.1330-0.2018 454
. 0.0352%
UnderBmin (0.0087) 0.0182-0.0523 454
0.2026**
UnderBcombo (0.0189) 0.1656-0.2397 454

Note: All values are reported in the form of likelihood estimates, with 0 representing a
0% chance of observing the behavior and 1 representing a 100% chance of observing
the behavior. Standard errors in parentheses; **p<0.001
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In addition to the raw percentages, sample-maximized estimates of the
likelihood of observing the various types of under-borrowing behavior are exhibited in
Table 2.6. As can be seen, the estimates are identical to the raw percentages calculated
in Table 2.5. However, Table 2.6’s MLE output includes standard errors for each
variable, as well as 95% confidence intervals. Each estimate was found to be
significant at the 0.1% level, with the confidence intervals being relatively narrow; the
largest observed interval was for UnderBcombo at Campus 2, ranging +3.7%.

The last table in this section, Table 2.7, shows results where UnderBcombo = 1
(the most inclusive under-borrower variable) by campus for the same variables
reported for the entire survey sample in Table 2.2. There are several notable
differences between under-borrowers and the overall sample. First, across all sample
types, a higher percentage of under-borrowers held jobs prior to starting postsecondary
education (PriorJobD), currently have jobs on and off campus (JobLoc = Both), and
work three or more jobs at a time (Jobs). They also report higher rates of not receiving
benefits from their employment, or being unsure (Benefits). The latter is particularly
concerning, as it could indicate a lack of financial or employment literacy.

Interestingly, under-borrowers completed the FAFSA at least once at higher
rates than the full sample (FAFSAEver), though the rates of FAFSA completion for the
2021-22 academic year are mixed (FAFSA) with Campus 2 reporting a higher
frequency and Campus 1 reporting lower. They also had almost 20% higher rates of
never taking out a federal student loan (SLOut), a potential indication of loan aversion.

Almost 75% of the full under-borrower sample believe they have $5,000 or less in
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student loan debt (CurrDebt), compared to 62% of all survey respondents. Over 72%
of under-borrowers at Campus 2 reported receiving no family contribution towards
education expenses, and all but seven under-borrowers had a family contribution of
50% or less (FamCont); almost 30% of the full survey sample had family
contributions in excess of 50%.

Among demographic variables, a larger proportion of women at each campus
were under-borrowers than the gender split observed among survey completers at each
site (Gender). Fewer under-borrowers were between the ages of 18 and 19, though the
rate increased for 20-29 year olds before decreasing again for those 30+ (AgeCat).
This corresponds with the large increase in sophomores and juniors observed in the
under-borrowing group (Class). Unexpectedly, there were proportionally fewer first
generation under-borrowers than in the full sample (FirstGenD), as well as fewer
students who identify as Hispanic (HispanicD). More Black/African American
students were present among under-borrowers (BlackD), though the results were
mixed among other race groups, likely due to small sample sizes among non-white
race and ethnicity categories. Single students were also proportionally larger among
under-borrowers (SingleD), while parents were less frequently observed (KidsD).

Academically, another surprising finding was the percentage of under-
borrowers who reported having a CGPA above 3.0—80.15% compared to 72.77% of
all survey respondents. This could be indicative of under-borrowers being high

performers, or due to the self-reported nature of this data, evidence of the halo error
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whereby students’ self-perception of their abilities is higher than quantitative measures

of such abilities indicate (Fuller, Wilson, & Tobin, 2011; Pike, 1999).

Table 2.7: Observation Counts and Percent of Sample Values for Key Under-
Borrower Demographic Characteristics; All Values Reported Where
UnderBcombo = 1

Full Sample Campus 1 Campus 2
N =131 n=239 n=92
. Percent Percent Percent
%

Variable Obs of Sample s of Sample s of Sample
PriorJobD 122 93.13% 37  9487% 85  92.39%
CurrJobD 131 100.0% 39 100.0% 92 100.0%
JobLoc

On Campus 23 17.56% 5 12.82% 18 19.57%

Off Campus 94 71.76% 32 82.05% 62 67.39%

Both 14 10.69% 2 5.13% 12 13.04%
Jobs

One Job 92 70.23% 33 84.62% 59 64.13%

Two Jobs 33 25.19% 5 12.82% 28 30.43%

Three Jobs 4 3.05% 1 2.56% 3 3.26%

Four+ Jobs 2 1.53% 0 0.0% 2 2.17%
Benefits

Yes 21 16.03% 6 15.38% 15 16.30%

No 98 74.81% 28 71.79% 70 76.09%

Unsure 12 9.16% 5 12.82% 7 7.61%
FAFSAEver

Yes 123 93.89% 35 89.74% 88 95.65%

No 7 5.34% 3 7.69% 4 4.35%

Unsure 1 0.76% 1 2.56% 0 0.0%
FAFSA

Yes 101 77.10% 24 61.54% 77 83.70%

No 24 18.32% 13 33.33% 11 11.96%

Unsure 6 4.58% 2 5.13% 4 4.35%
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Table 2.7: Continued

SLOut
Yes 44 33.59% 15 38.46% 29 31.52%
Never 84 64.12% 24 61.54% 60 65.22%
Unsure 3 2.29% 0 0.0% 3 3.26%
SLMaxi
Yes 0 0.0% 0 0.0% 0 0.0%
No 33 75.00% 10 66.67% 23 79.31%
Unsure 11 25.00% 5 33.33% 6 20.69%
CurrDebt
$0 79 60.31% 23 58.97% 56 60.87%
$1-$5,000 19 14.50% 8 20.51% 11 11.96%
$5,001-$10,000 16 12.21% 4 10.26% 12 13.04%
$10,001-$25,000 11 8.40% 2 5.13% 9 9.78%
$25,001-$50,000 5 3.82% 1 2.56% 4 4.35%
>$50,001 1 0.76% 1 2.56% 0 0.0%
FamCont
0% 80 61.07% 13 33.33% 67 72.83%
1-50% 44 33.59% 19 48.72% 25 27.17%
51-72% 7 5.34% 7 17.95% 0 0.0%
Gender
Male 41 31.78% 23 58.97% 18 20.00%
Female 88  68.22% 16 41.03% 72 80.00%
AgeCat
Ages 18-19 32 24.43% 13 33.33% 19 20.65%
Ages 20-23 74 56.49% 25 64.10% 49 53.26%
Ages 24-29 15 11.45% 1 2.56% 14 15.22%
Ages 30+ 10 7.63% 0 0.0% 10 10.87%
Race/Ethnicity
WhiteD 76 58.02% 20 51.28% 56 60.87%
BlackD 12 9.16% 7 17.95% 5 5.43%
HispanicD 30 22.90% 2 5.13% 28 30.43%
AsianD 6 4.58% 6 15.38% 0 0.0%
NativeD 3 2.29% 0 0.0% 3 3.26%
OtherD 4 3.05% 4 10.26% 0 0.0%
SingleD 110  83.97% 38 97.44% 72 78.26%
FirstGenD 29 22.14% 6 15.38% 23 25.00%
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Table 2.7: Continued

Class
Freshman 16 12.21% 12 30.77% 4 4.35%
Sophomore 27 20.61% 7 17.95% 20 21.74%
Junior 52 39.69% 16 41.03% 36 39.13%
Senior 28 21.37% 4 10.26% 24 26.09%
5%+ Year Senior 8 6.11% 0 0.0% 8 8.70%
CGPA
<2.0 2 1.53% 0 0.0% 2 2.17%
>2.0and <2.5 6 4.58% 4 10.26% 2 2.17%
>2.5and <3.0 18 13.74% 6 15.38% 12 13.04%
>30and<3.5 51 38.93% 20 51.28% 31 33.70%
>35 54 41.22% 9 23.08% 45 48.91%
StudentType

Full-Time Student 102 77.86% 38 97.44% 64 69.57%
Part-Time Student 29 22.14% 1 2.56% 28 30.43%

KidsD 9 6.87% 1 2.56% 8 8.70%

Note: Percent values per sample do not add perfectly to 100% due to rounding
* All bivariate variables (signified by ending in “D”’) have values listed where the

variable is equal to 1
T Reported where SLOut =1 (“Yes”)

2.5.2 Results for Research Question #2

Based on the observed values in the sample of the under-borrowing and
demographic variables listed in Equations 18 and 19 above, a logistic regression
power analysis was conducted with G*Power 3.1 (Faul, Erdfelder, Buchner, & Lang,
2009) before modeling the data. The total sample size is 782, with a 13% rate of
under-borrowing under the strict criteria, and a rate of 16.8% for UnderBcombo. Using

a = 5%, the logistic regression model has 80% power to detect an odds-ratio of 1.725
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(i.e., 72.5% increase in odds) associated with the binary variables, §;_4 g9, When
UnderB is the outcome variable, and an odd-ratio of 1.65 (i.e., 65% increase in odds)
for UnderBcombo. When utilizing the same parameters for the sole categorical
variable, f5,, the odds-ratio changes to 1.32 (i.e., 32% increase in odds) and 1.295 (i.e.,
29.5% increase in odds), respectively.

The logistic regression models for both under-borrower types were then run in
PROC LOGISTIC. The results of these models—after excluding up to two outliers
that had survey values that far exceeded their peers (as such were likely done by
participants not completing the survey in earnest) and were identified via tracking
each observation’s impact on the change in the chi-square goodness-of-fit statistic—
are presented in Table 2.8 below. The models correspond with equations 18 and 19,
respectively, outlined in section 2.4.3. All proposed variables were included in the
regression at the same time after correlations were assessed via the PROC CORR
procedure (SAS Institute Inc., 2020a) and multicollinearity was not a concern.

The first model, with the strictest under-borrowing criteria, passes the model fit
tests and has three variables that are statistically significant at the 1% level:
FTStudentD, Campusl, and KidsD. When the log odds raw estimates are
exponentiated, an odds-ratio can be reported. Odds-ratios above 1 indicate that a one
unit change in the explanatory variable is associated with an increased odds of the
dependent variable having a value of 1; when odds-ratios are below 1, a one unit
change is associated with a decrease in the odds of the dependent variable being equal

to 1. All three significant variables have odds-ratios below 1. This means that full-time
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students, students from Campus 1, and students with children are less likely to exhibit

strict under-borrowing behavior.

Table 2.8: Results of Logistic Regression Models on the Effects of Demographic
Characteristics on Observed Under-Borrower Behavior

UnderB UnderBCombo
Raw Odds-Ratio Raw Odds-Ratio
Variables Estimate Estimate Estimate Estimate
FemaleD 0.301 0.408 ©
(0.244) 1.352 (0.219) 1.504
WhiteD 0.194 0.053
(0.240) 1.214 0211) 1.055
FTStudentD -0.900%** -0.496 ~
(0.307) 0.407 (0.291) 0.609
FirstGenD -0.235 -0.312
(0.277) 0.790 (0.243) 0.732
FrSoD 0.045 0.057"~
(0.286) 1.046 (0.255) 1.059
Campusl -0.742%* -0.558*
(0.266) 0.476 (0.228) 0.573
AgeCat 0.144 0.148
(0.189) 1.155 (0.175) 1.159
SingleD 0.416 0.553 "~
(0.360) 1.517 (0.331) 1.739
KidsD -1.823%* -1.035%
(0.601) 0.162 (0.471) 0.355
Observations 780 781
AIC 578.35 695.19
Model Fit Tests X2 df X? df
Global Null Hypothesis
Likelihood Ratio Test 39.071%** 9 28.049** 9
Score Test 39.385%* 9 27.378** 9
Wald Test 36.451%** 9 26.275%* 9
Goodness-of-Fit Test
Hosmer & Lemeshow 7.940 8 14.494 ~ 8

Note: Standard errors in parentheses; **p<0.01, *p<0.05, "p<0.10

70



When looking at the outcomes for UnderBcombo, which includes students
exhibiting both types of under-borrowing behavior, the results are less clear. The
Hosmer & Lemeshow Goodness-of-Fit Test is significant at the 10% level, indicating
that the model would be rejected as a poor fit when using that o value (SAS Institute
Inc., 2020b, pp. 5906-5907). However, it is insignificant at the 5% level, so the results
are reported. In this model, six variables are statistically significant, though only at the
5% and 10% level. The two variables significant at the 5% level, Campusl and KidsD,
both have odds-ratios below 1, indicating that students at Campus 1 and students who
are parents are less likely to have a value of 1 for UnderBcombo.

Additional representation of the odd-ratio, including the 95% confidence
intervals derived from Wald tests on each parameter estimate. Note that when the
statistical significance of the estimate is above the 5% level, the Wald test confidence
interval for parameter fj contains values greater than and equal to 1. When the
confidence interval includes 1, the alternative hypothesis that the explanatory variable
has an impact on the outcome variable is rejected at the 5% level. Note that the three
variables that were found significant below the 5% level in the above models all

maintain confidence interval values below 1.
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Odds Ratios with 95% Wald Confidence Limits
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Figure 2.2: Graphical Representation of Odds-Ratio Estimates based on Individual
Wald Tests from Logistic Regression with UnderB as Dependent

Variable
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Figure 2.3: Graphical Representation of Odds-Ratio Estimates based on Individual
Wald Tests from Logistic Regression with UnderBcombo as Dependent
Variable
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After running my hypothesized model with all nine demographic variables
included simultaneously, I also ran multiple variations of the model in PROC
LOGISTIC using built-in algorithms that optimize model fit to independently assess
which independent variables best explain the under-borrowing behavior observed in
my sample. This was done for several reasons. First, due to the exploratory nature of
this research—under-borrowing has not been previously studied in the literature, and
as such, there is no prior evidence as to which student characteristics may be most
influential towards exhibiting the behavior. Additionally, based on the data I have
available, I wanted to produce a parsimonious model that maximizes explanatory
power and includes only those variables that have a significant relationship with the
outcome.

To identify the most statistically significant model for each under-borrowing
outcome variable, I ran a main effects only model and a model with all possible two-
way interaction with main effects using the four selection algorithms available in
PROC LOGISTIC. As stated in the procedure’s overview section, “The LOGISTIC
procedure provides four effect selection methods: forward selection, backward
elimination, stepwise selection, and best subset selection” (SAS Institute Inc., 2020b,
p.- 5803). Forward selection consists of adding each variable to the model based on the
size of its score chi-square statistic, until no remaining variables have a large enough
value to merit inclusion; once a variable is included, it remains through all further
iterations. Backwards elimination begins with all variables includes, conducts Wald

tests on each individual parameter, dropping the least significant variable each time
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until all remaining variables do not meet the threshold for exclusion. Stepwise
selection is similar to forward selection, with the exception that variables identified for
inclusion can also be excluded in future iterations of the model via backwards
elimination. Best subset selection consists of using the score statistic, and implements
the branch-and-bound algorithm to find a single model with the highest score chi-
square statistic. (SAS Institute Inc., 2020b, p. 5890)

The most successful selection method for my data (i.e., in terms of lowest AIC
value) was the best subset. The forward, backwards elimination, and stepwise
selection methods—both with and without two-way interaction terms—all selected
inclusion of only FTStudentD, Campusl, and KidsD (i.e., the most statistically
significant variables presented in Table 2.8), with no interaction terms found
significant. As such, only models identified under the best subset selection method for
UnderB are presented in Table 2.9, with Table 2.10 showing models for
UnderBcombo.

When using the best subset selection method, the PROC LOGISTIC command
presents output with multiple models given based on the number of variables included,
with these models listed in descending order based on the best (highest) score chi-
square value. For example, when using the branch-and-bound algorithm to identify the
best model(s) that explain the outcome variable with four explanatory variables, each
line presents a different combination of the subset of explanatory variables (in this
case reducing the nine total variables included to four) with the four variable model

with the highest chi-square value listed first. This continues on until the
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Table 2.9: Results of the Best Subset Logistic Regression Selection Method for
UnderB Outcome Variable

UnderB
Main Effects Mallivliflfects
Variables Only Oddg-Ratlo Two-Way Oddg-Ratlo
Raw Estimate . Estimate
. Interactions
Estimate )
Estimate
FTStudentD -0.851** -0.626
(0.273) 0.427 (0.554) 0.535
Campusl -0.846** -0.838**
(0.254) 0.429 (0.254) 0.433
KidsD -1.575%* 2. 151%*
(0.502) 0.207 (0.800) 0.116
SingleD 0.426
-- -- (0.505) 1.531
SingleD*KidsD 1.938~
-- -- (0.228) 6.948
SingleD*FTStudentD -0.431
_ - (0.633) 0.650
Observations 781 781
AlCq 577.68 577.78
Mallows’ Cq 2.57 2.54
Model Fit Tests X2 df X2 df
Global Null Hypothesis
Likelihood Ratio Test 31.837%** 3 37.742%* 6
Score Test 32.338%* 3 39.410%* 6
Wald Test 30.327%* 3 31.651%* 6
Goodness-of-Fit Test
Hosmer & Lemeshow 0.055 3 4317 4

Note: Standard errors in parentheses; **p<0.01, *p<0.05, "p<0.10

maximum number of variables is included, which for my sample is nine. As the score
chi-square value always increases when more variables are added (similar to R?
estimations), it is up to the researcher to determine the cut-off where the chi-square

value has been maximized relative to the number of variables included. This can be
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done a number of ways, though subjectively, the researcher must ultimately decide
which model makes the most intuitive sense based on their underlying research
question and theories.

I chose to follow the best subset selection criteria put forth by Hosmer and
colleagues’ (2013, pp. 133—144). This primarily consists of comparing the Akaike
Information Criterion (AIC) of each outputted model (AICq) and/or calculating
Mallows’ Cq, a variation of the more commonly known Cp equation used for linear
regressions. For both of these measures, the model with the smallest value when
compared among multiple models has the best suggested model fit. However, the
authors strongly emphasize the researcher should use these criteria as guiding metrics
only, as ultimately the best model is that which has low AICq and Cq, as well as makes
logical sense. The latter is particularly important when interaction terms are included,
as the algorithm could suggest terms for inclusion that do not “make sense from a
clinical perspective” (Hosmer et al., 2013, p. 92) (e.g., imagine a model that suggested
an interaction term of full-time student status and credit hours per term—those two
variables are highly correlated and their interaction term would likely be statistically
significant when examining an academic outcome variable, but the inclusion of that
particular interaction term does not make sense when trying to explain why different
students have different observed outcomes). Finally, best practice suggests the final
model should also include any main effect variables that are present in interaction
terms (e.g., SingleD*KidsD was found significant, but as SingleD is not significant on

its own, I had to manually run the model with it included).
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For the two to three models with the highest score chi-square value within each
variable count (e.g., top two models with one explanatory variable, top three models
with two explanatory variables, etc.), I calculated the associated AICq and Cq values
(spreadsheet with calculations available upon request). After comparing the values and
assessing the suggested variables for logical fit, I selected the best main effects only
and main effects with two-way interaction terms models for each under-borrowing
outcome variable. These four models, along with their relevant model fit statistics, are
the ones presented in Tables 2.9 and 2.10.

The main effects model for UnderB consists exclusively of the significant
variables presented for the same outcome variable in Table 2.8. However, when two-
way interaction terms are included, FTStudentD loses its significance, but a new (also
insignificant) main effect variable, SingleD, is included due to the selection of two
interaction variables, SingleD*Kids and SingleD*FTStudentD. It should be noted that
though only three of the six included variables are found to be statistically significant
at the 10% level or lower, the inclusion of all six maximizes the explanation of
variation observed in UnderB. Students at Campus 1 and those with children remain
less likely to exhibit strict under-borrowing behavior, but perhaps most interestingly,
single parents are found to be almost seven times more likely to be under-borrowers
than their peers. Though this later finding is statistically significant, due to the small
number of single parents included in the sample, the true effect size within the actual

population is likely to be smaller than this particular estimate.
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Table 2.10:  Results of the Best Subset Logistic Regression Selection Method for
UnderBcombo Outcome Variable

UnderBcombo
Main Effects Mallivliflfects
Variables Only Oddg-Ratlo Two-Way Oddg-Ratlo
Raw Estimate . Estimate
. Interactions
Estimate )
Estimate
FemaleD 0.366 "
(0.215) 1.442 - -
FTStudentD -0.484 ~ -0.223
(0.262) 0.616 (0.519) 0.800
Campusl -0.562* -0.660**
(0.227) 0.570 (0.218) 0.517
KidsD -1.139%* -1.697*
(0.412) 0.321 (0.678) 0.183
SingleD 0.566
- - (0.504) 1761
SingleD*KidsD 1.984*
- - (0.877) 7.268
SingleD*FTStudentD -0.544
- - (0.597) 0.580
Observations 781 781
AlCq 690.39 687.44
Mallows’ Cq 4.72 8.04
Model Fit Tests X2 df X2 df
Global Null Hypothesis
Likelihood Ratio Test 22.849%* 4 29.796** 6
Score Test 22.655%* 4 29.737%* 6
Wald Test 21.831%* 4 26.950%** 6
Goodness-of-Fit Test
Hosmer & Lemeshow 1.990 6 5.315 3

Note: Standard errors in parentheses; **p<0.01, *p<0.05, "p<0.10

Similarly, as shown in Table 2.10, the best subset main effects model for
UnderBcombo consists of four of the six variables found significant in the full model

from Table 2.8: FemaleD, FTStudentD, Campusl, and KidsD. Female students were
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more likely to display some level of under-borrowing behavior than their male
counterparts at the 10% level, while full time students, students at Campus 1, and
parents were less likely. SingleD and the two interaction terms were also included in
the second model, though FemaleD was excluded (meaning the model consists of the
same variables as that in Table 2.9). The same three variables were statistically
significant—Campus1, KidsD, and SingleD*KidsD—though to differing degrees than
the prior model. Students at Campus 1 were still far less likely to exhibit under-
borrowing behavior (significant at the 1% level). Student parents were also less likely
to under-borrow, though the variable’s significance for UnderBcombo was less than
that observed for UnderB (5% versus 1% level). However, single parents had an even
higher odd-ratio estimate compared to Table 2.9, and additionally the estimate
increased in statistical significance; the probability that this estimate is skewed by the
small single parent sample size is still applicable.

To further explore this last finding, a series of chi-square tests were performed
for all possible values of the interaction term SingleD*KidsD. Unfortunately, due to
the small number of parents in the sample—and even smaller number of single
parents—the only under-borrowing variable with enough observations in each cell was
UnderBcombo. Table 2.11 presents the number of students within each category, as
well as the results of the chi-square test. The Chi-square value was found to be

significant at the 5% level.
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Table 2.11:  Number of Observations and Percentages from the Full Sample that
Fall Within All Possible Categories of SingleD*KidsD and
UnderBcombo

SingleD*KidsD

Married Married  Single Single
without with without with
Children Children Children Children

UnderBCombo Value

o 0 0 0
No Under-Borrowing (=0) 12.14%  9.06%  76.96%  1.84%

79 59 501 12
0 0 0 0
Some Level of Under-Borrowing (=1) 13'?;; % 2'331 7 801'2)2 % 3'855 %
Full Sample Minus One Outlier (N=781)
Goodness-of-Fit Tests X? df
Pearson Chi-Square 8.507* 3
Likelihood Ratio Chi-Square 10.120* 3

Significance levels: **p<0.01, *p<0.05

2.6 Conclusion

This paper presents the first known, in-depth research into the phenomenon of
under-borrowing behavior. Criteria were developed to better define and classify this
behavior, with two sets of threshold values implemented to categorize students as
either 1) fully displaying the enactment of the under-borrowing postsecondary funding
strategy (i.e., working 20+ hours a week for < $12.58 net hourly wages, not taking out
all available federal student loans, and reporting a family contribution less than the full
cost of attendance), or 2) displaying a lighter degree of under-borrowing behavior but
at risk for migrating to the higher category (i.e., working for 10-19 hours a week, but

otherwise meeting all the aforementioned criteria).
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A survey was distributed to undergraduate populations at two postsecondary
institutions to examine the prevalence of under-borrowing behavior occurring at each
site, yielding a final sample of 782 students. A variety of descriptive statistics are
presented showing the demographic and academic characteristics of the sample, with
comparisons given between those who qualified as full under-borrowers, light under-
borrowers, and not meeting the criteria of either under-borrower category.

A series of logistic regressions were run, with full under-borrowers and a
combination variable comprised of full and light under-borrowers both serving as
dependent variables, with a handful of demographic characteristics maintaining
statistical significance across pre-developed and exploratory selection models. These
included full-time students, students at Campus 1, and student parents—all of which
had odds-ratio estimates indicating they were less likely to exhibit either type of
under-borrowing behavior. However, single parents, though representing a small
contingent within the whole sample, were found to be up to 7 times more likely to
exhibit some level of under-borrowing. This result was further confirmed for the

interaction term with chi-square tests.

2.6.1 Discussion

A variety of new theoretical definitions and their corresponding empirical
results were put forth in this chapter. Perhaps the primary takeaway is the finding that
under-borrowers, at least those in accordance with my definition outlined in Methods

Section 1.4.1., were present in my undergraduate survey sample, and at rates of
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upwards of 17%. A significant amount of additional research is necessary to further
validate this finding, and to collect enough data to merit the use of causal inference
analysis methodologies to explore the underlying factors driving this behavior. This
chapter has merely scratched the surface of potential research avenues related to this
topic, and is working to create discourse within the postsecondary education academic,
practitioner, and policy community towards the acknowledgment that under-borrowers
do exist, and may require different institutional supports or interventions than
“traditional” students in order to retain them.

Notable descriptive statistics include the high level of loan aversion displayed
by under-borrowers (with approximately 75% reporting holding less than $5,000 in
student loan debt), the higher-than-sample-average completion of the FAFSA at some
point during their postsecondary career (94% versus 90%), and low level of familial
contribution towards educational expenses. These findings paint a narrative that under-
borrowers are consistently students in financial need, attempt to get non-loan-based
aid through external funding sources, and resort to making up the difference of unmet
need with long hours at low-wage work. That they are more likely to be of sophomore
or junior class standing, and between the ages of 20-29, suggests that first-time
freshmen do not immediately resort to under-borrowing. Rather, I believe that these
are students who tested the academic waters, so to speak, their first year or two in
higher education, then increased their work schedule in accordance with their
forecasted academic workload for future school years. Whether these academic

expectations align with reality is unclear, particularly given that those of senior
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standing and higher appear at lower rates among under-borrowers than the general
sample population, and is a suggested direction for future research. Their CGPAs
seem to indicate that under-borrowers are indeed high performers, though I admit to
my own bias in doubting the veracity of this self-reported data.

The results of the logistic regressions suggest that among the included
demographic characteristics, females, freshmen and sophomores, and single students
(including single parents) are statistically more likely to exhibit some level of under-
borrowing. Conversely, full-time students, those who attend Campus 1, and married
students with children are less likely. Each of these makes intuitive sense to me. Both
of my survey sites have higher female enrollment than male, and the literature has
repeatedly shown that females have lower levels of financial literacy than their male
peers, particularly among young adults (Lusardi, Mitchell, & Curto, 2010; Volpe &
Chen, 1998). Sophomores were over-represented in the under-borrowing sample, and
furthers the argument that the effects of financial education diminish after 18 months
(Fernandes et al., 2014). Within my sample, the number of students who are married
with children outnumber the single parents almost 5 to 1, leading to the belief that dual
income households are less likely to exhibit under-borrowing than a student who is
solely responsible for supporting themselves (and/or also providing for their children).
Students who anticipate working 20+ hours to cover educational expenses likely self-
select into part-time academic status, whereas full-time students self-select into taking
more courses at the opportunity cost of earning additional money from hourly wages.

Lastly, all students surveyed at Campus 1 are from within the business school, and as a
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whole are likely more financially literate and less loan averse than the general
undergraduate population, and the types of students who select to attend university in
an urban center versus a rural town are also likely to be fundamentally different. The
level of financial literacy exhibited by Campus 1 students is examined more fully in
the next chapter.

In short, some interesting conclusions regarding under-borrowers can be drawn

from my survey sample, but more research is needed to verify these results.

2.6.2 Limitations

The majority of research limitations experienced in this study—self-reported
data, lack of Institutional Research (IR) office data matching, one-time survey
distribution—were also addressed in the Methods section 1.4.1. Arguably, the most
significant of these is the inability to validate student financial and academic data via
IR. I am able to present my findings with the data I received from students who
completed the survey; however, these findings are, by definition, tied to the accuracy
of the data.

There are also concerns of selection bias. The student sample at Campus 1 was
already restricted to students taking a course within the business school, and then there
is the further complication as to why some students chose to complete this particular
survey to reach their mandated research credit requirement and others did not. Campus
2 had over 1,000 respondents—trepresenting over 15% of their undergraduate

population—though ultimately only 454 unique responses (6% of the population)

84



finished the survey in its entirety and gave answers that passed validity checks.
Similar to Campus 1, selection bias is introduced into the sample given that students
had to opt-in to completing the survey, and it is unclear how completers differ from
non-takers. If the basic hypothesis surrounding under-borrowers is correct, and these
students are working an extraordinary amount of hours in addition to attending classes,
completing homework, going to study groups, etc., they likely don’t have the time to
devote to filling out a non-mandatory survey with a minimal chance of reward (i.e.,
being entered into a school-wide raffle to win one of 50, $10 Amazon gift cards). This
element of selection bias and small percentage of the full undergraduate student
population participating at both campuses (0.2% and 6.0%) likely resulted in an
overall under-count of under-borrowers.

Despite these limitations, the exploratory design of this research was
intentional—as there is no prior research from which to anticipate a baseline of under-
borrowing prevalence within undergraduate populations, the simple survey was
administered with the intention of (roughly) establishing that this behavior is
occurring, and at a rate high enough to merit further investigation. I could not in good
conscience ask my contacts at each survey site—who were participating purely on a
voluntary basis—to take on the additional, uncompensated administrative burden of
coordinating with their respective IR office and Institutional Review Board to allow
for the collection of personal, identifiable student data for a research question based
purely on anecdotal observation and theory. Now that this study is able to present a

limited amount of quantitative evidence showing that some level of under-borrowing
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is exhibited by roughly 1 in 6 students, further investigation into this phenomenon

with the use of data matching is merited.

2.6.3 Implications for Future Research

Based on the limitations encountered with this research regarding self-selection
bias, student self-reporting of academic prowess, and the inability to verify survey
responses, it is highly recommended that all future work on this topic be done in
tandem with a campus’ IR office. This would decrease the number of demographic
questions students would have to answer (which constitute the vast majority of my
survey), increase data reliability, and allow for the inclusion of additional financial
literacy and wellness-related questions to more clearly identify the driving forces
informing the decision to partake in under-borrowing funding strategies.

Additionally, any institution that is interested in examining the breadth of
under-borrowing occurring within their undergraduate student population may
consider making the core under-borrowing identification criteria that cannot be
supplied by IR (i.e., Q6-Q10 on the survey questionnaire included in Appendix A) into
a short, mandatory survey. Though necessitating the coordination of multiple
administrative branches, it may be the most effective way to capture this data for the
full population. Ideas for implementation include requiring students answer these five
questions before being allowed to register for courses, get copies of their official
transcripts, have any school-specific scholarship funds released to the student’s

account, etc.
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As under-borrowing has to date been an under-researched topic, any and all

advancements made upon the research presented herein are welcomed.
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Chapter 3

STATE MANDATES FOR FINANICAL EDUCATION IN HIGH SCHOOL.:
DO THEY IMPACT POSTSECONDARY STUDENT FINANCIAL LITERACY
OR FINANCIAL AID DECISIONS?

It has been shown repeatedly that American postsecondary attendance and
success is highly dependent on students’ access to financial aid, particularly for
students of color and those coming from low-income households (Dynarski, 2003;
Henry, Rubenstein, & Bugler, 2004; Long & Riley, 2007). Due to the perception of
higher education shifting from a public to private good towards the end of the 20t
century, federal student loans have come to make up increasingly larger portions of
offered financial aid packages (Slaughter & Rhoades, 2004). Such loans do not affect
all students equally, with a disproportionate burden of debt placed on student
populations that are already vulnerable in a postsecondary setting (Callender &
Jackson, 2005; R. Chen & DesJardins, 2010; Jackson & Reynolds, 2013). The fear of
financing a degree on credit causes some students to reject loans in favor of funding
their education through employment, placing significant strain on their academic
performance, physical and mental health, and chances of graduation (Cho, Xu, & Kiss,
2015; Drentea, 2000; Dwyer, McCloud, & Hodson, 2012). With funding disparities

acting as a known barrier to equitable college attainment (Cabrera, Nora, & Castaneda,
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1992), prioritizing work as a funding vehicle over student loans may cause
marginalized students further disenfranchisement within postsecondary education.

However, it is unknown how high school financial literacy exposure may
affect such work and loan decision-making. Though state mandates of financial
education via personal finance course requirements have been found to be effective for
short-term financial literacy gains (Mandell, 2008) and positive post-graduation
financial behaviors (M. Brown, Grigsby, Van Der Klaauw, Wen, & Zafar, 2016; Maki,
2004), how such mandates for personal finance and/or economics coursework may
influence the trade-off between work hours and student loans has not been examined.
Fernandes et al. (2014) found that the effects of financial education interventions on
behavior for all age groups are essentially moot within 20 months. When this
timeframe is applied to a secondary education context, students exposed to financial
education in their 11% or 12 grade year would still be expected to benefit from the
positive behavioral modifications for up to two years after graduation. This suggests
that particular attention be paid to postsecondary freshman and sophomore students.

This paper therefore seeks to address the following questions:

3. Is the presence of state high school financial education mandates associated

with higher levels of college students’ financial literacy?
4. To what extent, if any, do high school financial education mandates

influence under-borrowing behavior?

This analysis compares outcomes across various student characteristics, as well
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as develops and controls for a scale representing the theorized rigor of any state
financial education mandates. More rigorous states mandates were anticipated to
increase financial literacy attainment and a decrease in displaying under-borrowing
behavior. Students who reported taking an economics or personal finance course in
high school but graduated from a state with no mandated course taking are considered
as self-selecting into financial education. These students were expected to have
outcomes on par with their peers from states with the most rigorous mandates.
Comparison of student decision-making related to educational debt and
employment trade-offs (i.e., under-borrowing) against the proposed conceptual model
will be made to not only document potential links between financial education state
mandates and students’ postsecondary funding decision-making, but to deepen
understanding of the relationship between knowledge exposure and behaviors believed
to be related to college equity and attainment. Such knowledge may ultimately provide
insights into how to financial aid professionals can successfully educate students on
how to responsibly utilize student loans to subsidize labor hours for maximum impact

among disadvantaged populations.

3.1 Literature Review

Due to the similarity in theme between the chapters, please refer to Section 2.1
above for the majority of literature review content. To keep this section concise and
prevent redundancy, please see below for new content relevant to this paper only.

Despite financial education’s uncertain effect, policy mandates surrounding it
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have continued to rise throughout the past two decades, with the number of states
requiring secondary students to take a personal finance course increasing from 1 to 24
since 1998 (Council for Economic Education, 2020, p. 11). Students in states with
high school financial education course requirements were found to have higher scores
on the Jump$tart Coalition survey’s measure of financial literacy compared to peers in
states without such requirements (Mandell, 2004; Tennyson & Nguyen, 2001). Several
studies have also compared various consumer outcomes between such states. Through
utilization of nationally collected survey and credit report data, it was found that adults
in states with mandated courses showed greater savings accumulation (Bernheim,
Garrett, & Maki, 2001), increased financial market participation and decreased rates of
foreclosure or bankruptcy (Cole, Paulson, & Shastry, 2014), reduced usage of
nonstudent debt (M. Brown et al., 2016), better debt repayment rates (A. M. Brown,
Collins, Schmeiser, & Urban, 2014; M. Brown et al., 2016), and enhanced
understanding of pension plans (Maki, 2004).

Though financial knowledge and some long-term outcomes have been
examined, little attention has been paid to how high school financial education impacts
postsecondary attendance and financial aid seeking behavior. New research has found
some encouraging outcomes: high school graduates from a state that mandates a
personal finance course who go on to attend 4-year postsecondary institutions had a
3.5% increase in aid applications, 21% decrease in the likelihood of holding credit
card debt, and an increase in accepting grant aid (1.4%) and subsidized federal student

loans (9.5%) (Urban & Stoddard, 2018). Of particular note is that among these
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students, those with a lower Expected Family Contribution (EFC) were 3.5% less
likely to work and 7.7% more likely to take out subsidized federal loans while
attending university while those with a high EFC reduced their private loan borrowing

amount by about $2,360 (Stoddard & Urban, 2020).

3.2 Conceptual Framework

The conceptual framework presented in Figure 3.1 is a subset of the full
theoretical framework shown in the introductory section of this dissertation. Utilizing
undergraduate student data from a multi-site survey, this framework seeks to explore
how the characteristics of an individual student’s high school—including financial
education requirements—and subsequent financial literacy exposure ultimately impact
postsecondary funding decision-making. The high school an individual attends in the
US is largely determined by student characteristics such as area and family
socioeconomic status (Saporito & Sohoni, 2007), factors outside of the student’s
control. A school’s characteristics, such as public/private status and geographic
location, subsequently determine the financial education policies it is subjected to at
the state and district levels. No national financial education regulations for either
economic or personal finance coursework exist for any grades in K-12 in the US.
The strength of a given state’s financial education policy requirements are believed to
directly affect how well a school will implement the course curriculum and students’
resultant financial literacy. In this framework, requiring that a financial education

course—economics, personal finance, or both—be offered is better than no policy at
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all, but is thought to be less effective than making such a course mandatory (M. Brown
et al., 2016; Tennyson & Nguyen, 2001). Requiring only mandatory course-end
standardized testing serves to incentivize teachers to cover all material anticipated to
be on the test (Smith & O’Day, 1990), making it a better indicator for students’
content exposure than simply attending a class. Combining mandatory standardized
testing with an offered course is stronger yet, with requiring both the course and
standardized testing representing the strongest mandate. Schools without externally
regulated financial education, such as private schools or those in states and districts
without mandates, can simply decide whether they will offer personal finance and/or
economics courses, and if so, whether such coursework is compulsory for students. It
is believed that a school’s advancement along this rigor scale, with no course or
testing requirement being the lowest and requiring both being the highest, causes the
quality of the financial education to increase. The compulsory status of financial
education courses within a school serves to directly influence subsequent student
course taking behavior. However, students who report having taken a prior financial
literacy course but graduated from a state with no mandate will be considered as self-
selecting into financial education. These students are expected to have outcomes on

par with their peers from states with the most rigorous mandates.
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Taken together, these student and state financial education regulation
characteristics serve as the fixed effects determining student financial literacy
attainment, which is believed to mediate student postsecondary funding decision-
making (Baron & Kenny, 1986). Once a student progresses to postsecondary
education, there are two key funding decision points: whether to accept any student
loans, and whether to obtain paid employment. It is theorized that their prior exposure
to and realization of financial literacy directly influences their funding decisions.
Students with some level of financial literacy are expected to seek out and submit the
Federal Application For Student Aid (FAFSA), which must be completed each
academic year for a student to be eligible for any federally funded postsecondary aid;
this includes federal grants, loans, and work study programs (Office of Federal
Student Aid, 2021). That said, completion of the FAFSA has no bearing on whether a
postsecondary student may seek part- or full-time employment either on- or off-
campus, with the exception of accepting a work study award. However, completion of
the FAFSA and subsequently acquired scholarships and grants can heavily influence
the amount of additional funding sought.

When entering the funding decision space, the student must first determine
how much, if any, student loan aid will be taken out as the acceptance or rejection
thereof will directly influence how much employment is needed to supplement
remaining funding needs. Some students may reject all offered loans outright, while
others may accept loan amounts on a spectrum ranging from 5% or less of their

calculated financial need to the full amount. This can often represent the difference
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between hundreds and thousands of dollars. These loan decisions are also influenced
by the student’s level of debt aversion; those who are entirely debt averse will avoid
student loans all together, while those with higher debt tolerance will take out at least
some loan amount. It has been found that the more financially literate an individual is,
the lower their student loan debt aversion (Boatman & Evans, 2017).

Once a loan amount, if any, has been determined, any remaining financial
shortfall is addressed via a student’s decision of whether to seek paid employment.
Except in a few cases—such as accepting a federal work study, enrolling as a
contracted athlete, or accepting university-specific aid with work stipulations—
attendance at a postsecondary institution does not preclude students from the
workforce on- or off- campus assuming the student is not on a restricted education
visa. It should also be noted that a distinction is made here between paid employment
and unpaid work experiences—this framework only takes into consideration the
former, as a constellation of variables external to this study influence a student’s
decision to pursue the latter. Assuming no legal or academic employment restrictions,
students may choose to work at as many jobs as they want for as many collective
hours per week as they want, serving as independent actors in the labor market. This
allows for paid employment to fall on a spectrum similar to student loans, ranging
from no paid work hours to enough hours to cover all financial need.

Individual decisions on how much student loan aid and how many work hours
to accept are intrinsically linked, with the former dictating the latter. Collectively, four

unique paths emerge: accept some student loans and work; accept some student loans
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and forgo employment; reject all student loans and work; reject all student loans and
forgo employment. It should be noted that after the original decision point at the
beginning of the semester, some students may change course and move to a different
path (i.e., originally rejecting all loans only to seek private loans mid-semester, choose
to quit work, or choose to begin working). Given that for the 2018-19 academic year,
56% of bachelor degree graduates utilized at least some student loans to fund their
education (Ma, Pender, & Libassi, 2020), it is expected that the majority of students
will follow the first two paths. Students who receive full scholarship offers or
comprehensive family financial support will follow the last.

Those who fall on the third path—no student loans and work—are believed to
be students with residual financial need who forgo available, low-interest student
loans in favor of independently sourcing funding through employment. Within this
category, it is theorized there are two broad categories: those students who maintain a
full-time, benefited position, and those who are being termed “under-borrowers,” or

students who hold multiple part-time, low-wage positions.

3.3 Data

Similar to the literature review, please refer to Section 2.3 in the prior chapter
for a full discussion of the data collection sites and procedures. Below is information
pertaining to additional questions asked on the survey relevant to this chapter.

To accurately measure the level of high school mandate in place for economics

and personal finance education by state, survey participants were asked to report what
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year they graduated high school, and from which state. To match mandates in place at
the time and place of the students’ graduation, I combined all available mandate-
related data presented in the Survey of the States reports from the Council for
Economic Education (Council for Economic Education (CEE), 2011, 2014, 2016,
2018, 2020, 2022) into one master spreadsheet (available upon request). Each report
spans two years (with the exception of 2014, which spans three), and presents
infographics regarding the K-12 and high school education requirements for
economics and personal finance active for each state during the report’s timeline. Prior
to the 2011 report, a different publication containing mandate information was
published on a biannual basis by the CEE (see M. Brown et al., 2016 for research that
references the existance and use these publications). However, after attempting to find
copies of these publications through various sources online and ultimately
corresponding with the CEE, it appears that all versions of the documents prior to
2011 have been lost and can no longer be accessed or shared (J. Liang, personal
communication, April 4, 2022). As such, my compiled mandate spreadsheet covers the
years 2009 to 2020.

The 2022 mandates were not included due to a mistake made on the survey
administered to Campus 1—the earliest available high school graduation year value
from the drop-down menu was 2020. Between the 2020 and 2022 reports, three states
changed their economics mandates, and seven changed their mandates for personal
finance education. Only one student from Campus 1 reported graduating high school

from one of these states in 2020 (which may have been an actual graduation year of
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2021). However, the mandate change was not signed into law until October 2021,
meaning the student would have already graduated high school before any changes in
course requirements were implemented. At Campus 2, which did have 2021 as a
graduation year option, seven students graduated high school in a state with a mandate
change. All seven were from the same state, where the mandate changed as of
February 2022, resulting in a similar situation where the students would have
graduated with the mandate level reported on the 2020 report still being in effect. As
such, the 2020 mandates were used for all students with a high school graduation year
of 2020 or 2021.

Table 3.1 lists additional survey variables taken into consideration for this
chapter, including student-reported high school education information and a scale of
state mandate difficulty. The latter has values that correspond with the conceptual
framework, with 0 representing a state that has no K-12 educational mandate for
economics or personal finance, respectively, and 5 representing the most
comprehensive mandate level, where students are required to take a course in the
subject and must also partake in standardized testing related to the topic. These
indicators were then converted to dummy variables for subsequent analyses, and a
course-taking dummy variable was created for both economics and personal finance
based on whether the student reported taking the course in high school. This was later

compared with the state mandate in place at the students’ time of graduation.
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Table 3.1: Description and Descriptive Statistics for Additional Variables of

Interest from Under-Borrower Survey by Campus

Variable Description Campus Mean SD
HIGH SCHOOL-RELATED (N=782)
HSState Derive from Question 32
State the student reports having Campus | a a
graduated from; international
students reported as “Other” Campus 2 -- -
HSGradYear Derived fi i
erived from Question 33 Campus 1 2019 1.953
Y ear student reports having
graduated high school Campus 2 2016 6.651
EconCourseD Derived from Question 35
) ) Campus 1 0.849 0.359
=1 if student reports taking
economic coursework in high
school Campus 2 0.687 0.464
PFCourseD  Derived from Question 36
) ) Campus 1 0.360 0.481
=1 if student reports taking
personal finance coursework in
high school Campus 2 0.225 0.418
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Table 3.1:

Continued

STATE FINANCIAL EDUCATION MANDATE (n=675)

EconM

Generated from CEE Survey of
the States

=0 if high school graduation
state did not have any type of
economics education mandate
at time of graduation

=1 if state required schools to
offer an economics course

=2 if state required students to
take an economics course as a
high school graduation
requirement

=3 if state required economics
content be tested via
standardized testing in high
school, but no course
requirement

=4 if state required economics
course be offered and content
tested via standardized testing

=5 if state required economics
course be taken as a high
school graduation requirement
and content tested via
standardized testing

Campus 1 2.603

1.345

Campus 2 2.902

1.501

114



Table 3.1:

Continued

PerFinM

Generated from CEE Survey of
the States

=0 if high school graduation
state did not have any type of
personal finance education

mandate at time of graduation
Campus 1 0.078

=1 if state required schools to
offer a personal finance course

=2 if state required students to
take a personal finance course
as a high school graduation
requirement

0.549

=3 if state required personal
finance content be tested via
standardized testing in high
school, but no course
requirement

=4 if state required personal
finance course be offered and
content tested via standardized
testing

Campus 2 1.921

=5 if state required personal
finance course be taken as a
high school graduation
requirement and content tested
via standardized testing

1.533

The following table, Table 3.2, shows a more thorough distribution of the

additional high school variables and state mandate requirements between personal

finance and economic education across the survey sample. Unfortunately, due to the

unanticipated loss of the CEE reports prior to 2011, only students who graduated high

school in 2009 or later were included in any analysis that required the inclusion of
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state mandates. Such analyses thus had an overall sample size of 675, a drop from the
total sample size of 782. Limiting the sample to only those students who graduated
within the past 12 years arguably does not affect the relevant analyses—any
anticipated effects of having taken a high school course on postsecondary funding
decisions and/or financial literacy are largely expected to have become non-existent
among those 30+ years of age at the time of data collection.

It should be noted that both Campus 1 and 2 are located in states that, for over
a decade, have required high school students to complete an economics course for
graduation (M. Brown et al., 2016, p. 2497; Council for Economic Education, 2022, p.
8). Both states have vacillated on the requirement of standardized testing, with
Campus 1’s state requiring it for both economics and personal finance in the mid-
2010s, and repealing the testing component by the end of the decade; Campus 2’s state
follows a similar timeline of implementation and repeal, but for economics only
(Council for Economic Education, 2022). Campus 1’s state has no requirements for
high schools in the state to offer or require personal finance coursework or conduct
standardized testing on the subject, while Campus 2’s state requires personal finance
content to be integrated into math and economics coursework for grades 3-12 with no
standardized testing (Council for Economic Education, 2022). The differences in
mandate level both between campuses and topic types is evidenced in Tables 3.1 and
3.2. As each of my campuses are public, state institution, it follows that the majority of
the students graduated high school in the same state they attend baccalaureate

education.
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Table 3.2:  Observation Counts and Sample Percentages of Additional Variables of
Interest from Under-Borrower Survey by Campus

Full Sample Campus 1 Campus 2
N =782 n=2328 n=454
Variable Obs Percent Percent Percent

of Sample Obs of Sample Obs of Sample

HSState
In-state student 655 83.76% 293 89.33% 362 79.74%
Out-of-state/Int’1 127 16.24% 35 10.67% 92 20.26%

HSGradYear*
2019-2021 466 59.59% 225  68.60% 241 53.08%
2017-2018 129 16.50% 58 17.68% 71 15.64%
2015-2016 40 5.12% 16 4.88% 24 5.29%
2012-2014 47 6.01% 16 4.88% 31 6.83%
2010-2011 12 1.53% 0 0.0% 12 2.64%
2009 or earlier 88 11.25% 13 3.96% 75 16.52%
EconCourseD
Took HS Econ 191 24.42% 49 14.94% 142 31.28%
Did not take 591 75.58% 279  85.06% 312 68.72%
PFCourseD
Took HS PerFin 562  71.87% 210  64.02% 352 77.53%
Did not take 220  28.13% 118  35.98% 102 22.47%

EconM (n=675)
= 28 4.15% 12 3.91% 16 4.35%
=1 1 0.15% 0 0.0% 1 0.27%
=2 440  64.19% 222 7231% 218  59.24%
= 22 3.26% 5 1.63% 17 4.62%
= 0 0.0% 0 0.0% 0 0.0%
=5 184  27.26% 68 22.15% 116 31.52%

= 326 48.30% 299  97.39% 27 7.34%
=1 221 32.74% 3 0.98% 218 59.24%
=2 5 0.74% 0 0.0% 5 1.36%
=3 17 2.52% 1 0.33% 16 4.35%
=4 81 12.00% 2 0.65% 79 21.47%

= 25 3.70% 2 0.65% 23 6.25%

*Note: High school year grouped by relevant Council for Economic Education Survey
of the States report

117



In the realm of American K-12 public education, it is important to differentiate
between formal, state-level policy mandates and the individual school districts and/or
schools implementation of such mandates; in practice, the former does not necessitate
the latter. Education scholars have long noted that school-level implementation of
external policies can have widely ranging levels of compliance, from perfect
compliance to an intentional lack of follow-through due to the local level stakeholders
disagreeing with the content or relevancy of said policy (McLaughlin, 1987; Spillane,
Reiser, & Reimer, 2002). Though a variety of implementation strategies and
suggestions have been identified (Viennet & Pont, 2017), there is still no mechanism
to guarantee absolute school-level adherence to each existing educational policy. This
spectrum of compliance has also been found to affect high school financial education,
with researchers identifying an amalgamation of curriculum types and teacher
professional development requirements varying at the intra- and inter-state levels
(Urban, Schmeiser, Collins, & Brown, 2015).

To that end, the mandate variable must be interpreted with caution. Students
who live in a state with some type of financial education policy in place at time of
graduation may not have actually attended a school that followed the mandate.
Similarly, students who graduated in the same year from the same state may have
vastly different experiences with the availability and quality of the financial education
received—if any. This may help explain some of the lack of compliance presented in
the Results section in Tables 3.9 and 3.10.

In order to measure financial literacy, the survey included the “Big Three”
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questions created by Lusardi & Mitchell (2007) for the 2004 US Health and
Retirement Study. The vast majority of academic literature utilizes at least these three
questions to succinctly assess an individual’s financial literacy before the onset of
survey fatigue (Hastings, Madrian, & Skimmyhorn, 2013). I limited the financial
literacy test to three items, rather than the six items included in the FINRA
Foundation’s National Financial Capability Study State-by-State Survey (hereafter
"the FINRA Foundation's NFCS"; FINRA Foundation, 2018) or other suggested
financial knowledge scales (see section 4.3), for two main reasons: 1) as the researcher
piloting a new, non-mandatory survey to sites that were under no obligation to allow
me access to their student populations, I wanted to err on the side of a concise survey
with as few items for students to complete as possible; and 2) as the majority of
academic literature uses the “Big Three” to assess financial literacy, I was interested to
see how well a short test would measure the financial knowledge of the postsecondary
education population.

Similar to the financial literacy reporting methodology of the US National
Center for Education Statistics’ (NCES) National Postsecondary Student Aid Study—
which utilizes the “Big Three” to assess undergraduate financial literacy (Campbell &
Wescott, 2019)—and the analyses shown in Chapter 4, I generated a raw financial
literacy variable, RawCorrect, a summation of the items a participant answered
correctly, ranging from O to 3 with 0 being no questions correct and 3 being all
questions answered correctly. Table 3.3 shows the concept tested, question text, and

correct answer of each of these questions.
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Financial literacy scores were also calculated more precisely through the use of

an Item Response Theory (IRT) analysis, using the same modeling methods outlined

in section 4.4.1. However, instead of including the same three Likert-scale self-

assessment items from the FINRA Foundation’s NFCS as in Chapter 4—these items

were not included in my survey—three different items were included as covariates.

Table 3.3: The “Big Three” (Lusardi & Mitchell, 2007) Financial Literacy
Questions
. Answer Choices
Concept Question Text Correct answer Bolded

“Suppose you had $100 in a

savings account ar;d the _-More than $102

interest rate was 2% per
--Exactly $102

Compound year. After 5 years, how
Interest: Savings much do you think you ~-Less than $102

--Don’t know

would have in the account
if you left the money to
grow?”

--Prefer not to say

“Imagine that the interest
rate on your savings

account was 1% per year
and inflation was 2% per

--More than today
--Exactly the same

Inflation year. After 1 year, how :Eif,:?{ig;()day
much would you be able to _Prefer not to sa
buy with the money in this Y
account?”
“Buying a single company’s --True
Investment  gtock usually provides a --False
Diversification  gafer return than a stock --Don’t know

mutual fund.”

--Prefer not to say
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Three statements were made regarding debt, and survey participants were
asked to rate their agreement with the statement on a 7-point Likert-scale (“Strongly
Disagree” to “Strongly Agree”). These included “Some types of debt are better than
others” (DebtType), “Student loans are bad and should be avoided” (SLBad), and
“Taking out student loans is as bad as using credit cards” (SLandCC). Due to the
majority of survey participants selecting values at one end of the scale or the other,
two values on each side were collapsed (“Strongly Disagree”/“Disagree” into
“Disagree”; “Strongly Agree”/“Agree” into “Agree”), resulting in a 5-point scale used
for analysis. Variable information and descriptive statistics for the “Big Three” and
debt statements, as well as RawCorrect, are provided in Table 3.4, with Table 3.5
providing basic variable count data; note that as there is no inclusion of the mandate

level variable in the IRT, the full sample is included.

Table 3.4: Description and Descriptive Statistics of IRT Analysis Variables from
Under-Borrower Survey

Variable Description Sample Mean SD
FL1 Derived from Question Q1 Campus 1 0.851 0357
(“Big Three” Question) P ' '
=1 if Answered correctly Campus 2 0.837 0.370
FL2 Derived from Question Q2
(“Big Three” Question) Campus 1 0.622 0.486
=1 if Answered correctly Campus 2 0.694 0.461
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Table 3.4:

Continued

FL3

Derived from Question Q3
(“Big Three” Question)

=1 if Answered correctly

Campus 1

0.704

0.457

Campus 2

0.789

0.409

RawCorrect

Derived from FL1-FL3

=0 if answered no financial
literacy question correct

[..]

=3 if answered all financial
literacy questions correct

Campus 1

2.177

0.863

Campus 2

2.319

0.798

DebtType

Derived from Question Q40, 5-
point scale of statement “Some
types of debt are better than
others”

=1 if Answered “Disagree”

[...]
=5 if Answered “Agree”

Campus 1

3.393

1.388

Campus 2

3.280

1.496

SLBad

Derived from Question Q41, 5-
point scale of statement
“Student loans are bad and
should be avoided”

=1 if Answered “Disagree”

[...]
=5 if Answered “Agree”

Campus 1

3.466

1.287

Campus 2

3.544

1.405

SLandCC

Derived from Question Q42, 5-
point scale of statement
“Taking out student loans is as
bad as using credit cards”

=1 if Answered “Disagree”

[...]
=5 if Answered “Agree”

Campus 1

2.430

1.355

Campus 2

2.907

1.521
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Table 3.5: Observation Counts and Sample Percentages of Financial Literacy
Variables from Under-Borrower Survey

Full Sample Campus 1 Campus 2
N =782 n =328 n =454
Variable* Obs Percent Percent Percent

of Sample Obs of Sample Obs of Sample

Financial Literacy

FL1 659 84.27% 279 85.06% 380 83.70%
FL2 519 66.37% 204 62.20% 315 69.38%
FL3 589 75.32% 231 70.43% 358 78.85%
RawCorrect
0 Correct 19 2.43% 11 3.35% 8 1.76%
1 Correct 136 17.39% 65 19.82% 71 15.64%
2 Correct 250 31.97% 107 32.62% 143 31.50%
3 Correct 377 48.21% 145 44.21% 232 51.10%
DebtType

= 146 18.67% 53 16.16% 93 20.48%
= 70 8.95% 34 10.37% 36 7.93%

=3 137 17.52% 55 16.77% 82 18.06%
=4 220  28.13% 103 31.40% 117 25.77%
=5 205 2621% 83 25.30% 122 26.87%
SLBad
=1 86 11.10% 31 9.45% 55 12.30%
=2 114 14.71% 51 15.55% 63 14.09%
=3 136 17.55% 66 20.12% 70 15.66%
= 196  25.29% 94 28.66% 102 22.82%
=5 243 31.35% 86 26.22% 157  35.12%
SLandCC

= 243 31.23% 118  3598% 125  27.78%
= 127 16.32% 60 18.29% 67 14.89%
= 157 20.18% 74 22.56% 83 18.44%
=4 118 15.17% 43 13.11% 75 16.67%
=5 133 17.10% 33 10.06% 100  22.22%

*Financial Literacy (FL) variables have values listed where participants answered
question correctly
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3.4 Methods

To address this study’s research questions, the analysis consisted of: 1)
estimating a financial literacy proficiency score for each survey participant using item
response modeling, and 2) a series of instrumental variable models and Pearson

correlation estimations constructed for both of the questions.

3.4.1 Item Response Theory (IRT) Model

In order to obtain a financial literacy proficiency score for each survey
participant, the same type of two-parameter logistic model (2PL) with latent
regression from Chapter 4 was used. For further discussion of Item Response Theory
and its applicability to financial literacy assessment, please refer to section 4.4.1.

However, unlike the FINRA Foundation’s NFCS’s six financial literacy
questions, the survey I administered only contained the “Big Three.” Additionally, my
survey’s three covariates—DebtType, SLBad, and SLandCC—while still Likert-scale
type items, are not the same self-assessment items used in Chapter 4. This resulted in a

slightly different 2PL latent regression model than Equation 4 in Chapter 4, which is

represented by:

Model 1: logit ((P(ypi =1 |9p)) = q; [((leDethypep + ¥2cSLBad,
Y3cSLandCC,) + {) — Bi] (1)

Where: r=(@1,..,782)

i = (FL1,FL2,FL3)
c=(1,..,4)
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6, ~ N(0,1)
(p ~ N(O' 0-*2)

Here I model the probability of each survey participant correctly answering the
three financial literacy test items, FL1-FL3, with the probability calculated separately
for each item depending on that particular item’s parameter estimates. As these items
were already included in the Chapter 4 model and the parameter estimates were
obtained from a much larger sample (N=27,081), those estimates are likely closer to
the true values that would observed in the full population than estimates created from
my sample of 782 participants. As such, this model had values for a1-3 and f1-3
constrained to match those presented in Table 4.8 (FL1, FL2, and FL6, respectively).
This is also shown in Table 3.6. In short, I am using the FINRA Foundation’s NFCS
as a national norming sample to create a more accurate financial literacy proficiency
score for my sample.

Model 1 also includes three covariates—the person’s level of agreement to the
statement given in items DebtType, SLBad, and SLandCC—to help inform the
estimation of the individual’s financial literacy, or latent trait p. These covariates can,
in a sense, be considered less rigorous financial knowledge items themselves. For
example, participants should agree that some types of debt are better than others, and
disagree that student loans are inherently bad or that they are as bad as credit card
debt. These items are measuring loan aversion, which has been shown to be mitigated

with financial knowledge and understanding of debt (Boatman & Evans, 2017). I
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therefore reverse-scaled the two items that should be disagreed with (SLBadR and
SLandCCR) to give a more intuitive interpretation of the values—the higher the score,
the better the student answered the statement—and included all three as person
covariates. Figure 3.2 shows the full model graphically.

As in Chapter 4, the 2PL latent regression model was run in R software using
package ‘flirt” (flexible item response theory) due to its ability to incorporate
dichotomous item response variables (0 incorrect, 1 correct) as well as graded
response covariates, in this case the statement items with Likert-scale responses (Jeon,
Rijmen, & Rabe-Hesketh, 2014). The parameter estimates for FL1-FL3 were inputted
into the model to constrain the values to those reported in Chapter 4, thereby allowing
student responses to the three financial literacy items to be assessed with the estimates

obtained from the much larger sample. The covariates were inputted using dummy

FULL IRT ANALYTIC MODEL

BINARY ITEM RESPONSE

Item Parameters
(3. B13. & y12)
FL1

FL2

LATENT VARIABLES

DebrTipe \‘

SLBadR

SLandCCR /

FINANCIAL
LITERACY
@)

Figure 3.2: Graphical Depiction of 2PL Latent Regression Model for Under-
Borrower Survey Variables
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variables for responses one through four, with five—the highest value on the
condensed scale—serving as the base for all three items due to inclusion of the
reversed-scaled SLBadR and SLandCCR. This resulted in 12 covariate variables: four
responses for each of three items.

The financial literacy proficiency estimates for each observation in my survey
sample were again outputted in the form of Bayesian expected a posteriori (EAP)
predictions. This method reports the mean of the posterior distribution constructed to
estimate that person’s latent trait value (Kolen & Tong, 2010), with the advantage of
being intentionally constructed to be biased towards the mean of the distribution to
diminish the likelihood of an outlier value being reported due to a lack of test
reliability (Lord, 1980a). It is important to note that the EAP value, in this case an
estimate of financial literacy based on a person’s cumulative observed responses to
FL1-FL3, can be used as a proxy for the individual’s test “score.” As stated by Kolen
and Tong (2010), “Estimated IRT examinee proficiencies typically are transformed to
a reporting scale; thus, it is reasonable to consider IRT proficiency estimates as raw
scores that are subsequently transformed to scale scores.” I therefore take EAPi and
transform it into a commonly utilized scale in educational research, the Normal Curve
Equivalent (NCE) Score (Mertler, 2018), for a resultant end variable of NCEScorei as

my financial literacy score to include in further analysis.
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3.4.2 Instrumental Variable (IV) Models

Given my conceptual framework and collected data, I argue that high school
course mandates can serve as an [V to allow for the unbiased analysis of the effect of
(a) financial education courses on financial literacy, and (b) the effect of financial
literacy on under-borrowing.

Figure 3.3 is a basic visual representation of the logic behind an IV analysis as
outlined by May (2012). The treatment T has a causal effect § on the outcome Y. X
represents one (or many) confounds that are correlated with T and Y, and unless every
single X is accounted for by including it in the model where T predicts Y, the resultant
B will be biased. To circumvent this hidden bias, an IV may be identified that meets
certain assumptions, and § can be calculated indirectly as a ratio of a and y.

Though IV analysis can be exceptionally helpful in social studies research
when utilizing nonequivalent comparison group designs, there are numerous
assumptions that a potential IV must satisfy in order qualify for inclusion in the model.
The five assumptions identified by Angrist and colleagues (1996, pp. 447-448) are as
follows: “A variable Z is an instrumental variable for the causal effect of [T] on Y if:
its average effect on [T] is nonzero, it satisfies the exclusion restriction and the
montonicity assumption, it is randomly (or ignorably) assigned, and SUTV A holds

(i.e., if Assumptions 1-5 hold).”

128



v

T—bY

Figure 3.3: Instrumental Variable (IV) Analysis Logic (May, 2012, p. 503)

(A)  HSFinEd (B) HS FinEd
Mandate(s) Mandate(s) Y
o
FinEd Course(s) —, Financial FinEd Course(s) Funding
Taken Literacy Taken Outcomes

p\x/ s

Figure 3.4: Overarching IV Models for Analysis

Figure 3.4 shows my proposed overarching models to address Research
Question #1 (diagram A) and Research Question #2 (diagram B). In diagram A, high

school financial education mandates serve as the IV, any financial education course
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the student takes in high school serves as the treatment, and attainment of financial
literacy is the outcome variable. Diagram B also has the high school financial
education mandate as the IV, with the financial literacy obtained from course-taking as
a result of the mandate serving as the treatment, and postsecondary funding decisions
as the outcome variable. I believe that the secondary financial education mandates
satisfy each of the IV assumptions put forth by Angrist et al (1996):

1) The Stable Unit Treatment Value Assumption (SUTVA) is upheld as each
individual’s potential outcome is unrelated to the treatment received by others;
each student’s financial literacy and their funding outcomes are independent of
whether another student in the sample was subjected to a mandate. A peer
effect might have influenced some high school students to enroll in financial
education in locations where courses were offered but not required, but this
effect is not expected to be large or even present for a significant number of
students given that few students in the participating sample would have
graduated from the same high school and enrolled in the same courses.

2) Assignment to a financial education mandate (the I'V), can be considered
essentially random (i.e., ignorable). The mandates do not discriminate at the
student level, and all students who attend a public high school within a given

state are subjected to the same policy. Each state has autonomy to create its
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own financial education mandates, or not, and requirements to take a class will
vary among the sample simply due to the state a student lives in.3

3) The exclusion restriction, arguably the most important of the assumptions,
requires that any effect the IV has on the outcome must be due only to the
effect of the IV on the treatment. In other words, the direct effect of IV on Y
(that which is not attributable to course-taking or increases in financial
literacy) is equal to zero—the mandate would have no impact if it were not for
its effects on course-taking and financial literacy. When looking at diagram A,
the financial education mandate itself does not cause financial literacy; rather,
the mandate forces students to be assigned to a financial education course,
through which they learn economics and/or personal finance curriculum and as
a result obtain some level of financial literacy. When looking at diagram B,
any high school financial education mandate in and of itself does not influence
whether a student chooses to take out any student loans, maximize their student
loans, or work for more than 20 hours a week in college; instead, the
knowledge a student gains from the course, measured in terms of financial
literacy, influences the student’s funding decision-making. Therefore, the

exclusion restriction is feasible for both diagrams.

3 Given that the mandates are state-wide, the ignorability assumption may not hold if

there are insufficient numbers of students from states without mandates.
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4) The high school mandate is expected to have a nonzero average causal effect
on (a) taking a financial education course, as the presence of a mandate is
associated with student assignment to the treatment, and (b) on financial
literacy, as the required course is expected to directly impact the students’
financial literacy scores.

5) The assumption of monotonicity, or the requirement that treatment assignment
increases as a monotonic function of the level of the IV implies that no student
does the opposite of their implied treatment assignment under the mandate. In
other words, there are no “defiers” (see Angrist, Imbens, & Rubin, 1996) who
would take a course when there is no mandate, and not take a course when
there is a mandate. This can be verified for both diagrams through simple high
school graduation status—in a state with a secondary financial education
mandate, the student will not be able to graduate high school and enroll in
college unless they satisfy the course requirement. Additionally, students who
would take a course with or without the mandate are not defiers; they are
always-takers, and their presence does not undermine the monotonicity
assumption (i.e., their likelihood of enrolling in a course does not go down in
the presence of a mandate).

Based on the above assumptions holding for both proposed IV models, a two-stage

least squares (2SLS) equation can be written for each research question. It should be
noted that no covariates are included in these models—it is not anticipated that any of

the individual characteristics captured in the data will have additional influence on the
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outcome outside of that measured by the treatment. For example, Latinos have been
found to evidence higher student loan debt aversion than their peers (Elengold,
Dorrance, & Agans, 2020), though it has also been shown that higher levels of
financial literacy and understanding of federal student loans can mitigate debt aversion
(Boatman & Evans, 2017). Due to the lack of covariates, 2SLS can be used for each
model, even those with binary outcomes (Angrist, 2001; Rassen, Schneeweiss, Glynn,

Mittleman, & Brookhart, 2009). The general form of these models is represented by:

Yi= Bo+ BXi+ & (2

Xi = Qp + alZl- + Uu; (3)

where for each person i, Xi is the observed treatment effect, Ziis the observed
instrumental variable, Yi is the observed outcome, and Ui and ¢; are the error terms.

As mentioned previous, the US-centric definition of financial education
includes both economics and/or personal finance coursework. To account for this, all
models are run three times to separately measure the effect of economics
mandates/course taking, personal finance mandates/course taking, and economics and
personal finance mandates and course taking combined together via an interaction
term.

The three 2SLS models for Research Question #1 using the variables listed in
Table 3.2 and the scaled financial literacy score obtained from the item response

model are as follows:
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Model 24: (i) NCEScore; = By + BiEconCourseD; + ¢; 4)

EconCourseD; = ay+ aEconM; + u; %)
(i) NCEScore; = By + ByPFCourseD; + ¢; (6)
PFCourseD; = ay + a;PerFinM; + u; (7)
(iii)) NCEScore; = o+ PiEconCourseD; X PFCourseD; + ¢; (8)

EconCourseD; X PFCourseD;" = ay, + a;EconM; X PerFinM;  (9)

+ui

where the respective observed high school financial education mandate is the
IV, subsequent observed course taking is the treatment, and financial literacy is the
outcome variable. This is also pictorially depicted in Figure 3.5.

To address Research Question #2 regarding whether high school financial
education mandates had a causal effect on under-borrowing behavior, two models are
needed to examine students who fall under the strictest under-borrowing criteria
standards (UnderB) and the under-borrowing variable combining students identified

under both the loose and strict criteria (UnderBcombo):

4 For Model 2, the * is used in the second stage equation to indicate that this is an
endogenous linearization of a dummy variable, where the course variable in the first

1if CourseD; > 0,

stage equation takes on the value CourseD; = { 0 if CourseD; < 0
i =

(see Angrist et

al, 1996, p. 445)
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Model 3: (i) UnderB; = S, + fiEconCourseD; + ¢;
EconCourseD; = ay+ a;EconM; + u;
(i) UnderB; = [, + BiPFCourseD; + ¢;
PFCourseD; = ay+ a;PerFinM; + u;
(iii) UnderB; = [y + [1EconCourseD; X PFCourseD; + ¢;
EconCourseD; X PFCourseD;" = ay, + a,;EconM; X PerFinM;

+ui

Model 4: (1) UnderBcombo; = B, + BiEconCourseD; + ¢;
EconCourseD; = ay+ a;EconM; + u;
(i) UnderBcombo; = [, + [1PFCourseD; + ¢;
PFCourseD; = ay,+ a,;PerFinM; + uy;
(ii1)) UnderBcombo; = [y + [1EconCourseD; X PFCourseD; + ¢;
EconCourseD; X PFCourseD;" = a, + a;EconM; X PerFinM,;

+ui

(10)
(11)
(12)
(13)
(14)
(15)

(16)
(17)
(18)
(19)
(20)
ey

where the respective observed high school financial education mandate is the

IV, subsequent observed financial education course taking is the treatment, and being

identified as either a strict under-borrower or within the combined under-borrower

criteria are the respective outcome variables.

All data checks for model eligibility and fit, including validating the strength

of the proposed IV, were conducted in SAS software, Version 9.4. Model 2 can be run

using the PROC QLIM command (qualitative and limited dependent variable model)

(SAS Institute Inc., 2020b) due to the continuous nature of the NCEScore variable but
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binary outcome values of first stage equation dependent variables related to financial
education courses (i.e., EconCourseD, PFCourseD, EconCourseD*PFCourseD).
Models 3 and 4 can also be run using the PROC QLIM command as the dependent
variable in both stages is dichotomous.

(2) 1) EconM
ii) PerFinM
iii) EconM x PerFinM Y

o

i) EconCourseD
ii) PFCourseD i-iii) NCEScore
iii) EconCourseD x PFCourseD

Figure 3.5: Graphical Depiction of Model 2 for Research Question #1

(3) 1) EconM (4) 1) EconM
ii) PerFinM v ii) PerFinM Y
iii) EconM x PerFinM iii) EconM x PerFinM
o o
1) EconCourseD 1) EconCourseD

iii) EconCourseD X PFCou7 iii) EconCourseD x PFCou7

Figure 3.6: Graphical Depictions of Models 3 and 4 for Research Question #2
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3.5 Results
This section is broken into three components, with the first addressing the
results of the IRT analysis, and the two subsequent sections showing the analysis of

Research Questions #1 and 2, respectively.

3.5.1 2PL Latent Regression Analysis

When conducting IRT analyses, two assumptions must be met: sufficient
dimensionality modeling and local independence (Embretson & Reise, 2000). Given
that this chapter’s IRT included only three test items and each tests a specific financial
knowledge concept, I assume unidimensionality, or that “a single latent trait variable
is sufficient to explain the common variance among item responses.” (Embretson &
Reise, 2000, pp. 226—-227). Also due to the short nature of the test, I assume that each
test item is locally independent—that is, the items are not correlated with each other,
with the probability of selecting the correct answer exclusively due to the individual’s
latent trait, not other test items (Embretson & Reise, 2000, p. 227). Both of these
assumptions were found to hold in Chapter 4 with the FINRA Foundation’s NFCS
data, shown in section 4.5.1.

To test these assumptions for this model, I first conducted an a priori
dimensionality assessment. Using the built-in R software function ‘prcomp()’, |
conducted a Principal Components Analysis on the three financial literacy test items
and calculated eigenvalues by squaring the resultant standard deviations for each
principal component. Figure 3.7 shows an eigenvalue Scree plot I created using R

software package ‘ggplot2’ (Wickham et al., 2022).

137



As can be seen from Figure 3.7, only one eigenvalue has a value over 1.
Between the solo eigenvalue over 1 and these three items being included in the
analysis of the FINRA Foundation NFCS financial literacy data, the assumption of
unidimensionality is supported.

To check for any cases of item local dependence, I used the ‘mirt’” package in
R software (Chalmers, 2012) to create a simple 2PL using only FL1-FL3 to capture
the item model residuals to calculate 1) the G? statistic (W. H. Chen & Thissen, 1997)

and 2) the newly-developed assessment method of “Jackknife Slope Index”

Scree Plot: PCA Eigenvalues for FL1-FL3

Variance

0.0-

1 2 3

Principal Component

Figure 3.7: Scree Plot of Eigenvalues from Principal Components Analysis of
Under-Borrower Survey Data
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(JSI) (Edwards, Houts, & Cai, 2018). The G? statistic for each pair of questions, which
‘mirt’ reports along with Cramér’s V coefficients, all had Cramér’s V values that fell
below 0.19, which represents the threshold for “No Correlation or a Negligible
Correlation” (McHugh, 2018, p. 417). The JSI values were not able to be calculated
with only three test items. I therefore conclude that the local independence assumption
holds.

Given the confirmation of both model assumptions, I ran the 2PL latent
regression model from Equation 1 above in R package ‘flirt.” The IRT reliability
coefficient was 0.517 when estimated using the proportional reduction in mean
squared errors method (Haberman & Sinharay, 2010; Jeon & Rijmen, 2016). This
reliability measure is quite low, and though further statistical analysis incorporated the
output of this model, it is likely that there are severe limitations on statistical power to
find significant effects should they exist. The item parameter results are presented in
Table 3.6, with the estimates for FL1-FL3 being constrained to those reported in
Chapter 4; as these values were manually inputted into the model, no standard errors
are reported. Again, as the covariates were broken into dummy variables for each
point on the Likert scale with five (either “Strongly Agree”/“Agree” for DebtType or
“Strongly Disagree”/“Disagree” for SLBadR and SLandCCR) serving as the base, the

gamma parameter values correspond with the difference in latent trait estimates
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Table 3.6: Item Parameters from 2PL Latent Regression Model of Financial
Literacy using Full Under-Borrowing Survey Sample

Alpha Gamma
Variable Item Group Estimate Beta Estimate Estimate
Financial Literacy Questions
FL1 Big Three 1426 1248
FL2 Big Three 1'?_00 -0'i30
FL3 Big Three 1'?_46 0'(_)_08
Person Covariates
DebtType
—1 -0.342
(0.244)
P -0.910%**
(0.308)
_3 -0.552*
(0.252)
—4 -0.030
(0.210)
SLBadR
~1 1.560%**
(0.263)
P 1.520%**
(0.240)
_3 0.722%%*
(0.267)
_4 1.215%**
(0.272)
SLandCCR
~1 -0.540~
(0.295)
P -0.696*
(0.276)
_3 -0.053
(0.265)
—4 0.072
(0.270)

Model Reliability Estimate: 0.517

Note: Standard errors in parentheses; ***p<0.001, **p<0.01, *p<0.05, "p<0.10
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between someone who answered the question with 1-4 versus someone who answered
the same question with 5.

Looking first at the item parameter estimates, it can be seen that the three items
have a low level of item difficulty: FL1 has an item difficulty value that correspond
with measuring the latent trait a bit below -1 standard deviations, with FL2 measuring
at roughly -1/2 standard deviations below the mean of 0. FL3 was not found in
Chapter 4 to be statistically significant, meaning the estimate is not different from 0;
this simply indicates that a person with a perfectly average ability level has a 50%
chance of answering the item correctly. These values are based on the assumption that
the latent trait is normally distributed, with a mean of 0 and standard deviation of 1.

The applicability of item parameters is more readily viewable in the Item
Characteristic Curve (ICC) plots in Figure 3.8. The Y-axis represents the probability
of an individual getting an item correct, and the X-axis is estimated latent trait
ability—in this case, financial literacy. The dotted horizontal line demarcates where
probability is equal to .5 (50%), and intersects the ICCs at the estimated beta value for
that item. When the point of intersection is traced down to the X-axis, beta estimates
can be interpreted in terms of the financial literacy value. Given FL1’s item difficulty
estimate of -1.248, an individual that has a financial literacy proficiency of 1.248
standard deviations below the mean has a 50% chance of answering the item correctly.
It should be noted, however, that within a normal distribution, 95% of the population

is above -1.6 standard deviations; items with beta estimates approaching this value are
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therefore assessing very basic levels of financial literacy (Wirth & Edwards, 2007, p.
o1).

When looking at the reported alpha estimates, or item discrimination values,
each was found to be statistically significant in Chapter 4, and all three estimates are
above 1. This suggests that discrimination ability varies by item and a 2PL is preferred
to model the data over a 1PL Rasch model. Again, item discrimination is the slope of
the ICC at the point of inflection (beta estimate), and estimates how strongly the

person’s financial literacy proficiency is related to them selecting the correct

Probability

Figure 3.8: Item Characteristic Curves for FL1-FL3 using Parameter Estimates from
Chapter 4
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answer to the item; the psychometric literature suggests that dichotomous response
items using 2PL have good discrimination at values greater than 1 while slopes of 3 to
4 should be viewed with skepticism, as they can indicate redundancy between items
that are too similar (Knoll & Houts, 2012; Wirth & Edwards, 2007).

The item covariates estimates, represented by gamma, were found to vary in
significance depending on the item. All four estimates related to SLBadR were positive
and statistically significant at the 1% level, while only two values each for DebtType
and SLandCCR were significant between the 1% and 10% levels. The significant
values for the latter two variables behave as expected—they are negative, meaning
individuals who did not agree with the statement “Some types of debt are better than
others” (DebtType) and/or agreed that “Taking out students loans is as bad as using
credit cards”(SLandCCR) had lower financial literacy proficiency scores than
individuals who selected 5.

However, the findings for SLBadR were unexpected. First, this covariate had
the strongest correlation with financial literacy proficiency, given that all four values
were highly significant. The positive value of these estimates though indicate that
every participant who responded something other than “Strongly
Disagree”/“Disagree” (i.e., “Strongly Agree”/*“Agree”, “Somewhat Agree”, “Neither
agree nor disagree”, or “Somewhat Disagree”) to the statement “Student loans are bad
and should be avoided” had a higher financial literacy proficiency score than the base

group. In short, financial literacy did not mitigate loan aversion—specifically for
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student loans—among my postsecondary student sample. This could be due to a
number of factors, such as the comparatively small size of the base group for this item
compared to the other two covariates (11.10% of the full sample versus 26.21% and
17.10%, respectively) or even higher rates of loan aversion at the time of data
collection due to increasing interest rates and uncertainty in the mid-pandemic labor
market. Further research verifying this result, combined with qualitative methods to
ascertain Why students feel this level of aversion regarding student loans, may be
warranted.

The test information curve for the three items is presented in Figure 3.9. This
function, represented here in graphical form, indicates where the test—in this case, a

financial literacy assessment consisting of the “Big Three” items—has “the maximal
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Figure 3.9: Test Information Curve for Full Sample
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amount of information that can be obtained from the item responses by any kind of
scoring method” (Lord, 1980b, p. 23). The X-axis shows the range of latent trait
values 6, while the Y-axis indicates how much information the model can extract at a
given latent trait value (I1(8)). The concept of information and its relevancy to IRT is
best explained by Thissen and Orlando (2001):
No single number characterizes the precision of the entire set of IRT scale
scores from a test. So reliability is frequently not a useful characteristic of an
IRT scale-scored test. Instead, the pattern of precision over the range of the test
may be plotted. A plot of the standard error against 8 would serve this purpose,
but the variable conventionally plotted is information, which is approximately
equal to 1/SE?. This definition, due to Fisher (1921) and therefore sometimes
called Fisher’s information, uses the word information in an intuitively
obvious way: If SE? reflects our lack of knowledge about the parameter, then
its inverse is information. Information is used primarily because it is additibe:
Each test item provides a fixed quantity of information at each level of 0; the
information function for a test is simply the sum of the item information
functions. This allows easy computation of the information functions for tests
of varying compositions. (p. 117)
Though this was written prior to statistical advances in IRT reliability estimation, it
remains that test reliability changes at every point along the test information function.
The test information curve from this model is highest around the mean latent trait

value, and quickly diminishes for values to the left and right of the mean. It has a
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similar shape to the test information curve in Chapter 4 (shown in Figure 4.11), but
peaks around 1.75 compared to Figure 4.11’s peak of approximately 2.4. This
indicates that the “Big Three” perform best when assessing the financial literacy level
of those who have average proficiency, but is not well suited for measuring the
proficiency of individuals with above and below average literacy. Furthermore,
maximum information of only 1.75 is relatively low, which aligns with the low
reliability estimate of 0.517 presented earlier (test information >2 is desirable,
corresponding to a reliability of approximately 0.75).

As discussed in the Methods section, in addition to item parameters, the 2PL
latent regression model outputs EAP estimates of each student’s financial literacy
proficiency. These ranged from -1.864 to 1.094, with a mean of 0.038 and a standard
deviation of 0.631. The EAP estimates were then converted to normal curve
equivalent (NCE) scores. NCEs were selected for several reasons: 1) they are
normalized standard and norm-referenced (Mertler, 2018); 2) they are equivalent to
percentile rankings at scores of 1, 50, and 99 yet unlike percentiles a 1-unit increase is
equal across the entire range of NCE scores (Mertler, 2018; Wright, White, Sanders, &
Rivers, 2010); 3) they have a mean of 50 and a standard deviation of 21.063 (this is
due to the 99" percentile for a normal distribution having a standard deviation of
2.326 above the mean). Using NCEs over EAP values provides a more readily
intuitive interpretation of the sample’s financial literacy proficiency results.

The level of nuance and depth that is created by measuring individual’s

financial literacy using IRT methodology rather than a simple summation of
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correct/not correct can be best appreciated when viewing the distributions of both
methods side-by-side. Figure 3.10 shows a histogram of RawCorrect, the variable that
counts the number of items a person got correct ranging from 0-6, for the full and
student samples. By comparison, Figure 3.11 has the histograms of NCEScore for each

sample, showing the wide range of assigned financial literacy proficiency estimates.
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Figure 3.10: RawCorrect Distribution for Full Under-Borrowing Survey Sample
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Figure 3.11: NCEScore Distribution of Full Under-Borrowing Survey Sample
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Table 3.7: Observation Counts and Average NCEScore Values of Key
Demographic Variables by Campus

Campus 1 Campus 2 Difference in
n=328 n=454 Average
Average Average NCEScore
Variable* Obs NCEScore Obs NCEScore Value Between
Value Value Campuses
Mean Value 328 47.28 454 51.96 4.68
FAFSAEver
Yes 287 47.48 417 51.84 4.36
No 32 48.25 33 53.16 491
Unsure 9 37.46 4 54.98 17.52
FAFSA
Yes 236 46.97 367 51.67 4.69
No 73 49.29 71 53.56 4.27
Unsure 19 43.40 16 51.61 8.21
CurrDebt
$0 170 46.86 216 52.41 5.55
$1-$5,000 49 45.68 51 48.24 2.56
$5,001-$10,000 48 48.80 73 52.99 4.18
$10,001-$25,000 38 49.96 71 52.38 2.42
$25,001-$50,000 13 42.77 28 50.88 8.11
>$50,001 10 50.79 15 53.24 2.45
Gender
Male 197 51.01 121 58.55 7.54
Female 127 42.18 326 49.53 7.35
AgeCat
Ages 18-19 115 45.12 122 49.03 391
Ages 20-23 180 48.57 198 50.19 1.62
Ages 24-29 31 46.36 53 54.33 7.97
Ages 30+ 2 70.53 81 59.17 -11.37
Race/Ethnicity
WhiteD 187 51.10 262 53.03 1.93
BlackD 39 33.71 18 52.63 18.92
HispanicD 39 49.28 145 49.44 0.16
AsianD 37 47.88 18 54.64 6.76
NativeD 1 63.87 9 56.16 -7.71
OtherD 28 3427 2 4591 11.64
SingleD 286 46.87 337 50.89 4.01
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Table 3.7: Continued

FirstGenD 86 41.32 128 49.79 8.47
Class
Freshman 97 46.96 45 42.07 -4.89
Sophomore 38 38.20 87 52.21 14.02
Junior 123 48.11 153 49.63 1.52
Senior 60 50.39 112 54.45 4.06
5%+ Year Senior 9 54.60 57 60.76 6.16
FrSoD 135 44.49 132 48.76 4.26
CGPA
<2.0 6 54.24 14 43.49 -10.76
>2.0and <2.5 11 31.02 17 43.03 12.01
>25and <3.0 92 3945 73 48.79 9.34
>3.0and <3.5 131 50.49 135 50.63 0.14
>35 88 52.25 215 55.13 2.88
StudentType
FT Student 317 47.12 334 49.84 2.72
PT Student 11 52.04 120 57.88 5.84
KidsD 7 47.72 73 55.97 8.24

*Note: All bivariate variables (signified by ending in “D”) have values listed where
the variable is equal to 1

NCE scores can also be broken down by demographic groups, with Table 3.7
showing the average NCEScore value for the same key variables for the sample that
were included in Chapter 2’s Table 2.2. The main finding is that, with just a handful of
exceptions, students at Campus 2 had a higher financial literacy proficiency score
regardless of student characteristics. The NCEScore variable was assigned a mean
value of 50, yet the overall median score of students at Campus 1 was 47.28, and
51.96 for Campus 2. This is particularly interesting given that Campus 1’s sample was
pulled exclusively from students enrolled in at least one business school course during

the semester of survey administration, whereas Campus 2 distributed the survey to the
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institution’s entire undergraduate population. However, this may be due to the Campus
2 sample being 138% larger than Campus 1, a result of self-selection bias at Campus 2
with those students interested in financial literacy/knowledge driven to complete the
survey, or even something as basic as students with a high workload not having the
time to participate in a voluntary survey.

Other findings of note include: students with the self-reported largest category
of current student loan debt (CurrDebt = 6) also had the highest NCEScore values
within the variable across both campuses; within Gender, men had above-average
financial literacy scores and outperformed females by approximately 9 points (+0.427
standard deviation) at both campuses; the oldest age category (AgeCat = 4) had the
highest NCEScore, with students at Campus 2 consistently performing better if they
were 30 or older; there was wide variation in student financial literacy across
Race/Ethnicity groups and between students who identify as the same racial and/or
ethnic category at different campuses; FirstGenD and FrSoD students both had below-
average NCEScore values; and students enrolled part-time had higher financial
literacy proficiency scores than full-time students.

The pattern of Campus 2 students performing better than Campus 1 more or
less held within the additional variables of interest for this chapter, as seen in Table
3.8. Perhaps most concerning is that Campus 1 students who took either an economics
or personal finance course in high school did achieve a higher financial literacy score
than their peers who did not take the course, but the median NCEScore for all four of

these categories was below 50. Financial literacy proficiency also did not appear to
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Table 3.8: Average Financial Literacy Score for Additional Variables of Interest
from Under-Borrower Survey

Campus 1 Campus 2 Difference in
n =328 n =454 Average
Average Average NCEScore
Variable* Obs NCEScore Obs NCEScore Value Between
Value Value Campuses

Mean Value 328 47.28 454 51.96 4.68
HSState

In-state student 293 4731 362 51.22 391

Out-of-state/Int’1 35 47.04 92 54.88 7.84
HSGradYear*

2019-2021 225 46.69 241 50.01 3.32

2017-2018 58 48.41 71 50.00 1.59

2015-2016 16 43.89 24 51.05 7.16

2012-2014 16 52.96 31 54.29 1.33

2010-2011 0 -- 12 48.76 --

2009 or earlier 13 49.74 75 59.93 10.19
EconCourseD

Took HS Econ 279 47.99 312 51.66 3.67

Did not take 49 43.24 142 52.62 9.38
PFCourseD

Took HS PerFin 118 47.45 102 53.50 4.33

Did not take 210 47.19 352 51.52 6.05
EconM

= 12 48.31 16 53.88 5.57

= 0 -- 1 68.07 --

=2 222 46.75 218 50.34 3.59

=3 5 58.68 17 50.28 -8.40

=4 0 - 0 - -

=5 68 47.39 116 50.68 3.29
PerFinM

=0 299 47.11 27 53.51 6.41

=1 3 39.71 218 50.19 10.48

=2 0 -- 5 71.52 --

=3 1 62.82 16 49.36 -13.45

= 2 49.94 79 49.30 -0.64

= 2 53.66 23 52.55 -1.11

*All bivariate variables (signified by ending in “D”’) have values listed where the
variable is equal to 1
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increase as my theorized ranked intensity of high school financial education mandate

increased for either EconM or PerFinM.

3.5.2 Results for Research Question #1

Research Question #1 seeks to ascertain whether college students’ financial
literacy is increased by the presence of a high school financial education mandate.
Before running Model 2—corresponding with equations 4-9—a series of checks were
performed to verify the suitability of an instrumental variable (IV) model with two
stage least squares (2SLS).

Table 3.9 presents compliance rates of high school economic and personal
finance course-taking based on whether a mandate was in place at the time of the
students’ graduation requiring the course be taken (EconM or PerFinM equal to 2 or
5). The overall compliance rate (took course if required, did not take course in the
absence of a requirement) for economics coursework is 82.82%, with personal finance
significantly lower at 67.26%. Perhaps most striking is the requirement difference
between the two topics—over 92% of students graduated from a state that required
economics coursework be taken in high school, compared to approximately 4% of the
sample being required to take personal finance. There were comparatively few
“always-takers” in economics, whereas almost all students who took personal finance
coursework fell into this category. Also of note is that no student in the sample that

fell under a mandate requiring both courses to be taken did so; however, almost all
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students who voluntarily took a course in personal finance also elected to take an
€conomics course.

Perhaps more telling are the results presented in Table 3.10, which show
reported course-taking behavior based on the type of mandate in effect within the
students’ high school graduation state. Though there is sufficient variation in the types

of personal finance mandates across the sample, the majority of students who

Table 3.9: Rates of Compliance Between Finance Education Course Requirement
Mandate and Reported Course Taking

Financial Education Course Type

HS State Economics Personal Finance Both Courses
Course (EconCourseD) (PFCourseD) (EconCourseD*PFCourseD)

Mandate  Did Not  Took Did Not Took Did Not Took Both
Take Course Take Course  Take Both

Economics (n=675)

Not 519%  2.37%
Required 35 16
Required 14.81% 77.63%
100 524
Personal Finance (n=675)
Not 66.07% 29.48%
Required 446 199
. 3.26% 1.19%
Required 2 g
Economics and Personal Finance (n=675)
Not 70.37% 25.78%
Required 475 174
. 3.85% 0.0%
Required 26 0
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Reported High School Economics and Personal Finance Course-Taking
by State-level Mandate Type

Table 3.10

Financial Education Course Type*

HS State Course Economics Personal Finance
Mandate Tvpe (EconCourseD) (PFCourseD)
yp Did Not Took Did Not Took
Take Course Take Course
Economics (n=675)
B 2.96% 1.19%
=0 (None) 20 3
0 1)
—1 (MustOffer) 1% 0%
_ 9.04% 56.15%
=2 (Must Take) 61 379
B 2.07% 1.19%
=3 (Must Test) 14 ]
0 V)
=4 (Offer & Test) 0'84 O'gA)
_ 5.78% 21.48%
=5 (Take & Test) 39 145
Personal Finance (n=675)
_ 29.93% 18.37%
— 0 (None) 202 124
_ 24.89% 7.85%
=1 (Must Offer) 163 53
B 0.59% 0.15%
=2 (Must Take) 4 )
_ 1.93% 0.59%
=3 (Must Test) 13 4
B 9.33% 2.67%
=4 (Offer & Test) 63 18
B 2.67% 1.04%
=5 (Take & Test) 13 7

*The interaction term (EconCourseD*PFCourseD) is not reported here due to the variety of
mandate values created at the individual student level when both courses are combined
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reported taking the course did so in a state where there was no mandate. As this is the
inverse of the expected findings (a lack of any mandate is more associated with
student course-taking rather than the anticipated relationship of the mandate serving as
an exogenous treatment assignment variable), IV modeling cannot be performed when
assessing outcomes related to the personal finance course, and by extension the
interaction term of EconCourseD*PFCourseD.

By comparison, the vast majority of the sample graduated from states that
required economics coursework to be taken, either with (EconM = 5) or without
(EconM = 2) an associated standardized testing requirement. Due to the majority of
the sample complying with the mandated economic education treatment assignment, a
correlation matrix was constructed with the PROC CORR procedure in SAS Software,
Version 9.4 (SAS Institute Inc., 2020a). Surprisingly, EconM was found to not be
correlated with the explanatory variable, EconCourseD (r=0.035, p=0.371). A dummy
variable, ECOnMD1, was created to identify whether the student was subjected to a
mandate that required them to take an economics course in high school (EconMD1 is
equal to 1 where EconM is equal to 2 or 5). This was found to have a weak positive
correlation with EconCourseD (r=0.348, p<0.001). However, further testing of the
proposed IV (EconMD1), the explanatory variable (EconCourseD), and the outcome
variable (NCEScore) using PROC QLIM resulted in failed endogeneity tests and
insignificant findings. As with the personal finance course, IV analysis failed when

applied to economic course-taking and the outcome of interest.
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To further explore why the IV analysis was unsuccessful, the generated
financial literacy proficiency score, NCEScore, was assessed in relation to any
economics and personal finance education mandate in place when the student
graduated high school. As hinted at in Table 3.8 above, no statistically significant
relationship was found between the intensity of mandate and NCEScore. Table 3.11
presents the Pearson product-moment correlation coefficients (r) and their associated
p-values for a suite of mandate variables obtained from the PROC CORR procedure.
The first set of mandate variables use the six mandate levels presented in Table 3.1, as
well as an interaction term for EcConM*PerFinM (with values for these two variables
rescaled to 1-6 so as to not give a 0 value for the interaction term if the state the
student graduated high school from did not have any mandate in place for one or the
other). The next three sets of mandate variables consist of dummy variables for each
of the three course mandates. The first dummy set takes on a value of 1 if the state had
any mandate in place (EconM and/or PerFinM not equal to 0). The next set is equal to
1 if the state required that the class be taken (EconM and/or PerFinM equal to 2 or 5;
this is the same logic applied to the proposed IV EconMD1 above), and the last set of
dummy variables are equal to 1 if the state required the topic content be tested via
standardized testing, regardless of whether the course be offered or taken (EconM
and/or PerFinM greater than or equal to 3).

As can be seen from Table 3.11, only four total coefficients have any level of
statistical significance (and only at 10% level), and even then the correlation is less

than 0.1, which can be interpreted as negligible (Schober, Boer, & Schwarte, 2018, p.
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1765). This significance also disappears when the correlation between NCEScore and
mandate is measured at the campus level. The p-values, though typically not reported,
are included here to show that outside of the four values significant at the 10% level,
the remaining correlation coefficients are not near any other thresholds of statistical

significance.

Table 3.11:  Pearson Product-Moment Correlation Coefficients between Mandate
Types and NCE-Scaled Financial Literacy Score by Campus

Full Sample Campus 1 Campus 2
N =675 n =307 n =368
Variable NCEScore NCEScore NCEScore
Estimate P>r(|)rl|) Estimate P;TE Estimate P;TE
All 6 Levels (0-5)
EconM 0.007  0.859 0.009 0.875 -0.010 0.851
PerFinM 0.048 0.213 0.031 0.588 -0.013 0.798
EconM_PerFinM 0.039  0.313 0.025 0.664 -0.006 0914
Any Level but 0
EconMD -0.024  0.535 -0.011 0.849 -0.033 0.528
PerFinMD 0.064™ 0.094 0.011 0.842 -0.039 0.461
JointMD 0.065 0.091 -0.001 0.984 -0.029 0.584
Required Course (2 & 5)
EconMD1 -0.041 0.285 -0.048 0.407 -0.028 0.589
PerFinMD1 0.068 0.076  0.025 0.668 0.073  0.165
JointMD1 7 0.075"  0.051 -- -- 0.084  0.107
Required Testing (> 3)
EconMD2 0.022  0.569 0.027 0.644 -0.000 0.993
PerFinMD?2 0.023  0.544 0.041 0473 -0.023 0.658
JointMD2 0.028 0.467 0.033 0.567 -0.013 0.798
+JointMD1 has 0 observations equal to 1 for Campus 1.
p<0.10
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3.5.3 Results for Research Question #2

Research Question #2 is concerned with whether students subjected to some
level of financial education mandate while in high school have different observed
under-borrowing outcomes than their peers who did not graduate from a state with a
mandate. As discussed in section 3.5.2 above, the financial education course-taking
behavior of students in the sample does not have a statistically significant relationship
with state-level mandate(s) in place at time of graduation. The instrumental variable
analyses presented as Models 3 and 4 in section 3.4.2 are therefore not viable for
addressing this research question.

To better assess the relationship—or lack thereof—between financial
education mandates and subsequent under-borrowing behavior, Table 3.12 presents
the Pearson product-moment correlation coefficients () and their associated p-values
obtained from the PROC CORR procedure for strict under-borrowers and the same
series of mandate dummy variables as the prior section. Though the full sample of
strict under-borrowers had statistically significant correlations with the majority of
mandate dummies, the coefficient values range from 0.076 to 0.150. These would
therefore be interpreted as falling within the negligible or very weak correlation range
(Schober et al., 2018, p. 1765). This further supports the finding that within this
sample, high school financial education mandates do not appear to impact student
behavior or knowledge post-graduation.

Table 3.13 shows similar correlation coefficients when the suite of mandate

dummies are measured with both types of under-borrowers—identified via the
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application of the strict and loose criteria—in the UnderBcombo variable. The
significant coefficients for the full sample have a narrower range than the prior table,
with values from 0.082 to 0.124. However, the interpretation of negligible to very

weak positive correlation remains the same (Schober et al., 2018).

Table 3.12:  Pearson Product-Moment Correlation Coefficients between Mandate
Types and Strict Under-Borrower Status (UnderB) by Campus

Full Sample Campus 1 Campus 2
N =675 n =307 n=368
Variable UnderB UnderB UnderB
Estimate Prob Estimate Prob Estimate Prob
> Ir| > Iri > Iri
All 6 Levels (0-5)
EconM 0.098* 0.011 0.026 0.650 0.115* 0.027
PerFinM 0.141** 0.001 -0.021 0.717 0.084  0.108
EconM_PerFinM 0.142** 0.001 -0.003 0.963 0.099° 0.059
Any Level but 0
EconMD 0.062  0.110 0.060 0.294 0.067 0.199
PerFinMD 0.146** 0.001 0.026 0.649 0.027 0.612
JointMD 0.150** 0.001 0.044 0.442 0.035 0.500
Required Course (2, 5)
EconMD1 0.033  0.393 0.072 0.208 0.031 0.553
PerFinMD1 0.060  0.121 -0.024 0.674 0.048  0.356
JointMD1+ 0.076*  0.047 -- -- 0.060  0.251
Required Testing (> 3)
EconMD2 0.090*  0.020 0.002 0978 0.108* 0.038
PerFinMD?2 0.112** 0.004 -0.038 0.504 0.078  0.136
JointMD2 0.118** 0.002 -0.030 0.606 0.081 0.121

+JointMD1 has 0 observations equal to 1 for Campus 1.
**p<0.01, *p<0.05, "p<0.10
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Table 3.13:  Pearson Product-Moment Correlation Coefficients between Mandate
Types and Both Under-Borrower Types (UnderBcombo) by Campus

Full Sample Campus 1 Campus 2
N =675 n =307 n =368
Variable UnderBcombo UnderBcombo UnderBcombo
Estimate P>r(|)rl|) Estimate P;T;t’) Estimate P;TE
All 6 Levels (0-5)
EconM 0.049  0.206 -0.036 0.529 0.079  0.133
PerFinM 0.114** 0.003 -0.036 0.535 0.066  0.207
EconM_PerFinM 0.107** 0.005 -0.045 0436 0.072 0.167
Any Level but 0
EconMD 0.038  0.319 0.076 0.185 0.018 0.729
PerFinMD 0.124** 0.001 0.001 0992 0.025 0.627
JointMD 0.121**  0.002 0.018 0.748 0.011 0.831
Required Course (2, 5)
EconMD1 0.016 0.685 0.091 0.112 -0.010 0.855
PerFinMD1 0.088*  0.023 -0.030 0.595 0.093" 0.076
JointMD1 7+ 0.088*  0.022 -- -- 0.082  0.118
Required Testing (> 3)
EconMD2 0.045 0.240 -0.071 0.218 0.087 0.098
PerFinMD?2 0.082*  0.034 -0.048 0.398 0.052 0.321
JointMD2 0.088* 0.023 -0.037 0.515 0.055 0.292

+JointMD1 has 0 observations equal to 1 for Campus 1.
**p<0.01, *p<0.05, "p<0.10

3.6 Conclusion

This paper builds upon the empirical analysis of the survey data presented in
Chapter 2, with the continuance of applying the rigorous empirical analysis of item
response theory methodology towards the estimation of postsecondary student
financial literacy proficiency scores as explained in Chapter 4. By borrowing from

other aspects of the dissertation, this chapter is the first known example of using a 2PL
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latent regression model to assess financial literacy among postsecondary students from
primary data collection.

There were two key findings related to financial literacy. First, Campus 2
students had higher estimated levels of financial literacy proficiency than their peers
from Campus 1 across most demographic characteristics. This is of particular interest
as all in-state students (for which education mandate information is available) at both
of these institutions fell under a requirement to take an economics course in high
school, but few were required to take personal finance. Additionally, Campus 1’s
student sample was exclusively recruited from enrollees in business school courses,
and therefore assumed to have higher financial literacy and lower student loan
aversion than the general undergraduate student population; this assumption was not
borne out in the data. Second, the person covariate related to student loan aversion had
highly statistically significant estimates that suggest more loan averse students have
higher financial proficiency.

It was also discovered that the level of financial education mandate in place at
graduation within the state the survey-taker graduated high school had no bearing on
financial literacy outcomes. This was found for both economics and personal finance
mandates, with something as simple as whether the state had any type of mandate
having no meaningful statistical influence on the student’s financial literacy
proficiency level after graduation. Similar results were found when assessing how

financial education mandate exposure in high school may affect under-borrowing
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behavior in postsecondary education; no Pearson correlation coefficient with a value

larger than +0.15 was found between mandate type and under-borrowing behavior.

3.6.1 Discussion

Between the findings in Chapters 2 and 4, two key themes emerge that directly
impact this paper as well: 1) to use the empirical strength of IRT methodology and
analyze its results with any level of confidence, the financial literacy discipline needs
to identify more test items for inclusion to boost model reliability and better estimate
the proficiency of any one person’s financial knowledge, and 2) data improvement is
needed in the form of more reliable demographic characteristics of undergraduate
participants (through the use of Institutional Research office matching) and
minimizing the impact of survey self-selection.

The three main findings of this chapter—higher financial literacy among the
general undergraduate population of Campus 2 than business students at Campus 1,
student loan averse students having higher financial literacy than non-averse students,
and high school financial education mandates having no statistical significant
relationship with undergraduate financial literacy or under-borrowing behavior—have
the potential to be linked back to the two issues listed above. Each of these results
have statistical merit based on the data set that I have, though the extent to which this
data set is biased is unknown. Due to the novelty of this research, there is simply no
academic literature against which I can compare the financial literacy proficiency

estimates from my 2PL latent regression (outside of the information provided by the
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model reliability estimate), or how high school financial education mandates could be
expected to relate to those estimates or even observed under-borrowing behavior.

The reliability of using state-level financial education mandates as a form of
treatment variable (e.g., a student from a state that requires all public high schools to
at least offer a personal finance course being strongly expected to report the course
was offered) has also been called into question. Though human nature and individual
autonomy conspire to make any research conducted outside of a tightly controlled
setting subject to a lack of perfect treatment compliance, it is highly irregular to have
the treatment variable have no explanatory power on the assignment outcomes. As
such, it appears the treatment variable itself is faulty. State-level financial education
mandates simply did not impact the reported course-taking behavior of the students in
my sample.

As theorized in Section 3.3, this disconnect is likely due to tension between the
policy creators and the local level implementers, a breakdown in the implementation
pipeline that could be due to any number of reasons. Whatever the cause, the observed
lack of adherence remains, and results in the finding that future research may wish to
preclude the use of state-level mandates as a treatment variable for high school
financial education. Instead, the success achieved with Chapter 4’s instrumental
variable—a survey question asking participants “Were you ever required to take
financial education?” (FINRA Foundation, 2018)—suggests that it may serve as the
best identified treatment variable to date. This allows for the collection of each

student’s actual experience, rather than relying on a third-party policy trickling down
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to the individual level. The question’s language could also be modified to
accommodate the research question of interest, such as time frame (e.g., ““...in high
school?”) or setting (e.g., “...in the workplace?”).

In short, this chapter puts forth some provocative findings that could
reasonably be assumed to have implications for educational public policy if
corroborated with future research, but more robust data collection and the use of a
financial education question using “required” language is necessary before it can be
determined the extent to which these findings may be considered generalizable beyond

my current survey sample.

3.6.2 Limitations

As this chapter uses the same survey data from Chapter 2, the same data
limitations and critiques listed in section 2.6.2 apply here as well. The limitations of
self-reported data, particularly as anti-borrowing sentiments have been found to be
overstated by postsecondary students when such information is collected via survey
(Goldrick-Rab & Kelchen, 2015, p. 368), are of explicit concern. In addition, utilizing
only three financial literacy test items on a survey with the intention of assigning an
overall value of the individual’s financial knowledge or literacy level within
postsecondary student populations may not be sufficient given the 2PL latent
regression model’s reliability estimate of 0.513. Even the inclusion of six test items, as
with the FINRA Foundation NFCS results presented in Chapter 4, yielded a reliability

estimate of 0.717 when using a similar model. This is further confounded that due to
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the high usage rate of this small pool of questions for financial literacy assessment, the
changes are high that tested populations may have already seen them before (such as
the students in my sample who were required to take financial education in high
school and/or tested on its concepts via standardized testing). As such, the financial
literacy research community may want to take into consideration the expansion of the

discipline’s core test items.

3.6.3 Implications for Future Research

The suggestions put forth for future research and data improvement in sections
2.6.3 and 4.6.3 are relevant to this chapter as well. In addition, to explore the
surprising result that student loan aversion was associated with higher levels of
financial literacy, further research is needed to replicate and potentially confirm this
finding. If it is again found to be highly statistically significant with a positive impact
on financial literacy, the implementation of qualitative methods should be used to
understand why literate students avoid student loans. Such research could also help
deepen the understanding of the student beliefs driving under-borrowing behavior.

To further assess how the type of high school financial education mandate
implemented at the state level may—or may not—Ilongitudinally impact undergraduate
financial literacy, future research can make three key improvements upon my
methods. First, such research needs to be conducted in multiple states, all with varying
mandate levels for the course topic of interest (economics, personal finance, or both),

and with large enough sample sizes within each level to merit rigorous empirical
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analysis. Second, rather that utilize state-level financial education mandates,
correlations and subsequent instrumental variable analyses for outcomes of interest
may have more statistical significance if using a survey question with language such
as, “Have you ever been required to take a financial education course?” Finally, to
more accurately estimate each participant’s financial literacy proficiency, more test
items need to be administered than the “Big Three” or even the six items included on
the FINRA Foundation’s NCFS. The need for financial literacy is by no means
diminishing in the modern world, and I believe the best hope for increasing it is to

better understand the policy factors driving its creation.
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Chapter 4

REQUIRED FINANICAL EDUCATION: A CONTRIBUTOR TOWARDS
POSTSECONDARY LOAN BORROWING AND WORK BEHAVIOR?

It has been shown repeatedly that American postsecondary attendance and
success is highly dependent on students’ access to financial aid, particularly for
students of color and those coming from low-income households (Dynarski, 2003;
Henry, Rubenstein, & Bugler, 2004; Long & Riley, 2007). Due to the perception of
higher education shifting from a public to private good towards the end of the 20
century, federal student loans have come to make up increasingly larger portions of
offered financial aid packages (Slaughter & Rhoades, 2004). Such loans do not affect
all students equally, with a disproportionate burden of debt placed on student
populations that are already vulnerable in a postsecondary setting (Callender &
Jackson, 2005; R. Chen & DesJardins, 2010; Jackson & Reynolds, 2013). The fear of
financing a degree on credit causes some students to reject loans in favor of funding
their education through employment, placing significant strain on their academic
performance, physical and mental health, and chances of graduation (Cho, Xu, & Kiss,
2015; Drentea, 2000; Dwyer, McCloud, & Hodson, 2012). With funding disparities

acting as a known barrier to equitable college attainment (Cabrera, Nora, & Castafieda,
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1992), prioritizing work as a funding vehicle over student loans may cause
marginalized students further disenfranchisement within postsecondary education.
However, it is currently not known how required exposure to financial
education at school or in the workplace and any resultant financial literacy may impact
students’ postsecondary funding decision-making regarding work and/or borrowing.
Utilizing data from the 2018 National Financial Capability Study (NFCS), a project of
the FINRA Investor Education Foundation (FINRA Foundation), this study explored
the following:
1. Is required financial education given in the classroom or workplace
associated with higher levels of college students’ financial literacy?
2. To what extent, if any, does taking a financial education course influence
federal student loan uptake, including whether any loans are taken out?
3. To what extent, if any, does taking a financial education course influence
whether the student reports working at any point during the past 12

months?

A quantitative measure of individual financial literacy was developed and
compared across a variety of student demographic characteristics. Financial education
exposure is anticipated to increase financial literacy attainment, resulting in an
increase in student loan borrowing and a decrease in reported employment. Self-
selection into offered financial education is also taken into consideration. Comparison

of observed student decision-making related to educational debt and employment
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trade-offs against the proposed conceptual framework are made to not only document
potential links between financial education state mandates and students’ educational
funding decision-making, but to deepen understanding of the relationship between
knowledge exposure and behaviors believed to be related to college equity and
attainment. Such knowledge may ultimately provide insights into how to financial aid
professionals can successfully educate students on how to responsibly utilize student

loans to subsidize labor hours for maximum impact among disadvantaged populations.

4.1 Literature Review

Due to the similarity in theme between the chapters, please refer to Sections
2.1 and 3.1 above for the literature review content. As this chapter asks similar
Research Questions as Chapter 3 but applied to a national, public-use dataset, no new

literature review content is added herein.

4.2 Conceptual Framework

The conceptual framework presented in Figure 4.1 is a subset of the full
theoretical framework shown in the introductory section of this dissertation. Using the
FINRA Foundation NSFC, this framework seeks to explore how financial education
requirements in either educational curriculum or the workplace impact financial

literacy and ultimately influence postsecondary funding decision-making. No national
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financial education regulations for either economic or personal finance coursework
exist anywhere along the PK-20W spectrum in the US, making an individual’s
likelihood of mandatory financial education exposure a product of happenstance.
When utilizing data from a nationwide, representative sample, it can be ascertained
whether an individual encountered such mandates, with the expectation that
encountering at least one mandatory financial education requirement will result in
greater financial literacy.

Furthermore, if an individual reports that at some point they were offered the
education but it was not required, those who self-selected into financial education are
expected to obtain higher levels of financial literacy than their peers who opted out.
The estimated number of hours of curriculum exposure and the self-reported quality of
education received for those who did participate in a financial education intervention
can also contribute to an individual’s financial literacy attainment.

Regardless of where or how the knowledge was obtained, the resultant level of
financial literacy as measured by the “Big Five” questions (Hastings, Madrian, &
Skimmyhorn, 2013), as well as the 2015 FINRA addition (FINRA Foundation, 2018),
is believed to mediate student postsecondary funding decision-making (Baron &
Kenny, 1986). Once a student progresses to postsecondary education, there are two
key funding decision points: whether to accept any student loans, and whether to
obtain paid employment. It is theorized that their prior exposure to and realization of
financial literacy directly influences their funding decisions. Students with some level

of financial literacy are expected to seek out and submit the Federal Application For

181



Student Aid (FAFSA), which must be completed each academic year for a student to
be eligible for any federally funded postsecondary aid; this includes federal grants,
loans, and work study programs (Office of Federal Student Aid, 2021). That said,
completion of the FAFSA has no bearing on whether a postsecondary student may
seek part- or full-time employment either on- or off-campus, with the exception of
accepting a work study award. However, completion of the FAFSA and subsequently
acquired scholarships and grants can heavily influence the amount of additional
funding sought. The FINRA Foundation NFCS does not ask respondents about their
FAFSA completion status, unfortunately precluding its inclusion in this study.

When entering the funding decision space, the student must first determine
how much, if any, student loan aid will be taken out as the acceptance or rejection
thereof will directly influence how much employment is needed to supplement
remaining funding needs. Some students may reject all offered loans outright, while
others may accept loan amounts on a spectrum ranging from 5% or less of their
calculated financial need to the full amount. This can often represent the difference
between hundreds and thousands of dollars. These loan decisions are also influenced
by the student’s level of debt aversion; those who are entirely debt averse will avoid
student loans all together, while those with higher debt tolerance will take out at least
some loan amount. It has been found that the more financially literate an individual is,

the lower their student loan debt aversion (Boatman & Evans, 2017).
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Once a loan amount, if any, has been determined, any remaining financial
shortfall is addressed via a student’s decision of whether to seek paid employment.
Except in a few cases—such as accepting a federal work study, enrolling as a
contracted athlete, or accepting university-specific aid with work stipulations—
attendance at a postsecondary institution does not preclude students from the
workforce on- or off- campus assuming the student is not on a restricted education
visa. It should also be noted that a distinction is made here between paid employment
and unpaid work experiences—this framework only takes into consideration the
former, as a constellation of variables external to this study influence a student’s
decision to pursue the latter. Assuming no legal or academic employment restrictions,
students may choose to work at as many jobs as they want for as many collective
hours per week as they want, serving as independent actors in the labor market. This
allows for paid employment to fall on a spectrum similar to student loans, ranging
from no paid work hours to enough hours to cover all financial need.

Individual decisions on how much student loan aid and how many work hours
to accept are intrinsically linked, with the former dictating the latter. Collectively, four
unique paths emerge: accept some student loans and work; accept some student loans
and forgo employment; reject all student loans and work; reject all student loans and
forgo employment. It should be noted that after the original decision point at the
beginning of the semester, some students may change course and move to a different
path (i.e., originally rejecting all loans only to seek private loans mid-semester, choose

to quit work, or choose to begin working). Given that for the 2018-19 academic year,
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56% of bachelor degree graduates utilized at least some student loans to fund their
education (Ma, Pender, & Libassi, 2020), it is expected that the majority of students
will follow the first two paths. Students who receive full scholarship offers or
comprehensive family financial support will follow the last.

Those who fall on the third path—no student loans and work—are believed to
be students with residual financial need who forgo available, low-interest student
loans in favor of independently sourcing funding through employment. Within this
category, it is theorized there are two broad categories: 1) those students who maintain
a full-time, benefited position, and 2) those who are termed “under-borrowers” in this

study, and who hold one or more part-time, low-wage positions.

4.3 Data

The data for this study come from the 2018 FINRA Foundation NFCS, a survey
that has been run every three years since 2009 with the exception of 2021 due to the
global pandemic (FINRA Foundation, 2021). The FINRA Foundation NFCS is used
as a means of capturing the financial capability of adults across the United States and
understanding how this capability varies across individual characteristics. Each survey
cycle, two distinct surveys are distributed—the State-by-State Survey, and the Investor
Survey. The former measures financial capability at the individual consumer level,
while the latter serves as a follow-up among a sub-sample of State-by-State Survey
completers that also hold investments outside of retirement accounts. For the purposes

of this study, the 2018 State-by-State Survey data is used as it is the only survey
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instrument and year that includes a question related to whether full-time students held
paid employment within the past 12 months. Part-time students are also identified and
included in the sample.

The 2018 State-by-State Survey was administered online between June and
October 2018 and conducted by ARC Research (ARC Research & FINRA
Foundation, 2018). The survey instrument was based on the 2015 survey, with minor
updates included from researchers and stakeholders. A copy of the instrument with
notated changes from prior years can be found on the FINRA Foundation website
(FINRA Foundation, 2021). Participants from all 50 states and the District of
Columbia were selected via non-probability quota sampling from existing panels
provided by three survey research firms. Quotas were set within each state to match
population distributions according to the Census Bureau’s American Community
Survey, with approximately 500 responses gathered per state plus an intentional
oversampling of 1,250 participants in Oregon and Washington. The final sample
consists of 27,091 American adults with findings weighted to match Census
distributions at the national, regional, and state levels. Of these, 884 who had already
graduated high school list their profession as full-time student and 1,321 state they are
part-time students, resulting in a total student sample of 2,205.

In 2021, I was granted restricted-access data privileges to the FINRA
Foundation’s National Financial Capability Study 2018 State-by-State Survey 2018 to
conduct this research. I am grateful to the FINRA Foundation for their willingness to

share this data, and all results and views expressed within this dissertation are my
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own. As a means of preserving the anonymity of survey participants, I utilized the
suppression threshold of <10 observations per cell as advocated by the National
Center for Education Statistics (Seastrom, 2011); none of my cells in the following
tables fell below this number, resulting in no suppression of the data reported.

For the purposes of this study, three sections within the 2018 State-by-State
Survey were used: Section A (Demographics and Classification Questions); Section G
(Other Debt); and Section M (Self-Assessment and Literacy) (FINRA Foundation,
2018). It should be noted that if a participant selects “Prefer not to say” to any of the
questions in Section A, they are automatically terminated from the survey without
completion of any other section (FINRA Foundation, 2018). Variable information and
descriptive statistics of key dataset variables within each section can be found in Table

4.1 below, with Table 4.2 providing basic variable count data.

Table 4.1:  Description and Descriptive Statistics of Key Dataset Variables from the
FINRA Foundation’s National Financial Capability Study 2018 State-by-
State Survey

Variable Description Sample Mean SD
SECTION A: Demographics and Classification Questions
FemaleD Derived from Question A3 Full 0.559 0497
=1 if female

Student 0.523 0.500
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Table 4.1:

Continued

AgeCat Derived from Question A3a
Age of participant in years at
time of survey completion Full 4.454 1.008
=1 if Ages 18-19
=2 if Ages 20-22
=3 if Ages 23-29
—4 i Ages 30-34 Student 2.968 1.346
=5 if Ages 35+
Ethn Derived from Question A4
Best describes race or ethnicity
=1 if White non-Hispanic Full 1.530 1.036
=2 if Black non-Hispanic
=3 if Hispanic (any race)
=4 if Asian non-Hispanic
=5 if Other non-Hispanic Student 1.886 1.124
(American Indian, Other, 2+
ethnicities)
WhiteD Derived from Question A4 Full 0.792 0.406
=1 if White or Caucasian
Student 0.591 0.492
BlackD Derived from Question A4 Full 0.105 0.306
=1 if Black or African-
American Student 0.237 0.425
HispanicD Derived from Question A4 Full 0.086 0.281
=1 if Hispanic or Latino/a
Student 0.158 0.365
AsianD Derived from Question A4 Full 0.048 0.214
=1 if Asian
Student 0.078 0.268
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Table 4.1:

Continued

PID i i
Derived from Question A4 Full 0.007 0.082
=1 if Native Hawaiian or other
Pacific Islander Student 0.015 0.123
NativeD i i
Derived from Question A4 Full 0.020 0.138
=1 if American Indian or
Alaska Native Student 0.018 0.132
OtherD Derived from Question A4 Full 0.009 0.094
=1 if Other race or ethnicity
Student 0.007 0.085
ingleD i i
Single Derived from Question A6 Full 0.297 0.457
=1 if Marital status reported as
“Single” Student 0.704 0.456
Parents Derived from Question A7
HomeD ) o Full 0.068 0.252
=1 if Current living
arrangements reported as “I
live in my parents’ home” Student 0.273 0.446
KidsD Derived from Question A1l
Full 0.355 0.478
=1 if Reported having one or
more financially dependent
Student 0.392 0.488

children
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Table 4.1:

Continued

Employ

Derived from Question A9
=1 if Self-employed

=2 if Work full-time for an
employer

=3 if Work part-time for an
employer

=4 if Homemaker
=5 if Full-time Student

=6 if Permanently sick,
disabled, or unable to work

=7 if Unemployed or
temporarily laid off

=8 if Retired

Full

4.075

2.571

Student

3.488

1.582

ExtraEmpD

Derived from Question A40;
if participant responds 1-3 to
Employ, asked if worked
additional job for pay; if
participant responds 4-8 to
Employ, asked if worked any
job for pay

=1 if Worked for pay in past
12 months

Full

0.275

0.446

Student

0.648

0.478

FTStudentD

Derived from Question A9

=1 if Employ reported as “Full-
time Student”

Full

0.033

0.178

Student

0.401

0.490

PTStudentD

Derived from Question A21;
shown if participant is not
Employ = 5 and education
attainment is at least high
school graduate and less than
baccalaureate

=1 if Part-time student taking
courses for credit

Full

0.049

0.215

Student

0.599

0.490
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Table 4.1:

Continued

StudentD

Derived from FTStudentD and
PTStudentD

=] if Individual is either a full-
time or part-time student

Full

0.081

0.273

Student

1.000

0.0

FirstGenD

Derived from Question A41

=1 if Highest level of
education by person/people
who raised individual 1s “Did
not complete high school” or
“High school graduate/GED”

Full

0.023

0.150

Student

0.282

0.450

SECTION G: Other Debt

SLD

Derived from Question G30

=1 if Currently have student
loans for self

Full

0.185

0.388

Student

0.548

0.498

SECTION M: Self-Assessment and Literacy

FinReq

Derived from Question M40

=1 if Ever required to take
financial education

=2 if Not ever required to take
financial education

Full

1.840

0.367

Student

1.606

0.489

Req_FinD

Derived from Question M40

=1 if Ever required to take
financial education

Full

0.154

0.361

Student

0.374

0.484
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Table 4.1:

Continued

FEOffer

Derived from Question M20

=1 if Financial education
offered by school or workplace
and did not participate

=2 if Financial education
offered by school or workplace
and did participate

=3 if Financial education not
offered by school or workplace

Full

2.570

0.659

Student

2.181

0.760

FECourseD

Derived from Question M20

=1 if Financial education
offered by school or workplace
and did participate

Full

0.206

0.405

Student

0.353

0.478

FEHSD

Derived from Question M21.
Shown if FEOffer = 2

=1 if Financial education
taken in high school

Full

0.117

0.321

Student

0.247

0.431

FEColID

Derived from Question M21.
Shown if FEOffer = 2

=] if Financial education
taken in college

Full

0.112

0.315

Student

0.174

0.379

FEEmpD

Derived from Question M21.
Shown if FEOffer =2

=1 if Financial education
taken from an employer

Full

0.073

0.260

Student

0.129

0.336

FEMIID

Derived from Question M21.
Shown if FEOffer =2

=1 if Financial education
taken from the military

Full

0.020

0.140

Student

0.083

0.277
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Table 4.2:  Observation Counts and Sample Percentages of Key Variables from
FINRA Foundation’s National Financial Capability Study 2018 State-by-
State Survey

Full Sample Student Subsample
N =27,091 n=2,205
) . Percent of ) Percent of
*
Variable Observations Sample Observations Student Sample

Gender

Male 11,956 44.13% 1,052 47.71%
Female 15,135 55.87% 1,153 52.29%
AgeCat

Ages 18-19 646 2.38% 368 16.69%
Ages 20-22 1,170 4.32% 525 23.81%
Ages 23-29 3,027 11.17% 525 23.81%
Ages 30-34 2,638 9.74% 383 17.37%
Ages 35+ 19,610 72.39% 404 18.32%
Race/Ethnicity

WhiteD 21,450 79.18% 1,303 59.09%
BlackD 2,835 10.46% 522 23.67%
HispanicD 2,338 8.63% 348 15.78%
AsianD 1,304 4.81% 171 7.76%
PID 182 0.67% 34 1.54%
NativeD 529 1.95% 39 1.77%
OtherD 242 0.89% 16 0.73%
SingleD 8,039 29.67% 1,553 70.43%
ParentsHomeD 1,852 6.84% 603 27.35%
FirstGenD 621 2.29% 621 28.16%
KidsD 9,614 35.49% 865 39.23%
Employ

Self-employed 1,985 7.33% 152 6.89%
Work FT 10,800 39.87% 735 33.33%
Work PT 2,405 8.88% 283 12.83%
Homemaker 2,183 8.06% 85 3.85%
FT Student 910 3.36% 884 40.09%
Unable to work 1,456 5.37% 18 0.82%
Unemployed 1,236 4.56% 32 1.45%

Retired 6,116 22.58% 16 0.73%

193



Table 4.2: Continued

StudentD

FTStudentD 884 3.26% 884 40.09%
PTStudentD 1,321 4.88% 1,321 59.91%
Req_FinD 4,175 15.41% 825 37.41%
FECourseD 5,594 20.65% 778 35.28%
ExtraEmpD 7,445 27.48% 1,429 64.81%
SLD 5,017 18.52% 1,208 54.78%

*Note: All bivariate variables (signified by ending in “D”’) have values listed where
the variable is equal to 1

In addition to the variables listed under Section M in Table 4.1, six questions
pertaining to financial literacy were analyzed. These can be broken down into: the
“Big Five,” with the first “Big Three” originating from Lusardi & Mitchell (2007)
creating questions for the 2004 US Health and Retirement Study and the last two first
created for inclusion on the 2009 FINRA Foundation NFCS (Hastings et al., 2013);
and an additional question created for inclusion on the 2015 FINRA Foundation
NFCS. The vast majority of academic literature utilizes some or all of these questions
to succinctly assess an individual’s financial literacy before the onset of survey fatigue
(Hastings et al., 2013). Though the “Big Five” have appeared in every FINRA
Foundation NFCS State-by-State Survey to date, the 2015 question has been included
only in the 2015 and 2018 administrations (FINRA Foundation, 2018). Table 4.2
shows the grouping, concept tested, question text, and correct answer of each of these

questions.
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c61

Table 4.3: 2018 FINRA Foundation NFCS State-By-State Survey Financial Literacy Questions
. NFCS ' Answer Choices
Grouping  Sub-Group Concept Question Text Correct Answer
Number
Bolded
“Suppose you had $100 in a
savings account and the --More than $102
Compound interest rate was 2% per year.  --Exactly $102
“Big Three” M6 Interest: After 5 years, how much do --Less than $102
Savings you think you would have in ~ --Don’t know
the account if you left the --Prefer not to say
money to grow?”
Pre-2015: “Imagine that the interest rate
“Big on your savings account was  --More than today
Five” 1% per year and inflation was  --Exactly the same
“Big Three” M7 Inflation 2% per year. After 1 year, --Less than today
how much would you be able  --Don’t know
to buy with the money in this  --Prefer not to say
account?”
“Buying a single company’s --True
“Big Three”  M10 Investment  stock usually provides a safer — --False
Diversification retyrn than a stock mutual --Don’t know

fund.”

--Prefer not to say
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Table 4.3: Continued

NFCS

Answer Choices

Grouping  Sub-Group Number Concept Question Text Correct Answer
Bolded
--They will rise
--They will fall
--They will stay
Bond vs. the same
FINRA q Interest Rate “If intergst rates rise, what --Thgre is no
Foundation Inverse w1.11 ty;)’}cally happen to bond Eelatlonslélp .
_ Relationship  Prices’ etween bon
Pre“'ép 15: P prices and the
Fi '8 interest rate
tve --Don’t know
--Prefer not to say
“A 15-year mortgage
typically requires higher --True
FINRA M9 Mortgage monthly payments than a 30-  --False
Foundation year mortgage, but the total --Don’t know

interest paid over the life of
the loan will be less.”

--Prefer not to say
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Table 4.3: Continued

NFCS

Answer Choices

Grouping  Sub-Group Number Concept Question Text Correct Answer
Bolded
--Less than 2 years
“Suppose you owe $1,000 on  --At least 2 years
a loan and the interest rate but less than 5
you are charged is 20% per years
2015 FINRA Compound year compounded annually. If --At least 5 years

Addition  Foundation

Interest: Loans

you didn’t pay anything off,
at this interest rate, how many
years would it take for the
amount you owe to double?”

but less than 10
years

--At least 10 years
--Don’t know
--Prefer not to say




Similar to the financial literacy reporting methodology of the US National
Center for Education Statistics’ (NCES) National Postsecondary Student Aid Study—
which utilizes the “Big Three” to assess undergraduate financial literacy (Campbell &
Wescott, 2019)—I generated six financial literacy variables, FL1-FL6, that capture
whether the individual correctly answered each respective financial literacy question
correctly. Note that the variable number was given in the order in which it was listed
on the survey (i.e., FL1 was the first question, etc.). The number of correct answers
was then tallied for each participant, resulting in a RawCorrect variable that ranges
from 0 to 6.

However, to more accurately assess an individual’s financial literacy, I
conducted an Item Response Theory (IRT) analysis to create a financial literacy
proficiency score based on Maximum Likelihood estimation. The model and results
are discussed in further depth in subsequent sections. In addition to the six item
variables (i.e., FL1-FL6 discussed above), three additional variables were utilized as
explanatory variables in the IRT. These three Likert-scale self-assessment items asked
participants to rate themselves on their day-to-day financial capabilities (GoodFin),
math abilities (GoodMath), and overall financial knowledge (FinKnow). Variable
information and descriptive statistics of these variables, as well as RawCorrect, is

provided in Table 4.4, with Table 4.5 providing basic variable count data.
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Table 4.4:  Description and Descriptive Statistics of IRT Analysis Variables from
FINRA Foundation’s National Financial Capability Study 2018 State-by-
State Survey

Variable Description Sample Mean SD
SECTION M: Self-Assessment and Literacy

FL1 Der.ived from Quest'ion M6 Full 0.743 0.437

(“Big Three” Question)

=1 if Answered correctly Student 0.648 0.478
FL2 Derived from Question M7 Full 0576 0.494

(“Big Three” Question)

=1 if Answered correctly Student 0.335 0.472
FL3 Derived from Question M8

Full 0.269 0.443

(FINRA Foundation Question) .

=1 if Answered correctly Student 0.197 0.398
FL4 Derived from Question M31

(2015 Survey Additional Full 0.311 0.463

FINRA Foundation Question)

=1 if Answered correctly Student 0.331 0.471
FL5 Derived from Qufastion M9 Full 0.758 0.428

(FINRA Foundation Question)

=1 if Answered correctly Student 0.659 0.474
FL6 Der.ived from Quest'ion M10 Full 0.458 0.498

(“Big Three” Question)

=1 if Answered correctly Student 0.292 0.455
RawCorrect  Derived from FL1-FL6

=0 if Answered no financial Full 3.116 1.687

literacy question correct

[...]

=6 if Answered all financial Student 2.461 1.458
literacy questions correct
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Table 4.4:

Continued

GoodFin*

Derived from Question M1 1,
7-point scale of self-assessment
on ability to deal with daily
financial matters

=1 if Answered “Strongly Full
Disagree”

[...]
=7 if Answered “Strongly

5.759

1.527

Agree”

=98 if Answered “Don’t

Know Student

=99 if Answered “Prefer not to
Say”

5.426

1.622

GoodMath*

Derived from Question M1 2,
7-point scale of self-assessment
of statement “I am pretty good

at math Full

=1 if Answered “Strongly
Disagree”

[..]

5.581

1.644

=7 if Answered “Strongly
Agree”

=98 if Answered “Don’t

Know” Student

=99 if Answered “Prefer not to
Say’7

5.532

1.753
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Table 4.4:

Continued

FinKnow*

Derived from Question M4, 7-
point scale of self-assessment
on overall financial knowledge

=1 if Answered “Very Low”
[...]
=7 if Answered “Very High”

=98 if Answered “Don’t
Know”

=99 if Answered “Prefer not to
Say”

Full 5.127 1.354

Student 5.030 1.538

* Any participants who responded with “Don’t Know” (=98) or “Prefer not to Say”
(=99) had their values excluded from the calculation of the descriptive statistics

201



Table 4.5:  Observation Counts and Sample Percentages of Financial Literacy
Variables from FINRA Foundation’s National Financial Capability Study
2018 State-by-State Survey

Full Sample Student Subsample
N =27,091 n=2,205
Variable* Observations Percent of Observations Percent of
Sample Student Sample

Financial Literacy

FL1 20,138 74.33% 1,429 64.81%
FL2 15,611 57.62% 738 33.47%
FL3 7,288 26.90% 434 19.68%
FL4 8,428 31.11% 729 33.06%
FL5 20,545 75.84% 1,454 65.94%
FL6 12,396 45.76% 643 29.16%
RawCorrect

0 Correct 2,149 7.93% 213 9.66%
1 Correct 3,002 11.08% 344 15.60%
2 Correct 4,635 17.11% 633 28.71%
3 Correct 5,596 20.66% 509 23.08%
4 Correct 5,300 19.56% 287 13.02%
5 Correct 4,308 15.90% 172 7.80%
6 Correct 2,101 7.76% 47 2.13%
GoodFin

= 787 2.94% 76 3.54%
=2 455 1.70% 54 2.51%
=3 884 3.30% 121 5.63%
=4 3,371 12.60% 347 16.15%
= 3,409 12.74% 350 16.29%
= 5,743 21.46% 432 20.10%
= 12,108 45.25% 769 35.78%
GoodMath

= 1,149 4.28% 121 5.59%
=2 651 2.43% 56 2.59%
=3 1,134 4.23% 117 5.40%
=4 3,358 12.52% 240 11.09%
= 3,587 13.38% 274 12.66%
= 6,115 22.80% 437 20.18%
=17 10,824 40.36% 920 42.49%
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Table 4.5: Continued

FinKnow

=1 683 2.59% 77 3.58%
=2 505 1.92% 53 2.47%
=3 1,499 5.69% 159 7.40%
= 4,313 16.37% 449 20.88%
=5 8,463 32.12% 612 28.47%
=6 6,870 26.07% 302 14.05%
=7 4,016 15.24% 498 23.16%

*Financial Literacy (FL) variables have values listed where participants answered
question correctly

4.4 Methods

To address this study’s research questions, the analysis consisted of: 1)
estimating a financial literacy proficiency score for each survey participant using
explanatory IRT modeling, and 2) three separate instrumental variable (IV) models

constructed for each of the questions.

4.4.1 Item Response Theory (IRT) Model

Item response theory is a method used by psychometricians to assess the
validity of a testing instrument as well as quantify “the measurement of propensities:
specifically, abilities, skills, achievement levels, traits, attitudes, etc.” of individual
test-takers (Wilson, De Boeck, & Carstensen, 2008, p. 83). First detailed by Allan
Birnbaum in Lord and Novick’s 1968 seminal textbook (Lord & Novick, 1968), IRT

deviates from classical test theory (CTT) in numerous ways.
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The main tenet of CTT is that each individual has a true score, T, that could be
discovered if a test with an infinite number of items was administered to them an
infinite number of times. However, as this is not feasible in the real world, the
observed score, X, an individual receives on a test is equal to T plus some level of
error, E, that arises based on that particular administration of the test and represents
the observed score’s deviance from the person’s true score. CTT focuses on how
observed scores for a test will vary across a population, making it a test-centric
approach rather than a test item-centric approach. (Embretson & Reise, 2000, pp. 42—
43)

IRT, however, is composed of two approaches: measurement and explanatory.
A visual of both is presented in Figure 4.2. As explained by Wilson and colleagues
(Wilson et al., 2008), measurement item response models utilize a measurement
tool—a test—and model observed responses to each test item based on an individual
test taker’s “latent trait,” which is the psychometric terminology used to denote the
individual’s ability level towards the topic (or construct) that the test seeks to measure.
Explanatory models look at “how the properties of the items and the persons making
the responses lead to the person’s responses” (p. 83). When measurement and
explanatory modeling are used in tandem, the full model calculates 1) the quality of
each test item, and 2) an individual’s likelihood for a correct response to each given
test item based on their latent trait and their personal attributes to generate an overall
proficiency level that differs from their simple observed score (i.e., a tally of how

many items they answered correctly versus incorrectly). By incorporating an
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individual’s answers to each item, information about that item, and information about
that person into the statistical model, the observed test data can be more holistically
explained and used to calculate more precise test scores.

There are several advantages to looking at both item and person characteristics.
All item response models utilize the item response curve—also known as the item
characteristic curve (ICC)—which graphically represents an individual’s probability
of correctly answering the item based on their latent trait (Black, 2019). For example,
this paper is concerned with assessing financial literacy and its effects on real life

decision-making, meaning that I will be using the respondents’ answers to the six

FULL IRT ANALYTIC MODEL

EXPLANATORY MODEL

Personal Attribute 1 \

Personal Attribute 2

Personal Attribute 3 /

MEASUREMENT MODEL

Observed Response: Test Item 1

/ Observed Response: Test Item 2

Observed Response: Test ltem 3
Observed Response: Test Item 4

Observed Response: Test Item 5

\H/ N NS

Explanatory IRT-Calculated [RT-Calculated
Regression Slopes Item Parameters Valie of Individual’s
Proficiency

Figure 4.2: Item Response Theory (IRT) Analysis Logic
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FINRA questions to understand the differences in the sample’s latent trait, or relative
levels of financial literacy. In the IRT framework, latent trait or ability is assumed to
be approximately normally distributed and represented for each person by 6y, thereby
earning its name as the person parameter (Wilson et al., 2008).

An ICC is created for each test item included in the analysis, with the curve’s
mid-point equal to the calculated item difficulty, or Bi. This estimate represents the
minimum latent trait value needed to have a 50% chance of correctly answering the
item (Oishi, 20006). If B for test item i is -1, then a person with a latent trait (financial
literacy) value one standard deviation below the mean has a 50% chance of getting
item i right, with all individuals with a higher latent trait value having a greater than
50% chance of answering correctly. By comparing the ICCs for all test items,
researchers have the ability to see the difficulty of each test item compared to others,
as well as determine the range of difficulty for the overall test. Examples of ICCs are
viewable in Figure 4.10 within the Results Section below.

There are various types of item response models (Embretson & Reise, 2000).
The simplest is the Rasch model, or one-parameter logistic model (1PL), that assumes
each item has different levels of difficulty, B, and there is a binary response per item,
such as correct/incorrect (p. 48). The two-parameter logistic model (2PL) measures an
additional item property (or parameter) for each item: discrimination. Item
discrimination, a, is the slope of the ICC at the point of item difficulty B, or the latent

trait value where the individual has a 50% chance of getting the item correct (p. 70).
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Item discrimination indicates how well an item differentiates between people along the
latent trait continuum (p. 52). An item with high discrimination does a good job
separating people with latent trait values above and below the item difficulty value
into the correct probability group: those slightly below item difficulty have a small
probability of getting the item correct, while those slightly above have a greater than
50% likelihood of answering correctly. The three-parameter logistic model (3PL)
measures o and f3, and introduces a new parameter, C, that controls for the chance of
guessing the right answer on a multiple choice test (p. 70).

All three of the above models correspond to the “Measurement Model” square
of Figure 4.2—the models assume a person’s latent ability level drives their observed
responses to each item while ignoring all personal attributes that may influence the
development of an individual’s ability level (or, more accurately, holding all personal
attributes constant). In order to integrate the “Explanatory Model” with the
“Measurement Model,” a latent regression component must be added (Adams, Wilson,
& Wu, 1997), so named “because one can think of the latent person variable 0, as
being regressed on external person variables” (Wilson et al., 2008, p. 101). The
inclusion of person covariates in the model allows for those individual attributes to
explain the latent trait, which in turn impacts how each test item is answered, leading
to an estimation of the person’s proficiency.

Item response methodology is not typically found in economics literature, and
only two examples of peer-reviewed research applying IRT to FINRA Foundation

NFCS financial literacy data were located (Collins & Urban, 2020; Knoll & Houts,
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2012). The first sought to advance the burgeoning field of financial literacy research
by compiling participants’ answers to 59 items from seven contemporary national
surveys and fitting the resulting dataset with a 2PL analysis to identify a financial
knowledge scale (Knoll & Houts, 2012). The resultant 20-item scale included the “Big
Five” questions that are asked on the FINRA Foundation NFCS (corresponding with
my FL variables with the exception of FL4) (Knoll & Houts, 2012). However, as the
analysis was conducted on an amalgamation of survey source data with the intention
of creating a new testing instrument, it is unclear what the 2PL item parameters were
for the NFCS-only sample. Individuals’ scores and/or abilities were also not reported.
Additionally, the research’s entire combined dataset consisted of 6,001 unique
individuals (Knoll & Houts, 2012), compared to the 27,091 observations included in
just the 2018 administration of the FINRA Foundation NFCS, which lends
significantly more precision to my analysis. The second paper, though using the same
dataset as myself, focused on replicating the US Consumer Financial Protection
Bureau’s financial well-being measure using FINRA Foundation data and therefore
uses different survey items than this research (Collins & Urban, 2020).

As IRT analysis is nearly absent in the financial literacy research sphere,
precedence does not exist as to the best model for such data. I therefore selected to 1)
build a 2PL latent regression model to first assess the quality of the six-item financial
literacy scale, and 2) output a proficiency score for each survey participant to serve as
the best estimate of their financial literacy for inclusion in further analysis. A 3PL

latent regression model, with the incorporation of the guessing parameter C, was my

208



preference; however, an extensive software search found that non-proprietary
technology to model all three parameters with mixed item types—binary and Likert
scale, also known as graded response—and include additional explanatory variables,
simply does not exist yet. That said, to my knowledge, the “Explanatory Model”
aspect of IRT has never been implemented in prior research assessing financial
literacy. Empirical research has been concerned with either developing an appropriate
test to measure financial literacy or determining the demographic and environmental
factors that explain financial literacy, but not combining both aspects into one
simultaneous model. I theorize this is in large part due to the economics discipline—
which produces the majority of financial literacy scholars—being generally unaware
of the methods and uses of IRT, which has been traditionally confined to
psychological and education research. As such, the 2PL latent regression, though
lacking the guessing parameter, still contributes a significant methodological
advancement to the field.

Figure 4.3 is a visual representation of my 2PL latent regression model using
the available data from the FINRA Foundation NFSC 2018 administration. The left-
hand side personal attributes consist of the three self-rated ability measures that feed
directly into the latent trait, financial literacy. This in turn influences how the
individual answers the six test items included in the survey. The model yields two
outputs: item parameter estimates and an estimated value of each person’s financial
literacy proficiency. It should be noted that no demographic variables are included in

the model. This is because there is no clear theory on how demographic variables and
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Figure 4.3: Overarching 2PL Latent Regression IRT Model

other potential predictors relate to financial literacy, or how those relationships differ
across subgroups. By using a more parsimonious model, the risk of bias in individual
scores due to model misspecification is reduced. For example, gender differences
might vary across subgroups, and if gender were included in the explanatory IRT
model without all relevant interactions, the model would impose the assumption that
financial literacy scores are lower among females, regardless of employment status,

educational attainment, income, or other characteristics. Excluding gender from the

210



model ensures that each person’s score is driven only my responses to the six FL
variables and the three self-rated financial ability measures.

The general form of the 2PL model is (Jeon & Rijmen, 2016):

logit ((P(yp: = 16,)) = a:(8, — ) (1)

where the logit function yields the probability, P, of the binary response yypi for
person p on item i being equal to 1, given the latent trait value, 0, of person p. This
probability is calculated based on the item discrimination value, a, of item i, the latent
trait value, 0, of person p, and the item difficulty level, B, of item i.

When person covariates are introduced, they are represented in Jeon and

Rijmen’s notation as (Jeon & Rijmen, 2016, p. 745):

R
6, = Zyr Wy + 0, )
r=1

where individual differences in latent trait value, 0, of person p, are explained
in part by person covariates Wpr (r =1, ... , R). The summation of all covariate values
for each person p is done with yr representing the regression coefficient for the rth
person covariate. After the explanatory value of the summed covariates has been
calculated, the remaining residual for 6p is represented by (p, with {,~N(0,5*?).

Given equations 1 and 2 above, combining them results in the final general

form of the 2PL latent regression model:
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logit ((P(ypi =1 |9p)) = ai[(Z?:l Vr Wpr + Zp) - lBl*] &)

where the probability of an individual answering an item correctly is dependent
on the discrimination and difficulty of that particular item, as well as a combination of
that individual’s unique qualities.

Given this, my model to obtain a financial literacy proficiency score for the

entire FINRA Foundation 2018 NFCS sample is as follows:

Model 1: logit ((P(ypi =1 |0p)) = q; [((leGoodFinp + y,cGoodMath, + (4)

y3cFinKnowp) + Cp) - B/
Where: p =(1,..,27,081)
i = (FL1,...,FL6)
c=(1,....,6)
6, ~N(0,1)
{p ~ N(0,0"2)

Here I model the probability of each survey participant correctly answering the
six financial literacy test items, FL1-FL6, with the probability calculated separately for
each item depending on that particular item’s parameter estimates. Three covariates—
the person’s self-reported values to items GoodFin, GoodMath, and FinKnow—are
included as sets of six dummy variables each (i.e., representing the seven Likert
response categories, with the top category, “Strongly Agree,” as the reference) to help
inform the estimation of the individual’s financial literacy, or latent trait Gp. These

three covariates were selected for inclusion based on prior literature. Self-reported
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levels of financial knowledge have been shown by Lusardi and Tufano (2015) to be a
significant predictor of an individual’s results when administered the “Big Three”
questions. Additionally, the financial and math ability items were shown to be
positively correlated with the financial knowledge scale developed by Knoll and Houts
(2012), which did include the original “Big Five” FINRA Foundation NFCS
questions. Figure 4.4 shows this model graphically.

The 2PL latent regression model was run in R software using package ‘flirt’
(flexible item response theory) due to its ability to incorporate dichotomous item
response variables (0 incorrect, 1 correct) as well as graded response covariates, the
Likert scale items (Jeon, Rijmen, & Rabe-Hesketh, 2014). The covariates were
inputted using dummy variables for responses one through six, with seven—the
highest value on the scale—serving as the base. This resulted in 18 covariate

variables: six responses for each of three items.

FULL IRT ANALYTIC MODEL

LATENT VARIABLES BINARY ITEM RESPONSE
FL1

Item Parameters
GoodFin (1.5 P1s. & 11.18)
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GoodMath FINANCIAL FL3
LITERACY

o ®,)
FinKnow

FL4

FL5

FL6

Figure 4.4: Graphical Depiction of 2PL Latent Regression Model
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Additionally, ‘flirt’ is used to output financial literacy proficiency estimates for
each individual using Bayesian expected a posteriori (EAP) predictions. This method
reports the mean of the posterior distribution constructed to estimate that person’s
latent trait value (Kolen & Tong, 2010), with the advantage of being intentionally
constructed to be biased towards the mean of the distribution to diminish the
likelihood of an outlier value being reported due to a lack of precision (Lord, 1980a),
which most commonly occurs when a respondent answers all items correctly or
incorrectly. It is important to note that the EAP value, in this case an estimate of
financial literacy based on a person’s cumulative observed responses to FL1-FL6, can
be used as a proxy for the individual’s test “score.” As stated by Kolen and Tong
(2010), “Estimated IRT examinee proficiencies typically are transformed to a
reporting scale; thus, it is reasonable to consider IRT proficiency estimates as raw
scores that are subsequently transformed to scale scores.” I therefore take EAP;i and
transform it into a commonly utilized scale in educational research, the Normal Curve
Equivalent (NCE) Score (Mertler, 2018), which has a mean of 50, a standard deviation
of 21.06, and has a scale range between 0-100 points. The resultant variable of

NCEScorei was used as my financial literacy score to include in further analysis.

4.4.2 Instrumental Variable (1V) Models
In regards to the construction of causal effect models after obtaining a financial
literacy proficiency score for each observation from the 2PL latent regression, I argue

that being subjected to a classroom and/or workplace financial education requirement
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is an IV to allow for the unbiased estimation of (a) the effect of financial courses on
financial literacy, and (b) the effect of financial courses on student postsecondary
funding outcomes.
Figure 4.5 is a basic visual representation of the logic behind an IV analysis using
May’s framework (May, 2012). The treatment T has a causal effect § on the outcome
Y. X represents one (or many) confounds that are correlated with T and Y, and unless
every single X is accounted for by including it in the model where T predicts Y, the
resultant  will be biased. To circumvent this hidden bias, an IV may be identified that
meets certain assumptions, and B can be calculated indirectly as a ratio of a and .
Though IV analysis can be exceptionally helpful in social studies research
when utilizing nonequivalent comparison group designs, there are numerous

assumptions that a potential IV must satisfy in order qualify for inclusion in the model.

v

T—VY

Figure 4.5: Instrumental Variable (IV) Analysis Logic (May, 2012, p. 503)
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The five assumptions identified by Angrist and colleagues (1996, pp. 447-448)
are as follows: “A variable Z is an instrumental variable for the causal effect of [T] on
Y if: its average effect on [T] is nonzero, it satisfies the exclusion restriction and the
montonicity assumption, it is randomly (or ignorably) assigned, and SUTVA holds
(i.e., if Assumptions 1-5 hold).”

Figure 4.6 shows my proposed overarching models to address Research
Question #1 (diagram A) and Research Questions #2 and 3 (diagram B). In diagram A,
some form of financial education requirement serves as the IV (mandated to take
financial education at an educational institution and/or workplace), any financial
education course the student takes serves as the treatment, and attainment of financial
literacy is the outcome variable. Diagram B also has the financial education mandate
as the IV, with subsequent financial course-taking serving as the treatment, and

postsecondary funding decisions as the outcome variable.

(A)  FinEd (B) FinEd
Mandate(s) Y Mandate(s) v
a o
FinEd Course(s) —B> F%nancial FinEd Course(s) B Funding
Taken Literacy Taken Outcomes

p\ / p n
X X

Figure 4.6: Overarching IV Models for Analysis
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I believe that the financial education mandates satisfy each of the IV assumptions

put forth by Angrist et al (1996):

)

2)

3)

The Stable Unit Treatment Value Assumption (SUTVA) is upheld as each
individual’s potential outcome is unrelated to the treatment received by others;
each student’s financial literacy and their funding outcomes are independent of
whether another student participating in the FINRA survey was subjected to a
financial education requirement or enrolled in a relevant course.

Assignment to a financial education requirement (the IV), can be considered
essentially random (i.e., ignorable). The requirements do not discriminate at
the individual level, and all students who attend a public high school within a
given state, an independent institution of higher education, or are employed at
a given workplace, are subjected to the same policy; and individuals’
affiliation with a specific school, college, or workplace is not likely to be
influenced by the presence or absence of such a requirement. Each school,
college, or workplace has autonomy to create its own financial education
mandates, or not, and requirements to take a course will vary within the sample
simply due to the state(s) an individual attended K-12 education in, the college
they selected to attend, or the employment they pursued.

The exclusion restriction, arguably the most important of the assumptions,
requires that any correlation the IV has with the outcome must be due only to
the effect of the IV on the treatment. In other words, the direct effect of the IV

on Y (that which is not attributable to course-taking) is equal to zero—a
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financial education requirement would have no impact if it were not for its
effects on course-taking. This holds for diagram A: the financial education
requirement itself does not cause financial literacy; rather, the requirement
forces an individual to be assigned to a financial education course, through
which they learn economics and/or personal finance, and as a result, obtain
some level of financial literacy. When looking at diagram B, a financial
education mandate in and of itself does not influence whether a student
chooses to take out any student loans or work while in college; instead, the
knowledge a student gains from the course, influences the student’s funding
and employment decision-making. Therefore, the exclusion restriction is
feasible for both diagrams.

The financial education requirement is expected to have a nonzero average
causal effect on taking a financial education course, as the presence of a
requirement is associated with student assignment to the treatment.

The assumption of monotonicity, or the requirement that treatment assignment
increases as a monotonic function of the level of the IV implies that no student
does the opposite of their implied treatment assignment under the mandate. In
other words, there are no “defiers” (see Angrist, Imbens, & Rubin, 1996) who
actively and intentionally live their life by doing the opposite of what any
authority figure asks of them. This can be verified through the individual’s
self-reported survey answers and the subsequent survey flow—if they report

they were required to take a financial education course, their answer to
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FEOffer should be equal to 2, and they should have entered a 1 for one or more
of the financial education location questions (i.e., FEHSD, FEColID,

FEEmpD, or FEMIID). Those who answer FEOffer with anything other than 2,
but still appear to give valid answers to the rest of the survey, would be
considered “no-shows” rather than “defiers.” Additionally, students who would
take a financial education course with or without the mandate are not “defiers”;
they are always-takers, and their presence does not undermine the
monotonicity assumption (i.e., their likelihood of enrolling in a course does not

go down in the presence of a mandate).

Based on the above assumptions holding for both proposed IV models, a two-
stage least squares (2SLS) equation can be written for each research question. It
should be noted that no covariates will be included in these models—it is not
anticipated that any of the individual characteristics captured in the data will have
additional influence on the outcome outside of that measured by the treatment. For
example, Latinos have been found to evidence higher student loan debt aversion than
their peers (Elengold, Dorrance, & Agans, 2020), though it has also been shown that
higher levels of financial literacy and understanding of federal student loans can
mitigate debt aversion (Boatman & Evans, 2017). Due to the lack of covariates, 2SLS
can be used for each model, even those with binary outcomes (Angrist, 2001; Rassen,
Schneeweiss, Glynn, Mittleman, & Brookhart, 2009). The general form of these

models is represented by:
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Yi= Bo+ BXi+ & (%)

Xi = ao + alzl’ + ui (6)

where for each person i, Xi is the observed treatment effect, Ziis the observed
instrumental variable, Yi is the observed outcome, and Ui and &; are the error terms.

As the FINRA Foundation survey only includes information on whether
financial education was taken, rather than breaking the coursework down into
economics and/or personal finance topics, it is not necessary to run multiple iterations
of the same models as in Chapter 3.

The 2SLS models for Research Question #1 using the variables listed in Table
4.1 and the obtained EAP score estimate from the 2PL latent regression IRT model are

as follows:

Model 25: NCEScore; = By + BFECourseD; + ¢; (7)

FECourseD; = ay+ a;Req_FinD; + u; (8)

5> For Model 2, the * is used in the second stage equation to indicate that this is an
endogenous linearization of a dummy variable, where the course variable in the first

1if Course; >0,

0 ifCourse; <0 (see Angrist et
i <

stage equation takes on the value FECourseD; = {

al, 1996, p. 445)
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Figure 4.7: Graphical Depiction of Model 2 for Research Question #1

where the respective self-reported financial education requirement is the IV,
subsequent observed course taking is the treatment, and financial literacy proficiency
is the outcome variable. This is also pictorially depicted in Figure 4.7.

To address Research Question #2—whether a financial education course had a
casual effect on the student subsample currently having any student loans for

themselves—consider the following model:

Model 36: SLD; = B, + BiFECourseD; + ¢; 9)

FECourseD; = ay, + a;Req_FinD; + u; (10)

6 For Models 3 and 4, the * is used in the dependent variable of each equation to

indicate that this is an endogenous linearization of a dummy variable
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where the respective observed financial education requirement is the IV,
subsequent observed financial education course-taking is the treatment, and reporting
having any student loans is the outcome variable.

The final model addresses Research Question #3, and is similar to Model 3
with the exception that the outcome variable of interest is whether the student reported

working at some point in the 12 months prior to which the survey was taken:

Model 4:  ExtraEmpD; = [, + fiFECourseD; + ¢; (11)

FECourseD; = ay+ a;Req_FinD; + u; (12)

Figure 4.8 graphically depicts Models 3 and 4. Model 2 was conducted in SAS
software, Version 9.4 using the PROC QLIM command (qualitative and limited
dependent variable model) (SAS Institute Inc., 2020) due to the continuous nature of
the NCEScore variable but binary outcome values of first stage equation dependent
variable FECourseD. Models 3 and 4 were also run using the PROC QLIM command

as the dependent variable in both stages is dichotomous.

2 Req_FinD (3)  Req_FinD
U U
FECourseD —> SLD FECourseD ——-> ExtraEmpD

N 7

Figure 4.8: Graphical Depiction of Models 3 and 4 for Research Questions #2 and 3
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45 Results

This section is broken into multiple components. The first addresses the results
of the IRT analysis, with each subsequent header showing the analysis of Research

Questions #1-3, respectively.

4.5.1 2PL Latent Regression Analysis

When conducting IRT analyses, two assumptions must be met: sufficient
dimensionality modeling and local independence (Embretson & Reise, 2000). Viewed
from a structural equation modeling framework, dimensionality can be thought of as
assessing how many latent trait variables (or factors) the test items are loading on to.
Given that there are only six test items and each is expected to be heavily driven by
respondents’ financial literacy, I assume unidimensionality, or that “a single latent trait
variable is sufficient to explain the common variance among item responses.”
(Embretson & Reise, 2000, pp. 226-227). Also due to the short nature of the test, I
assume that each test item is locally independent—that is, the items are not correlated
with each other conditional on the unidimensional latent trait. In other words, the
probability of selecting the correct answer is due exclusively to the individual’s latent
trait, not other test items (Embretson & Reise, 2000, p. 227).

To test these assumptions, I first conducted an a priori dimensionality
assessment. Using the built-in R software function ‘prcomp()’, I conducted a Principal

Components Analysis on the six financial literacy test items and calculated
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Scree Plot: PCA Eigenvalues for FL1-FL6
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Figure 4.9: Scree Plot of Eigenvalues from Principal Components Analysis

eigenvalues by squaring the resultant standard deviations for each principal
component. Figure 4.9 shows an eigenvalue Scree plot I created using R software
package ‘ggplot2’ (Wickham et al., 2022).

As can be seen from Figure 4.9, only one eigenvalue has a value over 1.
Furthermore, a Confirmatory Factor Analysis (CFA) ran in R software package
‘lavaan’ (Rosseel, 2012) with FL1-FL6 loaded onto one factor yielded CFI and TLI
values of 0.952 and 0.920, respectively, and RMSEA and SRMR values of 0.061 and

0.031, respectively. All four of these values suggest the CFA model has a good fit.
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Between the solo eigenvalue over 1 and a well-fit CFA model with a single factor
loading, the assumption of unidimensionality is supported.

To check for any cases of item local dependence, I used the ‘mirt” package in
R software (Chalmers, 2012) to create a simple 2PL using only FL1-FL6 to capture
the item model residuals to calculate 1) the G? statistic (W. H. Chen & Thissen, 1997)
and 2) the newly-developed assessment method of “Jackknife Slope Index” (JSI)
(Edwards, Houts, & Cai, 2018). The G? statistic for each pair of questions, which
‘mirt’ reports along with Cramér’s V coefficients, all had Cramér’s V values that fell
below 0.19, which represents the threshold for “No Correlation or a Negligible
Correlation” (McHugh, 2018, p. 417). Similarly, the JSI values for each pair were
close enough in range to merit no further investigation. I therefore conclude that the
local independence assumption holds.

Given the confirmation of both model assumptions, I ran the 2PL latent
regression model from Equation 4 above in R package ‘flirt.” The IRT reliability
coefficient was 0.717 when estimated using the proportional reduction in mean
squared errors method (Haberman & Sinharay, 2010; Jeon & Rijmen, 2016). The item
parameter results are presented in Table 4.6. Again, as the covariates were broken into
dummy variables for each point on the Likert scale with seven (“Strongly
Agree”/*“Very High”) serving as the base, the gamma parameter values correspond
with the difference in latent trait estimates between someone who answered the

question with 1-6 versus someone who answered the same question with 7.
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Table 4.6:

Item Parameters from 2PL Latent Regression Model of Financial

Literacy using full FINRA Foundation NFCS 2018 sample

Alpha Gamma
Variable Item Group Estimate Beta Estimate Estimate
Financial Literacy Questions

. 1.426** -1.248%**

FLL Big Three (0.032) (0.069)

. 1.700%** -0.430%*

FL2 Big Three (0.036) (0.084)

. 0.969** 1.062**

FL3 FINRA Foundation (0.027) (0.061)

EL4 FINRA Foundation 0.822%** 0.898*%*

Addition (0.024) (0.037)

. 1.390** -1.350%*

FL5 FINRA Foundation (0.032) (0.035)

. 1.546%* 0.008
FL6 Big Three (0.034) (0.028)
Person Covariates
GoodFin

_ -0.234%*
(0.060)
_» -0.171%*
(0.071)
_3 -0.209**
(0.055)
_4 -0.685%*
(0.036)
_s -0.211%**
(0.034)
—6 -0.061*
(0.027)
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Table 4.6 Continued

GoodMath
. -1.375%*
(0.078)
_» -0.982**
(0.083)
3 -0.825%*
(0.053)
. -0.940%*
(0.038)
_s -0.505%*
(0.032)
—6 -0.160**
(0.032)
FinKnow
~1 -0.842%*
(0.003)
_, -0.020%*
(0.000)
5 -0.07 1%+
(0.000)
_4 0.069**
(0.022)
_s 0.304**
(0.001)
6 0.579%*
(0.019)

Model Reliability Estimate: 0.717

Note: Standard errors in parentheses; **p<0.01, *p<0.05

Looking first at the item parameter estimates, it can be seen that the items pair
off in terms of item difficulty: FL1 and FL5 have an item difficulty that correspond
with measuring the latent trait a bit below -1 standard deviations, FL2 and FL6
measure around the mean of 0, and FL3 and FL4 are at +1 standard deviations. FL6 is

not statistically significant, meaning the estimate is not different from 0; this simply
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indicates that a person with an average ability level has a 50% chance of answering the
item correctly. In other words, FL6 is neither significantly difficult, nor easy. These
values are based on the assumption that the latent trait is normally distributed, with a
mean of 0 and standard deviation of 1.

The applicability of item parameters is more readily viewable in the ICCs in
Figure 4.10. The Y-axis represents the probability of an individual getting an item
correct, and the X-axis is estimated latent trait ability—in this case, financial literacy.
The dotted horizontal line demarcates where probability is equal to .5 (50%), and
intersects the ICCs at the estimated beta value for that item. When the point of
intersection is traced down to the X-axis, beta estimates can be interpreted in terms of
the financial literacy value. Given FL5’s item difficulty estimate of -1.350, an
individual that has a financial literacy proficiency of 1.350 standard deviations below
the mean has a 50% chance of answering the item correctly. It should be noted,
however, that within a normal distribution, 95% of the population is above -1.6
standard deviations; items with beta estimates approaching this value are therefore
assessing very basic levels of financial literacy (Wirth & Edwards, 2007, p. 61).

When looking at the reported alpha estimates, or item discrimination values,
each is significant and estimates range from 0.822-1.700, suggesting that
discrimination ability varies by item and a 2PL is preferred to model the data over a
1PL Rasch model. This is further validated by the -2loglikelihood value between the

estimated 1PL and 2PL models being 2,657 lower for the latter, indicating that there is
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Probability

Figure 4.10: Item Characteristic Curves for FL1-FL6 using Full Sample

significant difference among slope parameters (Thissen & Orlando, 2001, p. 114).
Again, item discrimination is the slope of the ICC at the point of inflection (beta
estimate), and estimates how strongly the person’s financial literacy proficiency is
related to them selecting the correct answer to the item; dichotomous response items
using 2PL have good discrimination at values greater than 1 while slopes of 3 to 4
should be viewed with skepticism (Knoll & Houts, 2012; Wirth & Edwards, 2007).
FL3 and FL4, which have the highest item difficulty values, interestingly have the

lowest discriminations, with both items being slightly below 1. This could indicate
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that the items are so difficult, it is harder to establish whether the person answered
correctly due to their financial literacy level or some other factor (e.g., mathematical
skills).

All item covariates estimates, represented by gamma, were found to be
statistically significant at the 5% level, with most being significant at the 1% level.
This suggests that individuals who self-identified their respective ability level for each
question as something other than the highest available score had different financial
literacy levels than those who did report the high score. Except for the last three
reported gamma values, the estimates are negative, meaning individuals who rated
their ability of GoodFin, GoodMath, and FinKnow as below 7 had lower financial
literacy proficiency scores than individuals who did select 7. This is most starkly seen
among people who rated their math abilities as a 1, the lowest available value, and
subsequently had an average literacy score 1.375 standard deviations below the
average score of their peers who rated themselves at 7. Interestingly, the last three
gamma values are positive and get sequentially larger, suggesting that those who rated
themselves a 4-6 in overall financial knowledge actually have a higher financial
literacy proficiency than those who chose 7. Further exploration could lead to
interesting insights regarding the correlation between individuals’ perceived
confidence around financial matters and actual observed knowledge.

The test information curve for the six items is presented in Figure 4.11. This
function, represented here in graphical form, indicates where the test—in this case, the

six-item financial literacy assessment on the FINRA Foundation’s NFCS—has “the
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Figure 4.11: Test Information Curve for Full Sample

maximal amount of information that can be obtained from the item responses by any
kind of scoring method” (Lord, 1980b, p. 23). The X-axis shows the range of latent
trait values 6, while the Y-axis indicates how much information the model can extract
at a given latent trait value (I1(8)). The concept of information and its relevancy to IRT
is best explained by Thissen and Orlando (2001):

No single number characterizes the precision of the entire set of IRT scale
scores from a test. So reliability is frequently not a useful characteristic of an
IRT scale-scored test. Instead, the pattern of precision over the range of the test

may be plotted. A plot of the standard error against 8 would serve this purpose,
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but the variable conventionally plotted is information, which is approximately
equal to 1/SE?. This definition, due to Fisher (1921) and therefore sometimes
called Fisher’s information, uses the word information in an intuitively
obvious way: If SE? reflects our lack of knowledge about the parameter, then
its inverse is information. Information is used primarily because it is additive:
Each test item provides a fixed quantity of information at each level of 0; the
information function for a test is simply the sum of the item information
functions. This allows easy computation of the information functions for tests

of varying compositions. (p. 117)

Though this was written prior to statistical advances in IRT reliability estimation, it
remains that test reliability changes at every point along the test information function.
The test information curve from this model is highest around the mean latent trait
value, and quickly diminishes for values to the left and right of the mean. This
indicates that the six-item test is best for assessing the financial literacy level of those
who have average proficiency, but is not well suited for measuring the proficiency of
individuals with above and below average literacy.

As discussed in the Methods section, in addition to item parameters, the 2PL
latent regression model outputs EAP estimates of each person’s financial literacy
proficiency. These ranged from -1.920 to 2.309, with a mean of 0 and a standard
deviation of 0.780. The EAP estimates were converted to normal curve equivalent
(NCE) scores. NCEs were selected for several reasons: 1) they are normalized
standard and norm-referenced (Mertler, 2018); 2) they are equivalent to percentile

rankings at scores of 1, 50, and 99 yet unlike percentiles a 1-unit increase is equal

232



across the entire range of NCE scores (Mertler, 2018; Wright, White, Sanders, &
Rivers, 2010); 3) they have a mean of 50 and a standard deviation of 21.063 (this is
due to the 99'" percentile for a normal distribution having a standard deviation of
2.326 above the mean). Using NCEs over EAP values provides a more readily
intuitive interpretation of the sample’s financial literacy proficiency results.

The level of nuance and depth that is created by measuring individual’s
financial literacy using IRT methodology rather than a simple summation of
correct/not correct can be best appreciated when viewing the distributions of both
methods side-by-side. Figure 4.12 shows a histogram of RawCorrect, the variable that
counts the number of items a person got correct ranging from 0-6, for the full and
student samples. By comparison, Figure 4.13 has the histograms of NCEScore for each
sample, showing the wide range of assigned financial literacy proficiency estimates.
Note that a handful of my NCEScore values fall below 0 and above 99; this is due to
my EAP estimates not being perfectly normally distributed. These scores are kept as-is
rather than truncated to show the full breadth of the sample’s financial literacy
proficiency estimates, and any impact these fringe values may have on subsequent

models’ coefficient estimates and/or standard errors is minimal.
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Figure 4.12: RawCorrect Distribution for Full and Student Samples
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Table 4.7: Observation Counts and NCEScore Values of Key Demographic
Variables for Full and Student Samples

Full Sample Student Subsample Difference in
N =27,091 n=2,205 Average
Average Average NCEScore
Variable* Obs  NCEScore Obs  NCEScore Value Between
Value Value Samples

Mean Value 27,091 50.00 2,205 41.71 -8.29
Gender

Male 11,956 54.44 1,052 42.30 -12.14
Female 15,135 46.49 1,153 41.17 -5.32
AgeCat

Ages 18-19 646 42.70 368 43.59 0.89
Ages 20-22 1,170 41.28 525 41.93 0.65
Ages 23-29 3,027 42.93 525 42.98 0.05
Ages 30-34 2,638 43.83 383 38.29 -5.53
Ages 35+ 19,610 52.68 404 41.30 -11.38
Race/Ethnicity

WhiteD 21,450 51.69 1,303 44.44 -7.25
BlackD 2,835 39.81 522 35.12 -4.69
HispanicD 2,338 44.80 348 40.40 -4.40
AsianD 1,304 51.97 171 44.67 -7.30
PID 182 48.07 34 43.33 -4.73
NativeD 529 49.93 39 48.91 -1.02
OtherD 242 50.28 16 46.92 -3.36
SingleD 8,039 45.33 1,553 41.14 -4.19
ParentsHomeD 1,852 43.44 603 43.40 -0.04
FirstGenD 621 39.70 621 39.70 --
KidsD 9,614 47.12 865 38.38 -8.74
Employ

Self-employed 1,985 50.65 152 37.71 -12.93
Work FT 10,800 50.94 735 40.24 -10.70
Work PT 2,405 46.23 283 39.32 -6.90
Homemaker 2,183 43.09 85 37.96 -5.13
FT Student 910 44.54 884 44.74 0.20
Unable to work 1,456 44 31 18 38.50 -5.81
Unemployed 1,236 42.41 32 38.32 -4.08
Retired 6,116 55.78 16 52.18 -3.60
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Table 4.7: Continued

StudentD

FTStudentD 884 44.74 884 44.74 --
PTStudentD 1,321 39.68 1,321 39.68 -
Req_FinD 4,175 50.70 825 40.84 -9.86
FECourseD 5,594 53.75 778 42.76 -10.99
ExtraEmpD 7,445 49.04 1,429 41.44 -7.60
SLD 5,017 46.14 1,208 41.54 -4.60

*Note: All bivariate variables (signified by ending in “D”) have values listed where
the variable is equal to 1

NCE scores can also be broken down by demographic groups, with Table 4.7
showing the average NCEScore value for the same variables that were included in
Table 4.2. The main takeaway from this table is that the student subsample had a
lower average financial literacy proficiency than the full sample in all but the
following instances: age categories 1-3, ParentsHomeD (technically this value is
lower, but within the realm of a rounding error), and individuals who report to be
employed as full-time students but have graduated high school. It is outside the scope
of this study to investigate the causal effect driving these observed differences, but
future research may benefit from further exploration of this phenomenon. Also of note
is that some of the largest decreases between the full and student sample are found
within the variables of interest for Research Questions #1-3, the last four variables

listed in Table 4.7.
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4.5.2 Results for Research Question #1

Research Question #1 is concerned with whether college students’ financial
literacy increases when required to take a financial education course. Given the
novelty of assessing FINRA Foundation NFCS financial literacy proficiency with IRT
methodology, and the disparity of NCEScore values between the full and student
samples presented in Table 4.7, instrumental variable results for both sample types are
included in this section. Research Questions #2 and #3 present only student results due
to the questions’ college-centric nature.

Several checks were done on the data from both samples before running Model
2—corresponding with equations 7 and 8—to ensure an instrumental variable (IV)
model with 2SLS was appropriate. All analyses were conducted in SAS software,
Version 9.4.

Table 4.8 presents side-by-side comparison of compliance rates in both
samples. The full sample shows an overall compliance rate of 87.72%: most of those
who were not required to take a financial education course did not, and most of those
who were, did. Of the remaining 12.28% of the sample, the majority were “always-
takers,” or those who sought out and took a financial education course without having
an external requirement driving their attendance. Approximately 3.52% of the full
sample (or roughly 23% of all individuals reporting they were subjected to a mandate)
were “no-shows,” reporting having been required to attend a course at some point in

their lifetime but not following through on doing so. It is unknown why they did not
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comply with the requirement, and a future question on the FINRA Foundation NFCS
may be warranted to help explain this deviation.

By comparison, the student sample had a bit more variation between
categories. There was still an overwhelming majority of compliers, with 79.28% of
students observed conforming to financial education course-taking based on whether
an external requirement was present. However, the “no-shows” and “always-takers”
categories were both larger than the full sample, with “no-shows” outnumbering the
“always-takers.” Of the total number of “no-shows” reported (954), 26.42% (252)
were students. This may be due in part to younger individuals being more likely to be
subjected to a K-12 financial education mandate of some sort in the wake of the Great
Recession, but perhaps unable to take the required course due to external factors

(insufficient school budgets, course availability, granted course waivers, etc.). It is

Table 4.8: Rates of Compliance Between Financial Education Requirement and
Observed Course Taking

FECourseD

Req_FinD by Sample Did Not Take Course (=0) Reported Taking Course (=1)

Full Sample (N=27,091)

o 75.83% 8.76%
Not Required (=0) 20,543 2,373

o 3.52% 11.89%
Required (=1) 954 3,221

Student Sample (n=2,205)

0 0,

Not Required (=0) 5? 1279 5A) 9.23(?;)
0 0

Required (=1) “2"5‘3/0 255224

Note: Percent values per sample do not add perfectly to 100% due to rounding
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also of note that the percent of “always-takers” and mandated-course takers is larger in
this subsample, suggesting either greater access or interest in financial education
among students than the sample at large, or simply due to the increase in high school
financial education mandates put in place within the past decade.

After confirming that the majority of both samples did comply with their
mandated financial education treatment assignment, a correlation matrix was
constructed with PROC CORR. The proposed IV, Req_FinD, was found to be
strongly positively correlated with the explanatory variable, FECourseD (Full Sample:
0.596, p<.001; Student Sample: 0.553, p<.001). As an F-statistic cannot be obtained
between two binary variables, further correlation between FECourseD and Req_FinD
was assessed using the PROC QLIM procedure to run a probit model of the binary
endogenous explanatory variable regressed on the IV (SAS Institute Inc., 2020), which
represents the first stage equation—also known as a reduced form model—in the
2SLS model. The model results are presented in Table 4.9. The proposed IV,
Req_FinD, was found to be highly significant in the full and student models with good
model fit. In totality, these findings support Req_FinD’s eligibility as an IV.

The endogeneity of the explanatory variable, FECourseD, was tested via two
methods. First, PROC QLIM’s built-in ENDOTEST option was run simultaneously
with the 2SLS model (SAS Institute Inc., 2020, pp. 1969—1970). This option utilizes a
method that tests the null hypothesis that the error term of the first stage model is not

correlated with the error term of the second stage; if the null is rejected, the first stage
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Table 4.9: First Stage Instrumental Variable Parameter Estimates and Goodness-
of-Fit Statistics; Dependent Variable FECourseD

Instrumental Full Student
Variable Sample Sample
Estimate Estimate

Req_FinD 2.005%* 2.567**
(0.024) (0.107)

Likelihood Ratio | 7,851.60%* 687.75%%*
(X? Value) (X2 Value)
AIC 19,746 2,179
BIC 19,762 2,191
Note: Standard errors in parentheses; **p<0.01, *p<0.05

dependent variable is endogenous to the second stage model. The two-step procedure
tests the joint significance of the generated regressor for the explanatory variable
between the first and second stages by means of a Wald test. Endogeneity of
FECourseD was also measured by running the same 2SLS model again, but replacing
the ENDOTEST option with a TEST statement to perform a likelihood ratio test on
error term correlation. Similar to the first method, the null hypothesis is that the error
terms are not correlated, confirming that the explanatory variable is exogenous.
Results for the 2SLS model, as well as the results of the FECourseD
endogeneity tests, can be found in Table 4.10. When only one endogenous explanatory
variable is included in the second stage model, PROC QLIM reports full information
maximum likelihood (FIML) estimates (SAS Institute Inc., 2020, p. 1965), whereas
the parameters beginning with “FECourseD” report the probit estimate from the first

stage model. The endogeneity tests for the full and student models are both large and
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Table 4.10:  Results of Two Stage Least Squares (2SLS) Model for Dependent

Variable NCEScore, Endogenous Explanatory Variable FECourseD,
and Instrumental Variable Req_FinD

Parameter Full Sample Student Sample
Mean Mean
Estimate Marginal Estimate Marginal
Effect Effect
NCEScore.Intercept 49.724%* 45.580**
(0.169) (0.703)
NCEScore.FECourseD 1.337* -2.462
(0.534) (1.614)
_Sigma.NCEScore 21.020%** 19.347**
(0.091) (0.302)
FECourseD.Intercept -1.261%** -1.038%**
(0.011) (0.041)
FECourseD.Req_FinD 2.007** 0.399 1.551%** 0.429
(0.024) (0.062)
_Rho 0.133** 0.175%*
(0.017) (0.057)
Observations 27,091 27,091 2,205 2,205
Endogeneity Tests
ENDOTEST (Wald) 67.96** 10.47**
TEST (Likelihood Ratio) 62.66%* 8.95%*
AIC 261,467 21,478
BIC 261,516 21,512

Note: Standard errors in parentheses; **p<0.01, *p<0.05

highly statistically significant, suggesting that FECourse is indeed an endogenous
explanatory variable for NCEScore, and providing further supporting evidence for the
use of a 2SLS IV model.

There are several interesting findings from these models. First, and perhaps
most intuitively, taking a financial education course resulted in an average NCEScore
increase of 1.337 points among the full sample, significant at the 5% level (p<0.012).

Without taking a course, NCEScore is expected to have a value of 49.7; taking the
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course is associated with an expected NCEScore of 51.0. However, taking a financial
education course did not significantly impact the financial literacy proficiency of the
student sample (p<0.127). This finding was not expected, particularly as a larger
portion of the student sample had reported attending a financial education course as
evidenced in Table 4.8. However, this null result for the student sample might be
attributed to a lack of statistical power, given that the student sample is 92% smaller
than the full FINRA sample.

In regards to the reduced form model, the probit estimates for Req_FinD
remained positive and significant as in Table 4.9. For easier interpretation, the
marginal effects can be obtained. The average, or mean, marginal effect states how a
one unit increase in the exogenous variable impacts the probability of observing a 1
for the dependent variable. The full sample model found that being subjected to a
financial education requirement resulted in a 0.399 increase in the probability of
taking a financial education course. Put another way, the presence of a financial
education mandate increased course uptake by roughly 40%. For the student sample,

the average marginal effect was higher at 0.429, or approximately 43%.

4.5.3 Results for Research Question #2

Research Question #2 examines if participating in a financial education course
impacts whether the student reports currently having student loans for themselves. As
the IV and first stage equation for Model 3 (RQ #2) and Model 4 (RQ #3) are identical

to Model 2 (RQ #1) with the empirical findings discussed at length above, this and the
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following section will delve directly into the observed values of the variables in the
second stage equation and results of the full 2SLS model for the student sample.

As shown in Table 4.11, the majority of the student sample (54.78%) reported
having student loans at the time of the survey. Interestingly, 60.15% of those who had
taken a financial education course reported having loans, whereas a closer split was
observed among those who had not taken a course: 51.86% did have loans, 48.14%
did not. A Chi-Square test of equal proportions for the table rejected the null
hypothesis at the 0.1% level.

Table 4.12 shows results for the 2SLS model and FECourseD endogeneity
tests. As both stages had binary dependent variables, the reported parameter values are
probit estimates. The endogeneity tests are both large and highly statistically
significant, similar to Model 2, and show that FECourseD is endogenous for this
model as well. Additionally, the probit estimates and average marginal effect values

for the reduced form model are identical to the prior section.

Table 4.11:  Rates of Observed Values Between Financial Education Course Taking
and Currently Having Student Loans for Self

SLD

FECourseD Does Not Have

Student Loans (=0) Has Student Loans (=1)

Student Sample (n=2,205)

Did Not Take 31.16% 33.56%
Course (=0) 687 740
Reported Taking 14.06% 21.22%
Course (=1) 310 468

244



Table 4.12:  Results of Two Stage Least Squares (2SLS) Model for Dependent
Variable SLD, Endogenous Explanatory Variable FECourseD, and
Instrumental Variable Req_FinD

Parameter Student Sample
Estimate Mean Marginal Effect
SLD.Intercept -0.162%*
(0.040)
SLD.FECourseD 0.791** 0.293
(0.084)
FECourseD.Intercept -1.040**
(0.041)
FECourseD.Req_FinD 1.551%** 0.429
(0.062)
_Rho -0.494%**
(0.055)
Observations 2,205 2,205

Endogeneity Tests

ENDOTEST (Wald) 59.41%*

TEST (Likelihood Ratio) 59.58**
AIC 5,148
BIC 5,177

Note: Standard errors in parentheses; **p<0.01

Due to the binary nature of SLD, it is easiest to interpret the mean marginal
effect rather than the probit estimate. A one unit increase in FECourseD had an
average marginal effect of a 0.293 increase in the probability of having student loans.
In other words, taking a financial education course was found to significantly increase
the likelihood of a student taking out a loan by approximately 29%. This may provide
some evidence for the influence of financial education exposure on the under-
borrowing behavior discussed in the prior two chapters, though further empirical

research is needed.
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4.5.4 Results for Research Question #3

Research Question #3 looked at whether participating in a financial education
course lead to students seeking out employment (or additional employment) while
enrolled in postsecondary education. The binary variable, ExtraEmpD, has a value of 1
under two conditions: 1) a student listed their full-time employment as homemaker,
full-time student, permanently sick/disabled/unable to work, unemployed/temporarily
laid off, or retired, and reported working for pay in the past 12 months; 2) a student
listed their full-time employment as self-employed, work full-time for an employer,
work part-time for an employer, and reported working at least one additional job for
pay in the past 12 months.

Table 4.13 reports the observed frequencies between the second stage variables
of interest. The majority of the student sample (64.81%) reported working for pay in
some capacity in addition to their full-time employment. Similar to Table 4.11,
students with prior financial education course exposure were more likely to report
having additional employment than their non-course taking counterparts. However,
due to the timespan of ExtraEmpD extending back a full year prior to survey
administration, it is impossible to know from this data if students had additional
employment during the school year or only during academic break periods. A Chi-
Square test of equal proportions for the table rejected the null hypothesis at the 0.1%

level.
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Table 4.13:  Rates of Observed Values Between Financial Education Course Taking
and Working for Pay in the Past 12 Months

ExtraEmpD
FECourseD Did Not Work for Pay Worked for Pay in Past 12
in Past 12 Months (=0) Months (=1)
Student Sample (n=2,205)
Did Not Take 25.80% 38.91%
Course (=0) 569 858
Reported Taking 9.39% 25.90%
Course (=1) 207 571

Table 4.14 shows results for the 2SLS model and FECourseD endogeneity
tests. As both stages had binary dependent variables, the reported parameter values are
probit estimates. The endogeneity tests are both large and highly statistically
significant, similar to Models 2 and 3, and show that FECourseD is endogenous for
this model as well. Additionally, the probit estimates and average marginal effect
values for the reduced form model are very similar to the results reported prior.

Due to the binary nature of ExtraEmpD, it is easiest to interpret the mean
marginal effect rather than the probit estimate. A one unit increase in FECourseD had
an average marginal effect of a 0.376 increase in the probability of having additional
paid employment at some point in the past 12 months. Taking a financial education
course was found to significantly increase the likelihood of a student working in
addition to being a full-time student by roughly 38%. Again, this analysis is limited by

the inability to know precisely when the student engaged in extra employment.
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Table 4.14:  Results of Two Stage Least Squares (2SLS) Model for Dependent
Variable ExtraEmpD, Endogenous Explanatory Variable FECourseD,
and Instrumental Variable Req_FinD

Parameter Student Sample
Estimate Mean Marginal Effect
ExtraEmpD.Intercept -0.032
(0.039)
ExtraEmpD.FECourseD 1.119** 0.376
(0.076)
FECourseD.Intercept -1.029**
(0.041)
FECourseD.Req_FinD 1.548%** 0.430
(0.062)
_Rho -0.663%*
(0.049)
Observations 2,205 2,205

Endogeneity Tests

ENDOTEST (Wald) 105.16%*

TEST (Likelihood Ratio) 108.42%*
AIC 4,897
BIC 4,926

Note: Standard errors in parentheses; **p<0.01

4.6 Conclusion

This chapter covers a variety of novel data analysis methods and findings for
the financial literacy component of the FINRA Foundation NFCS 2018 State-by-State
Survey. Item response theory methodology via a two-parameter logistic latent
regression model was applied to the full survey sample to calculate a more
sophisticated financial literacy proficiency score (NCEScore) than a simple summation

score of the items answered correctly (RawCorrect).
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Item parameters for each of the six financial test items were calculated and
presented, along with their corresponding item characteristic curves. Two of the items
had item difficulty levels approximately equal to -1 standard deviation, two were at
the mean, and two were around +1. The three FINRA Foundation items had the lowest
item discrimination values with FL3 and FL4 displaying values below 1, while the
“Big Three” all had discriminations over 1. The GoodFin and GoodMath person
covariate variables had negative estimates when compared to the base value of 7 (the
highest self-rated value available). FinKnow was evenly split: values 1-3 had negative
estimates, while values 4-6 were positive. All estimates except for FL6’s beta were
statistically significant at the 5% level or lower.

The individual score estimates—outputted as expected a posteriori estimates
and transformed to normal curve equivalent scores—represent an improvement of
reporting financial literacy proficiency over the traditional “number correct” reported
in the literature. These estimates were compared across the full and student samples
for various demographic characteristics. On average, the student sample scores were
roughly 8 points lower than the full sample, and were lower across all demographic
groups except for younger age categories and full-time students who had already
graduated high school. Even in these instances, the student scores were less than 1
point larger than the full sample.

Three two stage least squares models with an instrumental variable were run
after confirming that Req_FinD was an eligible instrument and FECourseD was an

endogenous explanatory variable for all models. The first model used the full and
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student samples to measure the impact of taking a financial education course on
financial literacy proficiency. It suggested the course resulted in an average score
increase of 1.33 points (p<0.01) for the full sample, but was insignificant in the
student sample. The second and third models used the student sample exclusively.
They found that taking a financial education course yielded an average increase of the
probability of currently having a student loan by 29.3% (p<0.01) and of having
additional employment for pay in the past 12 months by 37.6% (p<0.01), respectively.

All models had significant goodness-of-fit measures.

4.6.1 Discussion

One aspect of this chapter calls into question whether six items—Iet alone the
“Big Three”—are sufficient to accurately measure the financial literacy proficiency of
a given population and any subpopulations of interest. When administering a survey, it
is always difficult to balance collecting enough data to facilitate statistical analysis
while simultaneously not fatiguing or overburdening participants. The research
presented herein is merely exploratory, and I am by no means advocating for the
elimination of the “Big Three” or FINRA Foundation literacy items when I myself
have no tangible solutions to put forward. However, as a field, financial literacy
scholars may want recognize the limitations of interpreting meaningful results from a
small handful of test items, particularly when assigning individuals a score derived
from a summation of correct/not correct answers. Utilizing item response theory

methodology to develop a few additional items that have high discrimination and
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improve the precision of individual scores substantially should be of significant
interest to the field.

In short, population and demographic characteristics matter when considering
which items to include when measuring financial literacy, and there may not be a one-
size-fits-all approach. Indeed, the “Big Three” were originally developed by Lusardi
and Mitchell (2011) for inclusion on the US Health and Retirement Study survey.
Items from Knoll and Hout’s (2012) Financial Knowledge Scale and the US
Consumer Financial Protection Bureau’s Financial Wellbeing Scale (Collins & Urban,
2020)—which both showcase the usefulness and applicability of IRT modeling for
financial literacy-related questions—are validated from distribution to nationally-
representative samples.

To my knowledge, a psychometrically-validated scale exclusively for use in
college student populations has not yet been developed. When viewing the descriptive
results of the six financial literacy items included on the FINRA Foundation NFCS,
roughly one-third of the student sample got four of the financial literacy items correct.
In comparison, there were only two items that less than one-third of the full sample
got correct. Does this indicate that some of the financial knowledge skills that this test
measures, such as the relationship between bond and interest rates or investment risk
(the two items students did most poorly on), are not applicable to postsecondary
populations? Is lived experience the biggest driving force in the acquirement of what
financial literacy scholars have traditionally viewed as necessary knowledge? Should

the test items administered vary, and if so, how should it be determined which skills
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and knowledge are appropriate for a given demographic group? These are questions
that invite a plethora of answers, and solutions thereto have the potential to greatly
advance the field.

The remaining findings of this chapter, such as the lack of impact of financial
education course-taking on literacy in the student sample yet simultaneously leading to
an increase in the probability of taking out students loans and additional employment,
must also be subjected to scrutiny. It may be possible that course-taking did not have a
statistically significant influence on financial literacy scores due to the potential
mismatch of items used to measure financial literacy among postsecondary students.
This finding could also simply boil down to inaccurate data from survey fatigue.
However, further exploration into the potential causality of financial literacy education
and postsecondary funding decision-making could lead to significant policy

implications if more evidence is found to support this link.

4.6.2 Limitations

A major limitation of this study—though it is ironically also one of its
findings—is the assignment of an individual’s financial literacy proficiency score
based solely on a six-item test. Though this was mitigated to some extent by the
exceptionally large and nationally representative sample, an IRT reliability score of
0.71 is high enough for research purposes but not enough to make empirically sound
policy recommendations (unless the recommendation is to increase the number of test

items). Additionally, reliability cannot be increased at present through the means of
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applying a 3PL latent regression model due to a lack of accessible software capable of
adding the guessing parameter to a latent regression IRT model.

It also cannot be determined why certain individuals, particularly in the student
subsample, reported being required at some point in time to take a financial education
course yet failed to do so. This could be due to any number of factors, ranging from a
state-level K-12 financial literacy mandate that the individual’s school did not actually
have appropriate funding to be able to offer, to the more unfortunate possibility of the
individual refusing to participate for reasons known only to themselves. As Req_FinD
was found to be eligible to serve as an instrumental variable for financial literacy
research, a rarity, future research on the topic would benefit from having as precise of
a measure of an external mandate/treatment-forcing variable as possible. Future
iterations of the survey may consider flagging conflicting answers for further
verification from participants stating they were subjected to a financial education
requirement and then reporting anything other than “Yes [a financial education course
was offered], and I did participate.”

Furthermore, all financial literacy questions were located in Section M of the
survey, which is the last set of questions. Survey fatigue may have set in for
participants at that point, so it cannot be determined if an individual’s full effort went
in to answering those questions. This could result in assigning an artificially low level

of financial literacy proficiency across the sample.
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4.6.3 Implications for Future Research

In many ways, these findings create more questions than answers. For
example, how many financial literacy items would need to be included on the FINRA
Foundation NFCS to boost the IRT reliability estimate for the full sample over .80 or
.90? What questions would be best used to test postsecondary students’ financial
literacy proficiency, or any other large demographic subpopulation for that matter?
How and why is such a large segment of the population subjected to a required
financial education mandate yet reporting they did not actually participate in said
education—what is driving that disconnect in compliance? Perhaps most puzzling,
why does taking a financial education course not cause an increase in observed student
financial proficiency scores; is this due to the test items not accurately measuring the
literacy of this subsample, is it simply a statistical power issue, or are there substantial
discrepancies in the quality of financial education received?

As with the “under-borrowing” chapters of this dissertation, this research is
primarily exploratory. However, now that IRT methodology and instrumental
variables analysis have been found to be viable when applied to the personal financial
literacy component of this nation-wide survey, it is my hope that future research
continues to apply these and other empirically rigorous techniques to better understand

the causality, impact, and life outcomes associated with individuals’ financial literacy.
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CONCLUSION

The research presented within this dissertation represents the first step towards
the empirical establishment of a theory of under-borrowing, whereby undergraduate
students forgo available federal student loans in favor of working 20 or more hours a
week at low-wage work. Data collected via a survey piloted at two large, public
postsecondary institutions yielded under-borrowing rates ranging between 1 in 8 and
1 in 5 among campus participants. Analysis of data from a publically available,
nationally-representative survey found that current students who had at one point been
required to take financial education were more likely to have student loans and have
additional employment in the past 12 months than their peers who were not subjected
to such a course.

These findings, though significant, require further and deeper exploration on
the topic before being considered conclusive and/or generalizable. Any institute of
higher education seeking to understand the level of under-borrowing behavior
exhibited among their student populations are strongly encouraged to do so in
partnership with their Institutional Research office. This would greatly curtail the
number of survey items student participants need to answer, limited exclusively to

those pertaining to employment during the academic year and potentially a suite of
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financial knowledge questions to ascertain individual financial literacy. Matching
survey data to student demographic and financial aid data would improve the quality
and validity of such information, as well as decrease researcher and participant
burden. The best method to verify the extent of under-borrowing occurring at any
given campus would be the implementation of a blanket requirement for all
undergraduates to provide work information via the relevant survey items; this would
eliminate the self-selection bias among participants, though the feasibility of such a
requirement is questionable.

Some of the empirical methods utilized within this dissertation—particularly
the application of Item Response Theory and Instrumental Variables analysis—are
seldom seen in the financial literacy academic literature. The primary finding of the
item response models in Chapters 3 and 4 can be considered the lack of model efficacy
and reliability. Attempting to measure financial literacy when only using three to six
items does not appear to be quantitatively sound, even with an exceptional large
sample size. The field as a whole, and postsecondary education scholars in particular,
would benefit from the adoption of a larger number of psychometrically-validated
knowledge items to facilitate a more robust understanding of individuals’ level of
financial literacy.

The failure of the IV analysis in Chapter 3 calls in to question whether state-
level K-12 financial education mandates would still be a viable IV in different
postsecondary student samples, or if the use of such mandates are simply inapplicable

to financial literacy research concerned with post-high school outcomes. Given that
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Chapter 4’s analysis was successful when using the self-reported IV of required
financial education, rather than high school graduation state mandate, this may point
to the type of question that should be asked of students in any future studies on the
topic interested in using IV methodology.

When assessing the advanced quantitative methods of this dissertation, there
are two key distinctions observed within the findings: 1) Chapter 3 had a
comparatively small sample size with considerable information on the high school
financial education mandate and an exceptionally low reliability score on the
estimated 2PL latent regression model; 2) Chapter 4 had a large sample size with less
succinct information on high school financial education (i.e., participants being asked
if they were ever required to take such education and if so, a follow-up question as to
the setting(s) in which it was received) yet a 2PL latent regression model with
reasonable reliability. In short, these chapters are the inverse of each other. Future
research with postsecondary student populations should seek to meld these two
strengths together—incorporate as many (psychometrically-sound) financial literacy
items into a proficiency assessment as possible, while also using the required financial
education question paired more in-depth follow-up questions regarding high school
course-taking experience. This would be expected to result in reliable financial
proficiency scores and a statistically significant IV.

In sum, though this research addressed the questions it sought to explore, it

leaves many more questions in its wake.
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Appendix A

FULL UNDER-BORROWER QUESTIONNAIRE DISTRIBUTED TO TWO
SURVEY SITES

[SUPPRESSED: Campus-specific IRB research consent form; participant proceeds to
survey screen only after consent is received]

[Items marked with an * are from Lusardi, A., & Mitchell, O. S. (2007). Baby Boomer

retirement security: The roles of planning, financial literacy, and housing wealth.
Journal of Monetary Economics, 54(1), 205-224.]

Q1 The following questions will ask about your attitudes, opinions, and experiences.
There are no right or wrong answers, we are just interested in your thoughts, opinions,
and experiences.

Q2 Suppose you had $100 in a savings account and the interest rate was 2% per year.
After five years, how much do you think you would have in the account if you left the
money to grow?*

More than $102 (1)
Exactly $102 (2)

Less than $102 (3)
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Q3 Imagine that the interest rate on your savings account was 1% per year and
inflation was 2% per year. After one year, how much would you be able to buy with
the money in this account?*

More than today (1)
Exactly the same (2)

Less than today (3)

Q4 Is this statement True or False? Buying a single company’s stock usually provides
a safer return than a stock mutual fund.*

True (1)

False (2)

Q5 Before starting college, did you ever hold a job? This includes any full-time or
part-time employment.

Yes (1)

No (2)

Q6 Do you currently have a paying job?
Yes (1)

No (2)
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Q7 Is the job on campus or off campus?
On campus (1)
Off campus (2)

| have both (3)

Q8 How many different jobs are you currently working?
One (1)
Two (2)
Three (3)

Four or more (4)

Q9 How much money do you receive, after taxes (so, in your take-home paycheck)
from your job(s) in a typical week? Please enter a number only, no §$.

Q10 How many hours do you work in a typical week? (Across all of your paying jobs
if you have more than one).

Q11 Do you receive benefits (e.g., health insurance, retirement contributions, paid
leave) from your primary job?

Yes (1)
No (2)

Not sure (3)
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Q12 How often does working interfere with your ability to get all of your schoolwork
done?

Never (1)

Rarely (2)
Occasionally (3)
Often (16)

Very Frequently (17)

Always (18)

Q13 How old are you?

V¥ 18(1) ... 100 (83)

Q14 What is your sex assigned at birth?
Male (1)

Female (2)

Q15 Are you of Hispanic or Latino ethnicity?
Yes (1)

No (2)
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Q16 What is your race?

American Indian or Alaskan Native (1)

Asian (2)

Black or African American (3)

Native Hawaiian or Other Pacific Islander (4)

White (5)

Q17 What is your marital status?

Married (1)

Living with significant other (2)

Single (3)

Divorced (4)

Widow (5)

Q18 Do you have any children?
Yes (1)

No (2)

Q19 How many children do you have?
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Q20 Are you the first person in your immediate family to go to college?
Yes (1)
No (2)

Not sure (3)

Q21 Have you ever completed the Federal Application For Student Aid (FAFSA)?
Yes (1)
No (2)

Not sure (3)

Q22 Did you complete the FAFSA for this academic year (2021-22)?
Yes (1)
No (2)

Not sure (3)

Q23 Have you ever accepted federal student loans that were offered to you from
CAMPUS's financial aid office?

Yes (1)
No (2)

Not sure (3)
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Q24 Did you use the loan funding to cover tuition/mandatory education fees, living
expenses, or some combination?

Mandatory education costs (e.g., tuition, lab fees, student fees, etc.) only (1)
Living expenses (e.g., housing, food, transportation, etc.) only (2)
Both mandatory education costs and living expenses (3)

Not sure (4)

Q25 This semester, did you take out the full amount of federal student loan funding
offered to you through CAMPUS?

Yes (1)
No (2)
Not sure (3)
Q26 What do you expect your annual income to be the first year after you

graduate? Please use the amount you expect to make before taxes and any paycheck
deductions (like insurance premiums, retirement contributions, etc.).

Q27 Are you concerned you may not be able to pay off your student loans when you
graduate?

Yes (1)
No (2)

Not sure (3)
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Q28 Based on the number of undergraduate credits you have earned, what is your
current class standing?

Freshman (Less than 30 credits earned) (1)
Sophomore (30 to 59 credits earned) (2)
Junior (60 to 89 credits earned) (3)

Senior (90 to 119 credits earned) (4)

5th+ Year Senior (More than 120 credits earned) (5)

Q29 What is your current cumulative GPA (CGPA)? If you are not sure, please
provide your best estimate.

Q30 How many credits are you taking this semester?

Q31 How many credits do you usually take each semester?

Q32 In what state did you graduate high school?

V¥V Alabama (1) ... Other (59)

Q33 What year did you graduate high school?

V Not yet graduated (1) ... Before 1970 (53)
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Q34 Have you taken a financial education class, or a class that had a significant
financial literacy component?

Yes (1)
No (2)

Not Sure (3)

Q35 Did you take a course in economics in high school?
Yes, | did take an economics course and | was required to take it (1)

Yes, | did take an economics course and | was not required to take it (2)

An economics course was offered but | did not take it (3)

An economics course was not offered (4)

Not sure (5)

Q36 Did you take a course in personal finance in high school?
Yes, | did take a personal finance course and | was required to take it (1)

Yes, | did take a personal finance course and | was not required to take it (2)

A personal finance course was offered but | did not take it (3)

A personal finance course was not offered (4)

Not sure (7)
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Q37 What percentage of your educational costs (including tuition, housing, books,
etc.) do your parents or other family members contribute?
0 10 20 30 40 50 60 70 80 90 100

Family Contribution Percentage () '

Q38 About how much student debt do you have right now?
No debt (1)
$1-$5000 (2)
$5,001-$10,000 (3)
$10,001-$25,000 (4)
$25,001-$50,000 (5)
$50,001-$75,000 (6)
$75,001-$100,000 (7)
$100,001-$150,000 (8)
$150,001-5$200,000 (9)
$200,001-$250,000 (10)

More than $250,000 (11)
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Q39 About how much student debt do you expect to have when you graduate?
No debt (1)
$1-$5000 (2)
$5,001-$10,000 (3)
$10,001-$25,000 (4)
$25,001-$50,000 (5)
$50,001-$75,000 (6)
$75,001-5100,000 (7)
$100,001-$150,000 (8)
$150,001-$200,000 (9)
$200,001-$250,000 (10)

More than $250,000 (11)
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Q40
Please rate how you feel about the following statements:

Some types of debt are better than others.

Strongly disagree (11)

Disagree (12)

Somewhat disagree (13)
Neither agree nor disagree (14)
Somewhat agree (15)

Agree (16)

Strongly agree (17)

Q41 Student loans are bad and should be avoided.
Strongly disagree (11)
Disagree (12)
Somewhat disagree (13)
Neither agree nor disagree (14)
Somewhat agree (15)
Agree (16)

Strongly agree (17)
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Q42 Taking out student loans is as bad as using credit cards.
Strongly disagree (11)
Disagree (12)
Somewhat disagree (13)
Neither agree nor disagree (14)
Somewhat agree (15)
Agree (16)

Strongly agree (17)

Q43 As you can tell, we are very interested in how people think about student loans
and spending and saving money. Do you have any comments about this study, or are
there any things you think are important that we did not ask about? We are very
interested to hear your feedback!
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